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ABSTRACT Affective polarization has important consequences for societies and institutions. At the
institutional level, it hinders agreement among political actors, which damages the stability of the system.
At the social level, it increases tensions and conflicts between people, damaging coexistence. Until now,
affective polarization has been studied essentially through surveys, which are generally very costly if large
and representative samples are to be obtained and in which the answers of the interviewees may not be
totally sincere. Through this article, we apply sentiment analysis techniques to measure affective polarization
without resorting to surveys, simply by monitoring the non-self-reported behavior of individuals in social
networks. To do that, a novel methodology and a new indicator of affective polarization has been proposed
using data from social networks. The proposed methodology and new indicator have been applied to the
real case study of the regional elections in Spain, specifically to the autonomous Region of Murcia. The
application of the methodology has been satisfactory, as well as that of the new indicator of affective
polarization, providing a cost-effective way of calculating polarization. The results show that all political
groups are polarized to a greater or lesser extent. Furthermore, the results conclude that the winning ideology
in the elections, i.e., the right, was the one whose supporters behaved differently from the supporters of other
ideologies.

INDEX TERMS Affective polarization, lexicon-based techniques, natural language processing, sentiment
analysis, social networks.

I. INTRODUCTION
Affective polarization has become one of the most relevant
phenomena for contemporary social sciences. Between
2021 and 2023, the Web of Science search engine (all
databases) recognizes 382 papers that include the concept
‘‘affective polarization’’. The great academic interest it has
aroused is due to the important consequences on social
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life produced by this growing hostility on a personal level
for political reasons [1]. Partisanship as a strong group
identity generates a tendency to segregation and distancing
among those who support different political options, which
makes coexistence difficult and turns politics into a factor
of interpersonal discrimination based on prejudicial cogni-
tive biases [2]. Increased intolerance toward the outgroup
caused by affective polarization impacts not only personal
relationships, but also democratic systems by undermining
the recognition of legitimacy of adversaries [3] or even
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hindering the functioning of governments [4]. Ideological
disagreement ceases to be the center of the political conflict
and feelings of aversion and the moralization of debates
increase, turning politics into an emotional and identitarian
field full of sectarian attitudes [5]. This could even lead to
episodes of radicalization and political violence preceded by
the dehumanization of the opponent [6].

After defining affective polarization as a manifestation of
growing hostility between partisan groups that also leads
to interpersonal distrust [7], [8], we proceed to present the
three main approaches that have been put forward to explain
its origins or drivers. We will call the first approach ‘‘the
effects of social identity’’ (a), the second ‘‘the effects of
ideological or moral disagreement’’ (b) and the third– which
is the focus of our attention– ‘‘the effects of communication
strategies, forms and environments’’ (c). They are not
mutually exclusive explanations, but complementary, and the
difference between them lies only in the determination of
which is the main atom or the most powerful cause that later
originates a multicausal feedback loop.

The explanatory approach based on the theories of social
psychology assumes that people do not have pronounced
ideological differences, but partisan identity has been consol-
idated as a form of social identity and this causes a tendency to
tribal behavior: favoring the ingroup and, above all, rejecting
the outgroup [9]. The distance between partisan groups, far
from having a rational basis linked to policy preferences,
is explained by the growing social segregation that has
generated a consistent alignment of certain non-political
identities within partisan lines [10]. Party voters share less
and less, they are isolated from each other, and this increases
the sense of rivalry and remoteness. Among ordinary people
there is a widespread sense of false polarization based on
misperceptions about what others think, cognitive biases that
generate stereotypes and lead us to think of our rivals more
negatively than they really are [11].

Faced with the idea that we are separated by our group
identity more than by our ideas –a sociological rather
than political perspective–, other authors understand that,
although affective polarization is characterized by emo-
tional distancing, its origins are ideological [12]. Affective
rejection is a response to a growing level of ideological
disagreement among political elites, which in some cases
is linked to highly sensitive moral issues [13]. As the
parties’ positions on different issues have shifted away from
each other, citizens have begun to perceive the outgroup
ideas as actually threatening to their ways of life. This
is especially evident when discussions focus on cultural
issues [14].

These two approaches address attitudes rooted in the
individual such as feelings of belonging, values or political
preferences. The role of ideology, personal interests, social
cleavages or identity has already been discussed by some of
the great theories of political science in the 20th century.
However, the beginning of the 21st century has generated
three processes that force us to look beyond the structural

or attitudinal dimension: the weakening of the links with
the parties, which makes political behavior sensitive to
less predictable matters and increases the personalization
of politics [15], the loss of importance of social position
and cleavage voting [16] and the emergence of digital
communication, something that has changed the ways of
accessing and relating to political information and the nature
of the public sphere [17].

Several authors argue that the new forms of online
communication, especially since the expansion of social
networks, have intensified political segregation by forming
echo chambers that reinforce the biases and opinions of
individuals and isolating them from other viewpoints [18],
[19]. In fact, echo chambers would be another form of
selective exposure as was already happening in traditional
media [20], but in a more intense and continuous way.
The echo chamber effect would be reinforced through the
filter bubble of search algorithms, which would show us
personalized content that matches our preferences, generating
cognitive gaps in our own knowledge of reality [21].

In summary, early hypotheses about the contribution of
social networks to polarization noted a bias of algorithms
towards the creation of distant tribes that continuously
received identity-reinforcing content. Social networks polar-
ize us because they increase our contact with the ingroups
and with evidence favorable to their position, i.e., they
promote homophily [22]. Nowadays, this theory is strongly
contested [23]. There is significant evidence that social
networks favor exposure to content that does not coincide
with the political position of the users [24]. Contrary to
expectations, what social networks promote is not isolation,
but interaction outside the local bubble which tempers
partisan classification, generating an adverse emotional
reaction that reinforces our identity [25]. According to an
experiment carried out in the United States, individuals
became more polarized when they came into contact with
outgroup content [26]. This leads us to think that the
fundamental causal mechanism of the polarization generated
by the networks is not the attitudinal reinforcement by
isolation, but rather the adverse emotional reaction to the
conflictive interaction.

In any case, the line of research based on the influence of
the new forms of communication has a bearing on how social
networks platforms such as Facebook o X (former Twitter)
has changed the way in which we come into contact with
political information, while at the same time promoting a
more exacerbated and negative tone in the political debate
that could increase the perception of polarization [27]. The
increased perceived polarization may be related to higher
actual levels of polarization, as in a kind of self-fulfilling
prophecy [28]. Although many authors believe that social
networks increase affective polarization, there is not much
data measuring the phenomenon in the specific environment
of social networks. This makes it necessary to conduct
experiments or surveys, but not much is known about the
actual behavior of voters on these platforms. Therefore, it is
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also not possible to explain the origin of the emotional
reactions triggered by social networks.

