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Abstract
In an era of increasing political polarization, its analysis becomes crucial for the
understanding of democratic dynamics. This paper presents a comprehensive
research on measuring political polarization on X (Twitter) during election cycles in
Spain, from 2011 to 2019. A wide comparative analysis is performed on algorithms
used to identify and measure polarization or controversy on microblogging platforms.
This analysis is specifically tailored towards publications made by official political
party accounts during pre-campaign, campaign, election day, and the week
post-election. Guided by the findings of this comparative evaluation, we propose a
novel algorithm better suited to capture polarization in the context of political events,
which is validated with real data. As a consequence, our research contributes a
significant advancement in the field of political science, social network analysis, and
overall computational social science, by providing a realistic method to capture
polarization from online political discourse.
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1 Introduction
Political polarization is a significant phenomenon in today’s interconnected digital age.
Defined by deep-rooted ideological divides and emotionally charged beliefs, it finds fer-
tile ground in platforms like X, previously called Twitter (from now on, we refer to this
social network as X). These platforms, serving as dominant channels for political dis-
course, reflect societal sentiments and magnify and distort them in many instances [1].
Challenges like the rapid spread of misinformation, the creation of echo chambers, and
algorithm-driven content recommendations further compound the problem [2]. However,
it is essential to recognize these platforms have a dual nature, given their vast user base
and real-time data processing capabilities. While they can amplify divides, they also have
the unparalleled potential to bridge gaps, encourage diverse dialogues, and shape global
political sentiment [3].

These social media networks are steadily supplanting traditional media outlets as pri-
mary sources of information for many individuals. Whereas traditional media often op-
erates on scheduled timelines and involves editorial oversight, social media provides real-
time updates and democratizes content creation. Thus, this defining characteristic of
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modern social media platforms empowers users to produce and share their content, mov-
ing beyond the confines of traditional, established media [4]. This democratization of in-
formation dissemination has transformed the media landscape. No longer are narratives
solely shaped by politicians, journalists, and media houses; anyone with internet access
can now contribute to the global conversation. This shift has led to a richer tapestry of
voices and perspectives, fostering more vibrant discussions and debates. It is a double-
edged sword, in any case. While this inclusivity encourages diverse participation [5], it
also opens the door to misinformation and an increasingly polarized discourse [6]. Nev-
ertheless, the ability for individuals to publish and circulate their content underscores a
monumental shift in the dynamics of information exchange in the digital age [4].

In contemporary times, political polarization is not only persisting but is, alarmingly,
on an upward trajectory [7]. Instead of evolving towards more centrist or unified perspec-
tives, societies worldwide are witnessing a sharpening of ideological divides [8]. Factors
such as the rise of populism [9], the influence of certain media outlets [10, 11], and the
advent of algorithm-driven social media platforms have contributed to this heightened
division [12, 13]. Individuals find themselves in ideological silos, often reinforced by selec-
tive exposure to information that aligns with their pre-existing beliefs [14]. This increasing
chasm between opposing viewpoints can stifle constructive dialogue, lead to political stag-
nation, and exacerbate societal tensions. Addressing and reversing this trend is essential
for sustaining healthy democracies and cohesive societies [15]. One of our main hypothe-
ses is that electoral campaigns offer an ideal setting to analyze political polarization on
social media. During these periods, parties and candidates ramp up their outreach to in-
fluence and galvanize followers [16]. The surge in news, commentary, and targeted mes-
saging, combined with the platforms’ dynamics, magnifies existing polarization, making
campaigns a focal point for studying such divides [17].

However, there is not a single definition of polarization, since it depends on the political
context and other variables. For example, affective polarization refers to how citizens feel
sympathy towards partisan in-groups and antagonism towards partisan out-groups [18].
In multiparty systems, capturing the affect pattern towards multiple parties is more com-
plex compared to two-party systems [18]. This conceptualization and measure of affective
polarization in multiparty systems summarize the configuration of feelings towards polit-
ical parties and their supporters [18]. Other definitions of political polarization focus on
the underlying ideological divisions between voters. Capturing the summary ideological
divisions between citizens, considering how the policy content of debates shifts [19]. They
emphasize the shifting meaning of left and right and the efforts of “issue entrepreneurs”
in shaping political polarization [19]. Another definition of political polarization in online
social networks emphasizes ideological homophily, which refers to the tendency of indi-
viduals to connect and interact with others who share similar political beliefs [1, 20–22].
This definition underscores the role of social network dynamics and the formation of ho-
mogenous and segregated ideological groups in contributing to polarization [1, 20–22].

In fact, due to these multiple definitions, the current state-of-the-art algorithms em-
ployed to gauge polarization tend to hinge on three primary approaches: exploring net-
work topology, content analysis of posts, or applying hybrid methods combining both.
These techniques, equipped with their strengths, capture distinct facets of the polariza-
tion phenomenon. For instance, studying network topology can reveal clusters or echo
chambers, while content analysis might shed light on the nature and intensity of polarized
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rhetoric. However, these algorithms often fail to provide a comprehensive view despite
their varying sophistication. One of their main challenges is the need for more adapta-
tion to the particular political landscapes in which they are applied. A one-size-fits-all
approach is less effective, especially in multi-party systems, where political dynamics can
be more intricate and varied [18]. This emphasizes the necessity for developing algorithms
and methodologies that are attuned to specific political contexts and can navigate the com-
plexities inherent in different political systems.

Moreover, the vast majority of controversy/polarization detection algorithms available
to date rely on the use of lattice structures that store information related to a specific
moment. As described in Sect. 2, most of these algorithms can fall short because they
are typically snapshot-based, capturing a single moment in time rather than the ongoing,
dynamic processes that characterize real-world phenomena [1]. Such static approaches
can miss the nuanced, evolving nature of social, political, or ideological divides, which
are influenced by emerging events, shifting public opinions, and the complex interplay
of various factors over time. In reality, polarization is not a fixed state but a fluid con-
dition that can intensify, diminish, or change in nature in response to new information,
societal changes, or interventions. By relying on snapshots, algorithms fail to account for
these dynamics, potentially leading to oversimplified analyses that do not accurately re-
flect the complexities of real-world polarization [1]. This limitation underscores the need
for more sophisticated, dynamic models that can capture the temporal aspects of polar-
ization, offering a more accurate and insightful understanding of its causes, consequences,
and potential remedies.

Furthermore, many of the proposed algorithms are limited to studying controversy be-
tween two groups or communities, precluding the possibility of considering more com-
munities [18]. Similarly, these algorithms do not consider coherence in discourse. Polar-
ization will be pronounced when each network maintains its own narrative, especially if it
is negative towards the other network. Polarization will not be as pronounced when, de-
spite the presence of well-defined communities, there exists a plurality or richness in the
discourse within each one of them [23]. Hence, while current methodologies offer insights
into the phenomenon of polarization, they capture only a fragment of its intricate reality
[1, 18].

In light of these observations, our research undertakes several critical tasks. Firstly, we
analyzed the state of the art, focusing explicitly on the evolving definitions and nuances
of political polarization within the unique ecosystem of online social networks, and im-
plemented the most significant and representative approaches. Building upon this foun-
dation, we shift our lens to a detailed exploration and comparison of existing algorithms,
delving into their methodologies, strengths, and weaknesses. Such a comparative study,
while highlighting the current landscape, also uncovers gaps and opportunities for in-
novation. To this end, our research culminates in the proposal of SPIN (Social-political
Polarization analysis by INformation theory), a novel algorithm rooted in the principles
of information theory. This algorithm aims not just to measure but to shed light on the
underlying complexities of political polarization in the digital realm, offering scholars and
practitioners a new tool to understand and navigate this pressing issue. This benchmark-
ing effort takes advantage of a novel dataset collected also as part of our contribution,
where political discourse in Spain was gathered around national and local elections in the
period of 2011-2019.
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2 Background
2.1 Polarization dynamics
Understanding the dynamics of polarization during electoral processes is crucial for com-
prehending the broader implications on democratic health and political engagement. The
electoral cycle, characterized by distinct phases from the pre-campaign period to post-
election reflection, offers a unique lens through which to examine these phenomena.

