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Abstract

Digital platforms were expected to foster broad participation
in public discourse, yet online engagement remains highly
unequal and underexplored. We ask whether who talks the
most also shapes the tone that becomes visible in news com-
ment sections. Using 260 million comments from 6.2 mil-
lion users over 13 years on Naver News, we measure partic-
ipation inequality with the Gini and Palma indexes and esti-
mate hostility levels with a KC-Electra model, which outper-
formed other Korean pre-trained transformers in multi-label
classification tasks. We test two hypotheses: (H1) a within-
section, over-time association between participation concen-
tration and hostile tone; and (H2) a decomposition of hos-
tility changes into composition (who talks how much) ver-
sus behavior (how those same groups talk). We find that
higher concentration is associated with higher hostile tone,
and that changes in hostility are driven mainly by behavioral
intensification among active users, rather than compositional
shifts. These results quantify the relationship suggested by
exploratory patterns and point to an amplification risk: when
a few users dominate, visible discourse can skew sharper,
potentially discouraging casual participation and reinforcing
concentration.

Code and Data —
https://github.com/SangbeomKim7/Disproportionate-
Voices-ICWSM26

Introduction

Digital platforms were once expected to foster broad and eq-
uitable participation in public discourse (Papacharissi 2004).
However, growing evidence suggests that online engage-
ment remains highly unequal, with a small fraction of users
dominating digital conversations, potentially skewing pub-
lic discourse (e.g., Van Mierlo 2014; Gasparini et al. 2020;
Carron-Arthur, Cunningham, and Griffiths 2014; Baqir et al.
2023; Antelmi, Malandrino, and Scarano 2019). The ‘90-
9-1" principle, although not rigorously tested, suggests a
significant disparity in online participation, where 90% of
users (’lurkers’) primarily observe without participating, 9%
(’contributors’) engage occasionally, and a mere 1% (’su-
perusers’) generate the majority of online content (Nielsen
2006).
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This study examines the digital participation divide and its
relationship with hostile engagement in online news discus-
sions. Using a 13-year dataset from Naver News, South Ko-
rea’s largest news aggregation platform, we analyze 260 mil-
lion comments from 6.2 million users to assess the participa-
tion inequality between frequent and infrequent commenters
in news comment sections and its connection with content
hostility. We employ the Gini and Palma indices to quantify
participation disparities and apply a transformer-based deep
learning model (KC-Electra), fine-tuned for multi-label clas-
sification, to classify comment hostility levels.

Building on descriptive evidence of highly concentrated
participation and our exploratory hostile-content classifica-
tion, we ask whether who falks the most also shapes the
tone that becomes visible. To make this link concrete, we
align measurement on the same activity groups—Palma
for inequality (Top 10% vs. Bottom 40%) and a group-
conditional hostility index that tracks the Top 1%, the Top
1-10% (excluding Top 1%), and the Bottom 40% within
each section—-month (with Bottom 40% used as a lower-base
group). This alignment keeps the focus on the parts of the
conversation that are most likely to shape what readers actu-
ally see when participation is concentrated.

The findings reveal a highly unequal participation struc-
ture, with a small number of frequent users contributing dis-
proportionately to news comment sections. This participa-
tion divide is particularly pronounced in political news do-
mains and in more widely read news stories. Moreover, fre-
quent commenters are significantly more likely to post hos-
tile content, including both uncivil and hateful content, sug-
gesting that online discourse is shaped disproportionately by
a highly active and often hostile subset of users. Consistent
with this picture, we show—via Hl—that higher partici-
pation concentration is associated with higher hostile tone
within sections over time, and—via H2—that changes in
hostility are driven primarily by behavioral intensification
among active users rather than by shifts in who is present.

This study makes a novel contribution by systematically
linking participation inequality with multiple forms of hos-
tile engagement at scale, using user-level trace data over
13 years. Methodologically, we align inequality and hostil-
ity on identical activity groups and move from descriptive
hints to testable statements with transparent measurement,
quantifying a robust association that prior work often treated



separately. Substantively, we reframe participation inequal-
ity as a quality-of-discourse issue: when a few users domi-
nate, the visible conversation can skew sharper, potentially
discouraging casual participation and reinforcing concentra-
tion. While our design is non-causal and subject to poten-
tial confounding and measurement error, the results are con-
sistent with an amplification risk that platforms and editors
should monitor, and they lay a baseline for future causal de-
signs and policy experiments.

Digital Divide and Online Hostility

Research on digital participation has long documented sig-
nificant disparities across online platforms. Contrary to early
expectations that digital spaces would foster widespread
civic participation (Papacharissi 2004), the ”90-9-1” prin-
ciple suggests that 90 percent of users passively consume
content, 9 percent contribute occasionally, and only 1 per-
cent generate the majority of online content (Nielsen 2006).
Although comprehensive research on this inequality remains
scarce, several studies confirm that only a small fraction of
users actively participate in digital spaces (e.g., Van Mierlo
2014; Gasparini et al. 2020; Carron-Arthur, Cunningham,
and Griffiths 2014; Bagqir et al. 2023; Antelmi, Malandrino,
and Scarano 2019).

The inequality of digital participation nevertheless re-
mains largely unexplored. Most studies on the digital di-
vide have focused on disparities in physical access to digital
systems (Chagfeh et al. 2023) or differences in digital skills
and literacy (Hargittai 2018; Hargittai and Shaw 2015), with
far less attention given to other dimensions of digital in-
equality (Korovkin, Park, and Kaganer 2023; Scheerder,
Van Deursen, and Van Dijk 2017; Van Dijk 2006). Thus,
there is limited understanding of the extent of participa-
tion inequality among individuals who have access to digital
platforms but engage with them to varying degrees. This par-
ticipation gap is especially salient in South Korea’s portal-
centered news environment, where access runs through cen-
tralized hubs that aggregate many outlets.

Prior research also suggests that digital participation in-
equality may be linked to a higher likelihood of hostile en-
gagement. Hostility or incivility in online spaces has been
widely documented, particularly in political discussions and
news comment sections (e.g., Coe, Kenski, and Rains 2014;
Humprecht, Hellmueller, and Lischka 2020; Rowe 2015;
Santana 2014; Rossini 2022). In online comment sections,
frequent users are more likely to post hostile content. For
example, research on Facebook found that highly engaged
users exhibit greater levels of toxicity in their comments
(Kim et al. 2021a). Similarly, studies on news comment sec-
tions indicate that hostility tends to cluster among the most
active participants (Humprecht, Hellmueller, and Lischka
2020; Rowe 2015), potentially shaping broader public per-
ceptions of digital discourse.