Knowing this previous context, the objective pursued in
this manuscript is to innovate and search for a new way of
calculating a person’s level of affective polarization. Thus,
we propose a general methodology to calculate polarization,
not only in politics but in any issue. This methodology
aims to obtain information that can be combined to create
a new indicator that provides information on polarization at
user level. To the best of our knowledge, social networks
and social network analysis has been used to identify and
analyze a large number of issues, but it has not been used to
create a methodology and a polarization indicator. Sentiment
analysis and machine learning algorithms have been the tools
used to create the novel methodology and the polarization
indicator. Although the proposed methodology is general,
in this manuscript we have carried out a real case study, using
the autonomic elections of May 2023 in Spain, specifically
we have analyzed the case of the Region of Murcia.

The innovation and originality of this proposal is doubly
justified. On the one hand, until now the calculation of
political polarization has always been based on surveys.
The disadvantage of surveys is the need for funding and
a structure that can be biased, both in terms of questions
and individuals. However, with the proposed methodology,
individuals are not biased in their opinions, because users give
their opinions without being under any scrutiny or control.
With this methodology, the indicator obtained is based on
spontaneous and real behavior (not in an artificial context
such as a survey). Although initially it could be seen as a
limitation of the methodology the type of users that operate
in social networks, as it depends on a certain digital training,
this limitation is reduced as the number of users in social
networks is varied and is grouped according to preferences
and interests [29].

On the other hand, the originality and innovation are
justified by the use of sentiment analysis and the use of
machine learning techniques that allow users to be tagged
in order to subsequently analyze their interactions. The use
of sentiment analysis and its multiple contributions will
be studied in the related work in depth. Machine learning
techniques allow us to group and classify individuals based
on their interactions. Text and sentiment analysis are used to
identify whether the interaction is positive or negative. These
categorizations of interactions will allow us to create the new
polarization indicator. Thus, all in all, the major contributions
of this paper are:

• Develop a new methodology to measure affective
polarization by using advanced sentiment analysis
techniques from social networks, reducing the cost and
bias of measuring this phenomenon through surveys and
enabling real-time monitoring.

• Propose robust mechanisms for the political classifica-
tion of users based on their activity in social networks.

• Desing a new indicator to determine a person’s level of
affective polarization.

• Understand intergroup emotional relations in social
networks and the political dynamics of a given context.
This contribution is particularly interesting for the field
of social psychology, sociology, and political science.

This paper is organized as follows. Section II discusses exist-
ing advances in sentiment analysis techniques applied to the
study of social networks. Section III presents the methodol-
ogy used to create an indicator of affective polarization. This
methodology is based on the concept of ‘‘Social Sensing’’,
an approach that incorporates computational techniques for
the investigation of social phenomena. Section IV explains
the case to which this methodology was applied, the decisions
taken to classify users as members of political groups, and
the emotional valence (positive/negative) of the interactions
with the content created by different political groups. Also,
we present the outcome of the affective polarization indicator
and discuss some of the observed results. The conclusion and
the suggestion of the main challenges for future work are
presented in Section V.

II. RELATED WORK
In today’s world, social networks have become increasingly
important for a greater number of people. According to the
Global Social Media Statistics Report, in October 2023 there
were 4.95 billion people using social networks, equivalent
to 61.4% of the world’s population. The number of social
network users has increased by around 200 million new users
in the last year. The average time a person spends on social
networks is 2 hours and 26 minutes a day, which represents
approximately 15% of waking life. This large presence of
social networks in our lives has generated a growing interest
in the study of how communication between people takes
place in them and how feelings and emotions intervene in that
communication.

Although people do not always have the same points
of view, the need to communicate is indispensable [30].
However, the communication process takes place in multiple
ways: orally, textually, visually or through facial expressions.
The great capacity for connectivity provided by social
networks has made it possible to generate a large amount of
collective information. Social networks have revolutionized
the way in which people communicate, becoming a new
source of expression and information. The specific logics
of social network activity have created a digital space in
which spatial, ethnic or class boundaries become invisible.
This has influenced the analysis, explanation, observation
and discussion of political activities within the public sphere.
Also, the growing importance of social networks as platforms
for the consumption of political information has raised
concerns about how this situation could increase political
polarization [31], [32].

The emergence of Web 2.0, as well as the growing
use of microblogging social networks, such as Twitter,
produces a new form of online communication through
messages in their various forms (written, video, images), with
an enormous number of opinions available online. Social
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networks have become a powerful space for the exchange
of opinions and information on a wide range of issues that
could present pathological dynamics that increase affective
polarization [33]. The content produced in the interaction
of individuals through social networks has thus become an
invaluable source of information that, after carrying out a user
classification [29], can be examined and analyzed through the
application of sentiment classification or labeling techniques,
in order to find patterns or trends in people’s behavior.

Sentiment analysis has crystallized as an active research
area with an increasing number of published articles [34].
From 2008 to 2022 the number of articles including the
concept ‘‘sentiment analysis in social networks’’ has grown
at a geometric rate of 34% year-on-year [35]. Until 2020,
publications have focused on two main issues: 1) the tech-
niques used, i.e., machine learning or lexicon-based methods
and 2) the specific application domains (health, business
intelligence, marketing, election results prediction. . . ) [35].

Given the large amount of information generated through
the use of social networks, it has been necessary to develop
systems for searching, retrieving, classifying and automati-
cally presenting the different perspectives of opinions. Thus,
the so-called ‘‘Opinion Mining’’ (OM), also known as
‘‘Sentiment Analysis’’ (SA), has emerged [36]. Sentiment
analysis is an area or specialization of ‘‘Natural Language
Processing’’ (NLP), which has made remarkable progress
since its emergence in the late 1990s, due to both rapid
advances in deep learning techniques and the abundance of
shared digital data [37]. However, recent research reveals a
notable absence of interdisciplinary efforts (from sociology,
economics, political science) to try to understand the social
dimensions of sentiment analysis [34].

The concept of ‘‘Opinion Mining’’ appears early in an
article by Dave, Lawrence and Pennock, published in 2003,
to refer to the ideal tool for opinion extraction, which allows
processing a set of search results for a given item, ‘‘generating
a list of product attributes (quality, features) and aggregating
opinions about each of them (poor, mixed, good)’’ [38].
Much of the research that self-identifies as OM conducted
subsequently fits this description. But recently, the concept
has been interpreted more broadly to include different types
of evaluative text analysis [39].