In the initial phase of the electoral cycle, the pre-campaign stage, polarization begins
to steadily increase [24]. This period is marked by the articulation of campaign agendas,
the crystallization of party platforms, and the beginning of targeted outreach to potential
voters. Political actors leverage these activities to delineate ideological boundaries, often
amplifying differences to galvanize support and distinguish themselves from opponents.
This strategic emphasis on differentiation contributes to the gradual intensification of po-
larization [25], as voters become more entrenched in their affiliations and perceptions of
the political landscape. In reality, the pre-campaign phase could refer to many months,
however, we are more interested in the last pre-campaign days, as they are closer to the
electoral process to be analyzed.1

As the campaign progresses2 towards the blackout period – a legally mandated cessa-
tion of campaign activities immediately preceding the election – a notable shift occurs.
During this blackout period, polarization experiences a temporary decline, reaching what
can be described as local minimum levels [26]. The absence of active campaigning re-
duces the immediate influx of polarizing messages, allowing voters a moment of respite
from the heightened rhetoric [26]. This pause in the electoral fervor is thought to foster a
more reflective environment, enabling individuals to consider their choices with less ex-
ternal pressure, potentially mitigating the sharpness of polarization felt during the peak
campaign period.

However, the blackout period is short-lived. On election day and the following day,
polarization surges, reaching again local maximum levels [27, 28]. This spike can be at-
tributed to the culmination of campaign tensions and the immediate reactions to electoral
outcomes. The realization of victory or defeat accentuates existing divisions, as stakehold-
ers process the implications of the election results. Emotional investment in the political
process and the stark contrast between winning and losing sides exacerbate feelings of
division, driving polarization to its zenith.

In the aftermath of the election, a gradual decrease in polarization is observed, with lev-
els eventually falling below those noted during the campaign and pre-campaign periods
[29]. This post-election phase often ushers in calls for national unity and a collective focus
on governance over campaigning, contributing to a de-escalation of polarized rhetoric. As
the immediacy of the electoral contest fades, so too does the intensity of polarization, sug-
gesting a return to a more moderate political discourse until the cycle inevitably renews.

Each of these phases underscores the fluid nature of polarization within the electoral
context, highlighting the influence of campaign dynamics, legal frameworks, and collec-
tive psychological responses to political events. A nuanced understanding of these pat-
terns is essential for developing strategies to mitigate excessive polarization, ensuring that

1The same principle applies for post-campaign.
2In Spain, the campaign lasts for 15 days and ends in the blackout period.
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electoral processes contribute to the strengthening of democratic principles rather than
their erosion.

Considering these observations, we identified several aspects that a polarization detec-
tion algorithm should be able to capture. These aspects define the benchmark that we use
for validating our proposed algorithm, SPIN, and are agreed in the scientific community
[24, 29–31], as it was previously discussed:

• Polarization increases steadily from the pre-campaign stage until the day(s)
corresponding to the blackout period.

• During the blackout period, it drops, reaching local minimum levels.
• On election day and the day after, it rises, reaching a global maximum.
• Subsequently, it progressively decreases after the election, reaching lower levels than

during the campaign and pre-campaign periods.

2.2 Algorithms for measuring polarization
To establish a fair comparison and to perform a deeper benchmark of our solution, we
explored and implemented some of the well-known polarization detection algorithms in
the literature. Indeed, the previous claims about electoral processes are considered as a
ground truth for this benchmark, which allowed us to analyze the results of our proposed
solution.

Measuring polarization, also called controversy by some authors [32], is a complex task,
primarily because the term can be interpreted in various ways. As we have discussed previ-
ously, depending on context and perspective, definitions of polarization may differ, leading
to inconsistencies in data and analysis. Accurately quantifying and comparing polarization
across different mediums or regions with a universally accepted metric or definition be-
comes easier. Nevertheless, most existing measuring algorithms agree on a set of basic
terms.

However, most of these algorithms capture the phenomenon only partially as most of
them only rely on the structure (or the content) of social networks to provide a mea-
surement of polarization, as hybrid algorithms are not as common as topology-based or
content-based algorithms [33]. Also, most of the existing algorithms focus on general do-
main polarization, instead of exploring this phenomenon in the political context [34].

Indeed, while polarization is often associated with a two-party system, where divides
appear distinctly binary, it is not exclusive to such structures. Despite having a broader
array of political stances and entities, multi-party systems can also exhibit pronounced
polarization [24]. Fragmentation can occur among various parties or ideological groups
in these systems, leading to multiple echo chambers. Each group can become insular, in-
tensifying its internal consensus while growing increasingly distant from or antagonistic
toward other groups. Hence, polarization is not inherently bipartite or bipolar; it can man-
ifest differently across different political landscapes, underscoring its complexity and the
need for nuanced approaches in its study and mitigation.

In the subsequent sections, we present a concise overview of the state-of-the-art algo-
rithms to measure polarization. These topology-based, content-based, and hybrid algo-
rithms offer insights into various facets of the complex landscape of digital polarization.
After discussing their dynamics, strengths, and potential limitations, in the rest of the pa-
per we introduce our method based on Information Theory. Drawing from the lessons of
existing tools and addressing their gaps, this proposed approach aims to provide a more
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comprehensive and nuanced understanding of polarization dynamics in digital spaces. See
Additional file 1 for more information about these algorithms.

2.2.1 Topology-based algorithms
Topology-based algorithms hinge primarily on the network structure to discern polariza-
tion patterns. By analyzing user connections and interactions, these algorithms map out
the network’s layout to identify clusters, bridges, or isolated nodes. Such clusters or echo
chambers represent groups of like-minded individuals who frequently interact with one
another, often reinforcing shared beliefs.

In these topology-based networks, individual users are denoted as nodes, with their in-
teractions. Considering X,3 user-to-user interactions such as retweets, likes, replies, and
quotes can be used to represent the links or edges that connect them. For instance, if user
A retweets user B (to provide an example within the X platform), this establishes a direc-
tional link from A to B. Similarly, a ‘like’ or ‘reply’ would form another type of connection.
As more interactions accumulate, a more intricate web of connections emerges, vividly il-
lustrating the flow of information and the nature of interactions among users. Over time,
distinct clusters or communities become apparent, often signifying groups with shared
beliefs or interests. Topology-based algorithms can infer the degree and patterns of polar-
ization within the network by analyzing the pattern and density of these links. The gran-
ularity of these interactions provides a detailed map of the digital landscape, indicating
areas of consensus, contention, and isolation.

In the literature, there are plenty of algorithms that are based on these ideas. One of
the most basic algorithms that has served as a basis for other works is the Random Walk
Controversy (RWC) [32]. This algorithm carries out polarization detection in a network
that is divided into two groups of nodes. In the political scenario of the United States, this
algorithm would be useful as it could be used to measure network polarization between
Republicans and Democrats. The intuition behind the algorithm is simple: if we perform
random walks from a random starting point in the network, then if the probability of be-
ginning in a given group clearly affects the probability of reaching the other group, one
could determine the polarization of the network. For instance, let us assume that after N
random walks starting in a node with Republican political leaning (which could be dif-
ferent from random walk to random walk), then if a big number of these walks ended
in another node with the same political leaning, one could argue that it is more likely
to begin and end in the same partition (community) than it is to go from one partition
(community) to the other, leading to a higher network polarization, as perceived from its
structure. Some other algorithms extend this basic intuition to improve the accuracy of the
polarization index, as is the case with Authoritative Random Walk Controversy (ARWC)
[35] and Displacement Random Walk Controversy (DRWC) [35]. ARWC follows the ex-
act same rules as RWC, however, a random walk is set to end whenever the walk reaches
an influential node of any of the two partitions. Node influence can then be measured
using network metrics such as the PageRank [36]. DRWC is based on a similar intuition.
It considers random walks of a fixed length and it is focused on the number of commu-
nity changes per random walk rather than the actual starting and ending points of such a
walk. Followings its intuition, a higher average number of community changes per walk

3Any other social network could have been used in its place.
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indicates a lower network polarization, however, a lower average number of community
changes indicates the presence of polarization in the given network..

