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Abstract 
Social media has led to a redefinition of the journalist’s role. Specifically on Twitter, these professionals assume an 
influential position and their discourse is dominated by personal opinions. Taking into consideration that this platform has 
proven to be a breeding ground for polarization, digital harassment and hate speech, notably against women politicians, this 
research aims to analyze journalists’ involvement in this complex scenario. The investigation aims to determine whether, 
immersed in online and gender defamation campaigns, journalists enhance the quality of public debate or, on the contrary, 
they reinforce the visibility of this hostile content. To this end, we examined a sample of 63,926 tweets published from 23 
to 25 November 2022 related to a campaign of political violence against the Spanish Minister of Equality using Natural 
Language Processing tools and qualitative content analysis. Results show that during those three days, at least half of the 
tweets contained hate speech and improper language. In this climate of hostility, journalists participating in the debate not 
only have an ability to attract likes and retweets, but also exhibit polarization and use hate speech. Each ideological position 
-for and against the Minister- is also reflected in their own uncivil strategies. Under the umbrella of free speech and regardless 
of argumentative discourses, those journalists who lean towards ideological progressivism tend to insult their opponents, 
and those on the political right use divisive constructions, stereotyping and irony as attack techniques. 
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Introduction 

Social media, especially Twitter (Molyneux & Mourão 2019), has become a daily tool in the work of journalists during the 
last two decades (Mills et al. 2021). For seven-in-ten U.S. journalists it is the social media site they use most or second most 
for their job (Jurkowitz & Gottfried 2022) and, in the case of Spain, 85% of journalists have an account in this social network 
(nowadays known as X) (Asociación de la Prensa de Madrid 2022, p. 70). The academic community has emphasized its 
functionalities in journalistic production process, as it allows for gauging societal interest, facilitates information collection, 
and enables the selection of alternative sources. In addition, it has brought innovation in the content dissemination phase and 
in the interaction with audiences. This technological platform enables bidirectional communication between journalists and 
the public in a disintermediated society (Orihuela 2015), where any user can create and disseminate their own contents 
autonomously without intermediaries, such as media (Iranzo-Cabrera & Casero-Ripollés 2023). 

However, this technology has also resulted in a redefinition of the journalist’s role. In this digital space, journalists distance 
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themselves from the media they work for and assume an influential position as a “facilitator, guide, and even mentor” to an 
audience that comprises all family, friends, and followers (Garcia & Marta-Lazo 2017, p. 92). This effort to connect with 
users through humanization, emotions and personalization places journalists in dilemmas such as being factual or expressing 
their opinions, as well as sharing professional or personal information (Brems et al. 2017). 

This change in attitude towards the traditional journalistic ethics that demand objectivity and independence from professionals 
(Kovach & Rosenstiel 2007) occurs precisely in a context of a crisis of authority and credibility in journalism (Michailidou 
& Trenz 2021; Ward 2018, 2020). Not only that, but social media has proven to be a breeding ground for polarization and its 
expressiveness through digital harassment and hate speech (Carr & McCracken 2018). Relevant studies such as Piñeiro Otero 
& Martínez-Rolán (2021) have noted the aggressiveness of the attacks against feminism on Twitter, and others have 
highlighted that women with influence in the public sphere, particularly politicians and journalists, are among the groups that 
receive the most hate in this digital agora (Shane et al. 2022; Miškolci et al. 2020; Bhat 2024). 

Considering these reasons, this research aims to analyze the role of journalists participating in this complex scenario of 
polarization and online gender violence on Twitter. It seeks to diagnose whether, immersed in defamation campaigns, they 
enhance the quality of public debate or, on the contrary, journalists reinforce the visibility of these hostile contents limiting 
their reporting to the repetition of hate speeches verbalized by others or even by themselves. Furthermore, this investigation 
wants to ascertain whether news pieces act as validation or legitimization for the public expressing hate speech on this 
network. 

According to UNDP’s Gender Social Norms Index (2023), nearly half the world’s people believe that men make better 
political leaders than women do. Moreover, a survey answered by 60 members of the European Parliament or MEP staff 
showed that online political hate is highly gendered conducted (Steinert et al. 2023). Women parliamentarians are also more 
exposed to hateful comments about their private life (31% of women vs. 10% of men MEPs) or their physical appearance 
(41% of women vs. 29% of men MEPs). For that matter, aggressors may use the marginalized and stigmatic identities of 
Black and Asian women to boost their own profiles (Rodis 2021). In the case of African women parliamentarians, 46% 
received sexist attacks via the Internet or social media (2021). In this line, several political leaders have been subjected to 
hate campaigns on the Internet, viewed through a gender lens and not judged solely on their performance. This is the case of 
the former Prime Minister of Finland, Sanna Marin; the former Prime Minister of New Zealand, Jacinda Ardern; or the 
Brazilian federal deputy Manuela D’Ávila. 

To carry out the study about the promotion of gender hate speech from a journalism perspective, we have chosen one of the 
hate campaigns generated on Twitter against a woman politician, the Spanish Minister for Equality from 2020 to 2023 and 
member of Podemos political party, Irene Montero. Podemos, together with PSOE and other left-wing formations, formed a 
left-wing coalition in January 2020 to take over the government of Spain. Since then, this politician has been the target of 
several hate campaigns on the Internet for being the partner of one of the founders of her party -Pablo Iglesias- and for being 
the visible head of the Ministry of Equality, thus promoting gender political changes (Durántez-Stolle et al. 2023; Martínez-
Sanz et al. 2024; Arencón Beltrán et al. 2023). Among the legal changes encouraged by Montero, it is worth highlighting the 
Organic Law on the Integral Guarantee of Sexual Freedom –commonly known as the “Only Yes Means Yes” law–, which is 
based on the need for clear and unequivocal sexual consent. According to the new law, silence or lack of resistance from a 
victim could not be interpreted as an approval for intimacy. Furthermore, it eliminated the distinction between sexual abuse 
and sexual assault.  

The controversy was caused because a new range of sentences was established and, in some cases, the minimum ones were 
lower, which has led to some convicted sexual offenders benefiting from downward sentence reviews. Right wing and far-
right politicians have used legal changes such as this and others related to abortion rights and the recognition of transgender 
people to launch continuous bitterly sexist and personal attacks on her, her party and feminism (Jones 2022). One of the MPs 
most critical of these feminist ideas has been Carla Toscano, representative of the far-right party VOX. Opposed to abortion, 
euthanasia and laws against gender-based violence, “she tends to express her opinions in a very blunt manner, both in her 
writings and in her presentations’ (Corbal 2022). Toscano often makes her opposition to feminism visible by wearing T-shirts 
with slogans such as ‘#Notmetoo’, ‘I love Patriarchy’ or ‘Stop feminazis’. 

In this context of increasing political and social polarization around gender issues (Arencón Beltrán et al. 2023; Cabezas 
Fernández et al. 2023), one of the most significant scandals happened inside Spanish Parliament, a controversy that was 
immediately transferred to Twitter. On November 23, 2022, during her speech in the Lower House, the far-right deputy Carla 
Toscano described the Minister as a rapist’s liberator and pointed to their private life: “the only merit you have is having 
deeply studied Pablo Iglesias” (Hermida 2022; Sánchez-Meza et al. 2023), alluding to a career advancement for being her 
partner. 