The word ‘‘sentiment’’, referring to the automatic analysis
of texts and the monitoring of the predictive judgments
contained in them, appears in Das and Chen [40] and
Tong [41] in relation to market analysis. Subsequently,
Turney [42], Pang et al. [43] and Nasukawa and Yi [44] were
among the first authors to use ‘‘Sentiment Analysis’’ and
‘‘Natural Language Processing’’ methods. Since that time,
quite a few articles applying ‘‘Sentiment Analysis’’ have
focused on knowing, through texts, the polarity of the attitude
(positive/favorable or negative/unfavorable) of a person
towards another person, group, product or event, something
that has led different authors to indicate that the concept
alludes specifically to this operation. Notwithstanding, today
many interpret the term in a broader way, having as its

main objective the computational treatment of opinion,
sentiment and subjectivity of the text [45], assessing opinions
and classifying them as positive or negative with the aim
of understanding the sentiment behind the unstructured
information [37].

Being a very broad topic, a more exhaustive review of
the different approaches to ‘‘opinion mining’’ or ‘‘sentiment
analysis’’ is not possible in these pages, as it is not their
purpose, but a review of the classical and modern approaches
in this respect, as well as the different techniques employed
in each of the subareas, can be found in Messaoudi et al.
[46]. Also, Li [47] systematizes the current state of sentiment
analysis and its potential impact on different fields of
analysis, covering a wide range of topics, including advances
in NLP techniques, challenges of SA in social networks,
ethical considerations, and future directions of different
approaches.

In relation to political analysis, there have been many
investigations that have used SA. Without being exhaustive,
we could highlight some research, such as that of Tumas-
jan et al. [48], in which, through the analysis of more than
100. 000 Twitter messages, they study the degree to which
these validly reflect the political sentiments of the population
as a whole in Federal Germany, concluding that the number
of messages mentioning a political party reflects the electoral
result and becomes a valid indicator of the political sentiment
of the citizenry. In turn, O’Connor et al. [49] investigated
the extent to which public opinion polls correlated with
political sentiment expressed in Twitter messages posted in
2008 and 2009. Indian authors such as Ansari et al. [50]
analyze Twitter messages related to the 2019 Indian General
Elections and conduct the study of sentiments among Twitter
users towards themajor national political parties participating
in the electoral process.

Later on, the sentiment-based classification model predicts
the inclination of tweets to infer the election outcome.
Ringsquandl and Petkovic [51] developed their research by
using sentiment analysis on the campaign issues of U.S.
Republican Party presidential candidates. Caetano et al. [52]
implemented their political sentiment analysis to identify
political user classes and homophily during the 2016 U.S.
presidential election. They collected data from 4.9 million
tweets from 18,450 users from August to November 2016.
The authors specified six types of user classes representing
their sentiment words toward Hillary Clinton and Donald
Trump. For their part, Bor et al. [53] applied SA to Twitter
data and developed quantitative analyses for six political
groupings defined based on voting records. They explored the
levels of polarization generated by some issues in relation to
politics and, of the political issues analyzed, gun control was
the most politically polarizing, with significant polarization
results for all groups. In second place, immigration and
border control, fossil fuels and the Ukraine-Russia war
appear as the most polarizing issues and, interestingly, the
least polarizing political issues are Taiwan, LGBTQ rights
and the Chinese Communist Party. Finally, Del Valle and
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De la Fuente [54] have conducted a systematic review of the
progress made in sentiment analysis methods for politics and
hate speech contents in Spanish language.

To sum up, SA is a technique increasingly used to monitor
changes in public opinion and the way in which certain trends
are propagated [55]. In an increasingly polarized world, this
technique can also be useful for detecting sources of conflict
between groups. For this reason, it seems pertinent to inte-
grate the political science literature on affective polarization
with advances in the field of computer science. The approach
presented below is completely original because, until now,
no sentiment analysis techniques have been applied to the
creation of individual metric indicators of intergroup affective
polarization. The formulation of these indicators will enable
statistical analyses that provide robust explanations of the
behavior of large samples of users, which will increase our
knowledge of human behavior. Similarly, as the polarization
approach is based on the determination of the ingroup and the
outgroup, the measurement of the phenomenon requires the
classification of users, determining their membership. This
has been one of the great challenges of scientific research in
social networks and we present evidence on strategies that
allow us to respond to it and some limitations.

III. PROPOSED METHODOLOGY FOR CALCULATING
AFFECTIVE POLARIZATION
Social networks have been a tool for the dissemination
of information allowing anyone to share information about
themselves, their environment or issues without limit,
allowing for an unprecedented scale of information [56].
In previous studies, polarization has always been measured
through survey fieldwork and from amore manual and biased
point of view. Thus, in this studywe intend to propose an open
methodology without making a prior selection of the study
sample. This can be carried out thanks to social networks,
which provide us with a large amount of information. When
analyzed and filtered, it provides us with useful knowledge
and information. To the best of our knowledge, there is
currently no methodology provides a quantitative index
for measuring affective polarization in these environments.
Although, initially, the proposed methodology was focused
on the calculation of affective polarization, it has finally
become a generic methodology that can be applied to more
fields and areas.

The proposed methodology is based on the concept of
‘‘Social Sensing’’. Social Sensing is a technique that takes
advantage of the interconnected nature and the immense
amount of data available in social networks to detect and
analyze patterns and trends in human behavior in social
networks.

In the proposed methodology, we use Twitter as a social
network and as our primary source of data as it is the
platformmost closely linked to political affairs. However, this
methodology could be usedwith any other social network that
provides minimum metadata. Twitter is a real-time platform
that allows users to post ‘‘tweets’’ or short messages that can

be viewed and shared by other users. In addition to tweets,
there are also interactions such as retweets (sharing another
user’s tweet), likes and replies. These user actions generate a
rich matrix of data that can be analyzed to better understand
social dynamics.

A Twitter account also comes with several metadata that
are relevant to our study. This includes, among others,
the number of profiles that a particular user is followed,
the number of tweets they have posted, the number of
likes they have received and given or the replies generated.
This metadata can help us enhance our comprehension of
the influence of platform users and how their actions can
contribute to affective polarization.

The methodology has adopted an agnostic approach to
data collection, with the aim of maintaining objectivity in the
analysis. However, this approach may also lead to a greater
amount of noise in the data, as it will include tweets that
are not relevant to the study topic. Despite this challenge,
we believe that the inclusion of this data is essential to get
a complete picture of the dynamics on Twitter.

FIGURE 1. Outline of the proposed methodology.

