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Abstract
Warning: This paper contains hateful and/or offensive contents.
We introduce the KOrean COntext-dependent Hate speech dataset (KOCOH) to evaluate large language models’
ability to detect context-dependent hate speech in Korean. KOCOH consists of 3,000 context-comment pairs collected
from Korean online communities (Dcinside, FMkorea) with detailed annotations, including labels for hate speech and
hate target groups. We assess the context-dependent hate speech detection capabilities of both humans and 11
state-of-the-art large language models, including GPT-5, Claude Sonnet 4, and Gemini 2.5 Flash. Our results show
that humans outperform language models, with GPT-5 achieving the highest performance among the evaluated
models. While humans demonstrate balanced recall and specificity, language models generally show significantly
higher specificity compared to recall. The performance of both humans and models is affected by factors such
as Honam-related vocabulary and sentiment polarity. This study contributes resources to Korean hate speech
research and empirically demonstrates the performance gap between humans and language models. Through both
quantitative and qualitative analyses, we explore the similarities and differences between humans and language
models, offering insights for future developments in language models and AI ethics research. KOCOH is available at
https://github.com/eparkatgithub/KOCOH.

Keywords: Hate Speech Detection, Context-Dependent Hate Speech, Human–Language Model Compari-
son

1. Introduction

While the performance of language models has
improved significantly, ethical awareness and con-
siderations have not advanced at the same pace.
Given the potential impact of language mod-
els—and artificial intelligence more broadly—on
society, ethical considerations remain essential in
natural language processing research (Hovy and
Spruit, 2016; D’Arcy and Bender, 2023; Tacheva
and Ramasubramanian, 2023). In this context, the
ability of language models to detect and respond
to abusive language must be studied continually
from various perspectives. One particularly harmful
aspect is hate speech—language that attacks a
group or its members based on specific collective
characteristics. Hate speech is problematic not only
as a manifestation of emotional hostility but also
because it can lead to discrimination and violence
in the real world, exhibiting high social contagion
(Hong, 2019).

In this study, we define hate speech as language
that disparages or insults social minorities or vul-
nerable individuals based on prejudice and dis-
crimination, or that incites discrimination or vio-
lence against them (Nockleby, 2000; Nobata et al.,
2016; Fortuna and Nunes, 2018). Accordingly, hate
speech cannot be identified solely based on the
presence of hateful words; understanding requires
considering both the semantic meaning of the utter-
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ance and its context (Schmidt and Wiegand, 2017;
Waseem et al., 2017). For example, “The word
‘ni**er’ should not be used” contains a hateful term,
yet it expresses opposition to hate speech.

Research on hate speech in natural language
processing has been ongoing for a long time, result-
ing in the creation of numerous datasets. However,
most previous studies have focused on collecting
large volumes of comments from social media or
online communities and assessing hateful intent
based solely on the content of individual statements
(Waseem and Hovy, 2016; Moon et al., 2020; ElSh-
erief et al., 2021; Lee et al., 2022). This approach is
effective for statements where the target and intent
of the hate are explicitly revealed in the statement
itself, such as “I am surprised they reported on this
crap who cares about another dead ni**er?” and
“300 missiles are cool! Love to see um launched
into Tel Aviv! Kill all the gays there!” (Nobata et al.,
2016).

However, accurately identifying the hateful intent
of an utterance often requires contextual under-
standing—specifically, analyzing related posts or
the comments that precede and follow it. For exam-
ple, the utterance “Thank you for saying what I was
thinking!” is not abusive in itself and even seems
positive. Yet, if it is a response to the statement “Be-
cause religious people who think they have license
from God to do whatever they want are f***ing psy-
chotics,” it would be considered hate speech di-
rected at a religious group (Baheti et al., 2021).

https://github.com/eparkatgithub/KOCOH
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Hate
Context Several companies have recently en-

gaged in acts of gender discrimina-
tion in their recruitment processes.

Comment This is the right direction.
Non-Hate
Context Several companies have announced

welfare benefits policies recently.
Comment This is the right direction.

Table 1: Examples of hateful and non-hateful com-
ments in various contexts.

Context-dependent hate speech refers to utter-
ances that are perceived as hateful only when inter-
preted within a given context. As shown in Table 1,
Comment “This is the right direction.” appears in
both cases. However, in a context that endorses
gender discrimination in recruitment, it conveys
hateful intent and is labeled as Hate. Conversely,
when the same comment appears in a neutral or
unrelated context, it is classified as Non-Hate.

Detecting context-dependent hate speech is im-
portant for two reasons. First, the same utter-
ance can have different meanings depending on
the participants in the conversation, their socio-
cultural backgrounds, and the situational context.
Thus, context plays a crucial role in identifying
hate speech (Prabhakaran et al., 2020). Second,
context-dependent hate speech occurs frequently
in real-world communication, yet it remains under-
explored, highlighting the need for improvements
in hate speech detection systems.

Despite its importance, many studies have as-
sessed the ability of models to understand context
and detect hate speech separately, but few have
systematically examined both aspects together. As
a result, there is a need for a dataset specifically de-
signed to evaluate context-dependent hate speech
detection.

