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Abstract. Offensive language affects contemporary societies by hindering communication and
increasing polarisation. In this study, we apply computational linguistics to investigate offensive reactions
to public figures in climate debate on Twitter across their roles and popularity. We also use sentiment
analysis to inspect the accuracy of lexical criteria in detecting negative attitudes and examine the types of
social media users based on the frequency of offensive content in their posts. With an in-depth, large-
scale corpus analysis comprising one million words, we demonstrate that frequent offensiveness in
responses to politicians relatively rarely expresses personal attacks, and the popularity of public figures
does not always come together with the highest density of offensive reactions. We also show that the
majority of users publish predominantly non-abusive posts. The study sets foundations for strategies to be
employed to reduce polarisation that constitutes a threat to deliberative democracy.

Keywords. offensive reactions, public figures, climate change, social media, large-scale corpus
analysis, Al-based technology of data analytics

1 Introduction

The aim of this paper is to describe the use of offensive language in online reactions to public
figures who took part in the polarised climate debate. We follow the account of Hobolt et al.
(2021), who take the differentiation of the in-group from the out-group that leads to in-group
favorability and out-group denigration to be a distinctive feature of polarisation. The impact of
offensive language on polarisation thus understood has already been proven (Simchon et al.
2022; Vasist et al. 2023), and the relevant studies provide evidence for the claim that the climate
debate is polarised (Falkenberg et al. 2022; Schéfer and North 2019). Thus, the analysis of
offensive language in online discussions on climate change is likely to unveil activities of the
public figures that trigger offensive reactions. At the same time, we establish foundations for the
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development of tools such as online moderators as well as for the enforcement of policies aimed
at reducing polarisation. Such strategies are needed, as polarisation is detrimental to productive
communication, which lies at the core of deliberative democracies (Béachtinger and Parkinson
2019; Parkinson and Mansbridge 2012 ). and negatively affects the quality of individual lives in
modern societies (Stahel and Baier 2023).

For the analysis, we selected Twitter discussions during the 2021 United Nations Climate
Change Conference (COP) due to its high media profile and influence on public discourse. The
analysis of the use of offensive language required us to examine this issue not as a feature of
public figures' own rhetoric but as a social phenomenon. Thus, we decided to analyse users’
reactions rather than tracking offensiveness in posts published by public figures themselves
which is rare in their case anyway.

In this study, we use the core method of computational linguistics: quantitative large-scale
corpus (55,927 posts of over 1 million words) analysis combined with qualitative analysis that
explores specific utterances. The adopted computational approach defines offensive language
using lexical criteria, i.e., based on the presence of specific words. Thus, to identify offensive
reactions, we draw from Gorrell et al. (2020) lexicon, mainly extracted from the Hatebase
repository (https://hatebase.org/). While applying this method, we cannot consider the context-
dependent semantic content of utterances, as it is beyond the linguistic surface captured in the
lexicon. To inspect the accuracy of the lexical criteria in detecting personal attacks, we apply
sentiment types, defined according to Camacho-Collados et al. (2022) and Loureiro et al. (2022)
as positive, negative, or neutral. This helps us to distinguish between reactions classified as

offensive based on specific words and those deemed offensive in a context-dependent, semantic
sense, i.e., arising from the sentence’s insulting meaning.

The adopted double quantitative-qualitative approach allows us to provide a detailed
description of the use of offensiveness as it appears in the climate debate. First, we inspect the
distribution of offensive reactions across the groups of public figures to establish whether their
ordering in terms of both range and intensity of offensive language aligns with our informed
supposition: (from more to less: politicians, contrarians, businessmen, and activists). Second, we
investigate whether the popularity of public figures and the frequency of offensive responses to
their posts are strictly correlated. Third, we examine the correlation between sentiments and
offensiveness to verify whether the frequency of positive sentiment in abusive responses is
indeed, as it seems obvious, minimal. Finally, we test the accuracy of the conventional wisdom
about social media and inspect whether the majority of the users publish offensive reactions.

This paper is structured as follows. First, we present related work and summarise our
methodology. Next, we present and examine the results of our analysis. Finally, we summarise
our observations and discuss future work.
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2 Related Work

In this paper, we combine quantitative and qualitative methods to inspect a large corpus of data
regarding the use of offensive language, understood according to the lexical criteria, in polarised
discourse on climate change. To the best of our knowledge, other studies either apply only one of
these methods, focus on medium- or small-sized corpora, or address offensiveness defined in
distinct terms.

The purely qualitative studies, such as Burke et al. (2020). Chojnicka (2013). Leezenberg
(2015). Maatta (2023). Retta (2023), Terkourafi et al. (2018), and Wodak et al. (2020) provide
an analysis of the character of speakers' rhetoric and their possible covert goals. Yet, such an

approach suffers from an inability to support its claims with large-scale, unbiased evidence. For
instance, Leezenberg (2015) shows that the far-right populist discourse sometimes presents a

legitimate criticism of religion instead of being openly racist and xenophobic. Also, Méitta
(2023) and Retta (2023) explore the role of implicitness in the transmission of hateful content.
Wodak et al. (2020) show that the open use of racist and sexist remarks, which they label as
‘shameless normalisation’, is one of the common strategies used by populists. Further, Burke et
al. (2020) demonstrate that such open manifestations of far-right extremism as Holocaust denial
and encouragement to ‘re-open’ the concentration camps can still be found in the online
communities of far-right supporters. Concerning other domains, Chojnicka (2013) analyses
qualitatively the conflict in terms of offensive, aggressive, and prejudicial language in debates
between Russian and non-Russian MPs in the Latvian parliament. Terkourafi et al. (2018)
describe offensive language in the context of an ethnic conflict.

