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Abstract

This paper seeks to overcome current short-
comings in the literature by detecting content-
focused incivility, understood as speech that tar-
gets people, while comparing two different clas-
sification schemes across three Transformer-
based models: a pure-comment classification
method vis-4-vis a joint sentence-comment clas-
sification method. The former trains a super-
vised objective on comment labels; the latter
trains a joint supervised objective on both com-
ment and sentence labels. The comparison
is carried out on a relatively large, human-
annotated, stratified dataset (N = 7,941)
collected from a likely multicultural online
setting, namely two war-related subreddits
(r/IsraelPalestine and r/UkrainianConflict). The
findings highlight small performance gains
when training an objective supervised on both
comment and sentence labels, and this gain
is consistent across seeds and architectures
(BERT, RoBERTa, and BERTweet).

Link to anonymized Github Repo: Link.
Warning: The study contains statements that may
be offensive to some. These are fictive although
paraphrased from most-common uncivil utterances
in order to provide empirical examples.

1 Introduction

Debates and discussions have long been considered
an integral part of democratic participation, while
the civility of such exchanges continues to receive
considerable attention as much of the political talk
has moved online. One important concept of anti-
normative speech is incivility. Although contested,
incivility is generally considered a communicative
violation of social norms. Research shows that inci-
vility and its variants are a cause of political polar-
ization (Anderson et al., 2014; Neyazi et al., 2025;
Suhay et al., 2018), political mistrust (Mutz and
Reeves, 2005), negative emotions (Gervais, 2015),

and even violent crime (Williams et al., 2019). Pre-
viously, scholars manually labeled datasets accord-
ing to whether a given text or utterance was civil
or uncivil. Recently, machine learning (ML) has
improved large-scale detection of incivility by cir-
cumventing the time and monetary constraints as-
sociated with human annotations.

Yet, the promises of ML classifiers for the large-
scale detection of incivility remain unclear in at
least two respects. First, given the contested nature
of the concept, most classifiers have thus far been
trained on what Rossini (Rossini, 2022) considers
tone-based indicators of incivility. This is inappro-
priate as tone-based indicators are, to a higher de-
gree, dictated by the cultural context. Thus, focus-
ing instead on content-based indicators of incivility
allows researchers to home in on multicultural con-
texts, while focusing primarily on speech that has
non-negligible effects on democracy.

Second, classifiers of incivility are trained on
comments as the unit of analysis. While studies
have achieved relatively high accuracy using this
unit of analysis, it remains unknown how classifiers
perform when using more granular units as auxil-
iary signals. This is problematic as anti-normative
speech typically presents itself at more granular
levels, such as sentences (de Gibert et al., 2018).
Therefore, the paper asks the following question:
Does joint sentence and comment supervision im-
prove comment-level detection of content-based
incivility across architectures?

To this end, we compare two classifica-
tion schemes, using Transfomer-based models:
comment-level classification, and comment-level
classification using sentence labels as auxiliary sig-
nals. The data used to fine-tune these classifiers
is a stratified sample (N = 7, 941) of Reddit com-
ments, collected from two war-related subreddits
(r/IsraelPalestine and r/UkrainianConflict). The
findings suggest that using sentence labels as auxil-
iary signals enhances commment-level classifica-
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tion compared to pure-comment supervision. Al-
though the increase in performance is marginal, it
is relatively consistent across architectures and, for
the most part, significant across seeds.

This work has at least three important contribu-
tions. Firstly, the paper goes beyond document clas-
sification and uses a multitask scheme where gra-
dients pass through both comment and sentence la-
bels. Secondly, the paper presents one of the first at-
tempts to understand the content of anti-normative
speech more broadly, making the approach particu-
larly suitable across cultural contexts. Thirdly, the
findings show small but significant performance
gains over multiple seeds and across different ar-
chitectures.

2 Related Work

Incivility is a type of anti-normative speech that,
like many social science concepts, is fraught with
contestations. As (Muddiman, 2017) explains,
there are generally two schools of thought. On
the one hand, some scholars associate incivility
with disrespecting norms of inter-personal polite-
ness norms (Mutz, 2015), such as name-calling
(Anderson et al., 2014; Coe et al., 2014), swearing
(Coe et al., 2014), and using multiple exclamation
marks or all-caps (Gervais, 2016). On the other
hand, some scholars see incivility as the disrespect
against public-level norms, such as disrespecting
the equal worth of all members or would-be mem-
bers of discussion through stereotypical language
(Papacharissi, 2004; Rowe, 2015) or outright hate
speech (Chen, 2017).