For our purpose, the incorporation of Natural Language Processing (NLP) tools plays a pivotal role as a methodology for 
systematically identifying and analyzing hate speech and related issues like improper language within Twitter discourse. 
Leveraging NLP techniques and deep learning algorithms enables us to automate the detection process, efficiently sifting 
through vast amounts of textual data to pinpoint instances of hate speech. Furthermore, this automated approach will be 
compared and contrasted with manual analysis, conducted by human annotators, to validate the accuracy, efficiency, and 
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nuanced understanding achieved by the NLP-driven hate speech detection methodologies. This comparative analysis serves 
as a crucial step in not only validating the effectiveness of the automated NLP tools but also in understanding potential 
discrepancies and refining the algorithms to better align with human comprehension and interpretation of hate speech within 
the social media discourse. In addition, special emphasis is placed on detecting the presence of journalists and the media 
inside this digital sphere. 

 
Twitter, Hate Speech, and Journalism 
Polarization and Hate Speech 

Under the banner of freedom of speech, social media have been considered a kind of online agora (Konikoff 2021) because 
it allows any citizen to express themselves. However, in recent years, it has become evident that these channels contribute to 
the dissemination of content that clashes with democratic principles, amplifies more radical viewpoints than face-to-face 
interactions (Colleoni et al. 2014) and facilitates the infiltration of hate speech (Llorca-Asensi et al. 2021; Acosta-Quiroz & 
Iglesias-Osores 2020; Alonso-González 2019; Rodríguez-Fernández 2019). Twitter is one of these social networks that has 
gone from being a platform for hope to an arena for polarization and hate (Blanco-Alfonso et al. 2022). 

This communication phenomenon on social media, coupled with a climate of prejudice and intolerance permeating 
contemporary societies, leads to polarization (Fletcher et al. 2020). It compounds the alignment between political and social 
identities, reinforcing stereotypes and negative perceptions of outgroups (Wilson et al. 2020). Within this broad concept, we 
can distinguish ideological polarization, at the level of political views, and affective polarization, that refers to the 
intensification of positive attitudes towards one group or idea and negative attitudes towards another group or idea. The latter 
has “given rise to othering and distrust of the opposition, in addition to claims of moral superiority for one’s own side” (Kreiss 
& McGregor 2024).   

It explains why some content published within these ‘social’ spaces presents a message of inferiority or antipathy toward 
certain social groups (Miškolci et al. 2020), increases prejudices, consolidates resentment and plays a fundamental role in the 
escalation toward violence (Leader-Maynard & Benesch 2016). In fact, Vale & Serra (2019) have highlighted the increase in 
negative words and insults from political actors, as well as Niñoles Galvañ and Ortega-Giménez (2020) have demonstrated 
the normalization of hate speech in their messages. This is especially evident in two-party political systems with pluralistic 
electoral rules (Urman 2020; Cinelli et al. 2021; Hawdon et al. 2022) such as the Spanish one, especially after the emergence 
of far-right political groups that favor the dissemination of hate speech against certain social groups like migrants, the 
LGBTQ+ community, and feminists (Salvador 2021).  

Particularly on Twitter, “a greater presence of strategies and dynamics of polarized discourse and segregation” (Peña-
Fernández et al. 2023, p. 58), as well as “echo chamber behaviors”' (Flamino et al. 2023, p. 904), have been detected, mostly 
when exploring divisive hashtags (Bruns 2021). This does not preclude cross-ideological exposure on Twitter, though without 
a substantial contribution to the deliberative democracy (Matuszewski & Szabó 2019). Rather, such practices tend to drive 
the debate towards “a forum of attacks, obloquies and insults based on emotionality” (Hernández-Santaolalla & Sola-Morales 
2019, p. 117). This tendency has increased since Elon Musk bought this social media in 2022. Since that time Twitter’s 
engagement-based ranking algorithm amplifies emotionally charged content, above all angry tweets (Milli et al. 2023). It has 
also enabled suspended accounts, such as Donald Trump's, to be activated or to be recognised as an official account for a fee, 
as it did with QAnon, one of the main conspiracy theories of the US far right. Musk “has been vocal about being a ‘free speech 
absolutist’ who believes in unfettered discussions online” (Frenkel & Conger 2022). 

At this point, we must focus on the lack of a unanimous definition of hate speech, due to its high degree of subjectivity, which 
can make detection more difficult (Hawdon et al. 2023). The perception of these hate constructs displays an ideological bias, 
thus, detection is selective and only occurs when formulated by a group with different ideological affiliations (Abuín-Vences 
et al. 2022). It is difficult to perceive because Twitter users tend to follow homophilic political actors (Barberá 2014) and 
people within their social characteristics (Zhang & Ho 2022). Furthermore, these discursive strategies of polarization can be 
gratifying; that is, hate speech involves a self-righteous feeling of moral superiority (Nikolaev et al. 2023), as well as a sense 
of community that can trigger political anger (Cheng et al. 2023). 

In spite of this complex and subjective reality, recent studies consider an expression of hate as a conscious and voluntary 
public statement intended to denigrate a group of people or incite discriminatory, hostile or violent harm toward a particular 
group or a person belonging to it (Blanco-Alfonso et al. 2022; Paz et al. 2020; Gagliardone et al. 2015). This type of action 
can be expressed not only through rhetorical strategies, but also non-verbally or symbolically, as well as through metaphorical 
or ambiguous terms aimed at encouraging criminal actions or promoting prejudice and intolerance toward others (Lingiardi 
et al. 2020). These less explicit verbal exclusionary strategies include lack of argumentation, fallacies and narrative traps, the 
homogenization of certain groups, stereotyping, the inclusion or exclusion of specific terms, the us-versus-them dichotomy, 
approaches based on conflict, and humor (Martínez-Sanz et al. 2024; Noriega & Iribarren 2014; Tortajada et al. 2014). The 
construction of hate speech is based on a violation of civic and social norms; the induction of shame in the victims, as well as 
inducing it through threats and intimidation; an attempt to dehumanize the victims by comparing them to animals; and through 
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misinformation towards those people or groups to which they belong (Williams 2021).  

Within the realm of hate circulating in the digital sphere, numerous studies have pointed to a highly gendered and sexualized 
type of hate, defined as online misogyny. It can be explained as the harassment of women on the Internet, mostly on Twitter, 
through abusive and sexist language or imagery, as well as threats of violence (Ging & Siapera 2019; Massanari 2017). 
Common expressions of online misogyny include body shaming, sexualization, objectification, the use of harmful stereotypes 
such as the weak nature of women (Jones 2016), infantilizing and patronizing language, rape threats, and dehumanization 
(Akbar & Safdar 2023). What exacerbates this situation is the significant harm of being able to mention the women targeted 
by these attacks on Twitter, making them participants in their own victimization. 