On the other hand, purely quantitative accounts, such as Bentivegna and Rega (2022). Hong et
al. (2023). Park et al. (2021), Rdosner and Kramer (2016), Vergani et al. (2022) provide the
possibility to identify the large-scale tendencies. Yet, not all the details can be described without
the analysis of specific instances. The account of Park et al. (2021) is close to ours in terms of
the content, as the study analyses offensive language targeted against the climate activist Greta
Thunberg. The comparison of the frequency with which sexist, ableist, and ageist comments are
displayed is yet limited to these types of offensiveness. Similarly, Hong et al. (2023) and Vergani
et al. (2022) analyse only anti-Chinese and anti-Asian speech. Despite that Bentivegna and Rega
(2022) and Rosner and Kramer (2016) inspect all types of offensive language, their experimental
method does not apply to real-life examples.

Some of the studies that combine quantitative and qualitative approaches explore large
corpora (Carvalho et al. 2023; Eschmann et al. 2020; Rega et al. 2023;Riedl et al. 2022;
Schroeter 2018). Yet, contrary to our study, these accounts are devoted to one of the sub-types of
offensive language. Schroeter (2018) is outstanding in terms of the corpus size. Its purpose is to
inspect German Nazi vocabulary. Rega et al. (2023) provide a typology of uncivil language into
the intolerant, that is targeted against groups, and the impolite, that encompasses the other
instances of offensiveness. Yet, their conclusions, which point out the role of the far-right actors
in spreading the phenomenon, concern the specific use of intolerant language rather than
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offensive speech in general. The scope of Riedl et al. (2022) is restricted to the Anti-Semitic
expressions. The study of Carvalho et al. (2023) is devoted to the racist, xenophobic, and
homophobic language, and the manifestations of offensiveness that are not associated with
specific communities are left aside. The focus of Eschmann et al. (2020) is not on the use of
abusive words but on the word ‘microaggression’. Thus, the study analyses people's opinions but
not the phenomenon itself. Rasulo (2021). who explores a medium corpus of data, analyses a
broad spectrum of verbal aggression. However, the study examines traditional media (newspaper
headlines) that are targeted only against one public figure.

Among the phenomena related to our focus are impoliteness and hate speech. The conceptual
foundations of the study of impoliteness can be traced back to Brown and Levinson (1987) and
Leech (1983), and were further developed in Culpeper’s (2011) framework. Within this line of
research, impoliteness is defined as an act that threatens the speaker’s ‘face’, i.e., their self-image
within the context of communication. Recently, both quantitative and qualitative approaches
have been applied to this issue in studies such as Alvanoudi (2024), Graham and Hardaker
(2017), and Teneketzi (2021). Similarly, hate speech has been the subject of corpus-based
research integrating both quantitative and qualitative methods, as evidenced in works such as
Davidson et al. (2017), De Gibert et al. (2018), Jaszczyk-Grzyb et al. (2023), Karapetjana et al.
(2023), Lepoutre et al. (2023), and Parvaresh (2023). However, the focus of these accounts
differs from ours, as impoliteness and hate speech, unlike offensive language as we define it, do
not necessarily involve the use of words we later identify as abusive.In contrast to the discussed

works, this study employs quantitative analysis to identify key patterns in the distribution of
offensive language, defined here as the use of abusive words in responses to selected groups of
public figures categorised by their social roles and levels of popularity. The qualitative method
allows us to describe discrepancies between various types of offensive language in terms of the
words used (slur or rude) or sentiment type (positive vs negative). Thus, the benefits of the
quantitative and qualitative approach are combined in answering our research questions and
providing their empirical, large-scale grounding. The applied definition is construed in lexical
terms, i.e., we identify offensive language based on specific words drawn from the lexicon, as
opposed to the context-dependent semantic criteria that involve insulting meaning of the
sentence.

3 Methodology

The method used in this paper is large-scale corpus analysis. We work with a data set that
contains over one million words. The application of our method required three steps: data
collection, data annotation and data analysis (see Subsections below). Firstly, we collected
tweets published in reaction to public figures posting on climate change. Secondly, we annotated
the corpus according to offensive language use and sentiment distribution. Thirdly, we visualised
and interpreted data (see Figure 1).
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This approach scales up a method proposed in (Pereira-Farifia et al. 2022) that uses manual
annotation of ethos in order to analyse discursive strategies in debates on cultural heritage
statistically and further extends a method proposed in (Landowska et al. 2024) that combines
manual annotation of arguments and automatic annotation of moral values in order to build data
analytics to investigate moral arguments in discourse. The method proposed in this paper is fully
automated both in terms of detection of offensive language (see action 1 in Figure 1) as well as
in terms of detection of sentiment (see action 2 in the figure). This means that it is generalisable
to any amount of data—the selection of one million word dataset was constrained only by the
research questions we investigate in this paper (see Section 4). Thus, in principle, it can be
applied to other studies of offensive language on any amount of data, any discourse topic, any
public figures, any social media platform, and so on.
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Figure 1: Methods of large-scale discourse analysis.

3.1 Data Collection

The goal of our research was to analyse offensive language defined by lexical criteria, which had
to be established for a specific language. Thus, we limited the scope of our corpus to the content
in English due to the popularity of online communication. To specify the scope of our research
further, we selected Twitter discussions during the 2021 United Nations Climate Change
Conference, which was also known as the 26th Conference of Parties (COP26) and took place in
Glasgow from 31 October to 13 November 2021. After the event had been selected, we chose the
public figures who (1) participated in the COP event, (2) published posts on climate change
during COP, and (3) allowed users to post reactions. These requirements significantly
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constrained the number of public figures selected for examination. For instance, despite that both
Bill Gates and Jane Fonda were active on Twitter (now X) during COP26, we did not include
them in the analysis, as the former disallowed users to comment and the latter did not take part in
the event. Even though we have not taken into account any cultural or geographical criteria of
selection (except the language of the online activity), most of the figures in our sample originate
from North America. This is due to the fact that the COP26 participants, who were active on
Twitter while the event took place, typically come from this region. The notable exceptions
include Greta Thunberg and Elisabeth Wathuti. Including the former might be considered
questionable, as she took part only in the initial part of the event. However, we decided to
include her tweets, as she highly influenced the climate debate. Similarly, even though Donald
Trump did not take part in the COP26 conference, we included him in the corpus due to his
influence on the public discourse. As Trump was inactive during COP26, in his case, we take
into account the 2019 United Nations Climate Change Conference (COP25), which took place
from 2 to 13 December 2019 in Madrid.

