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Abstract

Multilingual moderation systems often need to
account for the possibility that online incivility
is expressed differently across languages, be-
yond differences in vocabulary or other surface-
level linguistic features. To examine this is-
sue, we analyze a manually annotated bilin-
gual corpus of 800 YouTube comments (400
English and 400 Russian) labeled across four
dimensions: incivility type, severity, target, and
clarity of expression. While severity does not
differ significantly between the two corpora
(Cram’er’s V = .06), significant differences
emerge for type, target, and clarity (V = .13,
.22, and .10, respectively). English comments
contain more abusive and explicit forms of
incivility, whereas Russian comments more
frequently target individuals and employ im-
plicit expression, including sarcasm and irony.
User engagement analyses further show that the
forms of incivility associated with greater visi-
bility differ across the two corpora. Together,
these findings suggest that, within the cor-
pora examined, severity is comparatively stable
across languages, whereas communicative di-
mensions exhibit greater cross-linguistic varia-
tion. The results suggest that multilingual mod-
eration may benefit from distinguishing com-
paratively stable dimensions from language-
sensitive communicative dimensions when de-
veloping annotation guidelines and moderation
resources.

1 Introduction

Multilingual content moderation systems often as-
sume that online incivility is expressed similarly
across languages and that annotation schemes and
detection models transfer once lexical differences
are addressed (Davidson et al., 2017; Zampieri
et al., 2019; Röttger et al., 2022). However, abusive
language datasets often differ substantially in anno-
tation guidelines and category definitions, limiting
comparability and transferability across languages

(Seemann et al., 2023). Although multilingual mod-
eration has received increasing attention, whether
the underlying dimensions of incivility themselves
transfer equally across languages remains largely
unexplored.

Research in cross-cultural communication sug-
gests that norms governing disagreement, criticism,
and hostility vary across linguistic communities
(Sifianou, 1992; Wierzbicka, 1991). Likewise, on-
line incivility has been described as a violation
of communicative norms rather than merely the
use of offensive words (Papacharissi, 2004), while
communicative context has been shown to influ-
ence how hostility is expressed online (Frischlich
et al., 2021). Together, these findings motivate the
central question of this paper: do cross-linguistic
differences in online incivility primarily reflect dif-
ferences in hostility intensity, differences in com-
municative expression, or both?

Previous multilingual studies have primarily in-
vestigated how well abusive language detection
models transfer across languages, often reporting
substantial performance degradation under cross-
lingual transfer (Pavlopoulos et al., 2017; Röttger
et al., 2022). In contrast, we examine whether the
annotation dimensions themselves exhibit compa-
rable cross-linguistic stability. If languages system-
atically differ in how hostility is expressed, multi-
lingual moderation may require language-specific
annotation strategies in addition to cross-lingual
lexical transfer.

To investigate this question, we compare man-
ually annotated English and Russian YouTube
comments. English serves as the reference lan-
guage because it dominates existing online incivil-
ity research, whereas Russian provides a linguisti-
cally and culturally distinct comparison with docu-
mented use of more indirect forms of public criti-
cism in some communicative settings (Oates, 2013;
Gorham, 2017). We analyze four annotation dimen-
sions (type, severity, target, and clarity) together
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No significant dif-
ference in severity

Severity: V=.06, p=.287

English Russian

Explicit (77%)

Group target (41%)

Abusive type (26%)

Borderline drives
engagement

Implicit (33%)

Indiv. target (52%)

Borderline
type (57%)

Implicit + individual
drives engagement

Implication: language-sensitive
annotation and training
may benefit moderation

Figure 1: Conceptual summary of the distinction be-
tween comparatively stable and language-sensitive di-
mensions of online incivility observed in the present
corpora.

with user engagement patterns to determine which
aspects of online incivility remain comparatively
stable across languages.

Our results reveal a consistent pattern. Sever-
ity does not differ significantly between the two
corpora, whereas type, target, and clarity do. In
addition, the forms of incivility receiving the great-
est user engagement differ across the two lan-
guage communities. Together, these findings sug-
gest that multilingual moderation may benefit from
distinguishing between comparatively stable and
language-sensitive annotation dimensions. Figure 1
summarizes this conceptual distinction.