The potential association between frequent commenting
and hostile content may be driven by anger, a high-arousal
emotion that is strongly linked to greater engagement and
participation (Berger 2011; Brady et al. 2017; Crockett
2017; Hasell and Weeks 2016; Masullo, Lu, and Fadnis
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2021; Valentino et al. 2011). This pattern is particularly pro-
nounced in partisan digital environments, where hostility to-
ward out-groups generates higher engagement than in-group
favoritism (Rathje, Van Bavel, and Van Der Linden 2021;
Yu, Wojcieszak, and Casas 2024). Masullo, Lu, and Fadnis
(2021) further suggests that anger increases the likelihood
of users actively expressing their opinions online, regard-
less of the opinion climate they encounter. In settings where
comments are ranked by popularity or recency, these emo-
tion—engagement dynamics can concentrate which voices
and tones become most visible

Building on these insights, this study advances research
on the digital divide by bridging two critical aspects of on-
line engagement—digital participation inequality and online
hostility—that have not been systematically examined to-
gether. By leveraging individual-level news comment behav-
ior data over a 13-year period, this study provides a rare op-
portunity to examine both the severity of the participation
divide between frequent and infrequent users and whether
this divide is indeed linked to hostile engagement. Beyond
showing that active users are more hostile, we examine how
participation inequality relates to hostility across time and
news domains by decomposing changes in overall hostility
into composition effects (who is seen; shifts in group shares)
and within-group rate effects (how hostile each group is) un-
der the South Korean specific setting where centralized hubs
aggregate many outlets and comments are ordered by popu-
larity or recency.

Data
Naver News

South Korea is one of the most digitally connected coun-
tries in the world, boasting the highest percentage of high-
speed broadband connections among OECD nations (Pak,
André, and Beom 2021). In addition, in this country, online
news consumption is overwhelmingly concentrated on news
aggregator platforms rather than individual news websites.
According to a global comparison of 46 countries, South
Korea had the highest rate of news consumption via news
aggregators and the lowest direct access to news websites
in 2021 (Oh, Park, and Choi 2021). Naver News is the most
dominant gateway in Korea—over 90 percent of Koreans use
Naver as their primary search engine, and 87 percent rely on
Naver News for their online news consumption (Kim et al.
2021b). This suggests that the inequality of digital access is
at least minimal.

This context allows us to examine participation inequal-
ity without appealing to access constraints. Naver’s in-link
system lets users read full articles and comment within the
platform, removing the need to create multiple outlet ac-
counts and keeping news consumption and discussion in one
place. During our study period, exposure on the news front
pages was not shaped by personalized recommendation al-
gorithms, reducing algorithmic bias in what users see. This
comprehensive and centralized design makes Naver News
particularly valuable for studying digital participation and
hostile engagement at the individual level, with consistent
definitions of exposure and discussion across outlets. With



longitudinal tracking of commenting at the user level, ob-
served participation disparities are likely to reflect user pref-
erences rather than structural access limitations.

News Comment Data

From Naver News, we collected approximately 260 million
comments along with unique user identifiers (different from
actual accounts; partially masked by the platform) from Jan-
uary 2008 to September 2020, using the R package N2H4.
During this period, Naver News published a daily list of the
30 most-read articles across six domains—Politics, Society,
Economy, World, IT/Science, and Life/Culture—amounting
to 180 articles per day.

One important feature of the comment system is that it
technically supports one level of nested replies, but is effec-
tively semi-flat: most comments appear in a single top-level
feed, and reply chains rarely extend beyond a few posts. Due
to the limitations of the N2H4 collection tool, our dataset
contains only the most visible top-level comments from the
daily most-read list, rather than the full set of nested replies.
While this was not an intentional design choice, it has the ef-
fect of aligning our analysis with the lurker experience, since
casual readers are most likely to encounter these promi-
nently displayed comments.

The final dataset contains 802,946 articles from 141 out-
lets and 260,203,552 comments posted by approximately
6,170,121 unique users. On average, each article received
324 comments. The volume of commenting activity in-
creased significantly over time (see Appendix), likely reflect-
ing the growing accessibility of online news platforms.

Given the large volume of comments and the presence of
heavily active users, we conducted a supplementary analysis
to assess whether certain users exhibited non-authentic (bot-
like) behavior, such as repetitive commenting. We find that
while a small subset of users show highly duplicated (or sim-
ilar) content, their overall prevalence is limited and unlikely
to bias the main results (see ”Check Bot-like Accounts” sub-
section in the Appendix).

Hate Speech Data

Previous research distinguishes between intolerant mes-
sages, which express harmful or discriminatory intent to-
ward specific groups, and impolite posts, which contain rude
or offensive language (Rossini 2022). Although terminology
varies across the literature (e.g., Rossini 2022; Rowe 2015;
Rega, Marchetti, and Stanziano 2023), these studies empha-
size that not all uncivil messages are equally damaging to
democratic discourse, underscoring the need to differentiate
between the two types. This study adopts a typology of “hos-
tility” that distinguishes these forms: we refer to generally
rude or offensive content as uncivil, and content targeting
specific social groups as hateful.

To detect hostility in news comments, we adopt the Ko-
rean Unsmile Dataset(Kim 2022) as the labeled corpus to
operationalize our hostility construct. How these labels are
used to train and compare classifiers is described in Mea-
suring Comment Hostility. This dataset includes ten distinct
labels (civil, uncivil, and hate speech targeting nine differ-
ent social groups), allowing us to evaluate model perfor-
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Figure 1: Label distribution and co-occurrence (multi-label).
(A) Marginal frequencies of Uncivil and hate categories;
"Civil” is excluded.

(B) Pairwise co-occurrence among labels (darker = greater
overlap), showing how labels appear together within the
same sentence.

mance across nuanced types of hostile languages. The ten
categories specifically include Civil (devoid of hate speech),
Uncivil (disparaging language or personal attacks), and vari-
ous hate speech types targeting race/nationality, region, gen-
der(male/female/family), religion, age, and sexual minori-
ties. Each comment can receive multiple labels across cate-
gories.

However, this dataset may potentially misclassify neu-
tral comments as hateful (Kang et al. 2022). For example,
a benign statement referencing a group may be flagged as
hate speech incorrectly. We supplemented the dataset with
additional neutral sentences following Kang et al. (2022)
to mitigate this issue. Despite these mitigations, Korean
online discourse still employs obfuscation and morphol-
ogy that can mask hostility—e.g., consonant-only abbrevi-
ations, derivational pejoratives, spacing/morphological vari-
ation, and code-mixing. Such devices degrade tokenization
so that even a fine-tuned deep model can miss euphemistic/-
coded hostility (false negatives) or flag reclaimed/sarcastic
usage (false positives). We provide marked examples with
the salient linguistic features in Table 8 in the Appendix.