After the selection, we grouped the public figures with regard to their social roles into:
politicians, climate change contrarians, businessmen, and climate activists, as well as according
to their popularity measured as the number of followers into: high, medium, and low number of
followers, where high means public figures with over 10 million of followers, medium means
public figures with between 1 and 10 millions of followers, and low means public figures with
less than 1 million of followers (see Table 1).

Table 1: Public figures to whom we consider offensive reactions, distinguished by: (1) their
social roles; and (2) their popularity.

Reactions to: Politicians Contrarians Businessmen Activists
High Biden, Obama,
Trump
Medium Johnson Bezos, DiCaprio,
Bloomberg Thunberg
Low Lomborg, Wathuti
Milloy

Next, we identified tweets published during COP26 (or COP25 for Trump) that were related
to climate change by retrieving all tweets with the keywords ‘climate’ or ‘COP’. We then
retrieved user posts published in reaction to these tweets. We extended the collection to the
tweets published after the COPs to include delayed responses. For COP26, the reactions were
collected from October 31 to November 26, 2021, and for COP25, from December 2 to
December 27, 2019. The data thus compiled constitute a corpus of 55,927 posts and 1,030,714
words (see Table 3).
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Table 3: Summary of the collected data.

Tweets Responses Words in Responses
Politicians 47 41,794 757,882
Businessmen 32 2,421 45,074
Contrarians 373 1,639 256,645
Activists 50 10,073 7,813,831
Total 502 55,927 1,030,714

3.2 Data Annotation

In the related literature, offensive language is analysed under various labels, such as uncivil,
impolite or intolerant language, hate speech, microaggression and so on. Here, instead of
examining distinctions between various forms of offensiveness, we define the phenomenon
through lexical criteria, i.e., through the presence of specific words. The term offensive language
refers to language use in general, whereas abusive words and abusive posts refer to specific
lexical items and online comments, respectively. To define abusive words, we use the lexicon
developed by Gorrell et al. (2020), which is mostly extracted from the Hatebase repository that
contains over 3,893 offensive words (https://hatebase.org/). From Gorrell et al. (2020), we draw
1,081 ‘slurs’ and 131 ‘offensive words’. For the sake of terminological clarity, we changed the
names respectively to: ‘slur words’ and ‘rude words’, which we jointly classify as ‘abusive
words’. Furthermore, we also adopt Gorrell et al. (2020)’s definitions of s/urs: “insults, racist and
homophobic slurs, as well as terms that denigrate a person’s appearance or intelligence” and
rude words (‘words’ in in their terminology): “words that don’t in and of themselves constitute
abuse, but worsen abuse when found in conjunction with a slur and become abusive when used
with an identity term such as black, Muslim or lesbian” (see Table 2). Some words are classified
as slurs when accompanied by the personal pronoun and as rude when they appear alone because
the use of a pronoun indicates a personal attack that is typical to slurs (e.g., ‘fuck you’ vs ‘fuck’).

We identify slur and rude words based on the explicit list. This allows for the words
recorded in the lexicon to be classified as abusive, even if they are not used in personal attacks.
Thus, our method is lexical rather than semantic, as we identify the specific words as abusive,
even if they do not convey insulting meanings.

This is necessary to be able to carry out a sentiment ( as positive, negative, or neutral)
analysis as defined by Camacho-Collados et al. (2022) and Loureiro et al. (2022) . This way, we
can identify the sentiments expressed in utterances classified beforehand as offensive on the

lexical criteria. This allows us to determine whether the utterances in question, apart from
containing specific words that we classify as abusive, also function to express negative attitudes,
i.e., whether they are offensive in the context-dependent semantic sense as well.
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Table 2: Examples of slur and rude words.

slur words rude words
idiot, moron, fuck you, fuck, shit,
buffoon, loser, coward crap, damn

Next, posts are classified as abusive if they contain slurs or rude words. The category is
informative, as we observed that both slur and rude words constitute offensive reactions. As
mentioned, the classification follows Gorrell et al. (2020), though we replace ‘abusive text’ with
a slightly more descriptive term, ‘abusive post’. Example (1) contains the slur word ‘idiot’, and
Example (2) contains the rude word ‘shit’ (slur and rude words are underlined). Thus, in this
approach, both posts are labelled as abusive. Example (3) shows that posts that combine several
slur or rude words are also labelled as abusive. A post in Example (4) is non-abusive, as it
contains neither a slur nor a rude word.

(D) @CondorLives: You re an idiot and this graph shows why
[Labelling in Gorrell et al. (2020): Slur; Abusive Text]
[Labelling in this paper: Slur (Abusive Word); Abusive Post]

2) @JunkScience: I wonder who thinks he even gives a shit about the Leftists ‘canceling’ him?!
[Labelling in Gorrell et al. (2020): Offensive Word; Abusive Text]
[Labelling in this paper: Rude (Abusive Word); Abusive Post]

3) @persecutorXXD: The Chinese will mold you like an old piece of clay they will fuck vou every
which but loose and you won’t even know it (just like ‘rocket man’ made you his personal bitch)

[Labelling in Gorrell et al. (2020): Slur; Abusive Text]
[Labelling in this paper: Slur (Abusive Words): Abusive Post]

4 @HuntingPelican: This one could be different.
[Non-Abusive Text/Post]

The lexical tagging allowed us to annotate user responses with these labels automatically.
Then, the automated annotation was evaluated on a random sample of 600 responses by two
human annotators. We observed a notably high level of inter-annotator agreement with a Cohen's
Kappa of 0.7639 (Cohen 2018).