2 Related Work

2.1 Online Incivility

Online incivility is widely understood as a viola-
tion of communicative norms rather than merely
the use of offensive language. Papacharissi (2004)
distinguished incivility from simple impoliteness,
while Coe et al. (2014) showed that uncivil com-
ments influence readers beyond immediate interac-
tion. More recently, Frischlich et al. (2021) demon-
strated that social and platform contexts shape how
incivility is expressed. Together, these studies sug-
gest that incivility is context-dependent and con-
cerns how disagreement, criticism, disrespect, or
hostility are communicated.

In this study, online incivility is used as a broader
communicative concept than hate speech. Hate
speech generally focuses on hostile or derogatory
expression directed at people because of their mem-
bership in a social or identity group, whereas inci-
vility can also involve insults, contempt, sarcasm,
dismissive remarks, or hostile criticism directed at
individuals, groups, or ideas. Thus, not every un-
civil comment in our corpus constitutes hate speech,
and the annotation scheme is not intended to clas-
sify comments exclusively as hate speech. Instead,
it captures multiple dimensions of uncivil expres-
sion, including its form, perceived hostility inten-
sity, target, and explicitness.

This broader definition is important for the
present comparison because the study asks not only
whether hostile content occurs, but also how hos-
tility is communicated across languages. Commu-
nicative norms can vary across contexts and linguis-
tic communities, providing a theoretical basis for
examining whether the dimensions used to charac-
terize incivility transfer equally across languages.

2.2 Annotation Frameworks
Most annotation frameworks have been devel-
oped using English-language data. Davidson et al.
(2017) showed that lexical cues alone are insuf-
ficient for detecting hate speech, Zampieri et al.
(2019) introduced target-based annotation, and
ElSherief et al. (2018) distinguished implicit from
explicit hate speech. More recently, Seemann et al.
(2023) highlighted that differences in annotation
guidelines and taxonomy definitions remain a ma-
jor source of disagreement across abusive language
datasets, while recent multilingual resources ad-
vocate multidimensional annotation schemes that
jointly represent complementary aspects of offen-
sive language, including target and severity (Liebe-
skind et al., 2024; Damo et al., 2025). Building on
this literature, we adopt a multidimensional annota-
tion scheme comprising type, severity, target, and
clarity. These dimensions draw on complementary
strands of prior annotation research: type captures
the form of offensive or uncivil expression, target
captures the intended recipient of the hostility, and
clarity captures the distinction between explicit and
implicit expression. Severity is used to represent
the perceived intensity of hostility independently
of the particular form through which it is expressed.
The four dimensions therefore serve different ana-
lytical purposes rather than treating incivility as a
single binary category. This distinction allows us
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to examine whether cross-linguistic differences are
concentrated in what form hostility takes, whom
it targets, and how explicitly it is expressed, or in-
stead in the overall perceived intensity of hostility.
Our framework is consequently an adaptation of ex-
isting multidimensional annotation principles to the
specific question of cross-linguistic stability, rather
than a claim that these dimensions are individually
new.

2.3 Cross-Linguistic Work

Previous multilingual studies have shown that
markers of online incivility vary across languages
and that cross-lingual abusive language detection
models often experience substantial performance
degradation (Sanguinetti et al., 2018; Ousidhoum
et al., 2019; Pavlopoulos et al., 2017; Röttger et al.,
2022). However, this research has focused primar-
ily on model transfer rather than on whether the
underlying annotation dimensions themselves ex-
hibit comparable cross-linguistic stability.

2.4 User Engagement

User engagement provides behavioral evidence of
which forms of incivility receive the greatest social
visibility. Oz and Greeves (2024) found that moder-
ately uncivil content can attract greater engagement
than overt hostility, while Thelwall (2018) showed
that likes and replies capture different forms of
audience response. This motivates our analysis
of user engagement alongside annotation distribu-
tions.

2.5 Research Gap

Existing work has largely examined either
language-specific annotation resources or cross-
lingual model performance. Much less attention
has been paid to whether the annotation dimensions
used to characterize online incivility are themselves
equally transferable across languages. As a result,
it remains unclear which dimensions reflect broadly
comparable patterns across languages and which
are more sensitive to language-specific communica-
tive norms. Addressing this question is important
because successful multilingual moderation implic-
itly assumes that at least some annotation dimen-
sions generalize across linguistic contexts. The
present study addresses this gap by comparing the
cross-linguistic behavior of four annotation dimen-
sions—type, severity, target, and clarity—using
manually annotated English and Russian YouTube
comments.