In the training dataset, uncivil content is the most fre-
quent category (24.5%), followed by hateful content tar-
geting race/nationality (13%), female/family (12%), male
(11%), region (10%), religion (9%), sex minority (9%), and
age (4.8%). These frequencies are shown in Figure 1A.
While panel Figure 1A shows label-wise frequencies, it does



not reflect how many comments carry multiple labels. Fig-
ure 1B visualizes pairwise co-occurrence among categories
(darker cells indicate greater overlap), allowing readers to
see at a glance both the marginal distribution (Figure 1A)
and the overlap structure (Figure 1B) in a single integrated
figure.

Methods
Measuring Participation Inequality

To assess user engagement levels, we first ranked all users in
the dataset based on the number of comments they posted,
with the most active commenters placed at the top. This
ranking allowed us to classify users into different engage-
ment groups, which were then used to compare hostility
levels in their comments. Our analysis primarily focuses on
the top 10% of the most active commenters, comparing them
to the bottom 40% of commenters, who consistently exhibit
substantially lower engagement.

To quantify participation inequality among these user
groups, we employed two widely used economic disparity
metrics: the Gini index and the Palma index (Atkinson et al.
1970; Kakwani 1977), both of which have been applied in
prior research to assess engagement inequalities in digital
spaces (Glenski, Volkova, and Kumar 2020).

The Gini index captures the overall dispersion of partic-
ipation levels, reflecting how unequally comments are dis-
tributed among users. A higher Gini index indicates greater
inequality in engagement. However, it has limitations: two
distributions can share the same Gini value yet differ in
whether the disparities are driven by the most or least ac-
tive users. Moreover, it is more sensitive to changes in the
middle of the distribution than at the extremes.

To address these limitations, the Palma index focuses on
extremes by measuring the ratio of participation between
the top 10% and the bottom 40% of commenters. An in-
creasing Palma index indicates growing dominance of the
most active users over the least active ones, offering a clearer
picture of who dominates the discourse in digital spaces and
to what extent.

Therefore, throughout our analysis, we present Gini and
Palma side by side: Gini for overall inequality, and Palma for
concentrating among highly active users. This complemen-
tary approach allows us to identify whether observed trends
are driven by shifts in mid-level participation or by changes
at the extremes.

Measuring Contribution to Inequality

After calculating the inequality metrics, we assess whether
the observed disparities are primarily driven by frequent or
infrequent commenters using the relative mean deviation
(RMD). This metric is mathematically defined as follows:

N; — Mg
Hg

where 7 represents an individual user, g denotes the news
domain. N; is the number of comments posted by user ¢,
and p14 represents the average number of comments per user
in news domain g.

RMD;, = @8
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The RMD serves as a counterfactual measure to evaluate
participation inequality. In a scenario where all users con-
tributed an equal number of comments, the comment space
would exhibit perfectly equal participation. This hypotheti-
cal equal participation level is represented by ji,. By com-
paring each user’s actual comment count to /4, the RMD
quantifies how much more or less each user contributes rel-
ative to this counterfactual equality.

This metric allows us to determine whether inequality is
driven by frequent commenters posting significantly more
than expected or by infrequent commenters contributing far
less than the counterfactual amount. In doing so, it provides
a clearer picture of how participation disparities emerge in
online discussions.

Measuring Comment Hostility

Basic Framework To assess the level of hostility in user
comments, we conducted a content analysis by stratifying
commenters into heavy (top 10%) and light (bottom 40%)
engagement groups, based on the Palma index. Within the
top 10%, we further isolated the top 1% of commenters, as
a small subset appeared disproportionately frequently com-
pared to others.

As an initial step, we used KC-BERT (Base and Large)
and KC-Electra (Lee 2020) models using the hate speech
dataset described earlier. These KC-specific models are de-
signed to better capture the nuances of Korean online com-
ments, including informal variations and synonymous ex-
pressions. To benchmark their performance and assess clas-
sification robustness, we also trained two widely used refer-
ence models: KoBERT and KoElectra.

After model training, we selected the best-performing
model and applied it to a 1% stratified sample of comments
from each user group. The model assigned multi-label scores
to each comment, and for simplicity, we retained only the
highest-scoring label per comment, filtering out those for
which all scores were below 0.5. We then consolidated the
ten original hate categories into three broader classes: civil,
uncivil, and hateful. This grouping allows for a more pre-
cise comparison of hostility level across commenter groups
by reducing label complexity while preserving key semantic
distinctions.

Specifically, uncivil comments include general profan-
ity and personal attacks, whereas hateful comments contain
derogatory or discriminatory expressions targeted at specific
social groups (e.g., gender, religion, race, or region). Com-
ments lacking such content are labeled civil. Based on this
three-way classification, we then compared the distribution
of component types (civil, uncivil, and hateful) across user
engagement groups. Using a chi-squared test of proportions,
we tested whether the observed differences in hostility lev-
els between heavy and light commenters were statistically
significant.

Details of the Training Process To determine optimal
performance, we conducted experiments across a range of
hyperparameters: learning rates of 2e-5, 3e-5, and Se-5;
batch sizes of 8, 16, 32, and 64; and training epochs of 3
and 5. All models were trained and evaluated using a sin-



gle NVIDIA Tesla T4 GPU on Google Colab. The training
for each model took approximately 2—4 hours, depending on
model size and batch configuration.

Table 1 summarizes the best-performing configurations.
Among all models, KC-Electra slightly outperformed the
others. This result aligns with our expectations, as KC-
specific models are pretrained on Korean corpora that in-
clude substantial amounts of informal, user-generated con-
tent, such as online comments, making them more attuned
to the linguistic characteristics of our dataset.

Model performance was evaluated primarily using the La-
bel Ranking Average Precision (LRAP) score. Additional
metrics—including precision, recall, and F1 Score—also
confirmed the superior performance of KC-based models
in handling the multi-label classification of hostile and hate
speech in Korean text.

Model F1 Precision Recall LRAP
KC-BERT Base 0.862  0.876 0.850 0.926
KC-BERT Large 0.865 0.884 0.851 0.928
KC-Electra 0.872 0.882 0.866 0.931
KoBERT 0.839  0.837 0.843 0.908
KoElectra 0.849  0.847 0.852 0.913

Table 1: Performance comparison of transformer-based
models on the multi-label hate speech classification task.
The best-performing model for each metric is shown in bold.