For sentiment analysis, we applied a roBERTa-base model (Camacho-Collados et al. 2022:
Loureiro et al. 2022) that identifies positive, negative, and neutral sentiments. The model was
initially trained on approximately 58 million tweets. It was further fine-tuned specifically for
sentiment analysis using the TweetEval benchmark. This fine-tuning process enabled the model
to achieve a notable performance metric of 71.3 M-Rec, indicating its effectiveness in sentiment

analysis tasks within the context of Twitter data.
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3.3 Procedure of analysis

An Al-based technology, Offensive Language Analytics (OLAn), was developed to analyse and
visualise patterns in our data and provide insight into the use of offensive language in reactions
to public figures in polarised discourse online. OLAn is a data analytics tool (Kelleher and
Tierney 2018: Walker 2015) and is built upon technologies of argument analytics (Lawrence et
al. 2016, 2017) and rhetoric analytics (Budzynska et al. 2024) online devices based on the
Streamlit interface, developed to facilitate the analysis of data. Its purpose is to determine and
display the distribution of offensive reactions understood as abusive words or abusive posts

towards groups of public figures or individual public figures in the form of bar charts (see Figure
2). This allows us to analyse our corpus by comparing the proposed hypotheses with the
visualised data and to draw conclusions about the use of offensive language. OLAn interface is
Streamlit open-source Python Library (https://streamlit.io/). The tool is available for open access
(https://newethos.org/technologies/). For more information about this technology, please refer to
its User Manual available at this link. Please include link

For data analysis, we apply a mixed methods approach. The former is applied to statistics
computed by OLAn for the offensive reactions, the distribution of sentiment, and the coverage of
the types of users. With the latter, we describe the distinct character of offensive language and
the sentiment expression in various contexts. This hybrid methodology is applied to each
research question examined in the next section. Initially, we propose a hypothesis and
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Figure 2: OLAn visualisation of the distribution of the abusive posts.

then test it with data visualised in OLAn. For instance, in Hypothesis 1, we propose the
following ordering of social roles from the highest possibility of attracting offensive reactions to
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the lowest: politicians, contrarians, businessmen, activists. While the data revealed slightly
different ordering calculated as the frequency of abusive posts in reaction to what the public
figures posted: politicians, businessmen, contrarians, activists, we investigate possible reasons
behind this discrepancy. This leads us to change how we measure offensiveness of reactions, i.e.,
we turn to investigating it with the use of abusive words rather than abusive posts. As this reveals
the higher intensity of offensiveness in responses to contrarians than to politicians, we used
qualitative analysis in order to explore the distinct character of offensive language as posted in
responses to these groups.

4 Results and Discussion

This section comprises the presentation and discussion of the results of our analysis.

4.1 Range and Intensity of Offensiveness Do Not Come Together

The supporters of political parties tend to be more loyal to their leaders under conditions of high
polarisation (Druckman et al. 2013: Wilson et al. 2020). Thus, efforts to increase societal
antagonisms could be incorporated deliberately as part of a political strategy. The use of
offensive language is one of the means that political leaders could employ to achieve such a
purpose, as it has been proven to have a polarising effect (Gervais 2020). Nevertheless, as Frimer
and Skitka (2018) show, such a strategy is double-edged since the use of incivilities reduces the
politician's public approval even within their political base. Thus, public figures can incite social
media users to publish abusive responses without using profanity themselves. On the other hand,
as argued by James et al. (2016), the character of politicians' public activity, which involves
opposition to the interests and aspirations of certain groups within society, makes them
particularly vulnerable to aggressive and intrusive behaviours. Meutia and Gulyanto (2022)

compare the frequency of various forms of verbal harassment in responses to politicians,
celebrities, and practitioners of other professions. They show that the most serious forms of
mistreatment, such as character attacks and insults, are most frequent in responses to politicians.
This usefulness of offensive language in approaching political goals and the higher general
vulnerability of political leaders to aggressive behaviours inclined us to hypothesise that this
group of public figures would also reach an excessive amount of verbal aggression in the context
of the climate debate.

Furthermore, the controversial content posted by climate change contrarians facilitated the
claim that they also face a relatively high amount of offensiveness, yet the grounds here are
weaker than in the case of politicians. Next, Meutia and Gulyanto (2022) show that practitioners

(a group similar to businessmen in terms of having primary occupation within the domains other
than public discourse) attract rather moderate offensive reactions. Finally, even though the
polarisation effects of what climate activists are claiming have not been investigated, the
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sympathy that public opinion has for this group (Gaupp and Eker 2024; Leiserowitz et al. 2019;
Thomas-Walters et al. 2025) formed the basis for a supposition that they would not encounter
abusive responses as frequently as the other groups. This led us to formulate the following
hypothesis:

Hypothesis 1: Politicians attract more offensive reactions than contrarians, contrarians more
than businessmen, and businessmen more than activists.

Using OLAn, we then test this hypothesis against the collected and annotated dataset. The
data revealed that the frequency of abusive posts is the following (see Table 4): politicians
(12%), businessmen (10%), contrarians (8%), activists (7%), which is coherent with the
assumptions that the highest frequency of offensive responses would belong to politicians and
the lowest to activists. On the other hand, contrary to our expectations, businessmen triggered
offensive reactions more often than contrarians. The ordering is thus partly consistent
(politicians, activists) and partly reversed (businessmen, contrarians) compared to Hypothesis 1.

Table 4: Abusive posts and abusive words across the roles of the public figures (%). Abusive
words mean the sum of slur and rude words. The baseline is calculated as an arithmetic mean of
a given category for all public figures. The asterisk means the largest deviations from the
baseline in each column.

posts % words %

abusive non-abusive | abusive slur rude
Politicians 12%* 88* 31 10 21%*
Contrarians 8 92 28 12 16*
Businessmen 10 90 35% 17* 18
Activists 7 93* 25% 6* 19
Baseline 9 91 30 11 19

In order to explain this discrepancy between the empirical evidence and our hypothesis, we
inspected the type of offensiveness in terms of abusive words, which reveals a ranking different
from that of abusive posts: businessmen (35%), politicians (31%), contrarians (28%), activists
(25%). We observe that only the last result is consistent with the hypothesis, while the results for
businessmen, politicians, and contrarians are contrary to expectations. To deepen our analysis
further, we considered the most offensive type of abusive words, that is, slurs, against the
different groups which turned out to be ranked as follows: businessmen (17%), contrarians
(12%), politicians (10%), activists (6%). Here, the results for the contrarians and the activists are
consistent with the hypothesis, while the results for the businessmen and the politicians are
contrary.