3 Data and Methodology

3.1 Platform and Language Selection

YouTube was selected because it hosts large-scale
public discussions across diverse topical domains
and provides engagement indicators (likes and
replies) through the YouTube Data API, making
it a widely used platform for research on online
discourse and abusive language (Frischlich et al.,
2021). English was chosen as the reference lan-
guage because it dominates the online incivility and
abusive language literature (Davidson et al., 2017;
Zampieri et al., 2019), whereas Russian provides
a linguistically and culturally distinct comparison
with documented use of more indirect forms of
public criticism in some communicative settings
(Oates, 2013; Gorham, 2017). One of the authors
is a native Russian speaker, allowing annotation
to be performed directly on the original comments
without translation.

3.2 Data Collection

We collected English and Russian comments from
YouTube videos covering a range of topical cat-
egories, including news, politics, interviews, sci-
ence and culture, crime, psychology and society,
lifestyle and entertainment, music, movies and TV,
and sports. For each language, we sampled 75
videos and collected up to 100 comments per video,
resulting in initial pools of 6,901 English and 7,283
Russian comments. To reduce the influence of tem-
poral changes in platform discourse, we excluded
comments posted before January 2022. We also re-
moved comments that were not primarily linguistic
content, such as link-only or emoji-only comments.

The video selection aimed to provide broad topi-
cal coverage in both languages rather than to repro-
duce the overall distribution of YouTube content.
Table 1 summarizes the distribution of the 75 sam-
pled videos in each language. The specific videos
and channels were not matched across languages;
instead, the sampling sought comparable topical
breadth while allowing the two corpora to reflect
naturally occurring content within each language.

3.3 Subset Construction

Candidate comments were first identified using
language-specific lexicons of negative terms. The
lexicons were initially compiled manually and
subsequently expanded with additional candidate
terms suggested by an AI-assisted tool. The result-
ing lexicons were used only for initial candidate
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Category RU n EN n RU% EN%

News 14 8 18.7 10.7
Politics 10 7 13.3 9.3
Interviews 15 6 20.0 8.0
Science & Culture 9 6 12.0 8.0
Crime 7 4 9.3 5.3
Psychology & Society 6 6 8.0 8.0
Lifestyle & Entertainment 6 10 8.0 13.3
Music 4 8 5.3 10.7
Movies & TV 3 12 4.0 16.0
Sports 1 8 1.3 10.7

Total 75 75 100.0 100.0

Table 1: Distribution of sampled YouTube videos across
topical categories by language.

retrieval and were not used to assign annotation
labels.

The same two-stage procedure was applied to
both languages: keyword-based candidate retrieval
followed by manual contextual review. The ini-
tial keyword filtering identified 773 English and
358 Russian candidate comments from the original
comment pools. Manual review was then used to
assess the comments in context and remove false
positives, including cases in which negative terms
were used in neutral or otherwise non-uncivil con-
texts. The review also allowed implicit, sarcastic,
ironic, or otherwise indirectly expressed forms of
incivility to be identified.

Because lexical filtering cannot reliably capture
all forms of implicit or indirect incivility, addi-
tional comments were manually identified from the
broader unfiltered comment pools. After manual
review and selection, 400 comments per language
were retained for the final corpus.

The final selection was intended to provide com-
parable coverage of incivility types, targets, and
communicative forms across the two languages.
Near-duplicate or highly repetitive comments were
excluded, and the same selection procedure was
applied to both language corpora. The resulting
corpus contained 800 comments in total, compris-
ing 400 English and 400 Russian comments, which
were then manually annotated across the four di-
mensions described in Section 3.4.

3.4 Annotation Schema

Annotation guidelines were developed by adapting
definitions from prior work (Papacharissi, 2004;
Davidson et al., 2017; Zampieri et al., 2019) and
iteratively refined through pilot annotation. Each
comment was annotated on four dimensions:

• Type: abusive, explicit attacks, insults, slurs,
threats; borderline, sarcastic, dismissive,
or contemptuous without overt slurs; non-
abusive, criticism within civil norms.