Participation Inequality

Descriptive statistics on participation levels indicate a
stark digital participation gap (Figure 2). On average, the top
10% of frequent commenters account for nearly half of all
comments in news comment sections (50.11%), while the
bottom 40% contribute only 14.99% of total comments over
the years. Importantly, this divide is not merely transient:
cohort-based continuous retention shows that 64.2% of Top-
10 users in a given month remain Top-10 in the next month,
and 13.1% remain Top-10 for the entire next year. Together,
Figure 2 and these persistence diagnostics indicate a stable
concentration of participation and substantial divide in digi-
tal participation (full retention table and the survival plot in
Appendix, Figure 7, Table 12). This imbalance underscores
the motivation for our study, highlighting the need to inves-
tigate the structural disparities in online engagement.

Participation Inequality by News Domain and
Popularity

To further examine this divide, we quantified participation
inequality within the news ecosystem using the Gini in-
dex and the Palma index. We then compared participa-
tion inequality (a) across six news domains (Politics, Soci-
ety, Economy, World, IT/Science, and Life/Culture) and (b)
at varying levels of news popularity. Note that Naver
News publishes a daily list of the 30 most-read articles, re-
ferred to as ‘Ranking News.” To measure news popularity, we
used these rankings, with Ist representing the least popular
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Figure 2: Share of Comments by Top 10% and Bottom 40%
Groups

and 30th the most popular article of the day. We then calcu-
lated Gini and Palma indices for different news stories based
on their popularity ranks to assess how inequality changes
across news interest levels.

Figure 3 presents participation inequality across different
news domains over the study period. From the Gini index,
Politics emerges as the domain with the highest overall dis-
persion of participation, followed by Society and Economy,
indicating that comments are highly concentrated among a
limited number of users. The Palma index reinforces this
pattern of Politics, showing its extreme concentration is
driven primarily by the top 10% of commenters dominating
over the bottom 40%. In contrast, domains such as Life/-
Culture and IT/Science display relatively lower levels of
the Gini index and markedly smaller Palma index, suggest-
ing that lower overall inequality in these domains coincides
with a more balanced participation between the most and
least active users.

Taken together, the two measures indicate that while poli-
tics shows the highest overall inequality, its Palma values re-
veal that this pattern is largely driven by dominance among
the most active commenters.
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Figure 3: Average Gini and Palma Indices Across News
Domains(2008-2020)



Figure 4 presents participation inequality as measured
by the Palma index (Panel A) and the Gini index (Panel
B) across different levels of news popularity. Across all do-
mains, both indices display a clear upward trend, indicating
that as a news story becomes more popular, participation in-
equality increases. The Palma index highlights that this ef-
fect is driven largely by the growing dominance of the most
active commenters, while the Gini index confirms that over-
all disparities also widen with popularity. Domain patterns
mirror the main trend: Politics/Society are highest and steep-
est on both Palma and Gini, whereas other domains change
modestly.

At first sight, the finding that participation inequality be-
comes more pronounced in widely read articles may appear
counterintuitive, since a larger readership could be expected
to diversify participation. However, the semi-flat structure
of the Naver News means that highly active users repeat-
edly occupy visible positions, especially in popular articles,
thereby amplifying their dominance rather than diluting it.
Combined with the absence of personalized ranking, this
suggests that the heightened inequality observed in popular
news reflects user behavior and platform design rather than
algorithmic bias.
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News Popularity
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Figure 5: Relative Mean Deviation (RMD) by domain for
Bottom-40 and Top-10 commenter groups by News Domain.
RMD measures deviation from a counterfactual of equal
participation. Negative values indicate under-participation;
positive values indicate over-participation. For a finer break-
down within the top decile, see Figure 11 in the Appendix,
which shows a sharp jump at the Top-1%.

User Contribution to Participation Inequality

To assess which user groups contribute most to participation
inequality, we analyzed Relative Mean Deviation (RMD)
scores. While the Palma and Gini indices measure overall
inequality, they do not reveal how different user groups con-
tribute to these disparities. RMD addresses this gap by indi-
cating how much each group’s participation deviates from a
hypothetical benchmark of perfect equality, where all users
contribute an equal number of comments within a given
news domain and news popularity level. A value of O repre-
sents perfect equality, while negative values indicate lower-
than-expected participation, and positive values indicate ex-
cessive participation relative to the equality benchmark.

Figure 5 presents the relative mean deviation(RMD)—the
gap from a counterfactual of equal participation—for the
bottom 40% and the top 10% of commenters across news
domains. Across all domains, the bottom-40 sit slightly be-
low zero (mild under-participation), whereas the top-10 lie
well above zero (strong over-participation). The separation
is largest in Politics and Society and smallest in IT-Science
and Life-Culture.

Taken together, these patterns indicate that participation
inequality is driven primarily by the over-contribution of the
most active decline, rather than by a dramatic withdrawal
of the least active 40%. This aligns with the Palma results
(top vs. bottom concentration) and complements the Gini
evidence on overall dispersion.

Moreover, there is a progressive and disproportionate in-
crease in deviation among more active users, with the top
1% of commenters exhibiting the highest deviation. The top



1% of users have an RMD between 23 and 30, compared
to an average deviation of 3 among other active groups,
demonstrating their outsized influence on digital discourse
(see Figure 11 in the Appendix).

These findings underscore two key aspects of participa-
tion inequality. First, they indicate that the observed par-
ticipation gap is primarily driven by highly active users
posting disproportionately more comments, rather than in-
frequent users posting significantly fewer comments. This
suggests that participation inequality is a function of over-
contribution by a small subset of users rather than disen-
gagement by the majority.

Second, there is a sharp divide even among active com-
menters, particularly between the top 1% and the rest, high-
lighting that the most extreme contributors play a dominant
role in shaping discussions. This suggests that online dis-
course is not only concentrated among a small subset of
users but is further skewed by an even smaller group of hy-
peractive commenters, reinforcing the severe imbalances in
digital participation.

Comment Hostility

Previous studies suggest that more active users in comment
sections are more likely to exhibit hostility. To examine this,
we conducted a computational content analysis to assess
the levels of hostility in comments posted by different user
groups. For this analysis, we focused on three distinct com-
menter groups, ranked by their commenting activity: (1) the
top 1% most active commenters, (2) the next most active
group (top 1-10% (excluding top 1%)), and (3) the bottom
40% least active commenters. It is important to note that
the top 1% and top 1-10% are distinct groups, unlike the
broader categories used in prior analyses.