Figure 1 shows the process of the proposed methodology
for calculating affective polarization using social networks.
This figure depicts two key approaches to social context
determination. Context setting is a fundamental part of the
methodology. The context will be center on the theme or
problem to be addressed. In order to establish the count,
two approaches are necessary. A first approach is based on
keyword selection and the second approach is based on key
profiles. These two approaches will allow us to create a
dataset, from which we can obtain information or create the
desired polarization indicator.

The keyword-based approach involves monitoring the
opinions of Twitter users related to the issue to be addressed.
For each keyword, included in the dictionary, we asked
Twitter for the tweets that contained this word. While this
broad approach brings with it the challenge of filtering
out ‘‘noise’’ or irrelevant tweets, it maintains objectivity by
not limiting the opinions collected to a specific group of
users. This approach, in addition to providing tweets, also
identifies the individuals who are giving their opinion on
the topic in question. Therefore, this approach will provide
us with unclassified raw users, who are interested in the
problem.

The second approach, based on profiles, consists of
carrying out an in-depth study of individuals, entities
and/or companies that are on social networks and that
are directly linked to the problem. Among these indi-
viduals/companies/entities we can highlight, for example,
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newspaper reporters or public figures who are influential in
the problem to be addressed. Here it is also important to
determine and agree on who these profiles will be, since
these profiles will be decisive in subsequently being able to
classify users. Thus, the key-profiles approach focused on
tracking the conversations of key entities or individuals in
the issue at hand. Although this approach is more targeted
and therefore collects less ‘‘noise’’ compared to the keyword-
based approach, it is also theoretically more limited in scope
as it focuses on a specific set of users.

These two approaches are deterministic to obtain the
context for selecting the sample of Tweets. Taken together,
these two approaches give us a complete picture of the
problem at hand during the period under study. They allow
us to understand not only what was being discussed, but also
who was leading the discussion and how these conversations
were disseminated on the platform.

Once the context has been shaped, the methodology
proposes to extract the tweets based on this context in order to
subsequently pre-process them and obtain all the information
and connections needed from them.

With all the information collected, the tweets are first
classified using sentiment analysis techniques, noting the
user who made the tweet or who liked the tweet or who
retweeted the message. Afterwards, a classification of the
users is carried out based on the classification of the problem
to be treated. The objective is to use the information from
the profiles that you follow or interact with. After assigning
this category, each of their interactions (like, tweets, retweets)
is recalculated and assigned to said user and classified into
positive and negative ones. Once all the information and all
the categories have been catalogued, a polarization index can
be created and analyzed.

As a limitation of this methodology, it is possible that
in the classification of users, there are users that cannot be
classified, because they are cataloged in several categories.
This limitation can be converted into an extension of
future work, studying a new way of classifying users
or trying to introduce exogenous information for the
classification. Another approach could be to use fuzzy
classification.

IV. STUDY CASE: REGIONAL ELECTIONS IN MURCIA
Once the proposed methodology for calculating affective
polarization using social networks has been presented, it is
applied to a real case study. Specifically, this methodology
is applied to the calculation of affective polarization in the
Region of Murcia (Spain) in the regional elections that took
place at the end of May 2023.

Thus, in order to apply the methodology, we first have
to define the context. For this, we use the keyword-based
approach and the key profiles-based approach. In the
keyword-based approach, a number of specific keywords
were selected that were considered relevant to the political
and social climate in the Region of Murcia. These keywords
included, among others, the names of the political parties,

the names of the main candidates, the most debated political
issues and the significant events that took place during the
study period. Some of the most relevant words included
were: ‘‘Vox’’, ‘‘PP’’, ‘‘PSOE’’, ‘‘Podemos’’, ‘‘Ciudadanos’’,
‘‘votar’’, ‘‘inseguridad’’, ‘‘campo’’, ‘‘huerta’’, ‘‘Confed-
eración Hidrográfica del Segura’’, ‘‘sequía’’, ‘‘Mar Menor’’,
‘‘peces muertos’’. Through this approach, we collected over
29,000 tweets (50,000 including tweets in conversation
threads) from 1 January 2023 to the election day (28 May
2023). For each tweet, we recorded the identity of the
Twitter user, the text of the tweet and associated metadata,
including the number of likes, quotes and replies each tweet
received.

The key profiles approach focused on tracking the conver-
sations of key entities or individuals in the Region of Murcia.
We selected a set of users who were considered influential or
representative in the political discourse of the region. These
users include politicians, journalists, academics, activists and
opinion leaders whose views can have a significant impact
on affective polarization. This approach allowed for the
collection of more than 21,000 tweets (1,000,000 including
tweets on threads), which demonstrates the richness and
density of the political discussion among these users. Each
tweet collected under this approach includes information
about the user, the text of the tweet and additional metadata,
such as the number of likes, quotes, replies and retweets. This
data allows us to analyze both the content of conversations
and their reach and impact on the Twitter social network.
Some of the most relevant entities included were ‘‘Fernando
López Miras’’, ‘‘Abascal’’, ‘‘Pedro Sánchez’’, ‘‘Feijóo’’,
‘‘José Ángel Antelo’’, ‘‘José Vélez’’ and ‘‘María Marín’’.
A total of 78 different entities including organizations and
political leaders, media and relevant users in the Region of
Murcia have been considered. It should be noted that these
entities have been manually labelled with an ‘‘ideology’’
according to their political affiliation.

After the collection of information, wemove on to the stage
of calculating the affective polarization using all the informa-
tion collected. Thus, calculating affective polarization from
Twitter data mining requires an original methodical approach
that considers several elements. Following the formulas
applied for the survey questions, the calculation of affective
polarization is based on distinguishing emotions expressed
towards the ingroup (the group with which an individual
identifies) and those expressed towards the outgroup (groups
with which the individual does not identify). A greater
demonstration of ingroup favoritism– expressed as positive
emotions towards one’s own group and negative emotions
towards others– indicates a greater degree of identification,
discrimination and hostility [9].

Therefore, the key element in this process is the calculation
of differences in affective expressions. For this purpose,
two fundamental tasks have been carried out. First, it is
necessary to classify individuals into groups and calculate
the differences between the numerical indicators in the
interactions with the different groups. In order to calculate the
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differences between the numerical indicators, we previously
have to calculate the positive and negative interactions
according to the groups.

A. THE PRE-PROCESSING AND PROCESSING OF DATA
In the realm of social networks analytics, the effective anal-
ysis of user interactions is contingent upon the meticulous
preprocessing of voluminous and diverse data streams. The
algorithm presented herein is dedicated to unraveling the
intricacies of user behaviour on Twitter, with a particular
emphasis on user classification and affective polarization.
At the core of this algorithm lies a robust preprocessing phase,
which serves as the indispensable foundation for subsequent
analytical endeavours.