Some other algorithms that we can find in the literature are also topology-based, how-
ever, they are based on different ideas. For example, in Ref. [32] the authors discuss the
Betweenness Centrality Controversy (BCC), an algorithm capable of measuring polariza-
tion in a social network focused on its connections. Its intuition is simple: if the network
is polarized, the edges connecting nodes from one partition to another should have a very
high betweenness centrality (since many of the shortest paths from a node in partition X
to another node in partition Y will necessarily pass through them), as opposed to the low
betweenness centrality of edges connecting nodes from the same partition. In a different
work [32], authors discuss a polarization index, Embedding Controversy (EC), built upon
the assumption that polarized networks have a high modularity. Thus, this algorithm uses
layout algorithms that maximize modularity, such as Force Atlas 2 [37], in order to calcu-
late an embedded representation of each node (in a bi-dimensional representation space),
that is then used to compute distances between the nodes, so as to give a polarization
measurement based on average distances between nodes of the same and different par-
titions. Indeed, a higher distance between nodes of different partitions, together with a
smaller distance between nodes of the same partition gives the intuition of the network
polarization that the index is capable of measuring.

Following other approaches, authors in Ref. [38] propose a polarization measurement
algorithm built upon well-known physics concepts. Its intuition is straightforward: if a
network is polarized, then the users of each community should tend to be positioned close
to the extremes (as they “repel” each other), as opposed to a non-polarized network where
the users should tend to be positioned closer to the center of the network. In Ref. [32],
authors discuss the Boundary Connectivity controversy index, built upon the concepts of
boundary and internal nodes. A boundary node is, in essence, a node that is connected to
at least one node of the opposite community (the algorithm supports two communities
only), whereas internal nodes are restricted to be connected only to nodes of the same
partition [32]. Then, the intuition behind this algorithm is simple, as it is based on the fact
that, when the network is polarized, its boundary nodes should have more connections to
their corresponding internal nodes and fewer connections with the boundary nodes of the
opposite partition. Then, the number of edges from boundary nodes to both internal and
boundary nodes underscores the presence of polarization in the network in this algorithm.

As it can be seen, the topology’s structure is insightful, working under the assumption
that highly polarized networks exhibit fewer interconnections between differing groups
and denser internal connections within like-minded clusters. This pattern reflects the
echo chamber effect, where users mainly interact with those sharing similar beliefs, cre-
ating clear divisions within the more extensive network. However, all the previous algo-
rithms have two important restrictions.

On the one hand, most of these algorithms only support social networks divided into
two groups or communities, which may not necessarily cover the needs of those cases in
which polarization must be studied between more than two groups, as is the case with the
Spanish political system.4 Algorithms for detecting and quantifying polarization for social

4The Spanish political system involves several (not necessarily two) parties and it is common to other western democracies.
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networks divided into two or more groups do exist, but they are more scarce in the litera-
ture [18]. One algorithm that carries out polarization detection considering more than two
groups is ERIS [39]. Such an algorithm is based on the creation of two matrices that pro-
vide an intuition of two concepts that the authors link to polarization: antagonism (how
opposite one community is as perceived from another community - in pairwise fashion)
and porosity (how frequent information flows happen between each pair of communities).

On the other hand, there is a second restriction to many of the algorithms that are
present in the literature, just as the ones described above. This second restriction is the
fact that most of these algorithms work with snapshots of a social network in a specific
moment [32, 35, 39], without considering the dynamics of the information that flows from
one user to another (i.e., which user introduced new information, which users amplified
it, . . . ).

For the case of our proposed algorithm, SPIN, the dynamics of the information flow are
considered and, furthermore, the algorithm supports multiple communities. Thus, it is,
to our knowledge, the first algorithm in the literature to bring together all these aspects
(including some others, such as its hybrid nature) to try to improve existing polarization
detection and quantification algorithms.

2.2.2 Content-based algorithms
While topology-based algorithms provide insight into the structural patterns of networks,
they overlook the content of posts, a vital component in assessing polarization. The very
essence of a post, especially when laden with negative sentiments or direct opposition
to contrasting views, amplifies polarization. It is not just about how clustered or isolated
networks are, but also about the intensity of sentiments within those clusters. Real polar-
ization is underscored when isolated networks echo shared beliefs and hostility towards
differing perspectives. Content-based algorithms focus on analyzing the text within posts
to gauge polarization. By examining language use, sentiment, and thematic content, these
algorithms can discern the tone, intensity, and nature of the discussions, allowing for a
deeper understanding of underlying beliefs and attitudes. Such algorithms can detect pat-
terns of extreme views, recurring divisive topics, and the frequency of negative or adver-
sarial language, offering a nuanced picture of polarization beyond mere network struc-
tures.

In the literature, we can find many polarization detection algorithms based on differ-
ent techniques. Some of them are purely based on Natural Language Processing (NLP),
such as [40–43]. All these algorithms apply NLP concepts to extract information from
the content of the posts to obtain a measurement of polarization. However, such a mea-
surement does not consider important aspects such as the topology of the network or
the temporality of the posts (information dynamics), so they are somehow limited (just as
topology-based algorithms do not consider the content of the posts, missing an important
piece of information for measuring polarization).

Furthermore, some of the content-based algorithms that we can find in the literature
are heavily based on Deep Learning techniques. An example of these algorithms can be
found in Ref. [44], where the authors propose a Deep Learning based approach to carry out
ideology detection and polarization detection using the sentiment analysis from tweets, in
the context of the COVID-19 pandemic. However, it is possible to find other solutions to
the problem of polarization detection and quantification using content-based algorithms.
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In Ref. [45], the authors propose an algorithm based on the application of NLP to separate
positive, neutral, and negative posts, to then formulate an index to measure polarization.

These methods primarily offer insights into the overarching sentiment or the general
polarization levels related to specific topics, rather than the interactions and divisions be-
tween distinct user groups or communities. As a result, they may miss the subtleties of
how polarization manifests and propagates across different segments of the network. In
fact, these algorithms may overlook inter-community polarization dynamics, as they do
not take into consideration the user nor the relationships between them. Moreover, since
they tend to lean heavily on Machine Learning and Deep Learning techniques for classi-
fying and understanding labeled posts, this brings inherent challenges. On the one hand,
there is a consistent need to train and retrain these models to maintain their accuracy.
Additionally, they often operate as “black boxes”, making it challenging to discern how
they arrive at specific classifications. This lack of transparency, known as the explainabil-
ity problem, can hinder the broader acceptance and trust in these algorithms, especially in
contexts where understanding the reasoning behind classifications is crucial [46]. These
complexities, combined with their need for continuous retraining and their limited ex-
plainability, have made them more challenging to deploy effectively. These hurdles can im-
pede widespread adoption, especially in contexts where stakeholders value transparency,
understandability, and adaptability in the tools they utilize.

2.2.3 Hybrid algorithms
Hybrid, or mixed algorithms, meld the strengths of both approaches: they incorporate
the structural insights derived from network topology with the nuanced content analysis
of posts. By doing so, they aim to provide a more holistic view of polarization, captur-
ing both the overarching patterns of connectivity and the underlying sentiments and dis-
courses prevalent within the network. This integration allows for a more comprehensive
understanding of the multi-dimensional facets of polarization in digital spaces.