Several conclusions can be drawn at this point. First, the last position of the activists is
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common to all ranking. Thus, regardless of the measure employed, this group is the category that
attracts the lowest level of offensive reactions. In this respect, the hypothesis 1 was confirmed by
the data. This observation suggests that the sympathy of the general public towards activists
protects them from getting abusive responses. Second, the businessmen ranking differs from
expectations: the frequency of abusive responses to their posts is higher than in reactions to the
contrarians. In case of both abusive words and slur words, businessmen got offensive responses
most frequently, surpassing not only the contrarians, but also the politicians. Thus, businessmen
turn out to attract more offensive reactions than expected, regardless of the measure.

Third, the ranking of the political leaders in terms of abusive words and slur words is also
contrary to Hypothesis 1. Regarding abusive words, they were ranked after businessmen. For slur
words, they were third, falling behind not only businessmen but also contrarians. This result is
surprising, especially given the top ranking position of this group in abusive posts. The apparent
inconsistency can be explained by differences in the intensity of the offensive language. Rude
words are more than twice as frequent as slur words in responses to the political leaders (21% vs
10%). In the case of the businessmen, the results differ only by 1% (18% vs 17%) and in the case
of the contrarians by 4% (16% vs 12%). Thus, the proportion of slur to rude words in responses
to politicians is much lower than in reactions to the businessmen and the contrarians. This means
that even though the political leaders receive abusive posts most frequently, the intensity of
offensive language in these posts is relatively low.

Finally, the contrarians received unexpectedly low results in abusive posts and abusive words,
occupying third place in both cases. Nevertheless, in terms of slur words, they are placed second
with a result of 4% lower than the businessmen and 2% higher than the political leaders. The
proportion of slur to rude words is pretty high for contrarians (12% vs 16%) and indicates pretty
high intensity of offensiveness.

The general patterns described above are representative for almost all of the individual results
(see Table 5). Among activists, DiCaprio (3%) and Wathuti (1%) are the figures with the lowest
frequency of abusive posts in our sample, and the result of Thunberg (8%) is still under the
baseline (10%). This also holds for abusive and slur words. Thunberg’s results are considerably,
though not outstandingly, higher, with her result equaling the baseline (21%) in the last measure.
In case of businessmen, offensive reactions appear to be twice as frequent in responses to
Bloomberg than to Bezos. Among political leaders, Trump (14%) and Johnson (13%) appear to
trigger more abusive posts than Biden (8%) and Obama (8%). The same ordering is observed in
terms of abusive, slur and rude words. Possible factor that contributes to this effect is the right-
wing populist rhetoric typically identified as the style of public activity of Trump and Johnson.
The results of climate change contrarians do not differ from each other significantly.

Table 5: Abusive posts and abusive words across public figures (%). Letters in brackets indicate

social role (P stands for politicians, B for businessmen, C for climate change contrarians, and A
for climate activists). The asterisk means the largest deviations from the baseline in each column.
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posts % words %

abusive  non-abusive | abusive slur rude
Trump (P) 14%* 86 31 10 21
Johnson (P) 13%* 87 37* 12 25%
Biden (P) 8 92 27 8 19
Obama (P) 8 92 21 7 14
Bloomberg (B) 14* 86 34 18* 16
Bezos (B) 7 93 36* 15 21
Lomborg (C) 7 93 31 12 19
Miloy (C) 8 92 27 12 15
Thunberg (A) 8 92 28 7 21
DiCaprio (A) 3 97 17 5 12
Wathuti (A) 1* 99 6* 2% 4*
Baseline 10 90 31 10 21

In order to explore further the differences between the specific character of offensive
language in responses to politicians and responses to contrarians, we apply the qualitative
method. We observed that many rude words, used in responses to politicians, convey a message
that is not offensive at all but simply represent a manner of speaking, as in the following
example:

%) @StrayDog67: Haha. It’s the same fucking deal!!!
[Reaction to: Lomborg; Abusive Word: Rude]

This kind of use contrasts with abusive posts that contain slur words i.e., they are not only
vulgar but always used to attack a person:

(6) @CondorLives: Fuck You! Fuck your administration! Russia and Putin own you! You  have
defiled the office of the President of the United States.
[Reaction to: Trump; Abusive Words: Slur]

The lower frequency of slur words compared to rude words in responses to politicians
indicates a lower intensity of offensive language. This means that in the case of politicians, the
low intensity of offensive language was compensated by the wide range, while in the case of
contrarians, its narrow range was compensated by the high intensity.

In summary, the distribution of online offensiveness across social roles of public figures
confirmed that offensive reactions are most frequent in responses to politicians and least frequent
in responses to climate activists. However, the intensity of offensive language in responses to
political leaders, despite a wide range of abusive posts, turned out to be relatively low. On the
other hand, offensive reactions in responses to contrarians are less frequent than expected, but
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unexpectedly more intense in comparison to politicians. While the low intensity of offensiveness
in responses to political leaders was compensated by the wide range, the narrow range in
reactions to contrarians was compensated by the high intensity.