• Severity: perceived hostility intensity, coded
as high, medium, or low. High severity
includes dehumanization, threats, or severe
slurs; medium severity indicates clear or sub-
stantial disrespect without the most extreme
forms of hostility; low severity indicates mild
rudeness or relatively limited hostility. Sever-
ity is evaluated independently of type so that
a comment’s perceived hostility intensity is
not determined solely by whether its form is
abusive, borderline, or non-abusive. This di-
mension is intended to capture perceived hos-
tility intensity rather than culturally specific
linguistic form. We recognize that judgments
of severity can nevertheless involve contextual
and cultural interpretation, particularly when
comments rely on stereotypes, irony, or cultur-
ally specific references. The cross-linguistic
comparison therefore concerns the distribu-
tion of these annotation judgments within the
two corpora and should not be interpreted as
evidence that severity is culturally invariant.

• Target: individual, group, idea/policy, un-
clear.

• Clarity: explicit, plainly stated; implicit, con-
veyed through irony, sarcasm, or coded sub-
text.

Our annotation design follows recent work advo-
cating multidimensional representations of offen-
sive language that distinguish target, severity, and
other communicative properties, allowing richer
analyses than binary offensive/non-offensive clas-
sification alone (Liebeskind et al., 2024; Damo
et al., 2025). Together, these four dimensions dis-
tinguish communicative form (type), hostility in-
tensity (severity), target, and explicitness of expres-
sion (clarity), enabling us to examine how these
dimensions vary across languages.

Table 2 provides illustrative examples. All 800
comments were annotated manually by one of the
authors. Following pilot annotation, a stratified
subset of 50 comments per language (12.5% of
each corpus) was independently annotated by a
second annotator to estimate inter-annotator agree-
ment. This proportion is comparable to reliability
assessments reported in previous annotation studies
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Comment (paraphrased) Tp Sv Tg Cl

English
“Garbage human being.” ab hi in ex
“Another ‘expert’ who
never did this.”

bl lo in im

“Americans are so enti-
tled.”

bl me gr ex

“This policy is poorly de-
signed.”

na lo id ex

Russian (translated)
Genius move, bravo. bl lo in im
Russia keeps building
mountains of scrap metal.

bl me gr im

Poor girl, fell for an ad-
dict.

bl me in ex

This person is a complete
idiot.

ab hi in ex

Table 2: Examples. Tp=Type (ab=abusive,
bl=borderline, na=non-abusive); Sv=Severity
(hi/me/lo); Tg=Target (in=individual, gr=group,
id=idea); Cl=Clarity (ex=explicit, im=implicit).

(Artstein and Poesio, 2008).

3.5 Analysis
Distributional differences between the English and
Russian corpora were evaluated using chi-square
tests together with Cramér’s V effect sizes (Lakens,
2013). User engagement was analyzed separately
for each corpus using Kruskal-Wallis tests across
annotation dimensions, while Mann-Whitney U
tests compared engagement between the two lan-
guage communities. Statistical analyses were im-
plemented in Python.

4 Results

4.1 Annotation Distributions
Table 3 summarizes the annotation distributions,
while Figure 2 visualizes the same patterns. Signif-
icant differences between the two corpora were ob-
served for type, target, and clarity. The largest dif-
ference was found for target (χ2 = 39.41, V = .22,
p < .001), followed by type (χ2 = 14.40, V =
.13, p < .01) and clarity (χ2 = 8.54, V = .10,
p < .01). In contrast, severity did not differ signif-
icantly between the English and Russian corpora
(χ2 = 2.50, V = .06, p = .287).

The distributions therefore differ more clearly
in the type, target, and clarity of incivility than in
perceived hostility intensity. Although the effect
sizes are modest, the pattern is consistent across
these three dimensions. These findings support
distinguishing between the intensity of hostility and
the ways in which it is expressed across languages.