While this online hate is most often perpetrated by someone unknown, this climate of criticism reaches a new level of visibility 
when it extends to institutional discourse and media coverage (Sánchez-Meza et al. 2023). In this regard, the so-called pseudo-
media or far-right alternative media, websites that simulate media outlets and violate elemental journalistic ethics, have been 
characterized by the hatred injected against women and feminism (Palau-Sampio & Carratalá 2022). In the last decade, a 
significant number of pseudo-informational websites have emerged connected to far-right ideology (Figenschou & Ihlebaek 
2019). Through mundane lies and vague or scant, repetitive and easy-to-understand content (Kim & Gil de Zúñiga 2021), 
these platforms appeal to the hatred of their audiences (typically men) towards vulnerable groups (women, immigrants, 
LGBTQ+ people) through the so-called “journalism of resentment” (Kimmel 2019). The lack of transparency in their 
ownership and authorship, their aggressive editorial line (Del-Fresno-García 2019) and their commitment to presenting value 
judgements as facts evidence “the fraudulent nature of the proposals that are presented as alternatives to conventional media” 
(Palau-Sampio & Carratalá 2022, p. 3).  

Taking these arguments into account, we then ask the following: 
RQ1: What proportion of hate and offensive language is detected in the tweets generated around Irene Montero? 
RQ2: Are journalists and media accounts participating in this hate campaign on Twitter? Do they make use of hate speech 
strategies? 
 

Freedom of Expression and Journalistic Ethics 
In terms of laws, the European Union has urged its member states to protect citizens from hate speech. In Spain, the Penal 
Code, in its Title XXI, criminalizes and penalizes various conducts related to incitement to hatred and discrimination, 
especially against groups or individuals on grounds of racial or ethnic origin, religion, sexual orientation, gender identity, 
among others. However, when it comes to journalism, the concept of hate speech, including media violence, is not yet 
recognized in its self-regulation codes (Sánchez-Meza et al. 2023). In response, journalists' associations argue that the ethical 
principles of journalism are incompatible with hate speech (Asociación de la Prensa de Madrid 2024). 

From a libertarian perspective, avoiding the publication of certain opinions –including those with hate speech– is seen as self-
censorship, and therefore a threat to democracy (Cohen-Almagor 2013; George 2014; Slagle 2009). Those who hold this view 
contextualize their argument in an era of growing polarization in which the term “hate speech” is considered a catch-all 
rhetorical weapon against opponents, and journalists are expected to allege moral equivalency between both sides (Johnson 
et al. 2021). In contrast, media ethics hold that journalists have a social obligation to establish ethical standards that enable 
acceptable public discourse (Abuín-Vences et al. 2022). Only in this way the necessary conditions for deliberative democracy 
based on freedom of expression, truth, integrity, and tolerance can be created (Strömbäck 2005; Wahl-Jorgensen 2001). 
Another fundamental value that hate speech undermines is equality, as it has the capacity to generate such a hostile 
environment that certain groups are marginalized from participating equally in the democratic aspects of society (George 
2014). 

By allowing such hate discourses to go unchallenged, journalism risks undermining its broader role as an authorized 
meaning-maker in public life (Johnson et al. 2021). This is also shown in the opinion of the professionals surveyed in Spain 
(Asociación de la Prensa de Madrid 2022), who believe that the reasons for the lack of public trust in journalism are 
sensationalism and the spectacle of the profession (57%), lack of rigor and information quality (45%), and lack of media 
independence and objectivity (37%). 

The advent of the Internet and social media have prompted inquiries regarding the enduring relevance of the two-step flow 
of information hypothesis –by which information filters through journalists and the media before reaching the public–, but 
studies such as the one conducted by Alexandre et al. (2022) reaffirms that news organizations and journalists maintain their 
significance as communication agents. 

Twitter is a social network that attracts users who seek social consumption of news (Tejedor et al. 2018), so its capacity to 
influence the media’s agenda –with trending topics acting as a criterion for newsworthiness (López-Meri 2015)– is one of 
the main factors that explain why Twitter is a favored platform to stay informed for those under the age of 35 (Newman et 
al. 2023). Moreover, in contrast to other social media, Twitter presents a high concentration of political journalists (Lawrence 
et al. 2014; McGregor 2019), which may be due to its public-facing communication. Others, such as Facebook, tend to focus 
on more private communication (Tenenboim & Kligler-Vilenchik 2020). In addition, research such as Broersma & Graham 
(2016) show the impact of Twitter on journalists' work routines. Today, news professionals are looking for sources online, 
but their social networks are almost entirely composed of other journalists (Molyneux & Mourão 2017), making Twitter a 
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quasi-journalistic space. 

For journalists, this platform has become, in addition, a professional tool that allows them to gain acceptance from the 
audience, not only for their work, but also for their personality (Molyneux & Holton 2014). They achieve this through a 
“discursive construction” of their identity (Olausson 2017), consisting of opinions, critique, ideological stances and 
emotional statements. They also share personal matters and even adopt a more informal and ironic tone to humanize 
themselves to their followers (López-Meri & Casero-Ripollés 2017; Cozma & Chen 2013; Lasorsa 2012; Sheffer & Schultz 
2010; Vis 2013; Shifman 2007). Previous studies argue that voicing opinions and emotions, in contrast to traditional 
journalistic impartiality, brings the journalist closer to their audience (Cozma & Chen 2013; Lasorsa et al. 2012). Among 
journalists’ self-promotion tactics, it has also been shown that tweeting during peak hours on current topics is useful (Brems 
et al. 2017). 

Hedman and Djerf-Pierre (2013) categorize those whose professional attitudes are oriented toward adapting to audience 
demands and shaping their personal brand as “enthusiastic activists”. This profile is often adopted by media directors, 
journalists who participate in television or radio discussions, columnists, and freelancers (López-Meri & Casero-Ripollés 
2017). Among the reasons motivating these professionals to work on their personal image, Molyneux (2015, p. 931) 
identifies two motives: “a capitalistic endeavor whereby they become an influential voice regardless of their news 
organization”, or “a narcissistic decision fueled by a simple human desire for attention”. 

Taking these demands of journalism into account, we ask these research question: 
RQ3: Do positive or negative polarization prevail in the tweets of journalists published in a context of violence? What type 

of language do they use in their tweets? 
RQ4: Amidst the hate campaign, what does the Twittersphere express about the role of journalists and media companies? 
RQ5: Do users share journalistic content during these hate speech campaigns on Twitter? For what purpose do they share 

it? 
 

Materials 

Dataset acquisition and description 
The dataset consists of 63,926 tweets (“Montero60K”) containing several terms and hashtags related to “Irene Montero”, 
collected between November 23 and November 27, 2022. Initially, we employed our tool Guaita (Pla et al. 2022), which 
leverages Twitter's API to collect real-time tweets on the subject. Subsequently, we conducted another download to ensure 
the data's accuracy by updating information on likes and retweets. This timeframe coincided with heightened political hostility 
towards the Spanish Minister, as elucidated in the introduction. Drawing from insights in academic literature (Congosto 2015; 
Suau-Gomila et al. 2020; Sánchez-Meza et al. 2023), we focused on the first 72 hours after a controversy, which is noted for 
the peak virality of social network content. The tweets were gathered following the verbal attack by far-right Vox deputy 
Carla Toscano on the Minister within the Spanish Parliament. This event was deemed significant for study purposes, 
considering the attack took place within one of the primary bodies of citizen representation, supposed to uphold a role model 
status. Moreover, Carla Toscano’s intervention occurred during the debate on the 2023 General State Budget Bill on 
November 23rd, a crucial session in any legislative term. 