Given the unique behavior of the most active users, as
shown in the participation inequality results, we isolated
the top 1% separately to better capture the extreme engage-
ment patterns of this highly active subset. For each group,
we randomly selected 1% of comments from the raw dataset
for analysis. These comments were then classified as either
(1) civil, (2) uncivil, or (3) one of eight types of hateful
comments using a deep learning classifier trained on a large
dataset of labeled comments.

Figure 6 presents the distribution of comment categories
across these three user groups. For simplicity and clar-
ity, we aggregated the original 10 fine-grained labels into
3 macro-categories—civil, uncivil, and hateful—and report
these simplified proportions in Table 2, facilitating a concise
comparison of hostility across groups.

As expected, the most frequent commenters—the top 1%
and top 10%(excluding the top 1%)—are significantly more
likely to post uncivil comments compared to the less active
bottom 40%, as confirmed by chi-square proportion tests (p
< 0.001 for the comparison between bottom 40% and top
1-10%, and between bottom 40% and top 1%).

To complement this finding, we computed Cohen’s h (Co-
hen 1988), which indicated that these differences are not
only statistically significant but also non-trivial in magni-
tude. All comparisons yielded h > 0.2, which meets the
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Figure 6: Hate Comment Classification Result by Percentile
User Group

threshold for a small effect size (see Appendix for inter-
pretation criteria), with the largest effect in the civil cat-
egory (h = 0.34 for bottom 40% vs. top 1-10%; h=0.42
for bottom 40% vs. top 1 %), confirming that the observed
differences—though driven primarily by shifts in civility
rather than target-specific hate—are substantively meaning-
ful rather than mere artifacts of large sample size. Together
with the chi-square results, these findings provide strong ev-
idence of behavioral divergence in commenting style across
user activity levels.

Regarding hateful content, the divide in online hostility
extends even among active users: the top 1% is significantly
more likely to post hateful comments than the top 1-10%
(chi-square test, p < 0.001). This finding further reinforces
the digital participation divide, showing that not only do a
small number of users dominate discussions, but they also
tend to engage in higher levels of incivility and hate speech.

User Civil Uncivil Hate
Group
Bottom 40% 0610 0332 0058
Top 1% - Top 10% 0442 0442  0.116
Top 1% 0400 0448  0.152

Table 2: Proportion of comment categories by user group

Comparison Civil Uncivil Hate
Bottom 40 vs Top 1% - Top 10%  0.34 0.23 0.21
Bottom 40 vs Top 1% 0.42 0.24 0.31

Table 3: Effect sizes (Cohen’s h) across label categories by
group comparison

We replicated the analysis using four alternative Korean
language models to ensure that our classification results are



Top 1% Top 1-10% Bottom 40%

p 17 (excl. Top 1) (lower-base)
Civil 65.1% 33.0% 1.9%
Uncivil 66.9% 32.1% 1.0%
Hate 73.4% 26.0% 0.6%
Total n 1,336,325 635,515 28,919

Table 4: Composition of labels across activity groups (share
%)

not overly dependent on model choice. The results consis-
tently show that more active users tend to post a higher pro-
portion of hate comments across all models. The full com-
parison of raw proportions and effect sizes (Cohen’s h) is
provided in Robustness Check for Hate Speech Classifica-
tion in the Appendix
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Figure 7: Log Difference in the Proportion of Uncivil (Panel
A) and Hateful Comments (Panel B) between Extreme (Top
1%) and Inactive (Bottom 40%) User Group Across News
Domains. Point sizes indicate the absolute difference in pro-
portion.

The disparity in hostility between active and inactive
groups is still evident when examining differences across
news domains. As shown in Figure 7, the gaps in both un-
civil and hateful comment proportions are particularly pro-
nounced in the Politics domain, suggesting that highly en-
gaged users are especially likely to contribute hostile dis-
course in political discussions.

Beyond the within-section analyses, we also provide an
across-group composition view that asks which activity
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groups account for each label. Table 4 shows that output is
dominated by upper-activity groups even within labels: the
Top 1% alone accounts for 66.9% of Uncivil and 73.4% of
Hate. Importantly, the Top 1% also dominates Civil—a con-
sequence of their outsized volume—so composition shares
alone can blur the tone-specific pattern.

Linking Participation and Inequality

Our descriptive results so far show that participation is
highly concentrated. Our exploratory hostile-content classi-
fication points in the same direction: the most active users
(the Top 10%, and especially the Top 1%) post hostile con-
tent at higher rates than the Bottom 40%, both across and
within group summaries. The question now is whether the
person who talks the most also shapes the tone that becomes
visible in a systematic way.

To make that link concrete, we align the two measures on
the same activity group. Inequality is captured by the Palma
ratio—the share of the Top 10% relative to the Bottom 40%.
Hostility is summarized with a group-conditional index that
tracks three groups in each section-month: the Top 1%, the
Top 1-10% (excluding Top 1%), and the Bottom 40% (used
as a lower-base group). Looking at the same groups lets us
focus on the comments most likely to shape what readers
actually see when activity is concentrated, while providing
a stable baseline from the large mass of infrequent com-
menters.

When a small set of users supplies most comments, the
parts of the discussion that people actually see tend to reflect
their style—often sharper and more confrontational—so
simply increasing participation volume does not guarantee
a broader or more civil conversation; indeed, a harsher tone
can push casual users away, leaving the floor even more con-
centrated and reinforcing the same tone.

From this logic, we proceed in two steps. (H1) We relate
concentration to hostile tone within sections over time. (H2)
We then ask why hostility changes—separating shifts in who
is talking how much (composition) from shifts in how the
same groups talk (behavior)—using a simple change decom-
position.

H1: Concentration and User Group-Conditional
Hostility

Hypothesis. Sections with higher participation concentra-
tion (higher Palma) exhibit higher group-conditional hostil-
lty H st

Measures.
follows:

Hs7t =

Group—conditional hostility, Hy ; is defined as

>

g€Topl, Topl-10Topl, Bottom40

Wg,s,tPg,s,t

where wg ; is group shares renormalized to sum to one
within these three user groups and py , ; is the group-specific
hostility rate.

Model.
H,, = alog(Palmag ;) + vs + 7 + €54
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Figure 8: Relationship between group-conditional hostil-
ity H,; and log(Palma), , by section. Lines show within-
section linear fits.