Dim. Label EN nEN%RU nRU%Total nTotal%

Type
Abusive 102 25.5 59 14.8 161 20.1
Borderline 199 49.8 226 56.5 425 53.1
Non-abusive 99 24.8 115 28.7 214 26.8

Severity
High 97 24.2 81 20.2 178 22.2
Medium 193 48.2 213 53.2 406 50.7
Low 110 27.5 106 26.5 216 27.0

Target

Individual 162 40.5 207 51.7 369 46.1
Group 164 41.0 96 24.0 260 32.5
Idea/policy 70 17.5 71 17.8 141 17.6
Unclear 4 1.0 26 6.5 30 3.8

Clarity Explicit 308 77.0 270 67.5 578 72.2
Implicit 92 23.0 130 32.5 222 27.8

Table 3: Annotation distributions across dimensions by
language and total count.
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p < . 001, V = . 13

High Medium Low
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p = . 287, V = . 06

Indiv. Group Idea Unclear
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10
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Target
p < . 001, V = . 22

Explicit Implicit
0

10
20
30
40
50
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70

%

Clarity
p = . 003, V = . 10

English Russian

Figure 2: Annotation distributions by language. Sever-
ity is the only dimension without a significant cross-
linguistic difference (p = .287, V = .06); target shows
the largest effect (V = .22).

4.2 Engagement Analysis

Across the sampled videos, Russian comments had
a higher median number of likes than English com-
ments (139 vs. 60; Mann-Whitney U = 71494,
p = .009). This cross-language comparison should
be interpreted cautiously because the videos and
channels were not directly matched and audience
size, channel popularity, and other platform-level
factors may influence raw engagement. We there-
fore focus primarily on within-language differences
in engagement across annotation dimensions. Ta-
ble 4 summarizes the Kruskal-Wallis tests examin-
ing whether engagement differed across annotation
dimensions within each language. The overall pat-
tern differs between the two corpora. In the English
corpus, only incivility type is significantly asso-
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Dimension EN H (p) RU H (p)

Type 7.86 (.020) 0.23 (.892)
Severity 2.75 (.253) 0.62 (.734)
Target 3.33 (.344) 14.23 (.003)
Clarity 0.09 (.767) 13.77 (< .001)

Table 4: Kruskal-Wallis test results by annotation pa-
rameter and corpus.

Dimension EN κ RU κ Interp.

Type .674 .669 Substantial
Severity .633 .904 Subst. / Almost perf.
Target .798 .832 Subst.–Almost perf.
Clarity .830 .712 Almost perf. / Subst.

Table 5: Cohen’s κ by dimension and language. All
κ ≥ .63.

ciated with engagement, whereas in the Russian
corpus significant differences emerge for target and
clarity but not for type or severity. In the English
corpus, borderline comments attracted the high-
est median number of likes (137) and replies (3),
whereas abusive comments received the lowest me-
dian engagement (33 likes and 1 reply). In contrast,
engagement did not differ significantly by incivility
type in the Russian corpus. Instead, implicit com-
ments received substantially higher engagement
than explicit comments (median 257 vs. 94 likes
and 6 vs. 2 replies), while comments targeting in-
dividuals received considerably more likes than
those targeting groups (median 228 vs. 56). Taken
together, these findings indicate that the forms of
incivility receiving the greatest community atten-
tion differ across the two language communities,
suggesting that engagement with uncivil content
may be associated with communicative dimensions
beyond severity.

4.3 Inter-Annotator Agreement

5 Discussion

The results reveal a consistent pattern across an-
notation and engagement analyses. Differences
between the English and Russian corpora emerge
primarily in the communicative dimensions of in-
civility (type, target, and clarity), whereas severity
remains comparatively stable. Figure 1 summarizes
this pattern. In the discussion below, we interpret
these findings in relation to existing theories of on-
line incivility, cross-cultural communication, and
multilingual content moderation.

5.1 The Assumption Does Not Hold Uniformly

A common implicit assumption in multilingual
moderation is that incivility is expressed similarly
across languages, with the same communicative
phenomena appearing in different surface forms.
Our findings suggest that this assumption does not
hold uniformly across the two corpora examined.
The most notable result is that severity does not
differ significantly between English and Russian
(V = .06, p = .287), whereas type, target, and
clarity show significant differences. Thus, within
these corpora, the observed cross-linguistic differ-
ences are more pronounced in dimensions describ-
ing how incivility is communicated than in the
distribution of perceived hostility intensity. This
finding should not be interpreted as evidence that
English and Russian have inherently different or
fixed communicative norms. Rather, it indicates
that the forms of incivility represented in the two
samples differ across several communicative di-
mensions while producing comparatively similar
severity distributions. This interpretation is consis-
tent with recent studies suggesting that offensive-
language categories are shaped by linguistic and
cultural context and cannot always be transferred
directly across languages (Liebeskind et al., 2024).