Although these techniques are scarce, there are useful polarization detection and quan-
tification algorithms in the literature. For instance, Biased Random Walk (BRW) [33], is a
random walk-based approach that introduces content-based components to improve the
polarization metric. As a result, in such an algorithm the random walk starts with an “ini-
tial energy” that is consumed as the random walk traverses the social network (each user
has an “energy loss” and content-based strategies can be used for their computation). In-
deed, this algorithm combines the advantages of both approaches to detect and quantize
polarization intelligently. Another example of hybrid algorithm is Diffpool [47], a hybrid
approach for polarization detection based on Deep Learning. More specifically, this ap-
proach is capable of representing a graph through graph convolutional neural networks, as
well as content-based information through embeddings. This network is coarsened thanks
to the action of pooling layers, to finally provide a measurement of polarization. However,
the same weaknesses described in Sect. 2.2.2 still apply to this algorithm, as it is based
on the same techniques. Indeed, algorithm explainability and training efficiency become
important consideration aspects to carry out polarization detection with this algorithm.
Another hybrid algorithm that we can find in the literature is the Multi-Opinion based
method for controversy detection [48], which partitions a network in a given number of
communities (with algorithms such as METIS and Louvain partitioning [49, 50]). This
algorithm does in fact support multiple communities and not only two, and it considers
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both the topology and the content of a network, which are aspects that also characterize
our proposed polarization algorithm, SPIN. In the same line of proposing hybrid algo-
rithms, authors in Ref. [51] introduce the Generalized Euclidean (GE) algorithm, based
on a generalization of the Euclidean Distance metric to measure the distance between
nodes and offer a polarization index based on such distance (for users belonging to only
two communities, thus this algorithm is also limited as some of the other aforementioned
algorithms).

As it can be seen, a notable limitation of current hybrid (and non-hybrid) algorithms
is their lack of consideration for temporal patterns. This means they might overlook the
evolution of discussions, sentiments, and network structures over time. Understanding
how and when polarization intensifies, ebbs, or shifts, especially in response to real-world
events or online triggers, is crucial. Without this temporal dimension, we miss out on
the dynamics of polarization, potentially leading to static or outdated interpretations of
the digital landscape. It is this limitation that made us propose SPIN, a hybrid algorithm
that uses the structure of the network, together with the information that flows through it
(and its dynamics), to provide a measurement of its polarization. This proposed algorithm
was designed to overcome some of the difficulties and limitations of existing algorithms,
including the use of both structure and content to provide the measurement, the use of
information dynamics and the support of multiple communities to provide the measure-
ment of polarization.5

3 Data and methods
3.1 Data collection
For a rigorous and meaningful assessment of our research, it is imperative to use datasets
encapsulating political discussions. Such datasets, rich in political discourse’s nuances,
complexities, and polarities, provide an ideal testing ground. By focusing on these politi-
cally charged conversations, we can later focus on the ability of the polarization detection
algorithm to detect and effectively measure polarization, and its efficacy in parsing and
understanding the varied facets of political dialogue. This context-specific evaluation en-
sures that such algorithms are robust and well-suited for the challenges of the real-world
political landscape.

In light of this, we have compiled a dataset centered on Spanish electoral processes,
utilizing data from X (Twitter) to chronicle these unique phases and the polarization dy-
namics they encompass. The dataset was generated starting from the main accounts of
the parties that secured representation in each general electoral process. We then applied
snowball sampling with three levels of depth. This involved collecting all the posts from
the recursively identified accounts during 7 days of pre-campaign, 15 days of campaign,6

both the reflection and election days, and the subsequent 7 days of post-campaign. It is
worth noting that, although both the pre-campaign and the post-campaign can be ex-
tended in time, only the week closest to the election date was considered in both cases, so
as to try to explain how polarization evolves during the electoral process, while keeping
a resonable time window (of 31 days) to study per election. See Algorithm 1 for a pseu-

5This last condition is fundamental to create a polarization algorithm designed to study the polarization in the Spanish
(and other similar Western democracies) electoral system.
6In the Spanish electoral process context, the campaign lasts for exactly 15 days.
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Algorithm 1: Snowball Political Dataset Generation from X/Twitter
Data: X accounts of main political organizations: accounts

Election day: election_day
Number of publications: 8
Number of recursions: 2

Result: List of users influenced by political publications
1 common_list ← empty list;
2 start_date ← election_day – 3 weeks;
3 end_date ← election_day + 1 week;
4 for account in accounts do
5 publications ← download all publications between start_date and end_date from

account;
6 for i ← 1 to number of publications do
7 publication ← randomly select from publications with at least one repost;
8 reposting_user ← randomly select one user who reposted publication;
9 common_list.append(reposting_user);

10 end
11 end
12 iteration ← 0;
13 while iteration < number of recursions do
14 newly_retrieved ← copy of common_list;
15 for user in newly_retrieved do
16 for i ← 1 to number of publications do
17 publication ← randomly select from user’s publications with at least one

repost;
18 reposting_user ← randomly select one user who reposted publication;
19 common_list.append(reposting_user);
20 end
21 end
22 iteration ← iteration + 1;
23 end
24 return common_list;

Table 1 Datasets of Spanish general electoral processes from 2011 to 2019

Electoral Process November 2019 April 2019 2016 2015 2011

Users 873 715 759 688 611
Posts 527,093 423,638 616,427 465,967 317,506
Negative Posts 118,951 83,708 92,881 74,338 55,754
Nodes 872 700 756 614 572
Edges 24,460 18,524 23,371 12,420 9,369
Degree 56.10 52.93 61.83 67.29 32.76
Avg Retweets 361.11 247.64 74.19 45.14 16.09
Avg replies 3.77 2.49 0.66 0.73 0.80
Avg likes 38.79 26.42 5.39 3.24 1.15
Avg quotes 1.29 0.85 0.19 0.09 0.00

docode of this process, and Tables 1, 2, and 3 for a dataset description considering both
the overall electoral process, but also the process divided in the aforementioned phases.

In our data collection algorithm, it must be noted that the second part, where iteration
is performed based on a number of recursions (snowball sampling), we randomly select
a user post with at least one repost, but filtering its publication date between the specific
start and end dates of each electoral process, thus achieving a dataset as described in Ta-
ble 3. Additionally, all these tweets come from users that are involved in the context of the
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Table 2 Datasets of Spanish local electoral processes from 2011 to 2019

Electoral Process 2019 2015

Users 708 722
Posts 398,689 535,306
Negative Posts 71,816 76,030
Nodes 698 719
Edges 16,550 19,397
Degree 47.42 53.96
Avg Retweets 184.03 44.59
Avg replies 1.80 0.68
Avg likes 20.64 3.58
Avg quotes 0.67 0.00

Table 3 Tweets downloaded during each phase of each electoral process studied

Election Phase Date Range Posts

General (Nov) 2019 Pre-Campaign 2019-10-18 to 2019-10-24 119,233
Campaign 2019-10-25 to 2019-11-08 282,605
Reflection + Election 2019-11-09 to 2019-11-10 29,899
Post-Campaign 2019-11-11 to 2019-11-17 95,356

General (Apr) 2019 Pre-Campaign 2019-04-05 to 2019-04-12 94,749
Campaign 2019-04-12 to 2019-04-26 231,563
Reflection + Election 2019-04-27 to 2019-04-28 23,482
Post-Campaign 2019-04-29 to 2019-05-05 84,274

General 2016 Pre-Campaign 2016-06-03 to 2016-06-09 134,005
Campaign 2016-06-10 to 2016-06-24 370,632
Reflection + Election 2016-06-25 to 2016-06-26 31,243
Post-Campaign 2016-06-27 to 2016-07-03 80,547

General 2015 Pre-Campaign 2015-11-27 to 2015-12-03 81,921
Campaign 2015-12-04 to 2015-12-18 227,818
Reflection + Election 2015-12-19 to 2015-12-20 93,328
Post-Campaign 2015-12-21 to 2015-12-27 43,421

General 2011 Pre-Campaign 2011-10-28 to 2011-11-03 61,909
Campaign 2011-11-04 to 2011-11-18 173,157
Reflection + Election 2011-11-19 to 2011-11-20 23,027
Post-Campaign 2011-11-21 to 2011-11-27 66,692

Local 2019 Pre-Campaign 2019-05-03 to 2019-05-09 87,262
Campaign 2019-05-10 to 2019-05-24 233,448
Reflection + Election 2019-05-25 to 2019-05-26 22,451
Post-Campaign 2019-05-27 to 2019-06-02 63,730

Local 2015 Pre-Campaign 2015-05-01 to 2015-05-07 108,693
Campaign 2015-05-08 to 2015-05-22 307,430
Reflection + Election 2015-05-23 to 2015-05-24 30,348
Post-Campaign 2015-05-25 to 2015-05-31 88,835

electoral process (relevant for polarization) as they were obtained from randomly select-
ing users who reposted content from official accounts of the main political parties in the
country, thus we consider that our algorithm can effectively be used to gather quality data
with which to carry out our experiments.