4.2 It Is Not Only About Popularity

According to the meta-analysis of Castano-Pulgarin et al. (2021). cyberhate is amplified by the

use of social media. This effect is likely related, among others, to the anonymous character of
online activities since anonymity, as argued by Mondal et al. (2017), has been proven to foster
aggressive behaviours. Theocharis et al. (2020) argue that thefrequency of uncivil reactions is
higher during periods of heightened public activity, such as electoral campaigns, and in
responses to ‘hard’ topics such as economic and social issues. Chatzakou et al. (2017) examine
the popularity of users who post offensive content, as measured by their number of followers, but
find no observable correlation between the two factors. If such correlations could be found, they
would shed the light on the relationship between increased publicity and offensiveness, the topic
we also inspect in the present study. This holds even though we focus on the correlation between
the popularity of public figures and the offensive content in responses to their posts, rather than
on the popularity of the offensive users themselves. Mathew et al. (2019) provide more
informative claims on the associated issue, as they prove hateful content to spread faster, farther,
and reach a wider audience than non-abusive posts. As argued, aggressive language has been
recognised to be prevalent on social media and the use of offensive content turned out to spread
more than non-abusive communication. Therefore, in Hypothesis 2, we assume the strict
correlation between the popularity of a public figure and the frequency of offensive language in
responses to their posts. Such an assumption brings about certain ordering of the groups of public
figures distinguished with respect to their popularity measured by the number of followers:
having high (over ten million), medium (between ten and one million) and low (less than one
million) number of followers.

Hypothesis 2: The more popular the public figure is, the more offensive reactions they will
receive.

When the hypothesis is tested empirically, the data do not provide direct evidence of this
ordering (see Table 6). In terms of abusive posts, public figures with a medium number of
followers turned out to receive offensive reactions more frequently than public figures, followed
by those public figures by a high number of users; however, the disparity is not significant (11%
vs 10%). Moreover, the results are similarly ordered for abusive posts, although the disparity is
more pronounced (34% vs 28%). The frequency of slur words is even more surprising: here, the
highly popular group (9%) is outweighed not only by the medium-number group (11%) but even
by the low-number group (10%). Admittedly, the results of each of the three are similar.
Nevertheless, the ranking of slur words shows no clear relationship to popularity and appears
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largely independent of it. Thus, it can be concluded that offensive reactions were the most
frequent in responses to public figures followed by the medium number of users regardless of the
measure employed. The hypothesis that assumed a strict correlation between public figures'
popularity and offensiveness is therefore falsified.

Table 6: Abusive posts and words across the groups of public figures according to their
popularity (%) in terms of the number of followers (high means over 10 million followers,
medium means between 1 and 10 millions of followers, and low means less than 1 million of
followers). The asterisk means the largest deviations from the baseline in each column.

posts % words %

abusive non-abusive | abusive slur rude
High 10 90 28 o%* 19
Medium 11%* 89* 34%* 11%* 23%*
Low 6* 04 24* 10 14%*
Baseline 10 90 31 10 21

The unexpected distribution could be a result of having a kind of authority (for example, the
authority of a president of an influential country) that might protect the most popular public
figures. Even though the offensive reactions are not necessarily targeted at the account's owner, a
considerable number of them are likely negative responses to what they have posted, especially
when the public figure triggers controversies and does not hold authority. In such cases,
popularity could go hand in hand with authority, immunising a person against offensive
reactions. In contrast, the medium-number group is popular enough to attract hate but its
members do not have authority to be protected by. In other words, it can be the case that these
public figures are controversial so that they are followed by many users, but as a result of these
controversies they attract more offensive responses.

Another possible explanation for the unexpected result could be the uneven distribution of
offensiveness within a given group. To check it, we inspected the results for individual public
figures within each group (see Table 7). The results of highly popular public figures differ: while
both Biden and Obama attract 8% offensive reactions, Trump attracts 14% abusive posts. Among
the figures with a medium number of followers, the abusive posts in responses to Bloomberg
(14%) and Johnson (13%) are similarly frequent as in the case of Trump. Thunberg (8%) and
Bezos (7%), on the other hand, got moderate results and the results for DiCaprio (3%) are very
low.

Given the observations above, neither all the figures followed by the medium number of users
face high levels of offensiveness, nor all the highly popular figures are protected against getting
offensive reactions. This suggests that yet another factor different from popularity and authority
contributes to the high level of offensiveness. As Trump, Johnson, and Bloomberg are known for
a specific style of public activity, this style is likely to be associated with the kind of comments
they get. Wodak et al. (2020) show that deliberate use of impoliteness to attract attention and
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polarise discourse (so-called shameless normalisation) is a characteristic feature of right-wing
populism. Trump and Johnson are typically mentioned as figures adhering to that.

Table 7: Abusive posts and abusive words across public figures (%). Letters in brackets indicate
popularity (H stands for high, M for medium, L for low.) The asterisk means the largest
deviations from the baseline in each column.

posts % words %

abusive  non-abusive | abusive slur rude
Biden (H) 8 92 27 8 19
Obama (H) 8 92 21 7 14
Trump (H) 14%* 86 31 10 21
Johnson (M) 13* 87 37* 12 25%
Bezos (M) 7 93 36* 15 21
Bloomberg (M) | 14* 86 34 18%* 16
DiCaprio (M) 3 97 17 5 12
Thunberg (M) 8 92 28 7 21
Lomborg (L) 7 93 31 12 19
Miloy (L) 8 92 27 12 15
Wathuti (L) 1* 99 6* 2% 4%
Baseline 10 90 31 10 21

political movement. Bloomberg's case is more problematic, as he is known for supporting some
liberal positions. On the other hand, he was elected to be the mayor of New York City, having
been nominated by the Republican Party supported by Rudy Giuliani, a figure well-known for
enforcing conservative policies. Bloomberg's display of sexist comments is well documented
(Pengelly 2020). Since sexism is often taken to be one of the definitional characteristics of right-
wing populism (Wodak et al. 2020). Bloomberg can also be classified as conversant with this
realm of politics. Thus, exploring possible interdependence between populist rhetoric and
offensive reactions is a subject worthy of further inquiry.