In a recent but seminal paper, Patricia Rossini
(Rossini, 2022) criticizes conceptualizations of inci-
vility in their over-reliance on impoliteness. She ar-
gues that incivility-as-impoliteness is but a focus on
the tone rather than the content of communication.
Content vis-a-vis tone, as Zizi Papacharissi (Pa-
pacharissi, 2004) likewise argues, is the more im-
portant attribute of speech because (1) definitions
of incivility should be robust across time and space-
dependent contexts and (2) only content-based in-
civility has a non-negligible effect on democracy.
However, at scale, detection of incivility has largely
focused on tone-based indicators of incivility, in-
cluding vulgar language (Davidson et al., 2020;
Daxenberger et al., 2018; Gao et al., 2024; Ziegele
et al., 2018).

Early ML approaches to detect incivility and hate
speech at scale primarily used support vector ma-

chines (SVM), random forest decision trees, and
logistic regression (Burnap and Williams, 2014;
Davidson et al., 2017; de Gibert et al., 2018; Stoll
et al., 2020). Since the earlier efforts, machine clas-
sification has become somewhat more sophisticated
with most scholarly approaches nowadays utilizing
deep learning techniques, such as CNNs, RNNs,
and Transformer-based models (Davidson et al.,
2020; Risch et al., 2019; Saleh et al., 2021). More-
over, recent efforts to detect anti-normative speech
have also opted for the use of Large Language Mod-
els (LLMs) with zero- or few-shot prompting (Das
et al., 2024; Dev et al., 2025; Huang et al., 2023;
Roy et al., 2023).

Nevertheless, problems remain. For instance,
Bonetti et al., 2023 find that the increase in perfor-
mance with pre-trained LLMs may not be as big
as imagined compared to the more traditional ap-
proaches. A comprehensive review (Albladi et al.,
2025) finds that prompting methods suffer from
inconsistent efficiency in detecting anti-normative
speech across languages. Stoll et al., 2025 also find
that LLM classification of incivility is fraught with
societal biases.

Moreover, it remains unclear whether whole doc-
uments provide the best and only unit of analysis
in comment-level classification of anti-normative
speech. Most studies, by far, detect incivility
or hate speech at the comment level. However,
acknowledging the granularity of anti-normative
speech alongside the necessity to make ML ex-
plainable, recent studies detect spans, i.e., spans
of text that support a particular labeling decision,
such as hate and toxic speech. Sarker et al., 2023,
Paraschiv et al., 2024, and Pavlopoulos et al., 2022
find that span detection can be done with relatively
high accuracy, while Williams et al., 2019 train hate
speech classifiers alongside such spans. A hand-
ful of studies, e.g., Corso et al., 2024 and de Gib-
ert et al., 2018, detect anti-normative speech at
the sentence-level. As de Gibert et al., 2018 note,
sentence and span classification rather than whole-
document classification might be appropriate given
that they represent the minimum unit of analysis
where anti-normative speech occurs and that they
avoid the noise of surrounding "civil" sentences.

Currently, no study has compared performance
on comment-level classification between regimes
that train on different levels of granularity. We
agree with Rossini and Papacharissi that content
matters more than tone and define incivility as
the extent to which speech targets individuals or



groups. This includes (1) ad-hominem attacks,
such as name-calling and mocking remarks about
someone’s communication, and (2) stereotypical
language and outright hate speech. Such utterances
may occur at any point in a comment for it to be
classified as uncivil, with the minimum granular-
ity of incivility signals being at the sentence-level.
Content-based incivility requires the minimum unit
of analysis to be at a higher dimension than tone-
based incivility, which may be as low as individual
tokens (e.g., "fuck"), since the focus on targets
requires more of the semantic context.