These findings also have implications for mul-
tilingual moderation systems. The dimensions
that vary across the two corpora are type, target,
and clarity, particularly the distinction between ex-
plicit and implicit expression. A moderation model
trained on English data may therefore encounter
a different distribution of communicative signals
from a model trained on Russian data, even when
the perceived severity of the annotated content is
comparable. This difference is not necessarily a
tokenization or vocabulary problem; it may also
reflect differences in the communicative phenom-
ena represented in the training data. Such differ-
ences could contribute to systematic rather than
purely random moderation errors, but this possi-
bility requires direct evaluation using multilingual
moderation models.

5.2 Implicitness and Individual Targets

The higher rate of implicit incivility in the Russian
corpus (32.5% vs. 23.0%) is consistent with previ-
ous accounts of indirect expression and coded criti-
cism in Russian communicative contexts (Gorham,
2017; Oates, 2013). However, the present data
do not establish that cultural norms are the cause
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of this difference. What the data directly show
is that implicit incivility is more prevalent in the
Russian sample and that clarity agreement is lower
for Russian than for English (κ = .712 vs. .830).
This suggests that implicitness may require greater
language-specific attention in annotation and mod-
eration, including guidelines that explicitly address
sarcasm, irony, and other forms of indirect expres-
sion in the target language.

The concentration of individual targets in Rus-
sian (51.7% vs. 40.5%) and group targets in En-
glish (41.0% vs. 24.0%) also points to differences
in the distribution of targeted incivility across the
two samples. In the Russian corpus, comments tar-
geting individuals received a substantially higher
median number of likes than comments targeting
groups (228 vs. 56). This association suggests that
individually targeted incivility can also receive sub-
stantial social visibility. Consequently, moderation
approaches that rely primarily on group-based de-
tection signals (Zampieri et al., 2019) could poten-
tially overlook some individually targeted incivility
with high social visibility. This implication remains
provisional, however, and should be evaluated di-
rectly in future moderation studies.

5.3 Annotation Difficulty and Engagement
Patterns

The inter-annotator agreement results provide a
more nuanced view of the cross-linguistic differ-
ences. Severity agreement was lower for English
(κ = .633) than for Russian (κ = .904), whereas
clarity agreement was lower for Russian (κ = .712)
than for English (κ = .830). These differences sug-
gest that annotation difficulty is dimension-specific
rather than uniformly higher in one language. In
particular, the lower agreement for Russian clarity
is consistent with the difficulty of distinguishing
explicit from implicit expressions when sarcasm,
irony, or context-dependent hostility is involved.
These results should not be taken as evidence that
such ambiguity is inherently characteristic of Rus-
sian; rather, they indicate that the explicit–implicit
distinction presented greater annotation difficulty
in the Russian sample.

The engagement analysis provides a complemen-
tary perspective. Borderline content attracts the
most engagement in English (median 137 likes
vs. 33 for abusive content), consistent with Oz
and Greeves (2024), while in Russian, engagement
does not differ significantly by type and implicit
comments receive a median of 257 likes versus 94

for explicit comments. These patterns suggest that
the forms of incivility associated with greater en-
gagement are not identical across the two samples.
However, the engagement comparison should be
interpreted cautiously because the videos and chan-
nels were not directly matched across languages,
and audience size, channel popularity, topic, and
other platform-level factors may influence raw en-
gagement. Accordingly, these results are best un-
derstood as associations within the sample rather
than evidence that particular linguistic forms inher-
ently produce greater social visibility.

5.4 Toward a Two-Level Framework for
Multilingual Moderation

The pattern across annotation distributions, anno-
tation difficulty, and user engagement suggests a
practical perspective for multilingual moderation
systems.

Comparatively transferable dimensions. Sever-
ity remains comparatively stable across the two
corpora (V = .06). Because severity represents
perceived hostility intensity rather than a specific
communicative realization, it may provide a com-
paratively stable signal for cross-lingual modera-
tion. However, this interpretation should be treated
as provisional, since the present study examines
only two languages and the severity judgments may
themselves be influenced by context and annotation
practices.