The preprocessing pipeline comprises a series of sys-
tematic steps aimed at refining raw data into a format
conducive to nuanced analysis. These preparatory measures
are instrumental in distilling meaningful insights from the
wealth of information embedded in users’ tweets and
interactions. The algorithm addresses this preprocessing
challenge through a multi-faceted approach, encompassing
data extraction and information refinement.

Algorithm 1 shows the structure and functions of the
models proposed. This algorithm consists of three main
functions, each serving a distinct purpose in preparing and
analysing user data. This algorithm plays a pivotal role in
understanding and categorizing user behaviour on Twitter.
By extracting and processing various interaction metrics,
including likes, retweets, replies, mentions, and entities,
it provides a comprehensive overview of user engagement.
This information is essential for user classification, enabling
the identification of distinct political groups and facilitating
the assessment of affective polarization. The algorithm’s
systematic approach ensures that relevant data is processed
efficiently, laying the foundation for in-depth analyses and
insights into online user dynamics.

The purpose of obtaining the sentiment expressed in
relation to the political debate is twofold: to identify the group
membership of the individual and to estimate their differential
levels of affection. It is therefore a matter of not classifying
anyone only according to inconclusive manifestations (fol-
lowers, following), but of making decisions based on the
behaviour demonstrated.

Each tweet is processed using RoBERTuito to obtain its
sentiment, an Artificial Intelligence (AI) model developed
by Pérez et al. [57]. RoBERTuito, a RoBERTa-based model,
served as the base architecture for sentiment analysis in
this task. The model underwent pre-training on the TASS
2020 corpus, consisting of approximately 5,000 tweets in
various Spanish dialects. The pre-training phase involved
500 million tweets, following RoBERTa guidelines and
specifically targeting user-generated content in Spanish. This
rigorous training ensures RoBERTuito’s ability to generalize
across diverse linguistic contexts within the Spanish lan-
guage. The parameters used were the default ones indicated
by the authors.

Algorithm 1 Triple-Function Algorithm for Classifying and
Measuring User Interactions

// Define Function to Process User Data for Metrics
Function ProcessUser(user_data)

Initialize structures: followers, following, likes, retweets, replies,
mentions, hashtags, entities, sentiment

For each social interaction in user_data
social interactions: likes, retweets, replies, mentions
content features: hashtags, entities, sentiment
social connections: followers, following

EndFor
Return extracted_data

EndFunction
// Define Function to Process Interaction Metrics
Function ProcessUserInteractions(user_data, interaction_data)

Initialize users_interactions_matrix
For each user pair:

Initialize counters: likes = 0, retweets = 0, replies = 0,
replies_{SENTIMENT} = 0, mentions_{SENTIMENT} = 0,
entities_{SENTIMENT} = 0

For each interaction in interaction_data
Increment counters based on interaction type and content

features
EndFor
Return users_interactions_matrix

EndFunction
// Define Function to Process User Metrics
Function ProcessUserMetrics(users_matrix)

Initializemetrics_structure: interactions= 0, positive_interactions
= 0,
negative_interactions = 0, positive_interactions_{IDEOLOGY} =

0,
negative_{IDEOLOGY} = 0

For each user_data in users_data
Count interactions: likes, retweets, replies, mentions
Extract ideology of each user
For each interaction in user_data

If interaction’s user ideology is known
Update metrics_structure with interaction’s ideology

EndIf
EndFor

EndFor
Return metrics_structure

EndFunction
// Main Execution Logic
Function Main()

user_data = LoadUserData()
interaction_data = LoadInteractionData()
Initialize user_metrics = []
For each user in user_data

extracted_data = ProcessUser(user)
users_interactions_matrix = ProcessUserInteractions(user,

extracted_data)
user_metrics_entry =

ProcessUserMetrics(users_interactions_matrix)
user_metrics.append(user_metrics_entry)

EndFor
Output user_metrics for storage

EndFunction
Note: {SENTIMENT} and {IDEOLOGY} are placeholders used to
handle multiple tags. Positive, negative, neutral for SENTIMENT.
Radical Left, Left, Right and radical Right for IDEOLOGY.

The task of processing and calculating all the interactions
within the social network Twitter involves examining various
components, including sentiment analysis, previous manual
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classification of key-users, and the assignment of political
tags. The result is a set of carefully calculated parameters,
each serving as key metrics to extract insights into the
dynamics of user interactions on the Twitter platform.

These parameters act as metrics, capturing facets of
engagement and sentiment and reflecting the complexity
of interactions within the Twitter ecosystem. Through a
computational process, the following parameters have been
derived for every user, with distinct values calculated for
both their global impact and their association with specific
political groups:

a) Likes count: the total count of likes received by a user,
indicating positive engagement.

b) Retweets count: the overall number of times a user’s
content has been shared, measuring the amplification of
their messages.

c) Positive texts count: the count of positive texts written,
representing constructive engagement and support.

d) Negative texts count: the count of negative texts written,
highlighting instances of disagreement or criticism.

e) Neutral texts count: the count of neutral texts written.

Additionally, these parameters are computed separately for
each political group to provide insights into user interactions
within specific affiliations. This concludes in the calculation
of:

- Positive interactions: The total count of positive interac-
tions within a political group. Consisting of likes, retweets
and positive texts.

- Negative interactions: The total count of negative interac-
tions within a political group. Consisting of negative texts.

- Neutral interactions: The total count of neutral interactions
within a political group.

By considering these parameters at both the global and
political group levels, the analysis becomes more granular,
enabling a comprehensive examination of the diverse interac-
tions that shape the Twitter landscape. One aspect to note is
that while the pseudocode is abstracted from implementation
details, the process has been partially optimised with parallel
processing due to some computationally intensive segments.

Once all the information has been collected and after the
qualification of users explained in the following section,
a database is obtained that contains for each user: the total
number of interactions, retweets, likes and both positive
and negative interactions. Neutral interactions are counted
in the total number of interactions. In addition, after these
interactions after the classification of the user, the positive
and negative interactions are obtained according to the
classification of the user towards the rest of the political
groups. A total of eight characteristics are obtained, which are
the positive and negative interactions towards their political
group and towards the opposing groups. With this informa-
tion, the proposed indicator is calculated, as explained below.
The dataset is built dynamically, including information as it
is analysed. It is a tabular dataset, where the analysed values
of the tweets are collected numerically.