Last, it must be noted that, through the application of this data collection algorithm we
were able to craft a dataset that is described in Tables 1, 2 and 3. The first two tables dive
deep into several important aspects of the crafted dataset per electoral process, including
the number of users, posts, and even additional information regarding the network that
could be created through the usage of these datasets and the X interactions between users
(retweets, replies, likes, and quotes). Moreover, average values for those relationships are
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also provided, to contextualize the kind of usage that the social network was having during
each electoral process. In this sense, we observe how retweets and likes are more common
than quotes and replies for the different electoral processes studied. The main difference
between Tables 1 and 2 is that the first one is only focused on Spanish general electoral
processes, whereas the second table is focused on Spanish local electoral processes, from
2011 to 2019.

In Table 3, we provide information regarding the number of tweets downloaded per
phase of each electoral process detected. As it was explained in Sect. 2, in Spain an electoral
process tends to have different phases. This table provides relevant information for each
phase, such as the number of posts, together with the date range considered, for each
phase of each electoral process; thus, it allows to further understand and contextualize
the previous two tables on Spanish general and local electoral processes.

3.2 SPIN algorithm
The proposed polarization metric is based on the idea that we can borrow the fundamental
concepts from Information Theory to measure the flow of information between commu-
nities of different characteristics (in the context of social network polarization in politics,
we refer to communities based on ideological positioning, associated with clearly identi-
fied political organizations), primarily through the concept of entropy (and the metrics,
defined in the present literature, to estimate it). Our main hypothesis is that we consider
a network is polarized when polarization exists:

1 Between different communities: The flow of (hostile) information between different
communities is naturally a clear indicator of the existence of polarization in the
network.

2 Within each community: Nevertheless, there is also the possibility that communities
are highly polarized because (hostile) information (or information against other
communities) circulates within each of them, without this information necessarily
flowing to other communities. To model this possibility, it is essential to also
consider the flow of information within each community, and not just between
communities.

Given that entropy (and related measurements) indicates the flow of information be-
tween two entities, we can define an algorithm utilizing it to detect polarization. Our pro-
posal goes as follows:

1 Calculation of inter-community entropy: By considering the connections between
nodes (users) from different communities, through the calculation of entropy, we
can quantify the amount of information that flows between communities.

2 Calculation of intra-community entropy: Considering those nodes (users) that are
related, we can calculate the flow of information between them, estimating the
amount of information in the network that flows within each specific community.

3 Weighted contributions: our algorithm uses the previous entropies to obtain a
negativity ratio within each community (intra-community negativity ratio) and
between communities (inter-community negativity ratio). A weighted average of
both contributions results in the SPIN polarization index result. Indeed, for
calculating this weighted average, two hyperparameters are introduced in the
algorithm (α and β), which can be used for tuning the relevance of each
contribution (increasing α gives more weight to the intra-community negativity
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ratio, whereas increasing β gives more weight to the inter-community negativity
ratio). For the benchmark of SPIN, we tested different combinations of weights, to
understand the impact of each of these negativity ratios in the proposed
polarization metric.

How information flow is estimated shall be described in Sect. 3.2.1, which is the ba-
sis to compute the inter- and intra-community entropies (see Additional file 2 for a de-
tailed pseudocode of how these entropies are computed). However, these concepts alone
would not allow us to calculate a proper polarization metric. For this reason, we restrict
the computation of the entropy to hostile (or negative) information; this shall be described
in Sect. 3.2.2. Because of this, it also requires the content of the nodes’ (users’) posts.

As summarized in Algorithm 2, the input network must be partitioned so that nodes
with similar characteristics (ideologies, in the case of using polarization detection in so-
cial networks in politics) are located in the same partition and different partitions from
nodes with different characteristics. We also devise a methodology to consider such do-
main knowledge, explained in Sect. 3.2.3.

In summary, the proposed polarization metric belongs to the family of hybrid algo-
rithms, since it is based on a network structure representing the network on which polar-
ization analysis (quantification) will be carried out (see Sect. 3.2.4 for more details about
how to represent the network), the content of the nodes’ posts, and the temporal moment

Algorithm 2: Calculation of the polarization metric in SPIN
Data: List of communities: communities

Intra-community entropy dictionary: partition_intra
Negative intra-community entropy dictionary: partition_neg_intra
Inter-community entropy matrix: inter_matrix
Negative inter-community entropy matrix: neg_inter_matrix
Adjustment coefficients α and β : α, β

Result: Network polarization index
1 intra_neg_ratio ← 0;
2 inter_neg_ratio ← 0;
3 for comm in communities do
4 intra_neg_ratio ← intra_neg_ratio + partition_neg_intra[comm]

partition_intra[comm]

5 end
6 intra_neg_ratio ← intra_neg_ratio

length(communities)

7 for comm1 in communities do
8 for comm2 in communities do
9 if comm1 not equal comm2 then

10 inter_neg_ratio ← inter_neg_ratio + neg_inter_matrix[comm1,comm2]
inter_matrix[comm1,comm2]

11 end
12 end
13 end
14 inter_neg_ratio ← inter_neg_ratio

length(communities)·length(communities)–length(communities)

15 return α · intra_neg_ratio + β · inter_neg_ratio;
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these posts are published (timestamps), so that we could compare the estimated polariza-
tion (and the corresponding flow of information) at different moments of time.

3.2.1 Estimating information flow
In the literature, it is possible to find several entropy measurements to estimate the in-
formation flow between the users of a network. In [52], the authors show how, using the
entropy rate estimator (h), originally proposed in [53], some other entropy measurements
could be derived. The entropy rate is defined as follows:

h =
N log N
∑N

i=0 �i
(1)

where N refers to the length of the text whose entropy is being calculated, and �i refers
to the length of the longest non-contiguous subsequence from the target text that has
appeared previously (in the previous i symbols) as a contiguous subsequence in the text.

From that basic information flow estimator, the authors propose the time-synchronized
cross-entropy metric [52], which leverages the usage of entropy to calculate the informa-
tion flow between two users taking into account the dynamics of the conversation, which
can be considered useful in the context of social networks. Such a measurement is math-
ematically defined below:

h(T‖S) =
NT log2 NS

∑NT
i=1 �i(T |S≤t(Ti))

(2)

where T refers to the target, S refers to the source (for instance, target user and source
user), N refers to the length of the text (where the sub-index determines whether it is
the length of the source text or the length of the target text), and �i refers to the longest
subsequence in the target text that appears as contiguous in the source text, taking into
consideration the time when the posts were published, if the metric is applied in the con-
text of social networks’ information flow measurement.

Although the time-synchronized cross-entropy is already a valid metric for measuring
information flow, we decided to measure the information flowing through a network using
an entropy metric derived from it, called Neighbor Normalized Information Flow (NNIF),
also defined in [52]. The reason behind this decision is simple: based on the benchmark
carried out by the authors in [52], NNIF is able to measure a network’s information flow
in a much more reliable way than the time-synchronized cross-entropy, and other entropy
measurements derived from it. In fact, such an entropy estimator has already been used
in the literature (as it was aforementioned) achieving good results [54]. As a consequence,
we decided to use NNIF as the metric to estimate the information flow in a network, when
calculating our polarization metric, SPIN. Formally, the NNIF metric is defined as [52]:

NNIF(S, T) =
h(T‖S)

∑
X h(T‖X)

–
h(S‖T)

∑
X h(S‖X)

(3)

where h(Y‖Z) refers to the time-synchronized cross-entropy between a target Y and a
source Z (Equation (2)), T refers to the target node, S refers to the source node, and X
refers to any node in the (local) neighborhood.
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3.2.2 Restricting entropy computation to negative information
Since the different entropy measurements allow capturing the flow of information gener-
ated in the network, the intuition behind the usage and restriction of entropy computation
to negative information is simple: the more negative information is transmitted through
a network, the more polarized it should be; hence, measuring entropy on negative infor-
mation becomes the cornerstone upon which SPIN operates. As an abuse of language,
we shall call negative entropy to those entropies (or related measurements) computed on
negative information.