Language-sensitive dimensions. In contrast,
type, target, and clarity differ significantly across
the two corpora. These dimensions capture how
hostility is communicated—its directness, intended
recipient, and surface realization—and appear
more sensitive to the communicative context rep-
resented in the two samples. Applying annotation
guidelines developed for one language directly to
another may therefore introduce additional anno-
tation uncertainty, as reflected by the lower agree-
ment for clarity in the Russian corpus (κ = .712
vs. .830). These findings suggest that multilingual
moderation may benefit from language-specific an-
notation guidelines and training data for commu-
nicative dimensions, rather than relying solely on
shared lexical representations or language-specific
tokenization. This interpretation is also consistent
with recent work advocating richer multidimen-
sional annotation resources for offensive language
(Damo et al., 2025).
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Taken together, these findings motivate a two-
level framework in which comparatively stable di-
mensions are distinguished from dimensions that
appear more dependent on communicative context.
Whether this perspective generalizes across addi-
tional language pairs, platforms, and cultural set-
tings remains an open empirical question that war-
rants further investigation.

5.5 Synthesis
Taken together, the findings suggest that, within
the English and Russian YouTube corpora exam-
ined here, cross-linguistic differences are more pro-
nounced in dimensions describing how incivility is
communicated than in the distribution of perceived
hostility intensity. Severity remains comparatively
stable, while type, target, and clarity vary signif-
icantly. This pattern suggests that similar levels
of perceived hostility can be associated with dif-
ferent communicative realizations across the two
samples.

The contribution of this study therefore extends
beyond documenting differences between English
and Russian. It identifies dimensions of incivility
that appear comparatively stable in these corpora
and dimensions that appear more sensitive to lan-
guage and communicative context. This distinc-
tion has implications for multilingual moderation:
rather than assuming that all annotation categories
generalize equally across languages, moderation
resources may need to distinguish between compar-
atively stable dimensions and language-sensitive
communicative dimensions.

The convergence of evidence across annotation
distributions, inter-annotator agreement, and en-
gagement patterns provides support for this inter-
pretation. No single result is decisive, and the rel-
atively small, manually annotated corpora and un-
matched video contexts limit the strength of the
conclusions. Nevertheless, the findings indicate
that cross-linguistic variation in incivility cannot be
adequately characterized only through shared lex-
ical representations. Further research with larger
datasets, additional languages, and direct multi-
lingual moderation experiments is needed to de-
termine the extent to which the observed pattern
generalizes.

5.6 Limitations
The present study has several limitations. First,
YouTube’s automated moderation removes much of
the most extreme content before collection, mean-

ing that the observed severity distributions likely
underrepresent the full range of online incivility.
Second, comment selection relied in part on lex-
ical filtering to identify candidate comments for
manual review. Although the language-specific
lexicons were manually compiled and expanded
with additional candidate terms suggested by an
AI-assisted tool, keyword filtering may favor com-
ments containing recognizable negative or offen-
sive terms and may underrepresent incivility ex-
pressed through sarcasm, irony, understatement, or
culturally specific indirect language. Manual re-
view of the filtered candidates and additional selec-
tion from the broader unfiltered corpus helped mit-
igate this limitation, but it could not eliminate the
possibility of systematic selection bias. The final
selection also involved researcher judgment to max-
imize diversity across topics and communicative
forms. Because the same procedure was applied
to both language corpora, the approach provides
procedural consistency, but some sampling subjec-
tivity may remain. Third, all 800 comments were
manually annotated by a single annotator, while
inter-annotator agreement was estimated on a strati-
fied subset of 50 comments per language. Although
agreement was consistently substantial across all di-
mensions, a larger double-annotated sample would
provide a more comprehensive assessment of an-
notation consistency. Because primary annotation
was conducted separately across the two language
corpora, annotator-specific interpretation cannot be
completely separated from language-specific dif-
ferences; the agreement subset provides evidence
of consistency but does not eliminate this potential
confound.

Fourth, the annotators shared similar cultural
backgrounds, which may have influenced interpre-
tations of Russian-language content. In addition,
severity represents perceived hostility intensity and
may itself be influenced by cultural and contex-
tual interpretation. Therefore, the absence of a
significant difference in severity should be under-
stood as a finding about the distributions produced
by the present annotation procedure, rather than
evidence that hostility intensity is universally per-
ceived in the same way across languages. Fifth,
the corpus comprises 400 comments per language
collected exclusively from YouTube, limiting gen-
eralizability to other platforms, languages, and on-
line communities. Finally, although comparable
topical categories were sampled across languages,
exact matching of videos and channels was not
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feasible, and residual topical differences may have
influenced some findings.