We formalize the problem of comment clas-
sification as follows: Let the j-th comment be
Dj = (81, 8ji» s Sjn;) With n; sentences.
Each sentence s; ; has a binary label y;,; € {0,1}
(e.g., 0="civil’ and 1="uncivil’). Under the "at least
one" rule, i.e., a given comment is a positive case
if any of its sentences is a positive case:

Yj = max yj; (1

TyeenyTj

such that:

n;
y; =1 @Zyj,i >1 and
i=1

5
gﬁzO@Zyj,i:O
=1

However, since sentence labels also depend on their
local context, y; ; is a function of all sentences:

Yji = F(5j,1) (2)

where S; = (sj1, ..., 5jn,;). Then we can express
y; as follows:

F(S;,i

max;=i,..,n;

such that:
n;
yy=1s ZF(Sj,i) >1 and
i=1
n
yi =0 F(S;,i)=0
i=1

Suppose that we fine-tune a classifier for labeling
comments, so that gradients flow through all to-
kens of a document, D;. Suppose further that we
have many long-form comments, some where all

sentences are civil, some where all sentences are
uncivil, and some where all but one sentence are
civil. Using comment-level classification may lead
to a civil classification in the latter case, although
the *ground truth,” as established by (1), is uncivil.
The summary signal in this case is built from just
one uncivil cue and many civil cues, which might
average out the effect of the uncivil sentence on
the comment’s final classification. Thus, we risk
that uncivil signals are crowded out by their civil
counterparts, leading to false negatives (henceforth
"dilution").

Alternatively, suppose then that we first fine-tune
a sentence-level classifier for labeling sentences,
where gradients only flow through the tokens of the
sentence. After using the fine-tuned model to label
sentences, we aggregate the labels at the comment
level and decide based on (1). The problem here
is that y/; ; is now agnostic with respect to the local
context:

Yji = F(i) “4)

Once we aggregate sentence labels to obtain a com-
ment label, the following form applies:

yj =G(F(1),...,F(nj)) = . max F@i) (5

=1,...,ny

such that:

n;
yj:1<:>ZF(i) >1 and
i=1

Ty
y;=0& Y F(i)=0
i=1

Therefore, the final comment label is a function of
the sum of its "parts," i.e., individual sentences,
without considering the more holistic interplay
between these sentences. As previous research
suggests, the local context matters in the ground
truth labels of anti-normative speech (Becker and
Troschke, 2023; Pavlopoulos et al., 2020). Using
(5) as a classification scheme might then lead to
false negatives, in the case that the context dictates
incivility, or false positives, in the case that the
context dictates civility. Thus, dilution has been
avoided at the expense of the local context.

To avoid dilution and at the same time preserve
context, a hybrid strategy may balance the short-
comings. That is, instead of predicting sentence
incivility in isolation or only learning from full-
document labels, the classifier receives additional
learning signals from sentence annotations while
maintaining holistic document context.



Sample

Krippendorph’s o

Percentage Agreement

Comment-level 0.8464

92.47%

Sentence-level 0.8274

91.44%

Table 1: Agreement between primary and secondary coders on incivility.

3 Data

We collected the data continuously from December
2024 to July 2025 from two war-related subred-
dits (r/IsraelPalestine and r/UkrainianConflict) us-
ing Python’s PRAW library (Reddit’s official API).
These subreddits were chosen for further analy-
sis due to Reddit’s structural affordances, mak-
ing them a prime breeding ground for political
discussions but also incivility. Reddit is quasi-
anonymous, which makes its selection partially
ethical and partially due to analytical relevance.
For decades, if not centuries, scholars have proved
a link between the lack of immediate identifiabil-
ity and anti-normative behavior, both in online as
well as offline setting (Rowe, 2015; Solomon et al.,
1978; Zimbardo, 1969). Finally, the war-related
subreddits are particularly relevant for the given
study objective as they encourage discussion of
a non-domestic issue, likely inviting discussants
from multiple cultural contexts and thereby prob-
lematizing the focus on tone rather than content
when detecting incivility.

For each subreddit, an automated scraping agent
retrieved the latest 200 posts and all corresponding
comments twice daily, producing an initial dataset
of 833,593 posts and comments (henceforth "com-
ments" for simplicity). We opted for a continu-
ous collection method, given the need to prevent
high levels of eventual self-censorship and moder-
ation in the case of uncivil speech. After remov-
ing known bots! as well as deleted or moderated
content?, the final dataset comprised 809,275 com-
ments.

The cleaned dataset was then analyzed using
Perspective API Toxicity Scores to construct a bal-
anced sample, ensuring that the impending clas-
sifiers train on a larger range of uncivil instances.
Perspective API defines toxicity as “a rude, disre-
spectful, or unreasonable comment that is likely
to make people leave a discussion” (Google, n.d.),
with scores ranging from O (very unlikely to be
toxic) to 1 (very likely to be toxic). A balanced

'E.g., u/AutoModerator.
21.43% of the submissions (N = 11, 619) were inaccessi-
ble due to deletion or moderation.

sample of 8,000 comments was randomly drawn
from the dataset, with 20% of cases from each
of the following toxicity bands: 0-0.2, 0.2-0.4,
0.4-0.6, 0.6-0.8, and 0.8—1. After removing links,
embedded comments, and empty-text comments,
the final sample contained 7,941 comments.