Specifically, to restrict the computation of entropy to negative information, the LIWC
2007 framework [55] was used. This framework allows, through text analysis, to obtain
the count of words from each specific category present in a particular text, for instance,
in a tweet. These categories correspond to time, money, food, exclusion, inclusion, family,
people, etc. Moreover, other categories of particular importance for calculating negative
information are associated with sentiment analysis: number of words with positive emo-
tion, negative emotion, number of words expressing sadness, anxiety, etc. Beyond all these
categories, the framework also allows characterizing users’ speech through other cate-
gories like the number of personal pronouns (in each personal form) and number of verbs
(in different personal forms), allowing, for instance, to analyze if certain users consistently
refer to supposed third parties.

Considering the above, we decided to use this framework to count the words of each cat-
egory, filtering those tweets with any negative sentiment (not necessarily having a value
for the category EmoNeg> 0, as more complex conditions could be used involving other
categories related to speech, or certain sensitive topics like money or work). Thus, by filter-
ing negative tweets (information), negative entropy (as described in the previous section)
would be calculated, which provide an estimation on how much negative information is
truly flowing through the network. Indeed, other LIWC categories could have been used to
carry out negative emotion tweet detection, however, we considered the aforementioned
manner of filtering tweets the most understandable one to keep tweets with a more or less
(depending on the tweet) negative emotion.

While it is true that sentiment analysis techniques could also be used to detect the tweets
containing negative information, we consider model explainability to play a fundamental
role within the detection of negative posts for the application of polarization detection,
as the polarization index to be computed can depend on the posts with negative sen-
timent detected. As a result, we opted to use the LIWC framework,7 because it allows
us to fully understand why a given post is considered to have (or not) negative emotion,
while also being able to reliably capture such emotion (trade-off between prediction accu-
racy and explainability). On the other hand, this capability is often not provided by neural
network-based models that could also be used for determining the sentiment of a post, as
the model’s interpretability often decreases with the model’s predictive power [56].

While it is true that the LIWC tool is proprietary, its license has a low cost and it has been
widely used across many similar works in the literature [57–59], thus its usage seemed to
be ideal in a similar context as the one we perform in this research, where LIWC is used
for detecting the negative information flowing through the network.

7Using LIWC also allows to introduce a more (or less) strict negative sentiment detection, to fine-tune the polarization
index.
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3.2.3 Community detection for political contexts
As already discussed, to apply many of the polarization algorithms detailed herein, a pre-
partitioned network is required. However, since our focus, and in particular, SPIN, is on
socio-political analysis, considering aspects such as the ideology of the users is fundamen-
tal, as it allows the partition of the graph into well-separated communities from a domain
knowledge point of view. For instance, a user with a left-leaning political view should not
be in the same partition as a user with right-leaning political view. Consequently, the us-
age of other graph partitioning algorithms, such as METIS [49] or Louvain [50], might not
be as accurate (from a domain knowledge point of view) as SPIN requires, because those
methods are typically based on maximizing network modularity [60], without consider-
ing important domain knowledge information, such as the political leaning of the users.
In fact, this (important) distinction on how communities are identified is not always made
in the polarization/controversy research, making this a relevant novelty of this work.

Thus, in order to generate a set of partitions more adequate to the study of the polit-
ical conversation in Online Social Networks such as X, we propose a label propagation
approach. This approach, as described in Algorithm 3, allows nodes to “influence” their
neighboring nodes until converging on a final partition. The community generation al-
gorithm takes a weighted directed (potentially multi-directed) graph as its main input,
together with a list of already labeled “seed” nodes. In the graph, each node represents a
user, each link represents a retweet relation (A retweeted B). The weight of the link cor-
responds to the number of retweets from one node to another.

By design, this algorithm has the following characteristics:
1 Number of communities: it supports the division into 2 or more communities, as its

application in studying polarization, as obvious as it seems, may require more than
two partitions in the conversation graph. For instance, when considering political
data, it can be inferred that there are multiple communities or partitions of users,
and not necessarily just two; there could be many more. At least as many as the
number of political parties in the system.

2 Correct partitions from a semantic (domain knowledge) point of view: this method
encompasses, according to a certain semantic component, nodes that are similar
within the same partition, and in a different partition compared to those that are
semantically different. This is starkly different from other existing partitioning
algorithms, such as METIS [49] or Louvain [50], where the graph’s structure is used
to create the partition. Additionally, it also utilizes the structural aspects of the
network (e.g., connections) to assign communities in the best possible way, but
always respecting the meaning of the partitions. For instance, in a political use-case,
nodes with different ideologies should not be included in the same partition, even if
that made sense from the topological point of view of the network.

Indeed, the described label propagation process only generates a list of potential mem-
bers for the communities provided. Therefore, another step is required to determine which
communities a node belongs to, based on a minimum community membership threshold
that must be also provided as a parameter to this algorithm (τ ). If a node has a value,
for one or more communities, higher than the threshold, such a node will belong to all
those communities meeting the condition. However, it could happen that a node does not
have any community membership value higher than the minimum community member-
ship threshold (τ ). As a result, that node would not belong to any partition. To avoid this,
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Algorithm 3: Community detection based on label propagation
Data: Directed graph: network

Initial dictionary of labeled nodes: labeled_nodes
Number of iterations: max_iter
Number of communities: N
Community membership threshold: τ

Creation of the “others” community: create_others
Result: Partition assignment to each node

1 final_labels ← copy of labeled_nodes;
2 unlabeled_nodes ← set difference of network.nodes and keys(labeled_nodes);
// Initialize the labels of the unlabeled nodes to 1

N
3 for node in unlabeled_nodes do
4 final_labels[node] ← vector(N , 1

N ); // vector of N 1
N values

5 end
6 for iteration ← 0 to max_iteration – 1 do
7 unlabeled_nodes ← shuffle(unlabeled_nodes);
8 for node in unlabeled_nodes do
9 new_label ← vector(N , 0); // vector of N zeros

10 weight_sum ← 0;
11 for (neighbor, node, weight) in network.in_edges(node) do
12 new_label ← new_label + weight · final_labels[neighbor];
13 weight_sum ← weight_sum + weight;
14 end
15 for (node, neighbor, weight) in network.out_edges(node) do
16 new_label ← new_label + weight · final_labels[neighbor];
17 weight_sum ← weight_sum + weight;
18 end
19 new_label ← new_label

weight_sum ;
20 final_labels[node] ← new_label;
21 end
22 end

// Assigning the list of partitions (communities) of each
node

23 node_communities ← {};
24 for node in network do
25 list_partitions ← get communities of final_labels[node] with value ≥ τ ;
26 if create_others and list_partitions is empty then
27 node_communities[node] ← [N + 1];
28 else
29 node_communities ← list_partitions;
30 end
31 end
32 return node_communities;

we allow the creation of a new community including all those nodes that could not be
assigned to any other partition.

As it was mentioned, a weighted graph is required for this partitioning algorithm. This
graph can potentially be a multi-directed graph if we considered multiple “agreement”8 re-
lationships (e.g., in X, we could consider retweets and likes). However, for this research we
focused exclusively on the retweet relationships between the different nodes, as retweets
tend to express more agreement than likes [61]. The (weighted and potentially multi-

8There is a need to use agreement relationships, so as to propagate the adequate labels between connected nodes.
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directed) graph to be used for this community detection algorithm must have the same
nodes as the graph to be used for the SPIN algorithm, but it could use a subset of the rela-
tionships used by the graph built for polarization detection with SPIN. For instance, SPIN
can use reply and quote relationships between users, but these relationships would not
be as useful as like or retweet relationships for the task of community detection, so they
could be removed from the graph built for community detection between nodes. Thus,
one can understand that in Alg. 3 line 11 the weight refers to the sum of weights of the
different relationships present in the graph built for community detection. In our case,
we used retweet relationships to carry out community detection for the aforementioned
reasons.