6 Conclusion

Across the English and Russian corpora examined
in this study, severity remains comparatively stable,
whereas type, target, and clarity differ significantly.
The findings therefore suggest that, within these
two corpora, cross-linguistic differences are more
pronounced in dimensions describing the commu-
nicative realization of incivility than in the distribu-
tion of perceived hostility intensity. This should not
be interpreted as evidence that severity is culturally
invariant or that English and Russian have fixed
communicative styles. Rather, the results identify
dimensions that appear comparatively stable in the
present samples and dimensions that may require
greater language-specific attention.

The study suggests that multilingual moderation
should not assume that all annotation dimensions
transfer equally across languages. Comparatively
stable dimensions such as severity may provide a
useful basis for cross-lingual generalization, while
communicative dimensions including type, target,
and clarity may benefit from language-specific an-
notation guidelines and training data. The engage-
ment and annotation-agreement results further indi-
cate that these language-sensitive dimensions can
involve different patterns of visibility and annota-
tion difficulty.

These conclusions remain provisional given the
use of two languages, a relatively small manu-
ally annotated corpus, separate primary annota-
tors, and unmatched videos and channels. Future
work should evaluate the proposed framework us-
ing larger independently annotated datasets, more
language pairs and platforms, and direct experi-
ments with multilingual moderation models.

Data Availability
Raw comment texts cannot be redistributed due to YouTube’s
Terms of Service. Annotation labels and non-textual metadata
will be released where permitted.
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A Negative-Word Lexicons

The language-specific negative-word lexicons used
for initial candidate retrieval are provided below
for transparency and reproducibility. The lexicons
were used solely to identify comments for subse-
quent manual contextual review and were not used
to determine the final annotation labels. Terms in
the lexicons therefore should not be interpreted as
operational definitions of incivility or as the com-
plete vocabulary of uncivil expression in either lan-
guage.

A.1 English Lexicon
bad, awful, terrible, horrible, worst, poor, disappointing, bor-

ing, dull, lame, weak, messy, sloppy, lazy, pointless, mean-

ingless, useless, worthless, ridiculous, absurd, nonsensical,

illogical, stupid, dumb, idiotic, cringe, cringey, embarrassing,

pathetic, frustrating, annoying, irritating, obnoxious, unbear-

able, trash, garbage, junk, nonsense, bullshit, crap, shit, mess,

disaster, trainwreck, joke, chaos, catastrophe, nightmare, hor-

ror, devastation, destruction, collapse, crisis, outrage, scandal,

shame, disgrace, failure, breakdown, catastrophic, horrific,

shocking, disturbing, unacceptable, ridiculous situation, com-

plete mess, total disaster, absolute joke, what a mess, what

a disaster, what a joke, this is a joke, embarrassing to watch,

total mess, complete failure, epic fail, big fail, massive fail,

low effort, zero effort, no effort, poorly done, badly made,

trash content, garbage content, overrated, clickbait, forced,

tryhard, hate, despise, can’t stand, cannot stand, sick of, tired

of, fed up, done with, disgusted, disgusting, disturbing, awful

to watch, painful to watch, hard to watch, makes no sense,

doesn’t make sense, waste of time, not worth it, absurd sit-

uation, no way, this is horrible, this is terrible, this is awful,

horribly wrong, terribly wrong, deeply wrong, completely

wrong, infuriating, outrageous, disgraceful, shameful, unac-

ceptable behavior, unacceptable situation, what is this, how

is this possible, this is messed up, so messed up, completely

messed up, totally messed up, broken system, failed system,

corrupt, corruption, biased, unfair, injustice, criminal, evil,

sick, twisted, madness, chaos everywhere, world is broken,

everything is wrong, nothing makes sense, going downhill,

getting worse, worse and worse, beyond bad, beyond terrible,

beyond horrible, unacceptable outcome, unacceptable result,

failure of system, system failure, huge problem, serious prob-

lem, major problem, big problem, disaster waiting to happen,

already a disaster, complete disaster, total failure, absolute fail-

ure, epic disaster, massive disaster, horrible outcome, terrible

outcome, awful outcome, idiot, moron, dumbass, asshole, bas-

tard, bitch, piece of shit, piece of trash, fucking, fuck, fucked

up, shitshow, clusterfuck
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