B. THE CLASSIFICATION OF INDIVIDUALS INTO GROUPS
To classify individuals, we have opted for a categorization of
individuals on the basis of their identification or affinity with
the political parties that predominate in the current regional
political landscape in Spain. These political parties have been
classified into four main groups:

i. Right: this group includes users who identify or show
affinity with the Partido Popular (PP). Those users
who express support for political leaders or institutions
related or akin to the PP are classified within this right-
wing group.

ii. Left: this group consists of users who support or identify
with the Partido Socialista Obrero Español(PSOE).
Support for or affiliation with the PSOE is interpreted
as an indication of alignment with left-wing ideologies.

iii. Radical Right: this group incorporates users who have
shown affinity with the political party Vox. In our
analysis, we have considered the majority following of
political leaders or institutions closely related to Vox as
an indication of alignment with the radical right.

iv. Radical Left: this group refers to users who express sup-
port for or identify with the political party PODEMOS.
We consider support for PODEMOS to be indicative of
an alignment with the far left.

In addition, we have included an additional category, ‘‘Unde-
termined’’, for those users for whom there is insufficient
evidence to classify them in any of the above groups. This
could be because they do not express a clear political
affiliation in their tweets or because they don’t show affinity
with mainstream political parties. It is convenient to be strict
when classifying an individual as a member of a political
group, only assigning those whose manifested behaviour
makes clear a political tendency. This is a demanding
criterion, but it guarantees the quality of the results. This
classification scheme allows us a deeper and more detailed
analysis of the affective polarization between the followers
of the different political parties in the Region of Murcia
on Twitter. It allows us to compare the emotions expressed
towards the different parties and to calculate the affective
polarization based on these differences.

For the classification of the Twitter users collected in the
database according to their political identity, we adopted
a two-step approach. The first step consists of a study of
the Twitter user according to his or her followers, using
the set of entities of organizations and political leaders
previously classified manually. This is the least conclusive
and rigorous step. This enables us to know the user by their
own choices when receiving tweets from different users.
However, it could be the case (not very usual) of a user
who follows different political leaders or parties to know
what they say, without supporting them. The second step
focuses on positive interactions, defined as any action that
reflects support or affinity for a group or representative group
member. These actions include likes or retweets of posts
of a specific group, as well as responses with associated
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positive sentiments. For this purpose, we started to apply
sentiment analysis techniques. The manifestation of positive
feelings towards a group is more decisive than being part of
a community of followers.

For each user i, we calculated the total number of positive
interactions they had with each group j. The group with the
highest number of positive interactions was selected as the
user’s political group (ingroup):

Ingroup(i) = argmax j(Posi,j)

For instance, if a user had 10 positive interactions with posts
related to VOX, and only 5 with PP, 2 with PSOE and none
with PODEMOS, that user would be classified as radical
right. In situations where there are no positive interactions
with any party, or in case of a tie between more than two
parties in terms of positive interactions, we assign the user
to the category ‘Undetermined’.

Figure 2 shows a visual representation of how users
are distributed among the different ideological groups.
Surprisingly, a total of 147,534 users, or 55% of the total
sample, could not be classified into any of the ideological
categories and were labelled as ‘Undetermined’. This result
is interesting because it demonstrates the main limitation to
the study of intergroup relations in social networks (how
we classify individuals into groups). It also informs us that
most Twitter users do not have a very close relationship
with partisan content or are not overtly outspoken on
political issues. They are passive recipients of content without
interacting with it.

It is also interesting to note that there is a uniform decrease
in the number of users as they move towards more right-
wing ideologies, which could suggest a trend in the activity
of Twitter users in the Region of Murcia. This does not
mean that in this social network there are fewer users close
to right-wing parties, but at least they are more difficult to
detect because they interact less with political content or
participate less in the discussion of political issues. In other
words, they are apparently less mobilized or more affected by
a social desirability bias that causes them not to show their
political preferences. Applying the proposed classification
methodology, there is the possibility for other researchers
to demonstrate whether this trend also occurs in broader
contexts outside Spain.

C. POSITIVE AND NEGATIVE INTERACTIONS ACCORDING
TO GROUP IDENTITY
By classifying users into political groups based on their
activity on Twitter, we are able to further examine the
trends of both positive and negative interactions between
these groups. Tables 1 and 2 provide data of users’ average
positive and negative interactions with different political
parties based on their ideology. Table 1 shows a clear
ingroup favoritism behavior, the tendency to show more
positive feelings towards those who share our identity or
ideas. As expected, we observed that users have a higher
number of positive interactions with those who belong to their

FIGURE 2. Frequency of political groups according to user classification.

own political group. However, a high standard deviation is
observed for positive interactionswith the ingroup.Within the
same group, there can be very engaged hooligans and users
who are not very likely to show their support.

TABLE 1. Positive interactions on average towards groups according to
own group.

The differences in positive interactions with the ingroup
and with the rest of the groups are high, even with those
parties that are close to each other within ideological blocs
(radical right with right, radical left with left). Beyond
this evidence, it is surprising that users from the most
extreme groups are not the ones who describe a more intense
positive attachment to their ingroup. On the contrary, users
on the right (identified with the PP, the party that won
the elections) had the most positive interactions with their
ingroup. Levels of positive sentiment with the ingroup can
anticipate certain electoral trends demonstrating the extent
to which the members of a group have a strong attachment
to it. Another notable finding is that right users have on
average more positive interactions with the left than with the
radical right, group with which they are currently governing
in coalition. This result may reflect other dynamics, such
as a greater degree of moderation among right-wing users,
or possibly the existence of topics or issues on which the
traditional right and the traditional left can find common
ground.

As for negative interactions, the patterns observed are
somewhat different. Except for the radical right, users
tend to have the highest numbers of negative interactions
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with members of their own group. Although it may seem
counterintuitive, this result is explained by the greater
propensity of the ingroup in general to come into contact
with its own content. According to these findings, members of
political groups may also be using social networks to express
their disagreements with their own parties, waging internal
battles. This would show a more critical and less tribal user
profile than expected. Notwithstanding, the level of negative
interactions with the ingroup is much lower than the level of
positive interactions with the ingroup in all the cases analysed
(ingroup favouritism prevails).

It is possible that some users have higher levels of negative
interaction with their groups because, in turn, the levels of
contact with them are higher. As total interaction increases,
the likelihood that some of that interaction will be negative
increases. Besides, users may pay more attention to their own
group’s content and analyse it more and, at the same time,
they may care more about expressing their opinion in these
cases (including disagreements), trying to assert their position
among their co-supporters.