A first subset of 2,239 tweets was selected based on the specific criteria that each message had garnered more than 50 likes 
or retweets during the specified period (“Montero2K” dataset). This subset collects the tweets with relative popularity 
attending the criterion that medium popularity of a tweet could be determined by one of these two ratios: resonance (number 
of likes generated ≥50) and/or virality (number of retweets generated ≥50) (Pancer & Poole 2016; Chen & Tan 2018; Oliveira 
et al. 2020). Within this group of relevance due to its diffusion, we generated a sub-sample with a special relationship with 
journalists. This sub-sample included tweets meeting one of three criteria: its author was an active journalist with more than 
10,000 followers on Twitter (following the cut-off set by Alexandre et al. (2022)) and had to be employed by or collaborate 
regularly with a media outlet; its author was a reputable mass media, with more than 100,000 followers on the social network 
under study; its author was an individual who has embedded a hyperlink to a news article produced by a media outlet. As a 
result, we obtained a sub-sample of 413 tweets, which will serve as the test partition of our experiments. 

Table 1 presents the statistics of the dataset.1 Human experts manually labeled these tweets with “hate” and “improper 
language” categories. Furthermore, the 413 tweets in the test underwent extensive manual analysis by the human experts. 
Several examples of the analyzed tweets are provided in Table 2 (see examples in the first column). Figure 1 visually 
represents the word cloud generated from the Montero2K dataset text to illustrate word frequency, with the exclusion of 
search terms ("Irene" and "Montero"). Lastly, Figure 2 illustrates the presence of media accounts among the top 20 most-
liked tweets. 
 
 
Table 1. Statistics for the dataset and each partition for words. Number of tweets, number of words, average number of words per tweet (AWT), and 
vocabulary size (number of different words) in each of the three partitions of the selected Montero tweets (training, validation and test sets) composed 
of 2,239 tweets. The last row includes statistics for the entire acquired dataset. 
 
Dataset Partition #Tweets #Words AWT #Diff. words 

Montero2K  2,239 83,739 37.40 10,332 

https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.34g0dwd
https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.34g0dwd
https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.2iq8gzs
https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.2iq8gzs
https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.2iq8gzs
https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.17dp8vu
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 Training set 1,460 55,066 37.72 8,097 
 Validation set 366 13,554 37.03 3,181 
 Test set 413 15,119 36.61 2,961 

Montero60K  63,926 2,805,321 43.88 22,794 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 2. Examples of tweets from the test set. Tweets have been translated from Spanish and the original links are provided in the endnotes. Second 
and third columns show the given label by human experts. 
 

 
 
 
Figure 1. Word cloud of the 100 most frequent words in Montero2K dataset. 
 

 
 
 
Figure 2. Presence of media and journalist accounts in the top 20 most-liked tweets from Montero2K dataset. Journalists are marked as “J”. Untagged 
tweets belong to non-media accounts. 
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Human expert labeling process 
Two expert journalists in the field labeled all entries (Montero2K dataset) within the selected dataset, for “hate” and 
“improper language” variables, indicating their presence or absence in the tweet. Moreover, a more detailed and qualitative 
content analysis was carried out in the sub-sample, individually assigning predefined categories to each entry. To do this, 
they configured a codebook made up of 5 main categorical variables and 6 optional variables, depending on authorship. The 
majority were inductively created by the authors after prior observation of the tweets; some deductively, derived from prior 
literature and existing codebooks.  

1) The target of the attack: 

• Irene Montero as she is the focus of our study 
• The Ministry of Equality as a whole because there are people who consider that there is no need for it 
• The Government, mostly because they “allow” Irene Montero to stay in it 
• Podemos as her political party 
• Feminism, with the same reason as the Ministry of Equality 
• A specific journalist, either because it is supportive of the interlocutor’s opinion, or because it is opposed to it 
• Media, with the same reason as a specific journalist, but as a whole system 
• Carla Toscano, the deputy who said the controversial statement 
• Vox/Right as an extension to Carla Toscano 
• Other 
• Not applicable 

 
2) The language used: 

• Respectful and neutral: may express criticism, but in a constructive way 
• Harsh: may use capital letters and is discrediting 
• Harassing: includes insulting and denigrating expressions that enter the realm of siege (Tortajada et al. 2014) 

 
3) The polarization towards Irene Montero. We previously defined polarization as the existence of ideological affinity 

between the political actor and the participants (Valera-Ordaz 2017): 
• Favorable (positive) to Irene Montero or the target of the attack 
• Contrary (negative) to Irene Montero or the target of the attack 
• Neutral: there is polarization in favor and against and they somehow neutralize each other 
• Null: does not apply 

 
4) The authorship of the tweet: 
• Media/programme/agency 
• Journalist 

https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.3hv69ve
https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.3hv69ve
https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.4h042r0
https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.4h042r0
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• Media commentator, defined as an individual outside that particular media outlet, but who is invited to give his or her 
opinion on a subject 

• Politician 
• Citizen 

 
5) Hate speech strategies (Martínez-Sanz et al. 2024; Noriega & Iribarren 2014; Tortajada et al. 2014) 
• dehumanisation 
• unverifiable assertion/misinformation 
• divisive construction (“us-versus-them” dichotomy) 
• incitement to violence 
• insult or offensive term 
• irony 
• stereotype/prejudice promotion 
• various strategies 
• not applicable 

 
In addition, depending on the authorship, we observed other variables. One of them was the type of media involved (this 
characteristic can influence the dissemination of the message, especially those that allow the circulation of photographs, 
illustrations and videos): print, radio television, podcast, news agency, institutional, fact-checker, cartoon, photograph or 
not applied.  
In addition, it was measured whether a media outlet or journalist was mentioned in the tweet, as well as whether the tweet 
included a URL, image, video or quoted tweet. This feature might be used to spread a message and allow the user to comment 
on it. 
At last, we included a variable on whether non-journalistic actors (politicians, citizens) used the media to reinforce their 
position, criticize its coverage, both, or neither (does not apply). This observation may be relevant because it provides a 
check on whether the media are being used to reinforce hate speech, even if they do not intend to do so, and what can be 
done about it. For this reason, we also measured whether the media outlet or journalist involved promoted hate speech. The 
categories are divided into yes, no, from another person or not applicable. 
After this analysis, we have carried out an examination of the news pieces shared in the sample as they are the ultimate 
information in which hate speech is found or which may encourage it. Links to news items were found in 232 of the 413 
tweets. With this number alone, it is easy to determine the importance they hold in the social network’s messages, as more 
than half of the tweets include a news’ link. The exploration of links to news items allowed us to detect the repetition of 
items. In other words, a particular news item had been viral enough to appear in several of the Twitter messages. At the end 
we compiled 138 unique articles which were subjected to the same rigorous analysis by two researchers as the other sample. 
We categorized them as the following: 