The fixed-effects specification yields a positive and statisti-
cally significant association: & = 0.056(SE=0.016). With
two-way clustered SE, the estimate is identical (0.056, SE
= 0.015). Substantively, doubling the Palma ratio is associ-
ated with about 3.9 percentage points higher Hy ;. (With-
out section FE, the cross-sectional level differences inflate
the coefficient to 0.145, SE = 0.031; our focus is on the
within-section relationship.) Within a given section, months
with a stronger concentration of participation correspond to
higher hostility among the groups (Top 1%, Top1-10%, Bot-
tom 40%). This pattern is consistent with the idea that "who
speaks more” (concentration) moves the tone of discourse
among the most consequential participants. The figure 8 and
Table 5 report the details.

H2: Decomposing Changes in Hostility

Hypothesis. Month-to-month changes in group-conditional
hostility within a section can be decomposed into (i) com-
position shifts among the groups (changes in group weights
wg s+ and (ii) behavioral shifts within groups (changes in
hostility rates py s,1). We quantify the relative contributions
of these two channels.

Two-period(t — ¢ + 1) Decomposition. For each section

S,

AHs,t = Hs,t+1 - Hs,t
~ Z(Awg,s,t Dgsit) + Z W st (APg,s,t) -

g g

Composition Behavior

where Azg ot = Tgst41 — Tgp and Tgsp = 5(2gs0 +
Zg4.s¢). This yields a path-independent two-period decom-
position and exactly sums to AH up to rounding.
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(HOLS (2)FE
Dependent variable: H ; (group-conditional hostility, 0-1)

(3) FE + 2-way SE

log(Palmas,:)  0.145%*  0.056* 0.056*
(0.031) (0.016) (0.015)

Section FE No Yes Yes

Month FE No Yes Yes

SE clustered by — Section Section & Month

Observations 918 918 918

R? (within) 0.63 0.91 0.91

Table 5: Concentration and group-conditional hostility
(section—month panel).
Notes: Standard errors in parentheses. *** p < 0.001, **
p < 0.01, * p < 0.05. (3) reports two-way clustered SE.

Median Comp. Median Behav.

Section n pairs Mean AH Share Share
IT-Science 140 0.0004 0.002 0.998
Economy 140 0.001 0.001 0.999
Society 140 0.001 0.005 0.995
Life-Culture 140 0.001 0.008 0.992
World 140 0.001 0.002 0.998
Politics 140 0.002 -0.001 1.001

Table 6: Decomposing month-to-month changes in group-

conditional hostility by section.

Notes: Shares are medians over valid section—-month pairs.
Small rounding differences may occur.

Using this two-period decomposition, month-to-month
changes in group-conditional hostility within each sec-
tion are explained almost entirely by behavioral channel
(changes in within-group hostility rates), while shifts in
tail weights (composition) are negligible. Median behavioral
shares are approximately 99-100% across sections(Table 6).

Conclusion

This study underscores the stark participation inequality in
online news comment sections, where a small but highly
active subset of users disproportionately shapes digital dis-
course. Analyzing 260 million comments over 13 years on
Naver News, we find that this participation gap is particu-
larly pronounced in political news discussions and highly
popular news stories. The analysis also reveals that the most
active commenters contribute disproportionately to the over-
all volume of engagement, further amplifying their influ-
ence. Moreover, these frequent commenters are significantly
more likely to engage in hostile discourse, posting both un-
civil and hateful content at higher rates than less active users.
Building on this descriptive picture, we align inequality and
hostility with the same activity groups and test two hypothe-
ses. H1 shows that higher participation concentration is as-
sociated with higher hostile tone within sections over time;
H2 indicates that changes in hostility are driven primarily
by behavioral intensification among active users rather than
shifts in who is present.

These findings carry important implications for digital



public discourse and online platform governance. When
a few users supply most comments, the visible conversa-
tion can skew sharper and more confrontational, potentially
discouraging casual participation and further concentrating
voice. While our design is not perfectly causal and subject
to confounding and measurement error, it quantifies a robust
relationship previously noted only descriptively and clari-
fies a plausible visibility/attention mechanism linking con-
centration to hostile tone. Policy and design responses may
therefore focus not only on broadening participation but also
on shaping how dominant users engage.

Limitations

While this study provides valuable insights into digital par-
ticipation inequality and hostile discourse, it has several lim-
itations that should be addressed in future research.

First, although our findings reveal a significant disparity
in hostility between active and inactive user groups, fur-
ther analysis is needed to understand the underlying linguis-
tic mechanisms driving this disparity. Specifically, a more
granular examination of how hostile language is constructed
and varies between these groups would provide deeper in-
sights. However, this presents a methodological challenge
due to the complex structure of the Korean language. Ko-
rean allows for the creation of new words through character
combinations, often leading to non-standard lexical varia-
tions in online discussions. This makes tokenization partic-
ularly difficult, as conventional NLP methods may fail to
capture these variations accurately.

Additionally, detecting hostility—especially hateful con-
tent targeting specific sociopolitical groups—is further com-
plicated by implicit and coded expressions that may not
contain overt hate speech terms but still convey derogatory
or exclusionary meanings. This linguistic flexibility enables
users to mask hostility, making deep-learning-based classi-
fication models prone to under-detection of such content.
Addressing this issue requires more sophisticated linguistic
processing techniques, such as context-aware tokenization
models, morphological analysis tailored to Korean online
discourse, and adversarial training methods that can better
capture implicit hostility. Future research should refine these
approaches to improve the precision of hostility detection,
particularly for nuanced forms of incivility and hate speech.

Second, although we test hypotheses with regressions
(with section and time controls), this does not identify
causality; residual confounding may remain (e.g., contem-
poraneous topic shocks such as elections, changes in moder-
ation/ranking UI, selective visibility by highly active users).
Our dataset is limited to observational digital trace data,
which primarily captures user behaviors, comment timing,
and content, but does not account for underlying psycho-
logical or social motivations. Future research should explore
experimental methods to better understand the causal links
between participation inequality and online hostility.

Despite these limitations, this study provides a founda-
tional analysis of how a small proportion of users shapes
digital discourse through both disproportionate engagement
and elevated hostility. The findings are particularly novel
given the scale and granularity of the dataset, as well as
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the platform’s minimal algorithmic bias—specifically, the
absence of personalized ranking in the daily most-read ar-
ticles—which allows for clearer attribution of behavioral
patterns. This advances our understanding of how partici-
pation inequality can distort democratic discourse, even in
relatively open digital environments.

Addressing these challenges in future research will be
crucial for developing more effective moderation strategies
and fostering healthier online discussions.
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Appendix
Descriptive Statistics for the Comment Dataset

Change in the Size of Comment Space The size of the
comment space has grown rapidly over the years (Figure
9), and since our analysis focuses only on articles that re-
ceived comments, we exclude users who did not engage in
commenting. According to the widely cited 90-9-1 rule of
online participation, approximately 90% of users typically
consume content without contributing. This suggests that
our observed comment-based measures of participation in-
equality likely provide a lower-bound estimate.