In this regard, a relatively high number of negative inter-
actions towards members of their own group are observed
for the radical left. This could suggest certain divisions or
differences of opinion inside this group, or perhaps a higher
level of internal confrontation. The radical left got fewer votes
in the 2023 regional elections than in the 2019 elections
and was the party with parliamentary representation least
voted. Again, the SA of interactions in social networks can
anticipate the direction of electoral behaviour. This should
always be qualified by remembering that not everyone is
on social networks. Nevertheless, it is possible to think
that social networks reproduce a political climate that is
generalized in the offline sphere.

In the case of the radical right, the pattern is different.
These users stand out for having a high number of
negative interactions towards members of other parties,
especially the radical left. This finding suggests a marked
propensity towards confrontation and criticism of opposing
parties among radical right users and an inclination towards
protecting their own group by showing less critical positions
towards it. It also informs us how the radical right maintains
a sharp antagonism with the other side of the spectrum.

This analysis provides a deeper insight into the dynamics
of positive and negative interactions on Twitter in the context
of politics in the Region of Murcia, providing a better
understanding of users’ attitudes and behaviours according
to their political preferences. On the one hand, we found
that positive feelings with the ingroup are the most recurrent
interaction. This would challenge the widespread view that
political debate in networks is dominated by negativity.
On the other hand, we showed that the radical right has a
behaviour more favourable to the preservation of the ingroup
and that the radical left was deeply divided. Lastly, given
that the highest level of negative interactions occurs with
the ingroup in three of the four cases, we question the
implications of the echo chamber theory. It is true that when

TABLE 2. Negative interactions on average towards groups according to
own group.

we relate to our group, positive feelings prevail, but this does
not imply that disagreements cannot appear and even that it
is more common for these disagreements to appear with our
ingroup, with whom we interact more frequently. Interaction
is a basic element of friction.

D. CALCULATION OF AFFECTIVE POLARIZATION
An essential part of this study is the formulation of two key
indicators that allow us tomeasure affective polarization (AP)
based on Twitter interactions: ingroup AP (IngroupAP) and
outgroup AP (OutgroupAP). These indicators are based on
the difference between the positive and negative interactions
a user has with their own group (ingroup) and with other
groups (outgroup). We define the most affectively polarized
users as those who, comparing interactions with their ingroup
and outgroups, have higher levels of ingroup vs. outgroup
positive sentiment and higher levels of outgroup vs. ingroup
negativity.

The AP(i)In for a user i classified in a political group j
is defined as the subtraction between the total number of
positive and negative interactions i has with j. More formally:

AP(i)In= Posi,j−Negi,j

Similarly, the affective polarization of the outgroup (APOut)
is the subtraction between the total positive and negative
interactions that user i has for all parties j′ (where j′ ̸= j),
such that:

AP(i)Out=6j(Posi,j −Negi,j)

A higher AP(i)In value indicates more support and loyalty
towards Twitter users labeled in the same political group,
so we would expect this value to be positive and far from
0. Conversely, a lower AP(i)In means more rejection towards
people with other political identities, usually being negative.

Joining the above, the affective polarization of user i is
calculated as the difference between the affective polarization
of the ingroup and outgroup. The higher the level of ingroup
favoritism and negativity towards opponents, the higher the
level of AP:

AP(i) = AP(i)In −AP(i)Out
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The affective polarization values of the AP(i)In are illustrated
in Figure 3 grouped by each political space. The right wing
has more users who are very loyal and attached to their
group as they have a high number of positive interactions
with entities and contents of the same group. It can also be
seen that, in all groups, there are some users with a negative
score, meaning that they have more negative interactions than
positive ones with their own group. The lowest scores are
found on the radical left, indicating that there is more tension
among its supporters, although there are also many tensions
present on the left and the right. The same is not true of the
radical right, which does not seem to have as much internal
tension as the other ideologies. This leads us to conclude that
this group seems to be more homogeneous and have a more
biased behaviour.

FIGURE 3. Individual AP scores towards the ingroup according to political
groups.

Figure 4 shows the AP(i)Out scores. As expected, these
scores are mostly negative. Relations with outgroups are
dominated by expressions of hostility and rejection, as is
foreseeable according to the Social Identity Theory [58].
However, there are cases in which users have a positive
perception towards other parties than their own. In all groups
there are some users who attack copartisans more.

FIGURE 4. Individual AP scores towards the outgroup according to
political groups.

The final AP values are shown in Figure 5. Higher values
occur more frequently on the right and on the radical right,
but the differences between groups are not very noticeable.
It is worth noting the number of users on the radical left
that have more often a polarization score below 0, a fact that

could be due, although it would require an in-depth analysis,
to the internal tension between its members. These results are
unexpected because, until now, survey analysis has repeatedly
shown that members of the most extreme groups are the most
polarized [59]. Of course, in our case, we did not analyze
all the people from a party, but only those who actively
participate in social networks. In any case, the fact that
the ideological bloc with a slightly higher level of affective
polarization is that of the right may reflect the political
situation in Spain at that time, which was characterized by a
strong rejection of the left-wing national government on the
part of the right. At the same time, it shows a high degree
of mobilization of this bloc, which finally won most seats in
parliament.

FIGURE 5. Individual AP scores according to political group.

The ideological hypothesis of affective polarization based
on spatial theories (the position of a group in the spectrum
predicts polarization, the farther from the center the more
polarized) would be questioned –at least for the social
network users in our case study–. As long as the radical left is
not more polarized than the left and the radical right and right
have similar levels of polarization, the spatial-ideological
hypothesis seems does not seem to work in this case. This
also invites us to think that the profile of the social network
user does not necessarily coincide with the average profile of
the partisan of each group. Social networks are only a small
part of reality.

To refine our analysis, the levels of AP shown for each
group will be analyzed in the form of a ranking. In this
case, we will consider the mean value of the AP and its
standard deviation, which are 3.16 and 23.75 respectively.
These values will be the reference point for calculating the
polarization ranking. Thus, we will consider a low AP when
the value is −26, a medium value when the AP value is
between −26 and 26. Finally, it will be a high value when
the value is higher than 26. The decision to take the statistical
values of mean and standard deviation for the ranking is due
to the large dispersion we found in the data and the possibility
of including the outliers within the range.

Table 3 shows the percentage of users found at each of
the proposed ranking levels. It can be observed that all users
of all political parties are polarized, which is the initial
and proven hypothesis. With the proposed AP calculation,
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this hypothesis holds and furthermore, there are no major
differences between the parties. Therefore, what is relevant
may not be the type of party you belong to, but the fact of
strongly feeling part of a political group.

TABLE 3. Individual ap percentage for each political group (3 levels of
polarization).