● URL, to identify the news piece 

● Date, to find out on which day there is a greater concentration of news 

● Repeated, to get the most popular news in our samples 

● Media, to identify the outlet 

● Journalist, to check whether these news items are signed with name or only by the media outlet to which they belong 

● Journalistic genre, we are interested in whether opinion articles or news items have been disseminated  
● Polarization, as in the previous analysis, helps us to determine the position against, in favor, neutral or null regarding 

Irene Montero. 
● Includes hate speech or not 

● Where there is hate speech, by which we try to find out whether the hate speech is in quotation marks in a statement 
and the journalist only reports it or whether it is in the text written by the journalist him/herself 

● Hate speech strategies, as in the previous analysis 

● Target of attack, as in the previous analysis 

● Location of hate speech, where can we find the hate speech: in the headline, in the pretitle or subtitle, in the text, in the 
audiovisual content, or in several of the above 

● The specific topic of hate speech. The most common one was “Male chauvinist on Irene Montero” 

● Hate speech in the image 

● Types of images, differentiating whether it is an image of Irene Montero or of another politician, a screenshot from 
social media or another type of file 

● Including video 

 
Human expert labeling process for NLP 
As previously stated, one of main focuses of this study was on the variables of “hate speech” and “improper language” (or 
“offensive terms”). We concentrated on these variables to perform automatic detection by using NLP techniques. The 
Montero2K dataset (2,239 tweets) was labeled with these categories (presence or absence of “hate speech” and “improper 
language”). The two expert human annotators labeled each tweet accordingly. The agreement between the annotators was 
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very high: in 99% of cases both annotators provided identical labels for the two categories, with a Kappa score of 0.98, 
indicating high agreement. In cases of disagreement, the two annotators engaged in discussions to reach a final consensus 
on the label. The annotation process resulted in a “ground truth” (also known as “gold standard”) label for each category and 
tweet. 
Table 2 shows several examples of tweets with their ground truth for the “hate” and the “improper” variables (second and 
third columns). In Table 3, the statistics for both classes in the whole dataset and the three partitions (training, validation, 
and test) are presented. 
 

Table 3. Label distribution for “hate” and “improper” classes per partition of Montero2K dataset. 
 
 Total Hate No hate Improper No improper 

Training set 1,460 832 (56.99%) 628 (43.01%) 849 (58.15%) 611 (41.85%) 

Validation set 366 208 (56.83%) 158 (43.17%) 213 (58.20%) 153 (41.80%) 

Test set 413 241 (58.35%) 172 (41.65%) 243 (58.84%) 170 (41.16%) 

Montero2K 2,239 1,281 (57.21%) 958 (42.79%) 1,305 (58.29%) 934 (41.71%) 

 
 
Results from Natural Language Processing 
Pretrained and fine-tuning NLP models 
Pretrained Large Language Models (LLM) are neural language models that have been trained on large datasets before being 
fine-tuned or used for specific NLP tasks. These models learn contextualized representations of language during the initial 
pretraining phase, and they can then be fine-tuned for specific downstream tasks.  
Currently, several pretrained LLMs are available for Spanish. Among these, MarIA (Gutiérrez-Fandiño et al. 2022) consists 
of ROBERTA and GPT-2 models trained on a corpus of 570GB of deduplicated texts with 135 billion words, sourced by 
the National Library of Spain between 2009 and 2019. BETO (Cañete et al. 2020), based on the BERT architecture with 
dynamic masking, was pretrained using datasets that include the Spanish Wikipedia, the Spanish portion of EUBookshop, 
and TED Talks. Both MarIA and BETO have demonstrated robust performance when fine-tuned for Spanish NLP tasks.  
However, the specific characteristics of our task necessitated the consideration of alternative models. Our dataset comprises 
tweets, which are typically informal and often include Twitter-specific jargon. Additionally, the maximum input sequence 
length of MarIA and BETO is 512 tokens, which is significantly larger than the average tweet length (fewer than 50 tokens 
as shown in Table 4). 
 
Table 4. Statistics for the dataset and each partition for tokens. Number of tweets, number of tokens, average number of tokens per tweet (ATT), 
and number of different tokens in each of the three partitions of the selected Montero tweets (training, validation and test sets) composed of 2,239 
tweets. 

 

Dataset Partition #Tweets #Tokens ATT #Diff. tokens 

Montero2K  2,239 108,697 48.55 10,373 

 Training set 1,460 72,181 49.44 8,771 

 Validation set 366 17,878 48.85 4,059 

 Test set 413 18,638 45.13 3,815 

 
To address these needs, we considered models specifically trained for the Twitter domain in Spanish. Two prominent models 
are TwilBERT and RoBERTuito. TwilBERT (González et al. 2021) was the first model trained using tweets in Spanish. It 
was developed using a dataset of 94 million tweet pairs in Spanish, with an adaptation of the BERT Next Sentence Prediction 
signal to the Twitter domain, termed Reply Order Prediction.  
RoBERTuito (Pérez et al. 2022) is another LLM trained on a dataset of over 500 million tweets in Spanish, along with a 
small number of tweets in other languages such as Portuguese and English. RoBERTuito is available in three versions based 
on the preprocessing of the text: RoBERTuitoc (cased keeping the case found in the original tweets), RoBERTuitou (uncased 
version), and RoBERTuitod (deaccented version which lower-cases and removes accents on tweets). Benchmark results 
published by the authors show that RoBERTuito's domain-specific models outperform general-purpose language models in 
various Spanish classification tasks (Domenech et al. 2023; Pérez et al. 2022). Moreover, RoBERTuito's maximum input 
sequence length of 128 tokens aligns well with the typical length of tweets, making it an ideal choice for our task.  
Given these considerations, we opted to fine-tune the RoBERTuito models for our task. We trained the models using our 
dataset of 1,460 tweets and utilized a validation set to select the best models in terms of the evaluation metrics. We 
specifically employed Precision, Recall, and F1 Score as metrics for binary classification (Hate vs. No hate; and Improper 

https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.17dp8vu
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vs. No improper), along with Macro-Averaging (an average of Precision, Recall, and F1 Score across both classes), and 
Accuracy to measure overall prediction correctness (ratio of correctly classified instances to the total number of instances). 
Table 5 presents the classification performance metrics for the hate and improper categories, indicating the performance of 
the best model on the validation set. 
 
Table 5. Classification performance metrics for Hate and Improper categories for the best model on the validation set. Precision, Recall, and F1 
score for both the No hate/Hate and No improper/Improper categories are given, as well as the Macro-Averaging of these measures for both classes; 
and, finally, the Accuracy of the model. 

                                                    Validation set                                                                                              Validation set 

                                  Precision       Recall      F1 Score Acc.                                           Precision       Recall      F1 Score             Acc. 