The balanced sample was annotated by a pri-
mary coder using a detailed codebook. To assess
intercoder reliability, four PhD students indepen-
dently coded 600 comments (approximately 8% of
the balanced sample). See Table 1 for values of
inter-coder reliability.

Both comments and posts in the balanced sam-
ple, as well as their individual sentences, were
coded according to whether they were civil or
uncivil. In total, the 7,941 comments contained
24,031 sentences.

Coding incivility is no straightforward task. The
current paper adopts the idea put forward by Pa-
pacharissi, 2004 and later Rossini, 2022 that the fo-
cus of anti-normative speech should be that which
has non-negligible effects on democracy. There-
fore, the focus here is not on the tone, such as
profanity, but rather on the content of speech, and
incivility is defined as speech that negatively targets
people.

Coders were thus asked to code comments and
sentences as uncivil if it negatively targeted an indi-
vidual or a group of people. As such, coders were
instructed to label profane submissions as uncivil
only if the profanity was other-directed, i.e., target-
ing either individuals or groups. Figure 1 presents
some common examples of civility with group and
individual targets.

Despite clear rules on the target, classification al-
ways carries an element of subjectivity (Chen et al.,
2019) while speech at times is ambiguous. When
context was missing or the incivility was deemed
subtle, coders were asked to code positive cases of
incivility if, beyond a reasonable doubt, the com-
ment, or sentence negatively targets an individual
or group of people. Moreover, sarcasm was coded
as uncivil if its primary purpose was to belittle an
individual or if it reproduced hateful or negative
stereotypes.



Palestinians ARE Hamas. They should Avg. # of sentences 4.04
put down their weapons and Toxicity score < 0.2 45.05%
stop choosing violence. 0.2 < Toxicity score < 0.4 27.76%
I am worried about the future of 0.4 < Toxicity score < 0.6 15.83%

our country. Those MAGA idiots have 0.6 < Toxicity score < 0.8 8.50%
ruined it for the rest of us. 0.8 < Toxicity score 2.93%

(Hell yeah man! Thank you for posting this.|
Also, I am hoping that our PM
gets his shit together.

G @ G

Table 2: Civil sample, N = 3, 436.

L J  Avg. # of sentences 3.08
NO!!!! That wasn’t my point at all! Avg. # of uncivil sentences 1.46
@, L You’re a little slow I guess... | # without uncivil sentences 105
) o Toxicity score < 0.2 2.71%
Figure 1: Examples of uncivil comments, where the red 0.2 < Toxicity score < 0.4 12.50%
font color denotes the target and the bold text denotes = —
. . . .. 0.4 < Toxicity score < 0.6 23.09%
which sentences of a given comment is uncivil. Targets
are either groups of people as in the purple shaded boxes 0.6 < Toxicity score < 0.8 28.81%
or individuals as in the green shaded boxes. Note: The 0.8 < Toxicity score 32.90%

examples are fictive but created from most-common
uncivil comments in the corpus.

Descriptive statistics for the stratified sample
are presented in Table 2 and 3. First, civil com-
ments are composed of slightly more sentences
than uncivil comments. Second, of the uncivil
submissions, an average of 1.46 sentences are un-
civil, while 105 submissions contain no uncivil
sentences, i.e., while the overall comment is un-
civil, no sentences are uncivil regardless of the
local context. Third, there seems to be a strong
but non-perfect relationship between toxicity and
incivility, legitimizing the choice of training the
classifiers on a stratified sample. Uncivil submis-
sions are more likely to be very toxic, while only a
few civil submissions (7.28%) fall in the very toxic
range. This is likely because Perspective API’s tox-
icity scores include tone-based indicators of anti-
normative speech, such as profanity.