Table 4 contains the matrix with the aggregated APs by
group. Each cell contains the average affective polarization
value of the ranking in the political group (row) for the
parties in the columns. The diagonals are the APs of the
ingroup, and they are all positive as expected, with Podemos
being the lowest of the four (the group with the least
enthusiastic members). With respect to the outgroup APs,
those of Vox and PP have a more negative perception
(−0.84 and −0.66 respectively) than those of Podemos and
PSOE (−0.67 and −0.37 respectively).

TABLE 4. AP scores for each political group.

The calculation of AP from the formula used so far
proposes a final value determined by the actual number
of positive or negative interactions of the user towards the
different parties, without somehow normalizing the number
of positive or negative interactions with respect to the total
number of interactions. It could be argued that the higher
level of interaction is demonstrative of a higher level of
group commitment and polarization. However, we show an
alternative calculation that avoids bias due to the amount of
interaction (online hyperactivity).

The values are then normalized by the total number of
interactions (ni) of user i, adapting the formula proposed by
Wagner [60]. In this formula, posip and negip are the number

of positive and negative interactions of i towards the political
group p, respectively. We call this indicator ‘‘spread’’:

spread =

√∑n
i=1 (posip − negip)

2

ni

The scatter plot in Figure 6 contains the scores recalculated
with the above formula for the users, which are classified
into their political groups. Consequently, there are no longer
negative values, and the ranges of values are narrower than
in Figure 5. It can be seen that there are polarized users in
all ideologies, and one left-wing user has an excessively high
score.

FIGURE 6. Individual AP scores according to political group.

As with the AP calculation, we now proceed to establish
a ranking of the users for the ‘‘Spread’’ calculation. In this
case the mean value is 1.16 and the standard deviation is 1.52.
Thus, the ranking thresholds classify users with a 0 spread
as a low threshold, users with values greater than 0 and
less than 2.68 as a medium threshold, and users with values
greater than 2.68 as a high threshold. Table 5 displays the
percentages of this classification. The results are similar to
those presented in Table 4, but when normalized by the
number of interactions, the right stands out as the group with
the highest percentage of highly polarized individuals. The
coincidence between the group that won the elections, and
the most highly polarized group is a significant finding for
studies on political behavior. The predisposition to ingroup
favoritism and rejection of opponents may be a condition that
informs a party’s capacity for electoral mobilization. During
the entire pre-campaign the PP (the right wing) was perceived
as the clear winner of the race. This may have provoked in
their followers a greater propensity to reinforce the ingroup
and reject the outgroup. The feeling of being ahead may have
led to affective polarization. The cost in terms of social status
of showing favor to the ingroup is low because it is known
that the ingroup will be the winner.

In turn, the reduction in the differences in the levels of
polarization among the rest of the groups again supports the
idea that what is important is not the type of party in which
the partisans belong, but their own partisan status. Finally,
I would support the idea that affective polarization in social
networks is symmetrical. This assumes that all groups have
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TABLE 5. Individual ap percentage (wagner´s formula) for each political
group (3 levels of polarization).

within them people with high predispositions to behave like
hooligans, favoring their tribe and attacking the rest.

TABLE 6. AP scores for each political group.

Lastly, in the Table 6 the average AP values is exposed
according to the adaptation of the Wagner formula, where the
right is more polarized than the rest of the groups. Overall,
the data do not indicate excessively high average levels of
affective polarization. This could be due to the fact that
the methodology has been applied to a regional election.
Regional elections are second-order elections, i.e., people pay
less attention to them and participate less in them. Perhaps
that is why the PA levels are not too high. Given that the mean
values are so similar, we performed a statistical test to see if
there are significant differences between the polarization of
the 4 political groups. An ANOVA test was applied, with a
Bonferroni post-hoc test [61]. The ANOVA test indicates that
there are significant differences at a 95% confidence level.
Analyzing the results with the Bonferroni test, we obtain
that the right-wing ideology has significant differences
with respect to the rest of the ideologies. While the other
three ideologies have no differences in polarization among
themselves. This result leads to a secondary conclusion that
the right-wing ideology was the winner of the regional
elections. This fact and the statistical test indicate that the
behavior of the users sympathetic to the winning ideology
was different from that of the other ideologies, and therefore,
this event should be studied in more detail for other elections.
This result allows us to provide another utility of our study,

which is that the affective attitudes of a group in the
pre-electoral period can anticipate the results of the elections.

V. CONCLUSION AND FUTURE WORK
Affective polarization has important implications for society
and institutions. It is important to detect it early in order to
avoid escalating tensions and conflicts among individuals,
impairing coexistence and damaging the stability of the
system. Thus far, affective polarization has primarily been
examined through surveys, which can often be costly when
aiming for large and representative samples, and where
respondents’ answers may not always be entirely truthful.
Thus, throughout this study we have presented an innovative
methodology that integrates results from sentiment analysis
to create a new individual indicator of affective polarization.
The methodology created and the indicator designed are
generic and can be applied to any aspect or problem of polar-
ization. This proposal is a relevant contribution for the study
of this phenomenon, as it will allow us to monitor the levels
of intergroup hostility in social networks and try to explain
them at user level. Among the main findings we can highlight
the controversy over the results using surveys that the radical
parties are the most polarized, in this case and regarding
the radical right, this is not the case. This may be due to a
differential attitudinal profile between the social network user
and the general population responding to the surveys.

Overall, the data do not indicate excessively high average
levels of affective polarization and show a polarization of
symmetrical morphology between groups. But it is relevant
that the group that won the election is the most polarized,
indicating a greater tendency among its supporters to
reinforce the ingroup and reject the outgroup. This difference
in polarization has been statistically validated. The feeling of
being ahead may have provoked a greater level of affective
polarization through positive reinforcement mechanisms of
ingroup membership. Also, we have already been able to
demonstrate that individuals tend to ingroup favoritism and
to reject those who do not think like them (also in social
networks). And we have also been able to observe how the
description of the interaction dynamics of a group can give
an account of its levels of cohesion and thus anticipate certain
electoral tendencies. Anyway, it is also important to highlight
the limitations of the work, which, despite having a larger
number of users and information available, is limited to users
who use social networks and takes place in a specific context
(a regional election). In addition, there is the added difficulty
of classifying users.

In future work, researchers should explain this indicator
data through multivariate analysis models to predict polar-
ization levels as a function of different variables such as the
intensity of the interaction with the ingroup and with the
outgroup or the depth of the echo chamber of each user. New
research will also have to improve the system for classifying
users according to their group affinities to avoid the high
percentage of ‘‘undetermined’’ users, which can bias the
results of some groups. This being the starting requirement to
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later analyze their group relationships (in/out). Another future
research is to look for behavioral patterns in the data extracted
from the study, with the aim of obtaining a predictive model
of polarization based on a selection of features.
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