No hate 0.786 0.740 0.762 
  

No improper 0.856 0.864 0.860 
 

Hate 0.682 0.734 0.707 
  

Improper 0.808 0.797 0.803 

Macro-Averaging 0.734 0.737 0.735 
  

Macro-averaging 0.832 0.831 0.831 
 

Model 
   

73.80% 
 
Model 

   
83.60% 

 

 
NLP results for the test set 
Figure 3 offers a comprehensive overview of the classification performance metrics and confusion matrices for the hate 
speech and improper language detection tasks on the test set. 
The results reveal nuanced outcomes in the detection of hate speech and improper language. For the hate speech category, 
the model shows solid Precision (0.760) and Recall (0.867) for tweets labeled as “No hate”, yielding an overall F1 Score of 
0.810. However, the model faces challenges in identifying tweets labeled as “Hate”, with adequate Precision (0.768) but 
lower Recall (0.616), leading to an F1 Score of 0.684. The confusion matrix also reveals that the model performs well in 
identifying tweets labeled as “No hate”, achieving an accuracy of 87%. However, it faces challenges in correctly classifying 
tweets labeled as “Hate”, with a lower accuracy of 62%. This suggests that the model struggles more when it comes to 
accurately identifying instances of hate speech. 
In the case of improper language, the model excels in identifying tweets without improper language, as indicated by high 
Precision (0.731) and Recall (0.938), contributing to a nice F1 Score of 0.822. However, recognizing tweets containing 
improper language proves more demanding, with high Precision (0.851) but poor Recall (0.506), resulting in an F1 Score of 
0.635. The confusion matrix highlights strong performance in correctly identifying tweets without improper language, with 
an accuracy of 94%. However, the model faces challenges in accurately classifying tweets containing improper language, 
with a poor accuracy of 51%. This suggests limitations in the model’s ability to effectively detect instances of improper 
language in tweets. 
Macro-Averaging provides a balanced assessment, yielding an average F1 Score of 0.747 for hate speech and 0.728 for 
improper language. The overall accuracy for both tasks stands at 76.27% and 76.03%, respectively. 
Conclusively, the fine-tuned RoBERTuito models demonstrate promising capabilities in identifying hate speech and 
improper language in Spanish tweets, with notable strengths in certain categories and areas for improvement in others. The 
nuanced performance metrics provide insights into the models’ effectiveness, and highlight avenues for future refinement, 
emphasizing the importance of continual evaluation and adaptation in the dynamic landscape of online content moderation. 
To provide insights into the errors made by our model, the model misclassified tweets a) and e) from Table 2 within the Hate 
category and Improper language, respectively. In contrast, the model correctly categorized the rest of examples within both 
categories. 
   
                                                      Test set                                                                                                      Test set 

                                  Precision       Recall      F1 Score Acc.                                           Precision       Recall      F1 Score             Acc. 

No hate 0.760 0.867 0.810 
  

No improper 0.731 0.938 0.822 
 

Hate 0.768 0.616 0.684 
  

Improper 0.851 0.506 0.635 

Macro-Averaging 0.764 0.742 0.747 
  

Macro-averaging 0.791 0.722 0.728 
 

Model 
   

  76.27% 
 
Model 

  
                      76.03% 

 
 

https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.17dp8vu
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Figure 3. Classification performance metrics for the hate speech and improper language detection tasks on the test set. Precision, Recall, and F1 
score for both the “No hate/Hate” and “No improper/Improper” categories are given, as well as the Macro-Averaging of these measures for both 
classes; along with the Accuracy of the model. Additionally, confusion matrices are shown for each category. 

 

 
NLP analysis for Montero60K 
Finally, while a quantifiable evaluation of the obtained models for the whole acquired dataset Montero60K (comprising 
63,926 tweets) is unfeasible due to the absence of a ground truth for those tweets, a qualitative analysis can be conducted by 
specialized journalists, assuming that the model’s output carries the errors identified in the previous results. The detected 
categories are shown in Table 6 for the 63,926 tweets. 
Given the results on the Montero2K test and considering the Recall of the “No hate” class (0.867), the model demonstrates 
strong accuracy in correctly identifying tweets labeled as “No hate”. However, tweets containing hate speech pose more 
challenges, with only 62% accurately identified (see Figure 3). These results suggest a high confidence in labeling tweets 
without hate by our model, indicating that the actual number of tweets with hate might be much higher than those detected. 
Considering this, the detection serves as a “lower bound”, implying that at least 50.36% of the tweets may contain hate 
speech. 
A similar scenario applies to the “Improper” class, where the majority of tweets labeled as “No improper” are accurately 
identified by the model (a Recall of 0.938 for the “No improper” class was achieved for the test set). This suggests that our 
model excels at detecting tweets without improper language, and considering this, at least 44.88% of the tweets may contain 
improper language, serving this figure as a “lower bound” in this context. 
 
Table 6. Detected labels with NLP models on Montero60K (63,926 tweets). 
 

 
 
In Table 6 and answering RQ1, the results showcase a nearly balanced distribution between tweets categorized as No hate 
and Hate, with Hate slightly edging out. Similarly, there is a prevalence of tweets categorized as No improper compared to 
those categorized as Improper. The proportions indicate a relatively equal identification of both hate speech and improper 
language within the acquired dataset. 
Conclusively, the qualitative assessment offers valuable insights into the model’s performance across a vast dataset. The 
balanced distribution suggests a reasonable ability to identify hate speech and improper language. However, it is crucial to 
interpret these results with caution, recognizing potential limitations and the need for ongoing refinement. 
 
Results from Qualitative Analysis 
Journalists inside polarization 

Answering to RQ2, in Montero2K, 150 tweets were published by 83 journalists with more than 10,000 followers. 



12 
 

Statistically the mode is 1 tweet during the period of 3 days. The most active was @yagoalons (11 tweets), a journalist of 
the conservative media VozPópuli. He is followed by @ldpsincomplejos (8 tweets), a senior position in conservative radio 
esRadio, and @rosamariaartal (7 tweets), a columnist of the left-wing digital native newspaper eldiario.es. In their profile, 
76.19% identify the media they work for, almost half conservative and half progressive in ideology. Regarding their 
professional profile, 38.10% of these journalists are reporters, 23.81% are columnists, and 20.24% are media directors (see 
Table 7). It is important to differentiate that 8 are legacy and native media directors, as well as 9 are pseudo-media managers. 
Regarding gender, 56 journalists are men and 27 are women. 
 
Table 7. Professional roles of journalists and their use of hate speech. 