4 Experiments

In the following, we compare two methods of train-
ing classifiers for comment-level detection of in-
civility. We do this across three models: BERT,
RoBERTa, and BERTweet. The first method, the
pure-comment method, calculates loss only as a
function of whether the model correctly labels the
comments. Essentially, the model takes the com-
ment as the only important unit of analysis for
training. The second method, the joint sentence-
comment method, runs two separate forward passes
in each training step: one batch of comments for
the comment loss, and one batch of independent

Table 3: Univil sample, N = 4, 505.

sentences for the sentence loss. Here, the joint
objective is the following:

L = Lcomment + @ ‘Csemence, (6)

When o = 0, the sentence supervision is effectively
lost, and when o = 1, the model updates loss based
on sentence and comment supervision equally and
jointly. Thus, the Transformer encoder is equiva-
lent between the two classification schemes, while
the difference lies in that the joint objective where
both losses update the shared encoder parameters.
In the impending analysis, the pure-comment
classification (o« = 0) is compared to the joint
sentence-comment classification (o« = 1) across
three transformer-based models. BERT represents
the original Transformer encoder model and was
trained with masked language modeling on a large
general-domain corpus of English-language text
(Devlin et al., 2019). RoBERTa has the same core
architecture as BERT, while it was developed to
optimize the original BERT pre-training procedure,
i.e., by training longer with larger batches and by
using dynamic masking (Liu et al., 2019). Finally,
BERTweet (Nguyen et al., 2020) also retains the
original BERT architecture, but it was trained on
a large corpus of Twitter data. This might make it
particularly suitable for the Reddit dataset by being
attentive to social media and short-form content.
Before fine-tuning, the data was partitioned into
a train (70%,N = 5, 558), validation (15%, N =
1,191), and held-out test set (15%, N = 1,192).



Hyperparameters | BERT, RoBERTa, BERTweet
Learning Rate 107°

Max Seq. Length 512

Batch Size 16

Epochs 30

Warm-up Proportion 0.10

Label Smoothing 0.15

Gradient Clipping 1.0

Seeds 20 runs with seeds 42 — 61 incl.

Table 4: Hyperparameters that generally yield best
performance across models.

The text was then tokenized using the model-
specific fast tokenizer, with padding to a maximum
sequence length of 512 tokens and truncation en-
abled. We optimized with AdamW (LR=10"9),
and used a linear warmup-and-decay learning-rate
schedule with a warmup proportion of 0.10 of the
total number of training steps. Losses were com-
puted with class-weighted cross entropy and label
smoothing of 0.15. The gradients were clipped to
max norm 1.0, and mixed-precision training was en-
abled on GPUs. Moreover, the performance of all
model-method pairs were averaged over 20 seeds.
Averaging over seeds avoids noise that arises ran-
domly from dataset partitioning. Seed specifica-
tions and other hyperparameters are presented in
Table 4.

5 Results

Figure 2, 3, and 4 depict the average-over-seeds per-
formance on the validation set over 30 epochs. In
all three figures, it is evident that the joint sentence-
comment method performs consistently better than
the pure-comment method. Although the difference
is marginal, it is also significant at most epochs,
provided by the lack of confidence interval over-
laps.

Furthermore, Table 5 depicts the average-over-
seeds performance of each model-method pair on a
held-out test set, using the best-performing epoch.
For all models, the joint sentence-comment classifi-
cation performs better than the pure-comment clas-
sification. Though marginal, for both ROBERTa
and BERTweet, this difference in accuracy is sig-
nificant at the 95% level.

The best performing model-method pair is
the BERTweet joint sentence-comment, which
achieves an accuracy of 0.8831. This is relatively
high compared to previous studies detecting anti-

BERT: Accuracy over 30 Epochs (95% ClI)
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Figure 2: BERT accuracy on validation data. Shaded
area represents 95% confidence intervals over 20 seeds.

RoBERTa: Accuracy over 30 Epochs (95% Cl)
E=21, A=0.8764
N

0.900

0875

0
0850 E=27, A=0.8678
oa2s

0.800

Accuracy

0775

0750

Method
—— Joint sentence-comment
Pure comment

0725

0.700

[ 5 10 15 20 25 30
Epoch

Figure 3: RoBERTa accuracy on validation data. Shaded
area represents 95% confidence intervals over 20 seeds.

normative speech. Additionally, this is more than
a 1 percentage-point increase compared to the
BERTWeet pure-comment supervision. Besides
the higher accuracy of the overall model-method
pair, it also performs significantly better in terms of
classifying both civil and uncivil comments com-
pared to pure-comment supervision, as shown by
the f1-scores for each category.