To summarise, we have demonstrated that there is no strict correlation between the popularity
of public figures and the offensiveness in responses to their posts. The overall results suggest that
authority associated with popularity might immunise highly popular people against offensive
reactions, while figures followed by a medium number of users are more likely to attract
offensive comments. Moreover, the inspection of individual results has shown that those public
figures who attract offensiveness the most may differ in popularity but are similar in displaying
features typical to populist rhetoric.
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4.3 Reactions Can Be Offensive and Positive at the Same Time

Sentiment analysis allows for identifying speakers' positive, negative, and neutral attitudes.
These are assumed to be typically correlated with an emotional load (positive, negative, neutral,
respectively). The usefulness of sentiment as an indicator of various forms of linguistic
misconduct, such as the use of profanities or hate speech, has been proven by Plaza del Arco et
al. (2022) and Rodriguez et al. (2019). On the other hand, it is also well recognised that what
may be considered vulgar words do not necessarily express hostility and often serve as
intensifiers or represent a manner of speaking (Maisto et al. 2017; Yin et al. 2009). Nevertheless,
the use of profanity in order to express derogatory and hostile content is typical. In this section,

we test to what extent offensive language in responses to various groups of public figures serves
such purposes. To this end, we test Hypothesis 3, according to which offensive language and
negative sentiments are strictly correlated and inspect the frequency of sentiment types in
abusive posts.

Hypothesis 3: Negative sentiment and offensive reactions are strictly correlated.

Abusive posts are the most reliable measure of offensive language, as they contain whole
offensive content rather than single words that can be used repetitively in one offending
comment. If negative sentiment correlates with offensiveness, it is expected to be the most
frequent in abusive posts. Indeed, negative sentiment is expressed in almost all posts (93%),
whereas only a minority (2%) convey positive sentiment. Thus, the sentiment distribution in
abusive posts confirms the hypothesis with a minor deviation.

The strict correlation between negative sentiment and offensive reactions should also mean
that the ordering of the public figures in terms of sentiment expression is the same as the
ordering of offensive reactions (see Table 4): politicians attract abusive posts most frequently,
followed by businessmen, contrarians, and climate activists. We assume that the ranking of
negative sentiment should be identical to this one, while the ranking of positive sentiment should
be reversed (as it represents the opposite attitude). The ranking of neutral sentiment is non-
informative, as it indicates neither attack nor support and thus will not be included in the
analysis.

This assumption turned out to not be fully confirmed by the data (see Table 8). Similarly, as
in the case of offensive reactions, the activists received the lowest result in negative sentiment.
As this sentiment indicates a personal attack, the result also shows that the offensive language in
responses to the activists is rarely used to insult. This confirms not only Hypothesis 3 but also
Hypothesis 1, according to which activists are the group affected by online offensiveness to the
lowest extent. On the other hand, the result of businessmen (91%), by 4% lower than the equal
results of the politicians and the contrarians (95%), disconfirms Hypothesis 3 since the
businessmen were ordered higher in offensive reactions than the contrarians.
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Table 8: Sentiment distribution in abusive posts across the roles of the public figures (%). The
ordering reflects the actual distribution of abusive posts, as was described in the previous section.
The asterisk means the largest deviations from the baseline in each column.

sentiment %

negative neutral positive
Politicians 95% 4 1*
Businessmen 91 8 1*
Contrarians 95% 5 -
Activists 84* 5 11%*
Baseline 93 5 2

In terms of positive sentiment, the top ranking of activists is not a surprise. Yet, its high
frequency (11%, while the baseline is 2%) gives additional evidence that they have the sympathy
of the general public: activists are not only a group with the lowest frequency of abusive posts
but also with the lowest frequency of personal attacks among abusive posts. In case of individual
results (see Table 9), the two lowest frequencies of negative sentiment among abusive posts
belong to activists: Thunberg (83%) and DiCaprio (82%). Those are also the figures with the
highest frequency of positive sentiments in abusive posts: 12% and 6% respectively. For sake of
comparison, the highest frequency for non-activists equals 2%. The high frequency of negative
sentiment in responses to Wathuti (100%) is anomaly worth noting, yet likely due to the limited
number of comments to her posts.

Table 9: Sentiment distribution in abusive posts across public figures (%). Letters in brackets
indicate social role (P stands for politicians, B for businessmen, C for climate change
contrarians, and A for climate activists).

sentiment %

negative neutral positive
Trump (P) 95 3* 2
Biden (P) 95 4 1
Obama (P) 95 3* 2
Johnson (P) 94 5 1
Miloy (C) 96* 4 -k
Lomborg (C) 93 7 -
Bloomberg (B) | 93 7 -
Bezos (B) 89 9 2
Wathuti (A) 100 - -k
Thunberg (A) | 83 5 12*
DiCaprio (A) 82%* 12%* 6
Baseline 93 5 2
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Posts that contain either slur or rude words are both labelled as abusive. However, only slur
words are personal attacks per se, whereas rude words can be used without any intention to
offend anyone, as in the following example of a response to the activist Greta Thunberg:

@) @FlowerPower88: This deserves a fucking Oscar!!
[Reaction to: Thunberg; Abusive Word: Rude; Sentiment: Positive]

Here, the rude word ‘fucking’is used to compliment rather than to attack a person. The post,
despite being labelled as abusive, does not represent a personal attack. Moreover, the sentiment
expressed is positive, as the author praises the target's action as deserving of an Oscar. This
contrasts with the use of the same word in responses to Donald Trump:

®) @777superhero: Fucking deluded nutcase!
[Reaction to: Trump; Abusive Words: Rude, Slur; Sentiment: Negative]

The purpose of the word ‘fucking’ here is to emphasise the insult expressed by the
accompanying slur word ‘nutcase’. Both posts are labelled as abusive. Yet only the latter
conveys a personal attack. This shows that although rude words typically are used to offend, as
in Example (8), they can also represent a playful manner of speaking and express positive
sentiment, as in Example (7). As a result, positive sentiment is possible even among abusive
posts. This highlights that the purpose of offensive language is not always a personal attack,
which has been already pointed out by the relevant literature (Dynel 2012; Jay and Janschewitz
2008; Locher and Watts 2005).