 
Professional role  Unique  

identities 
Not hate 
speech 

Hate  
speech 

Hate speech from 
another person 

Tweets number 

Director of a media outlet 8 10 2 1 13 
Director of a pseudo-media 9 10 7 2 19 
Management position 8 11 7 3 21 
Management position in a pseudo-media 3 3 2  

5 
Journalist 32 23 19 8 50 
Columnist 20 20 14 2 36 
Photojournalist 1 1   

1 
Cartoonist 2  

4  
4 

Radio programme 1   
1 1 

Total general 84 71 55 17 150 
 
When the journalists’ attitude towards online misogyny on Twitter is examined, 37.58% (N=56) of their tweets incorporate 
forms of hate speech, 11.41% (17 tweets) include quotes with hate speech and 51.01% do not present any of the types of 
hate speech studied. The most frequent users of hate speech -used in favor and against online misogyny campaigns- are 
reporters (33.93%) and columnists (26.79%). It is noteworthy that the type of hate speech on journalists’ accounts varies 
depending on their ideological stance regarding the hate campaign against Montero, which already advances a response to 
RQ3. When these professionals defend the Minister from the hate campaign she is facing, they resort to insults and offensive 
terms. For example, they label those who insult Montero as “fascists”, “Nazi horde”, “rabid dying Francoists”, “unleashed 
coven” or “bunch of shameless pigs and bitches” (see example number 5 on Data and Methods or https://bit.ly/47zILvT). 
Their target of attack is the far-right party Vox and/or its deputy Carla Toscano. 
In contrast, those who support the arguments of the campaign against the Minister often use divisive language and the “us-
versus-them” dichotomy. On one hand, they shift the meaning of “violence” against Montero to what she has supposedly 
generated with the approval of the “Only Yes Means Yes” law (https://bit.ly/47WU01n) and the subsequent early release of 
some rapists. On the other hand, they justify the hate campaign by pointing out the alleged mistreatment that the Minister 
and her party have exerted against the opposing ideological side (https://bit.ly/47CSrpt). On a second level and following 
this line, Irene Montero is the target of the attack in 80% of the cases, against whom accusations are leveled based on 
metaphors and stereotypes around gender roles. Much less frequently, the offenses are directed against her political party 
(2.5%), the left governing coalition (2.5%) or the ideological left (2.5%). Irony is employed to emphasize the Minister’s 
management mistakes (https://bit.ly/3N2tv2I). 
When observing the 20 tweets with the greatest dissemination in the Montero2K sample (see Figure 2), half of them were 
published by journalists and 7 media outlets, which shows the communicative potential of content linked to the profession. 
Moreover, if we look at the circulation figures of tweets by journalists that contain hate speech or a quote that includes hate 
speech, 47 tweets reached at least 100 likes and 28 were retweeted at least 100 times. The two tweets with the highest number 
of likes (13,367 and 9,232, respectively) and retweets (4,544 and 3,252, respectively) take a stance against Irene Montero 
by using a divisive construction. In this case study, users tend to express their support primarily through likes rather than 
retweets. 
In addition to the 150 tweets published by journalists, there were 168 tweets posted by 42 media accounts (see Table 8). Of 
these, 70.24% (118 tweets) do not display hate speech, while 27.38% (48 tweets) include quotations containing hate speech. 
Four of the tweets posted by media outlets (2.38%) do incorporate some form of hate speech in their text: three tweets are 
conservative digital media (El Confidencial, Libertad Digital and The Objective) and one is a left-wing podcast led by the 
ex politician and Podemos’ founder Pablo Iglesias (La Base). Again, the communicative strategy of these varies based on 
ideological positioning. The only tweet expressing support for Irene Montero among these 4 refers to her aggressors using 
an offensive term (“los ultras”) as seen in https://bit.ly/47tHmXT. On the other hand, those opposing the Minister (3 tweets) 
employ irony and foster the prejudice that she is a theatrical/martyr woman, using the fact that she cried after Carla Toscano’s 
words to divert attention from the controversy surrounding the new law regarding sexual consent. They also use this 
argument to reinforce the stereotype that tears or showing emotions are feminine traits and signs of weakness associated 
with women politicians (Jones 2016). Except for the tweet in support of Montero (with 355 retweets and 220 likes), the 
engagement for the other three tweets was limited. 
In the case we are analyzing, it is relevant to look at the 48 tweets that reproduce quotes including hate speech because they 

https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.206ipza
https://docs.google.com/document/d/1w6H3936A1PKTsP-aM4vNk-KKzW-qFN-n/edit#heading=h.206ipza


13 
 

may be reinforcing the ongoing hostility. These are citations in quotation marks or video fragments. 31.25% (15 tweets) 
include an insult or offensive term (“violence worshiper”, “satrap”, “gang of fascists”), and 29.17% (14 tweets) reproduce 
the stereotype of Montero as a woman who has benefited from a man. We would like to emphasize that more than one third 
of these tweets -35.42% (17 tweets)- include more than one typology of hate speech, with the most frequent being insults 
(14 tweets), stereotype promotion (8 tweets), divisive construction (7 tweets), unverifiable assertion/misinformation (3 
tweets) and dehumanization (2 tweets). This leads us to think about the complexity and virulence of hate speech. 

 
Table 8. Profile of tweet creators linked to journalistic information. 

 
Profile Number of tweets 
Citizenship (mentioning media/journalist or sharing media URL) 66 
Journalist 150 
Media/News Agency 168 
Media opinion leader (not journalist/politician) 11 
Politician 18 
Total 413 

Social and ethical responsibility of journalists 
On the prevalence of positive or negative polarization (RQ3), 88% of the journalists’ tweets (150) take a stance either in 
favor or against Irene Montero; 10% adopt a critical position (expressing both support and opposition), and 3% remain 
neutral (Table 9). In other words, journalists are virtually divided between the two extremes of opinion. 
 

 

 

Table 9. Journalists’ polarization and hate.  
 
Polarization No hate Hate Hate speech from another person Total 
Opposite 17 35 4 56 
Favorable 45 20 11 76 
Neutral 3   3 
Null 13   2 15 
Total  78 55 17 150 
 
When we examine the language they use, 52.67% (79 tweets) express themselves with respectful and neutral language; 
34.67% (52 tweets) employ harsh language (https://bit.ly/3R5SK5o); 11.33% reproduce harsh language from someone else 
-encapsulated in quotation marks- and 1.33% express themselves in a extreme harassing manner (https://bit.ly/3R5SK5o). 
It is striking that the social responsibility of the media in these hate campaigns also generates a reflection when we observe 
the sample of terms made up of the most widely circulated tweets (Figure 1). When looking at the 100 most used words by 
the Twittersphere (Figure 1), “media” appears in position 66 (N = 56) and the surname of a television journalist “Motos” is 
detected in position 34 (N = 90), in whose programme the Minister’s policies were questioned. It should also be noted that 
among the most repeated terms are the two ideological poles of the debate: “left” (N = 94) and “right” (N = 75). 

Without taking into consideration the 150 tweets published by journalists and the 168 tweets published by media companies, 
10.33% of the 2,233 tweets published by other users focus on the professional practice of journalists (RQ4). These 198 
tweets point to the extreme polarization of the media and journalists, and blame them for provoking these hate campaigns or 
silence attacks on political parties with which their users do not sympathize. Expressions such as “this miserable hatred is 
sown by the media”, “the media are directly responsible for the political violence” and “this is the tip of the iceberg of a 
violence that extends to other places: social networks, the media and all the media loudspeakers” are evidence of the unease 
expressed by a part of the public opinion with the lack of ethics in Spanish journalism.