3.2.4 Network representation
In our proposed algorithm, SPIN, the representation of Online Social Networks, such as
X, is done through a multi-directed graph whose nodes represent users and whose edges
represent connections between users. Those edges must, in fact, be weighted, as the edge
weight represents the frequency of the interactions between users. The intuition behind
this representation is quite simple: two users (nodes) could have one or more connections
with each other in any direction, and these connections are related to user interactions
that could have occurred multiple, potentially many, times due to the natural interactions
and information exchange that characterizes microblogging Online Social Networks, such
as X. However, as the representation involves a (multi)directed graph, it is fundamental
to define both the possible interactions between users, as well as the direction of those
interactions. In this section, X (Twitter) interactions are considered, although similar in-
teractions could be defined for other social networks, thus using any other social network
would not have an impact on the network representation required for the SPIN algorithm:

• Retweets: The connection (edge) between the user (user A) that creates the retweet
and the retweeted user (user B) must go from the retweeted user to the user that
creates the retweet, i.e., from user B to user A. The intuition behind this is simple: the
information in the network flowed from user B (who created the original post) to user
A (who read the post and retweeted it).

• Replies: The connection between the user (user A) that replies to the post created by
another user (user B) must go in the direction of the replied user to the user that
created the reply, following the same direction as the information flow in the network,
i.e., from user B to user A.

• Quotes: Similarly to the replies, the connection between the user that creates the
quote (user A) and the user whose post is quoted (user B) must go in the direction of
the quoted user to the user that created the quote, i.e., from user B to user A.

• Mentions: In the case in which a user (user A) creates a post in which it mentions
another user (user B), the edge must go in the direction of the user that creates the
mention (user A) to the mentioned user (user B), as the intention of user A is to make
user B read the post, thus information flows in that direction.

In the case of SPIN, it is convenient to consider the previous four possible connections
between users instead of simply considering retweet networks, follow networks, mention
networks, or hashtag networks separately, as it has already been done previously in the lit-
erature [32, 48], because by considering those four possible connections (simultaneously),
it is possible to represent a bigger portion of the information flowing through a network,
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which is what our algorithm, SPIN, tries to detect and quantify. Thus, a correct represen-
tation of the network is critical to the correct functioning of SPIN.

4 Results
4.1 Settings
In order to benchmark the utility of our algorithm, we applied Algorithm 1 to obtain
datasets related to each of the Spanish electoral processes from 2011 to 2019, including
both general and local electoral processes (see Tables 1 and 2 for a description of the statis-
tics of these datasets).

We propose the usage of the political scenario of Spain to benchmark SPIN, as the coun-
try is characterized by a complex political scenario where the society is represented by
several political parties (not only two), with different political leanings. We consider that
using such a complex political scenario could show the true potential of SPIN to carry out
reasonable and precise polarization detection and quantification, at the same time that it
allows an in-depth sociopolitical analysis thanks to the high explainability of its results.

4.2 Analysis
4.2.1 SPIN as polarization metric
First, we compare the results of SPIN when using different hyperparameters, obtaining
the results described in Fig. 1. As we observe from these visualizations, the SPIN algo-
rithm adeptly captures the polarization dynamics outlined in Sect. 2. We see a subtle and
incremental rise in polarization from the pre-election phase leading up to the electoral
campaign. This is followed by a decrease on the day before the elections (blackout period)
due to the inactivity of politicians and parties. There is a notable surge during the election
event, which then gradually tapers off post-election.

Both the rise in polarization during the campaign and, notably, its decline during the
blackout period serve as strong indicators of the role political parties and candidates play
in the escalation of political polarization. Similarly, we also observe that polarization peaks
on the days when electoral debates are held on the country’s main television channel
(RTVE), which take place 5 days prior to the general elections.

Regarding the evolution of polarization, we broadly observe that polarization has in-
creased over time, displaying consistently higher and more sustained patterns throughout
the entire process. This is especially evident during the general electoral processes, with
less polarization and greater variability during local processes, although we will analyze
this later in more detail. This is likely due to the diversity of cities and options, as well as
the adoption of decentralized communication strategies by political parties.

These observations are more or less stable independently of the hyperparameters (α and
β to account for intra- and inter-community entropies, and τ as the community member-
ship threshold), although we found more consistent results when α = β = 0.5, and this is
the configuration we shall use in the rest of the work.

Last, we observe that SPIN suits well the polarization dynamics described in Sect. 2,
as polarization increases during the pre-campaign stage, then experiences a drop during
the blackout period and a rise during the election day, continuing a polarization trend
that tends to decrease as the post-campaign advances. Indeed, the proposed hybrid po-
larization metric seems to adjust to the known polarization dynamics around electoral
processes, while also providing a daily polarization score that is quite stable and does not
experience very extreme changes from one day to another.
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Figure 1 Comparison of SPIN results with different parametrizations across Spanish electoral processes from
2011 to 2019. Seven plots are shown depicting the SPIN polarization values based on different
hyperparameters of this algorithm when applied to the local and general Spanish elections from 2011 to
2019. No large differences are obtained in behavior depending on the hyperparameters considered in the
SPIN algorithm

4.2.2 Benchmarking polarization approaches
In this section, we compare our proposed SPIN polarization metric against other algo-
rithms of the literature, so as to determine whether, for the specific context of our use-case
(political scenario), our algorithm proves to work better or worse than already existing al-
gorithms. The comparison results are presented in Fig. 2.
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Figure 2 Comparison of SPIN results with different parametrizations across Spanish electoral processes from
2011 to 2019. Seven plots are shown depicting the SPIN polarization values compared against 11 polarization
approaches from the literature when applied to the local and general Spanish elections from 2011 to 2019.
The values obtained by each algorithm are varied, and cover almost the full spectrum of the Y axis. Whereas
some methods tend to obtain stable values independently of the day being analyzed, other methods (SPIN
included) show consistently polarization values that change throughout the election process: start in the
middle, increase until the day of the election (except for the previous day, because of the blackout period),
and rises again after the election
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When comparing the SPIN algorithm with the rest of the studied algorithms, we find
that almost all of them fail to capture polarization according to the well-known polariza-
tion dynamics described earlier in this work, particularly during the blackout period and
the post-election week. Similarly, a majority of the studied algorithms exhibit particularly
high and sustained values over time (RWC, MBLB, Multi-Opinion) or notably low values
(ERIS, GMCK, P) that remain almost unchanged as the electoral process advances, thus
failing to capture the discussed polarization dynamics in Sect. 2.

Among the most similar algorithms, capable of showing centered values throughout the
entire spectrum (neither too high nor too low), we find our proposal alongside GE, EC,
and BCC. However, both EC and BCC particularly fail to capture the post-election week
and the blackout period. They also display unstable patterns that fluctuate throughout the
process. Considering the GE polarization index, we observe how this algorithm follows
the well-known characteristics of an electoral process in Spain (see Sect. 2), similarly to
our proposed polarization algorithm SPIN. The only difference we observe in the results is
that GE tends to have a higher variance in its expected polarization index when compared
to SPIN, which tends to be more stable during the prediction of daily polarization from
the pre-campaign to the post-campaign phases.

It is worth noting that this trend is consistent across all data sets, corresponding to either
general or local elections.

4.2.3 Polarization in local vs general elections
In this section, we use our SPIN algorithm to gain a general understanding on the evolution
of the (political) polarization in Online Social Networks. Now, our analysis is divided into
two separate studies: the evolution of polarization across general electoral processes (see
Fig. 3), and the evolution of polarization across local electoral processes (see Fig. 4), as
this approach also allowed to compare the polarization between the two types of electoral
processes.