4.4 One Rotten Apple Spoils the Whole Barrel

The conventional wisdom about social media portrays them as a polarised environment
permeated by hate speech and offensive language. This suggests that the average user
occasionally engages in multimodal offensive language, across different forms of
communication. According to Chatzakou et al. (2017) users who engage in language aggression
less frequently are more popular, i.e., they have more followers than those who publish abusive
reactions more often. On the other hand, ElSherief et al. (2018) demonstrate that hate instigators
tend to be more popular than users who refrain from offensive language. This popularity may
contribute to the wider dissemination of offensive communication styles. Mathew et al. (2020)
provide empirical grounds for that supposition, as their study shows that the impact of hateful
behaviour tends to disperse among the users of a social medium. Thus, relevant studies show that
offensive users, due to their popularity, tend to spread their attitude among those who initially

avoid hateful speech. Furthermore, among other factors, anonymity on social media has been
proven to facilitate the use of hateful language and contribute to the high frequency of online
offensiveness (Castano-Pulgarin et al. 2021; Mondal et al. 2017).Thus, extant literature provides
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grounds to support the assumption that offensive language is common in online environments.
The scope of our research is limited to the comments in the context of selected COPs, and we
cannot make claims about user behaviour in general. Yet, our data does suffice to reach some
conclusions on their activity related to the climate debate. This is also relevant, as these
conclusions reveal key patterns of online communication that concern climate change, the topic
widely discussed in the contemporary public debate. Thus, in Hypothesis 4, we assume that most
users, while commenting on climate debate in the context of the selected COPs, publish abusive
posts more frequently than non-abusive posts. In this section, we examine whether offensiveness
spreads across social media, possibly as the result of the phenomenon known as “emotional
contagion”, as described by Kramer et al. (2014), or whether it stems instead from the actions of
a minority of users, in line with the proverb “one rotten apple spoils the whole barrel”.

Hypothesis 4: The majority of users, while commenting on climate debate in the context of the
selected COPs, publish more abusive posts than non-abusive posts.

To investigate the extent to which users engage in offensive arguments, we divide them into
three types, distinguished by the frequency of abusive posts: above 50%, i.e., users who are more
often offensive than not; equal to 50%, i.e., users who post equally frequently offensive
responses and not offensive ones; and lower than 50%, i.e., users who are offensive in less than
50% posts (see Table 10). In order to avoid bias, we included only users who posted at least three
times. As offensive reactions turned out to be the most frequent in responses to politicians and
the least frequent in reactions to activists, we also explore the distribution of the types of users
among those who reacted to these groups.

Table 10: Distribution of users across the groups distinguished by the frequency of abusive posts:
larger than 50%, equal to 50%, and lower than 50%. The numbers in the brackets mean
deviations from the baseline: the 1 symbol means an upward deviation and | means a downward
deviation.

offensiveness of users %

>50 50:50 <50
Activists 2.2 (3.6)) 0.4 (1.5)) 97.4 (5.11)
Politicians 6.7 (0.97) 2.3(0.471) 91 (1.3))
Baseline 5.8 1.9 92.3

Results show that our hypothesis is wrong: 92.3% of users publish abusive posts less
frequently than non-abusive posts. The proportion of those for whom the offensive reactions are
predominant amounts to just 5.8%. Apparently, users who are more likely to publish abusive
than non-abusive posts are a minority. In other words, most offensive reactions are the result of
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the activity of a minority group. Contrary to popular opinion, most users contribute to online
offensiveness only to a lesser extent.

Furthermore, the proportion of users who publish predominantly abusive posts in response to
climate activists amounts to 2.2% and is lower than the baseline by 3.6%. Although this
percentage for politicians reaches 6.7%, it still represents a minority of people who comment on
the activity of political leaders. Thus, users who frequently cross the boundaries of civility are in
the minority even among the group with the highest frequency of offensive reactions.

Despite these unexpected results, it is still possible to maintain a negative assessment of social
media by claiming that users who engage in offensive arguments publish a disproportionately
high number of abusive posts. However, the inspection of our data does not support such a claim
either. The abusive posts make up only 10% of the posts in the whole corpus. Thus, most users
either entirely avoid offensive language or participate in uncivil disputes only to a minor extent,
while much of the published content is within the confines of civility.

5 Conclusions

The large-scale quantitative analysis of the corpus of offensive reactions to public figures in
social media and the qualitative inquiry into specific instances of the use of offensive language,
as comprised in the present study, does not suffice to determine public figures’ intentions, which
are not the focus of our analysis anyway. Yet, the adopted method allowed us to identify factors
correlated with the range of online offensiveness. We identified political discourse as a domain
particularly affected by offensive language, with the right-wing populist rhetoric as a factor that
possibly contributes to the online offensiveness in some contexts. Our data revealed no strict
correlation between the popularity of a public figure and the frequency of offensive reactions to
their posts. We based our analysis on the assumption that offensive language can be defined in
lexical or semantic terms, i.e., as the use of specific words or the conveyance of insulting
meanings.

Then, the sentiment analysis has been employed to establish to what extent the use of words
commonly regarded as offensive also constitutes harmful language abuse. We found empirical
evidence that the reactions that we classify as offensive on lexical criteriasometimes express
positive sentiment. Thus, despite containing offensive words, they do not always carry insulting
meanings. We also have shown that the majority of users publish abusive content less frequently
than non-abusive.

Some of our observations are worthy of further exploration. An interesting question is the
relationship between offensive language defined with the use of linguistic cues and hate speech
understood as a harmful misuse of language. The significant presence of positive sentiment
among abusive posts in responses to climate activists proves that offensive language and hate
speech are phenomena that might overlap but are not identical. The second issue is the role of
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populism as a factor that attracts offensive reactions and increases polarisation. Whether populist
rhetoric has such a detrimental effect on public discourse, and if so, why, is a promising area for
future study. Overcoming the detrimental impact of polarisation on public discourse is one of the
most important challenges for contemporary deliberative democracies. Thus, the high frequency
of offensive responses to populist leaders, as revealed in our data, points out the potentially
beneficial direction of further inquiries.
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