 

Media content as an argument for hate speech 
To answer RQ5, we have proceeded to the analysis of media links shared by users in Twitter and present in 339 tweets. 
They have been shared by their own media (166 tweets), journalists (84 tweets), citizens (64 tweets), politicians (18 tweets) 
and columnists (7 tweets). In the case of citizens, 75% of the time they share a link to a piece of news to reinforce their 
position, and 12.5% to criticize that piece of news coverage. It is not possible to discern its use on 7 occasions, and on one 
occasion they both applaud and criticize a piece of news at the same time. When the user is a politician, 72.22% of the time 
the link to a media outlet reinforces their argument. 
In the entire sample analyzed, 138 unique pieces of journalism have been shared, the majority signed by the progressive 
digital native eldiario.es (20 news items). It was followed by another native left-wing newspaper, Público, with 10; the 
conservative native Libertad Digital with 9; the private news agency Europa Press with 8; and neoliberal digital native 
newspaper Okdiario with 7. The day on which the most news about the event was published was 24 November, not the 23 
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itself; so we can consider that day as the peak of the controversy. 
As for the authors, we can state that in 30 news items the author cannot be identified (21.74%). Others do not even come 
close, such as Europa Press (8) or eldiario.es (4), which are also the signature of the company and not of a specific journalist. 
This leads us to think that these pieces of news are not backed up by the work of a journalist, but are news items heavily 
based on agency teletypes. 
In the analysis of the journalistic genre, the majority of the pieces are news, with 91 articles (65.94%). Others of lesser 
relevance are opinion articles (22), chronicles (12) or interviews (2). It would be expected then that, being informative pieces, 
they would not be positioned on any side of the political spectrum. We can confidently claim that this has not been the case. 
Although there are 65 pieces (47.10%) that do not contain any polarization, the sample is divided: 32 of the pieces are 
positioned against Irene Montero, 38 in favor and 3 are neutralized (they contain arguments for and against). 
On the contrary, we find a very clear answer to whether these news items include hate speech: 76.81% do. From these, we 
can extract that in 50% of them (69 pieces) this hate speech is found in statements in quotation marks, while in 23.19% this 
speech is written by the journalist in their own text. As for the type of hate speech used, it can be seen that in 73 of the 
journalistic pieces (52.90%) there are several types of hate speech in the same tweet, which, as said, implies more virulence 
in the attack. Thus, the most repeated types of hate speech are the insult or offensive term in 89 of the news pieces (64.49%), 
the message spreads or promotes a stereotype in 57 (41.30%) and encourages a divisive construction in 18 (13.04%). We 
did not find as much dehumanization as in the tweets. In this analysis, they only constitute 2.90% of the sample.
When analyzing the location of hate speech, we can affirm that 50.72% of it is found in the text of the news item to a greater 
extent, and only in 29 articles (21.01%) we see a preponderance of hate speech in the headline, contrary to the findings of 
Palau-Sampio and Carratalá (2022) in far-right wing Spanish pseudo-media, where clickbait headlines were predominant. 
Finally, we wanted to check whether there was hate speech in the images or videos included in the news. The use of videos 
was low, as only 21 news items included them (15.21%); and although all the news items had an image, mostly of Irene 
Montero, we only detected hate speech in 13 of them (9.42%). These images portrayed the Minister as either an aggressive 
woman trying to dominate the political scene by crying for pity, or as a frivolous person who spends taxpayers’ money on 
nonsense. 

 
Discussion and conclusions 
Several academic studies have examined the presence of journalists on this microblogging network characterized by the 
spread of breaking news (Kovach & Rosenstiel 2010), but also controversial due to the dissemination of hate speech (Llorca-
Asensi et al. 2021; Acosta-Quiroz & Iglesias-Osores 2020). On Twitter, media professionals have assumed a key role in 
shaping public opinion as a guide or mentor (Garcia & Marta-Lazo 2017). They have gained influence not only through their 
professional practice but also through their discursive personality (Molyneux & Holton 2014). Perceived as a trustworthy 
authority —most indicate their profession and the journalistic organizations they work for in their biographies— the novelty 
of this research lies in focusing attention on the weight of their emotions and opinions surpassing facts within the campaigns 
of polarization, harassment and, above all, hate speech generated on this network against women politicians (Carr & 
McCracken 2018). To this end, we first ensure that this case study takes place inside a gender hate polemic, as confirmed by 
both Natural Language Processing experts and coders specialized in this type of discourse. 
This research contributes to the relationship between journalistic ethics and the use of information technologies on several 
aspects. So far, the research community has studied the attacks against journalists on this platform, especially women (Bhat 
2024; Sampaio-Dias et al. 2024). But, on this occasion, the analysis puts the spotlight on the activity of the journalists 
themselves. It reaffirms their influential capacity, as tweets posted by journalists rank among the most widely disseminated 
in these campaigns. Moreover, the results are particularly concerning given the striking presence of various forms of hate 
speech in the tweets published by journalists as they exhibit the use of offensive terms, divisive constructions, irony and the 
promotion of stereotypes. Supported by a lax interpretation of the right to freedom of expression on this platform (Johnson 
et al. 2021), in half of the cases in which they intervene they limit their reporting to the repetition of hate speeches verbalized 
by others or even by themselves. 
The study shows an extreme polarization among “influencer” journalists, unable to analyze the situation from the perspective 
of deliberative democracy. This work questions the journalists’ social responsibility as critical observers of reality by 
revealing an ideological stance towards one of the two sides of the conflict -for and against the Minister’s actions-. As 
Nikolaev et al. (2023) state, it is precisely their conviction of moral superiority that leads them to express negative emotions 
against their adversaries and justify their hate speech. 
This professional attitude, based on freedom of speech, neglects the moral obligation to nurture democratic health by 
demanding ethical standards in conversation, minimizing harm and educating the public on the complexity and consequences 
of hate speech. For these reasons, self-regulation is necessary. The most paradoxical aspect is that, as we have seen, some 
journalists are combating hate speech with hate speech. 
A similar situation arises with the media. Although they may not explicitly employ the discursive strategies of hate speech, 
they do function as echo chambers for such narratives (Blanco-Alfonso et al. 2022; Lacalle et al. 2023; Alexandre et al. 
2022), relying on the quoting of a hate speech statement, usually placed in headlines and subheadings. At the same time, we 
have found that citizens and political leaders cited more frequently pieces that promote hate speech than those that do not, 
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which highlights the importance of the media in the defense of political positions. 
This evidence calls for two types of ethical standards within the profession. On one hand, it is urgent to establish guidelines 
to regulate hate speech expressed by journalists on Twitter, although this measure can only be applied when their accounts 
are linked to a media outlet in their biography (most often). On the other hand, standards are needed to prevent the excessive 
dissemination of hate speech in journalistic pieces, both those verbalized by others and by journalists themselves. These 
requirements are considered particularly necessary in a context of professional discredit such as the one we are living in 
worldwide. In fact, this loss of credibility can even be observed in the conversation analyzed, where one out of ten tweets 
single out media and journalists, especially those related to television, for preparing the breeding ground for these hate 
groups. 
The results of this study indicate promising outcomes, demonstrating the NLP models’ competitive performance in hate and 
improper language detection, underscoring their potential for effective applications in content moderation and enhancing 
online safety. In this regard, future research should expand the range of sample collection, as well as include other women 
politicians at national, regional and local levels susceptible to hate speech for promoting gender politics, for whose analysis 
this article sets the foundation. As a limitation to the research, it should be noted that in a context of controversy like the one 
presented, tension is likely to be exacerbated and the community participating in the social conversation interacts conditioned 
by their displeasure or support for the words of the congresswoman. 
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