Distribution of the Number of Comments Online com-
ment space is highly skewed. The Figure 10 shows a log-
log(log-binned) distribution of comments per user, revealing
a heavy upper tail: most users post only one or two com-
ments, whereas a small minority produce orders of magni-
tude more. Given this scale disparity, percentile-based com-
parisons are more informative; accordingly, we standardize
on the top 10% and bottom 40% groups throughout the pa-

per.

Additional Details on Participation Inequality

Measurement and Grouping Each month, ¢, we rank
users by the number of comments they post that month (de-
scending). Ties at percentile boundaries are broken deter-
ministically by the user’s ID, ensuring reproducibility. We
then form mutually exclusive activity groups on a rolling
monthly basis: Top 1%, Top 1-10% (excluding Top 1%), and
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Figure 9: Change in the size of comment space: A. Change
in the number of comments over time. B. Change in the
number of users over time

Bottom 40%. Unless noted, figures in the main text and be-
low report Top 10% (Top 1% + Top 1-10%) and Bottom 40%
as the focal comparison, in line with Palma-style summaries.
For persistence analyses, groups are defined at the user-level
across sections (i.e., users’ total monthly comments), be-
cause the question is whether the same users remain highly
active over time.

Expanded Percentile Breakdown To diagnose where
participation inequality concentrates within the activity dis-
tribution, we expand the RMD analysis from the main text’s
Top-10 vs Bottom-40 comparison to ten percentile bins
(Bottom-10% ... Top-1%). Figure 11 shows a monotonic
rise with a sharp jump at the very top: the Top-1% accounts
for a disproportionately large deviation even relative to the
rest of the Top-10%. This confirms that the main-text Top-
10 effect is concentrated at the extreme tail rather than being
uniform within the upper decile.

Persistence of Activity Ranks (Retention and Survival)
To test whether participation concentration is transient or
structurally sticky, we quantify persistence with two com-
plementary diagnostics that use monthly counts only.

Continuous Retention. For each month ¢, let C; be the
set of users in the Top 10%. A user from C} is considered
retained at horizon k if they remain in the Top-10 in ev-
ery month from ¢ + 1 through ¢ + k. We summarize one-,
three-, six-, and twelve-month horizons (reported as cohort-
weighted averages across all eligible months). These statis-
tics answer: “If a user is Top-10 in month ¢, what is the
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Figure 10: Distribution of comments per user on log-log
axes (log-binned).

probability they are still Top-10 continuously over the next
k months?”

Time to First Exit. We also estimate a Kaplan-Meier
survival curve for the length of the first continuous Top-
10 tenure per user (measured from the first observed Top-
10 month until the first month they drop below Top-10).
Tenures that reach the sample end are treated as right-
censored; re-entries start a new tenure and are not used in
the first-exit analysis. The survival curve reports the median
Top-10 tenure and the probability of remaining in the Top-10
beyond specific horizons (e.g., 6 or 12 months).

Conclusion Together, the retention table and the survival
curve show high short-run persistence and a non-trivial long
tail (a durable core of highly active users), clarifying that the
participation gap documented in the main text is not driven
solely by short-lived fluctuations.

Horizon Kept Cohort Retention
1 month 2,272,875 3,541,022 0.642
3months 1,325,504 3,433,902 0.386
6 months 795,330 3,298,487 0.241
12 months 397,313 3,026,344 0.131

Table 7: Continuous Top-10 retention (cohort-weighted).
One-, three-, six-, and twelve-month continuous retention
rates with cohort totals (kept/cohort).

Note. A user in the Top-10 at month ¢ counts as “kept” at
horizon k only if they remain Top-10 in every month up to
t+ k. Values are averaged across all eligible cohorts (months
with ¢ 4+ k observed).

Check Bot-like Accounts

Frequent commenters exhibit a range of behavioral patterns.
While some highly active users contribute large volumes of
comments across multiple news domains, others post large
quantities of near-identical content repeatedly. To assess the
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extent of such anomalous behavior, we analyzed duplication
and similarity scores among users in the frequent commenter
group.

For this analysis, we used the same stratified sample orig-
inally constructed for hostility classification. We focused on
extremely active users (top 1%), as bot-like accounts are
more likely to be concentrated in this group. In contrast,
users in the bottom 40% group typically posted only once
or twice, making the presence of bots in that group highly
unlikely.

To measure the degree of similarity between user com-
ments, we use the Levenshtein distance (Levenshtein
1966). This method calculates the minimum number
of operations—such as deletion, insertion, and substitu-
tion—required to transform one string (string A) into an-
other (string B). It provides a simple yet effective way to
quantify textual similarity between pairs of comments. The
distance is mathematically defined as follows:

max(i,7), if min(i,j) =0
. lev(i—1,j) + 1
1 =
ev(ij) min < lev(i,j—1)+1 0.W
lev(i — 1,] — 1) —+ (5(0,1‘, b])
2)
where
0 ifa; =0;
0(a;, bj) = L 3
(i, b;) {1 otherwise )

Based on the number of duplicated comments and Leven-
shtein distance, we defined the rate of duplicated comments
and the similarity score of user ¢ as follows:

No. Duplicated Comments;

4
No. Total Comments; @)

Dup; =1 —

Zahbi €ci lev(ai’ bl)

Sim; =1 —
m No. Total Comments;

&)

where a; and b; are distinct comments that user 4 posted and
C; is the collection of all comments that user ¢ posted.

We find that, although a small subset exhibits highly
repetitive behavior, the vast majority of users do not en-
gage in abnormal posting patterns such as frequent comment
duplication(Figure 13). This suggests the presence of po-
tentially bot-like accounts in the comment space. However,
their prevalence appears to be limited and unlikely to signifi-
cantly distort the overall patterns of participation or hostility
observed in our analysis.

Further Details about Hate Speech Dataset

Overall Structure of Dataset While the main text
presents the distribution of individual hate speech labels, the
dataset is broadly divided into two overarching categories:
Civil and Uncivil + Hate. These two groups occur with
nearly equal frequency, highlighting that the dataset is bal-
anced in terms of overall tone.



* Top-1 * Top20~10%

o Topl0~1% = Top30~20%

Top40 ~ 30%

Bottom 30 ~40% * Bottom 10 ~ 20%

Bottom 40 ~50% * Bottom 20 ~30% * Bottom 10%<

Politics

Society Economy

Bottom 10%<+ ® .
Bottom 10 ~20% 7 * b
Bottom 20 ~ 30% - » .
Bottom 30 ~ 40%
Bottom 40 ~ 50%

Topd40 ~ 30% 4

Top30 ~ 20%+

Top20 ~ 10% 7 . .