From these figures, we have observed a gradual increase in political polarization over
the years. This polarization has escalated similarly in both general and local electoral pro-
cesses, although it is true that, while polarization has grown in both processes, it remains
higher in general elections due to their central role in the country’s political and media
agenda.

Considering SPIN is well-correlated with the polarization dynamics previously de-
scribed (see Sect. 2), we conclude the observed increase in polarization is a precise reflec-
tion of this phenomenon in the society. In fact, we show now in Fig. 5 the average polar-
ization computed according to our approach, considering both general and local electoral
processes. These measurements further emphasize that the polarization surrounding po-
litical discourse on X (Twitter) in Spain has experienced an increasing trend from 2011 to
2019. This trend has been particularly pronounced in national politics as opposed to local
politics.

5 Discussion
In this work, we propose a novel approach to measure polarization – named SPIN, from
Social-political Polarization analysis by INformation theory –, based on novel or recently
proposed approaches to estimate the information flow, account for negative information,
and detect communities in political contexts. The uniqueness of the SPIN algorithm lies
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Figure 3 Evolution of polarization during Spanish general electoral
processes from 2011 to 2019. The polarization values are plotted
throughout all the national election processes analyzed in this study. The
trend that can be observed is that the overall value tends to increase in
each new election

in its foundation in Information Theory, offering a different perspective on measuring po-
larization. This approach allows us to encapsulate the core tenets of polarization as articu-
lated by predominant definitions in the field. While other algorithms might offer insights
based on surface interactions or apparent divides, SPIN delves into the inherent infor-
mational structures and patterns. This deep-rooted analysis ensures a more nuanced and
precise understanding of polarization, making SPIN stand out from the other approaches.

A remarkable feature is its incorporation of the temporal dimension, tracking the evolu-
tion and flow of information over time. This temporal consideration is crucial as polariza-
tion is not static; it evolves, intensifies, or diminishes in response to real-time events and
discourses. Additionally, SPIN emphasizes coherence in content, ensuring that consistent
themes and narratives within a community are recognized and factored into the analysis.
Considering the community’s structural intricacies, it keeps sight of the network’s topol-
ogy. By weaving together the temporal, content coherence, and structural aspects, SPIN
offers a comprehensive and nuanced insight into the multifaceted nature of polarization.
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Figure 4 Evolution of polarization during Spanish local electoral
processes from 2011 to 2019. The polarization values are plotted
throughout all the local election processes analyzed in this study. The
trend that can be observed is that the overall value tends to increase in
each new election, although slightly less than in Fig. 3

Consequently, our algorithm accurately assesses the polarization phenomenon, can pro-
duce results within a reasonable time frame, and the outcomes it generates align with the
postulated axioms in the literature regarding what polarization should be during an elec-
toral campaign, based on the discussion in Sect. 2.

All in all, our algorithm takes into consideration both the topology of the network, as
well as the information flowing through it, hence utilizing as many resources as possible to
carry out polarization detection and quantification. Indeed, other hybrid algorithms have
already been proposed and used for the same purpose, nevertheless, none of these mixes
a hybrid approach with the analysis of the dynamics of the network, i.e., considering the
information that is flowing through the network at every moment of time, which could
have a significant influence on the other posts and information exchanges between the
users in the network. As a result, our algorithm, SPIN, blends the best of both Informa-
tion Theory and Social Network Analysis to carry out precise polarization detection and
quantification, thanks to its support to multiple communities and its ability to model the
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Figure 5 Average polarization per electoral process in Spanish electoral processes from 2011 to 2019. Two
lines depict the average polarization value computed through each entire electoral process to compare
general and local elections. It is observed that the polarization increases steadily, but the overall polarization is
larger for the general case

relationships between them. Based on the presented benchmark results, we consider SPIN
to be a useful contribution to the sociopolitical analysis, as it was able to model polariza-
tion along different Spanish electoral processes, from 2011 to 2019, in a complex political
scenario, where old political parties are still supported by a vast amount of people (PP and
PSOE, right- and left-wing, respectively), at the same time that new political parties are
emerging and gaining more and more traction in the political arena (such as Ciudadanos,
Vox, or Podemos), and divides between supporters of the different political parties tend
to broaden more and more.

It is worth noting the high degree of explainability of the proposed polarization metric,
in particular, in comparison against other approaches. As we have shown, it has enough
variability to capture ups and downs in polarization, especially considering the tempo-
ral dimension. This, in particular, matched quite accurately with the main assumptions
collected from political polarization literature. Indeed, we argue that these characteris-
tics make the SPIN algorithm a suitable option, not only for polarization detection and
quantification, but also for gaining a deep understanding of the sociopolitical elements
that most contribute to the polarization of the network to potentially prevent it, as polar-
ization detection and quantification can be used as the tools of today’s society for closing
divides between the different communities that we can find in social networks, which are
no more than a digital reflection of our society.

Our study has two main drawbacks. First, computational efficiency is a concern. There
are several factors that can impact the efficiency of the proposed algorithm. While the al-
gorithm has proven its capability and utility in analyzing multiple electoral processes in
Spain, it is clear that for especially large data sets (i.e., graphs), the process could take an
excessive amount of time. However, this is a challenge common to almost all of the algo-
rithms studied. More specifically, in our particular case, if the communities are large, the
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number of times an entropy measurement needs to be calculated increases significantly
(since it scales pairwise based on connections between nodes), which can notably increase
the execution time. Similarly, nodes with many publications also affect the efficiency of the
algorithm, since entropy takes longer to calculate in these cases.

Second, the accuracy of the partitioning can also influence the result. The proposed
algorithm is heavily dependent on the network partitioning algorithm (label propagation).
If a good partitioning is used, the results will be accurate. However, if the partitioning is
not appropriate (semantically, not structurally), then the results can deviate significantly
from reality. Specifically, in the case of the label propagation algorithm, if the “seed” nodes
are not selected in a way that truly represents the political system, the effectiveness of the
algorithm will not be accurate and the semantics of the polarization results will not be
valid.

Prospective research trajectories for the SPIN algorithm present a plethora of opportu-
nities. There is potential in refining and optimizing its mechanics for even more accurate
results. Venturing beyond the Spanish-language datasets, testing its applicability across
diverse linguistic and cultural contexts can further validate its universal relevance. More-
over, while its current focus is on political polarization, SPIN’s underlying principles hold
promise for broader applications. Areas like marketing can benefit from understanding
consumer polarities, preferences, or brand loyalties. Similarly, in misinformation, such an
algorithm can be pivotal in discerning echo chambers, biased information flows, and the
intensity of misleading narratives. Such expansive applications could position SPIN as a
versatile tool for various analytical challenges.

Indeed, the implications of the SPIN algorithm extend beyond mere measurement. One
of its most profound utilities lies in its potential to inform and shape strategies to counter
polarization. By offering a detailed insight into the intricate webs of polarization — includ-
ing its temporal evolution, content coherence, and community structure — SPIN provides
policymakers, platform developers, and community leaders with a granular understand-
ing of where and how divisions occur. With this knowledge, targeted interventions such as
developing custom recommendation strategies can be formulated to bridge divides, fos-
ter understanding, and promote more cohesive dialogues. The SPIN algorithm is not just
a diagnostic tool; it is a foundation upon which effective solutions to the challenges of
polarization can be built.

Although in this research we focused on the utilisation of SPIN to get a daily polarization
score, one can understand that it may naturally be used for studying the polarization evo-
lution within each of the communities detected by the label-propagation based commu-
nity detection algorithm during a given period of time. Indeed, our algorithm is not only
capable of providing a daily polarization metric, but it can also be used for the purpose
of studying polarization within the detected communities, which allows a more nuanced
polarization analysis around an electoral process, providing the capability of answering
questions such as “Which community of users is linked to a higher negative information
flow?”, “To which extent two communities are polarized between each other?”, or even
“Which user is responsible for the highest negative information flow output?”. Indeed, we
consider that SPIN implications go far beyond from just a daily measurement, as it can
potentially be used for offering detailed insights regarding polarization analysis.
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