6 Conclusion

With advancements in ML methods, many schol-
ars have turned to ML approaches in the detec-
tion of anti-normative speech, such as hate speech
and incivility. With these more advanced methods,
detection has become highly sophisticated, with
high levels of performance. However, most schol-
arly approaches detect anti-normative speech at the
comment level, leaving open the possibility of di-
luting out uncivil sentences with surrounding civil
sentences. As a result of this, some scholars have
opted for the detection of more granular levels of
anti-normative speech, such as spans or sentences.
We argue against this approach. As formalized
above, while the comment-level classification is
dependent on the signals of individual sentences,



Model A PO RO F]_O P1 R1 F11
BERT. Pure comment 0.8456 0.8291 0.8128 0.8198 0.8596 0.8707 0.8649
’ (0.0026) | (0.0036) (0.0059) (0.0033) (0.0037) (0.0036) (0.0022)
RoBERTa. Pure comment 0.8643 0.8573 0.8236 0.8399 0.8697 0.8953 0.8822
’ (0.0023) | (0.0029) (0.0053) (0.0030) (0.0034) (0.0026) (0.0019)
BERTweet. Pure comment 0.8711 0.8524 0.8494 0.8511 0.8860 0.8877 0.8866
? (0.0020) | (0.0044) (0.0059) (0.0024) (0.0037) (0.0046) (0.0018)
BERT, Joint sentence-comment 0.8519 0.8348 0.8203 0.8272 0.8652 0.8759 0.8703
’ (0.0018) | (0.0033) (0.0051) (0.0024) (0.0031) (0.0034) (0.0016)
RoBERTS, Joint sentence-comment 0.8747 0.8642 0.8410 0.8522 0.8815 0.8991 0.8901
’ (0.0027) | (0.0032) (0.0053) (0.0034) (0.0034) (0.0027) (0.0022)
BERTweet, Joint sentence-comment 0.8831 0.8715 0.8568 0.8636 0.8926 0.9035 0.8976
’ (0.0027) | (0.0039) (0.0046) (0.0032) (0.0030) (0.0034) (0.0024)

Table 5: Results on a held-out test set for all model-method pairs. Note: Standard errors in brackets; # of seeds per

model-method pair = 20.

BERTweet: Accuracy over 30 Epochs (95% ClI)
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Figure 4: BERTweet accuracy on validation data.
Shaded area represents 95% confidence intervals over
20 seeds.

it is not simply the sum of its "parts" since these
sentences also depend on the local context.
Rather, this paper compares a pure-comment
model to a joint sentence-comment model, the lat-
ter of which trains jointly on comments and sen-
tence labels. The findings of this novel approach
to detecting anti-normative speech suggest small
but consistent performance gains when training a
joint objective. This difference in performance is
particularly pronounced and significant when using
the BERTweet model. Finally, the paper provides
relatively high performance of the detection of in-
civility, even when tone-related indicators of inci-
vility are dropped, as well as a small but significant
performance gain with the joint objective.

7 Limitations

Architecture Generalizability: This paper tested
the performance gains in detecting incivility, a kind
of anti-normative speech, when the objective is
trained with attention to comment labels as well as
sentence labels. While Transformer-based mod-
els represent a typical means of detecting anti-

normative speech in the literature, the difference in
performance between the two supervision regimes
remains to be seen for other ML models, such as
RNN, and CNNs.

Data Generalizability: Moreover, the findings
are based on two war-related subreddits. This
dataset was chosen given ethical considerations as
well as its relevance to the content-focus in defining
incivility. However, the combination of war-related
discussion and the Reddit environment may pro-
vide a unique semantic and uncivil context that is
not generalizable to other online political discus-
sions.

Choice of Alpha: We compare training an ob-
jective on comment labels only and training an
objective jointly on comment and sentence labels.
Currently, the joint objective is strictly joint, giv-
ing equal preference to comment and sentence loss.
We are therefore agnostic about the performance
gains associated with varying « and thereby the im-
portance that the models give to comment vis-4-vis
sentence labels.

8 [Ethical Statement

With the PRAW library, we used data from Reddit’s
official API to carry out the above analysis, which
ensured compliance with Reddit’s Terms of Service.
The continuous scraping process also respected the
API limits of 100 queries per minute. Moreover,
the data was analysed without any identifiable infor-
mation, such as usernames or IP addresses. Finally,
we avoid the provision of any examples, with those
provided in Figure 1 being purely fictive, although
paraphrased from the most-common uncivil com-
ments.

While the anonymized data will be made avail-
able to the community upon publication, we have



decided not to publish the LLMs fine-tuned with
said data. This is first and foremost a legal consid-
eration, given that Reddit prohibits the publication
of LMMs fine-tuned with Reddit data.

The paper was approved by the university’s ethi-
cal committee of the corresponding author.
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