Top10 ~ 1% 1 . .
Top-1- .

World

IT-Science Life-Culture

Bottom 10%< 4
Bottorn 10 ~20% 1 * .
Bottom 20 ~ 30% 1 * b
Bottom 30 ~ 40% -
Bottom 40 ~ 50%

Top40 ~ 30% 7

Top30 ~ 20% 7

Top20 ~ 10% . .

Top10 ~ 1%+ . .
Top-14 .

0 10 20 30 0

10 20 30 0 10 20 30
Average RMD

Figure 11: Relative Mean Deviation (RMD) by ten percentile bins(across news domains).
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Figure 12: Time to first exit from the Top-10 (Ka-
plan—Meier). Tenures are measured from the first observed
Top-10 month; tenures that reach the sample end are right-
censored; re-entries start new tenures.

Overlap among Uncivil and Hate Categories Given the
multi-label nature of the dataset, a single comment can ex-
hibit multiple forms of hostility. To better understand such
overlaps, we visualize a label co-occurrence heatmap in Fig-
ure 1B, where each cell represents the number of comments
assigned to both corresponding labels.

Notably, religion and race/nationality often appear to-
gether, as do region and race/nationality. These patterns in-
dicate the presence of overlapping hostile narratives target-
ing multiple social groups within individual comments.

One thing to note is that while each comment in our
dataset may be assigned multiple labels, and some overlap-
ping patterns are observed, the average label cardinality is
relatively low at 1.1, suggesting that most comments are
tagged with only a single category.

Example of Comments(Hateful)

Why detection is hard. Korean online text frequently
uses (i) consonant-only abbreviations, (ii) derivational pejo-
ratives, (iii) spacing/morphological variation that shifts to-
ken boundaries, and (iv) code mixing/phonetic loans. These
devices convey derogatory or exclusionary meaning without
overt slur tokens, degrading off-the-shelf tokenization and
lexical cues.

Measurement implications. We rely on a fine-tuned KC-
Electra multi-label classifier rather than surface-term rules,
but the phenomena above still induce false negatives for eu-
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Label Korean Original (English Rendering) Linguistic Feature

Female/Family Sl & of sk st E 2 Zhdobd oz =7 Abbrev. /slur-like letter for ‘6JZp (“v”), fragmented
ARSI QA7) 3L QAZF obd.” (“Girls’ high schools syntax
are full of cliques and bullying; they are not humane.”)

Male “on2o0 oRA B A WEE FRQ” (“Those who Abbrev. o 120 (= “o|A H&” / “for real”), phonetic

boast about being overly authoritative are all men.”)

Sexual Minority

“EAoll= AlSlof] HoAEL WY (“Homosezuality is

English loan, slang

Hyperbolic rhetoric

viewed as a repulsive act in human society.”)

Race/Nationality “T15Zo| A% [MASK:SLUR]EFY S}... S22 & u]7fsic}” Ethnic slur (masked), onomatopoeic sigh “s}...”,
(“/Slur]. .. Chinese people are uncivilized.”) informal particles
Age “BOjEo] glojAof Aolx] Aol AAHETY (“Older Culture-specific slang “Z0]” (generational insult)
generations must disappear for gender sensitivity to
improve.”)
Region AT AR BYEE... AN HHEY (“People  Wordplay on province names; abusive thyming/phonetic
from certain regions are mocked as unintelligent.”) distortion
Religion “Z W [MASK:-F|E2 tF glojAop (“People of certain “-%” derivation (insect/parasite metaphor for groups)
religions should not exist.”)
Table 8: Masked examples of hostile language and salient linguistic features
User Group KC-BERT Base KC-BERT Large KoBERT KoElectra
Civil  Uncivil Hate Civil  Uncivil Hate Civil  Uncivil Hate Civil  Uncivil Hate
Bottom 40% 0.674 0.258 0.068 | 0.705 0.226 0.069 | 0.669 0.247 0.084 | 0.631 0.305 0.064
Top 1% - Top 10%  0.524 0.341 0.135 | 0.550 0.311 0.138 | 0.546 0.316 0.138 | 0.493 0.386 0.121
Top 1% 0.486 0.337 0.177 | 0.506 0.303 0.191 | 0.511 0.318 0.171 | 0.455 0.389 0.156
(a) Raw proportions of comment categories by user group
Comparison KC-BERT Base KC-BERT Large KoBERT KoElectra
Civil Uncivil Hate | Civil Uncivil Hate | Civil Uncivil Hate | Civil Uncivil Hate
Bottom 40% vs Top 1% - Top 10% 0.310 0.182 0.225|0.322 0.192 0.230|0.253 0.153 0.1730.279 0.081 0.057
Bottom 40% vs Top 1% 0.383 0.173 0.341|0.410 0.175 0.373(0.323 0.158 0.265]0.355 0.177 0.301

(b) Cohen’s h for civil, uncivil, and hateful categories

Table 9: Comparison of raw comment proportions and Cohen’s h across models and user groups

phemistic/coded hostility and false positives for reclaimed
or sarcastic uses. Hostility rates in the main text should
therefore be read as model-based estimates subject to under-
/over-detection at the margin.

Ilustrative examples. Table 8 presents masked snippets
by target label (gender, age, region, etc.) alongside the
salient linguistic features. We retain orthographic quirks in
the Korean originals and provide concise English renderings
for clarity.
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Robustness Check for Hate Speech Classification

We conducted additional analyses using various pretrained
language models to ensure our classification results are not
model-specific. As shown in Table 9, the core pattern per-
sists across all models: the most active users consistently ex-
hibit a higher proportion of hate comments than less active
users. Although the magnitude of group differences varies
slightly, as indicated by Cohen’s h, the direction and rel-
ative scale of the differences remain stable, supporting the
robustness of our main findings



Cohen’s

Cohen’s h (Cohen 1988) is a measure of effect size for dif-
ferences between two proportions, defined as:

h =2 -arcsin(,/p1) — 2 - arcsin(,/p2)

The thresholds for interpreting h are as follows:
e h = 0.20: small effect size
¢ h = 0.50: medium effect size
e h = 0.80: large effect size
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(a) Duplication rate distribution among frequent users.
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(b) Similarity score distribution using Levenshtein distance.

Figure 13: Exploratory analysis of user behavior: (a) exact
duplication rates and (b) content similarity.
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