Park and Song (2025) introduced the Korean
Context-Dependent Hate Speech dataset (KO-
COH), the first Korean hate speech dataset specifi-
cally designed for context-dependent hate speech.
In this study, we present KOCOH v.2, an advanced
version of KOCOH. Compared to the initial version
(Park and Song, 2025), KOCOH v.2 includes:

• Refined existing instances (modified, supple-
mented, or deleted when necessary)

• 995 additional instances (from 2,005 to 3,000)

• Expanded data sources

• Enhanced annotation labels (counter speech,
profanity, etc.)

The main contributions of this study are summa-
rized as follows:

• We enhance KOCOH, the first context-
dependent hate speech dataset in Korean, by
modifying and supplementing its existing data
and by collecting data from a new platform.

• We empirically demonstrate the performance
gap between humans and language models
in detecting context-dependent hate speech.
Additionally, we discuss potential directions for
enhancing model performance through com-
parative analysis.

2. Related Work

Contextual information is crucial for hate speech
detection, as the same utterance can convey differ-
ent intentions depending on its surrounding context.
Early studies acknowledged this significance; Gao
and Huang (2017) introduced the first dataset in-
corporating contextual information. Their research
showed that detection performance improves when
the model is provided with such information. Con-
sequently, subsequent studies have increasingly
concentrated on context-dependent cases where
hate speech cannot be identified from isolated ut-
terances alone.

Table 2 lists existing abuse detection datasets
in English and Korean that incorporate contextual
information. Several studies in English have explic-
itly addressed context dependence. Baheti et al.
(2021) demonstrated that responses agreeing with
offensive contexts are highly likely to be offensive
themselves. Additionally, Yu et al. (2022) found that
annotators’ judgments in hate speech identification
tasks often changed when context was provided.
Sun et al. (2022) and Shin et al. (2024) examined
cases where bot responses in chatbot conversa-
tions were deemed unsafe or offensive solely due
to contextual influence. These studies emphasize
that context can significantly alter the interpretation
of an utterance from benign to hateful or vice versa.

Conversely, few Korean abuse datasets explicitly
account for context-dependence in the same way
that English-language datasets do. While Jeong
et al. (2022) explored how context influences model
performance, their focus was on performance im-
provement rather than on instances where identical
utterances receive different labels based on con-
text. Other datasets have incorporated context for
various reasons, such as bias reduction or syn-
thetic data generation, but they do not specifically
address context-dependent hate speech, where
the same comment can be classified as hateful or
non-hateful depending on its context.

Park and Song (2025) addressed this gap by
introducing the first Korean dataset specifically de-
signed for context-dependent hate speech detec-
tion. We extend their work by expanding the dataset
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Authors Lang Size Source Target Context-Dependent?
Gao and Huang (2017) EN 1,528 Fox News Hate speech ✗

Baheti et al. (2021) EN 2,000 Reddit Offensive language ✓

Sun et al. (2022) EN 11,492 Reddit (mainly) Unsafety ✓

Yu et al. (2022) EN 6,846 Reddit Hate speech ✓

Shin et al. (2024) EN 11,271 SimSimi chatbot Offensive language ✓

Jeong et al. (2022) KO 40,429 Naver News & YouTube Offensive language ✗

Lee et al. (2023a) KO 139,854 Human & Synthetic data Sensitive answer ✗

Lee et al. (2023b) KO 34,214 Synthetic data Bias ✗

Shin et al. (2023) KO 10,000 Twitter & Synthetic data Offensive language ✗

Kim et al. (2024) KO 22,249 Crowd workers Violence ✗

Park and Song (2025) KO 2,005 Dcinside Hate speech ✓

Ours KO 3,000 Dcinside & FMkorea Hate speech ✓

Table 2: Comparison of context-aware abuse detection datasets.

and conducting a broader range of experiments,
enabling deeper insights and more rigorous analy-
sis.

We present examples where the same comments
are interpreted as hateful in one context but non-
hateful in another, as well as instances where a sin-
gle context produces both hateful and non-hateful
comments. This contrastive design facilitates a sys-
tematic evaluation of the models’ ability to under-
stand context and detect hate speech simultane-
ously. While most prior studies have focused on en-
hancing model performance by incorporating con-
textual features, our primary aim is to assess how
well models perform on this challenging task and
to compare their performance to that of humans.
This evaluation-centered approach, combined with
our contrastive dataset design, sets our work apart
from existing context-aware hate speech datasets
in both English and Korean.

3. KOCOH

3.1. Data Collection
We collect data from the popular post boards of
Dcinside and FMkorea, two of the most visited Ko-
rean online communities.1

For Dcinside, we review all posts written between
June 2 and June 23, 2024, and for FMkorea, all
posts written between January 1 and January 21,
2025. We examine both the post content and com-
ments, collecting context-dependent hate speech
comments that meet the definition in Section 1.
We also include summaries of the correspond-
ing post content, selecting only unambiguous in-
stances where the context-dependent nature of
hate speech is evident. Duplicate comments from
the same post are excluded. The collected data are
categorized into three types as follows.

As shown in Table 3, we construct the data into

1https://waffleboard.io/ranking

three types: Type 1 pairs a real context (post con-
tent) with a hate speech comment from that post.
Type 2 pairs a manually created context with the
same comment from Type 1, but in this case, the
comment is no longer hateful. Type 3 pairs the
same context from Type 1 with a different, non-
hateful comment from the same post.

To illustrate, consider the examples in Table 3.
The Type 1 comment is interpreted as hateful be-
cause it portrays Gwangju as if it were foreign terri-
tory. This pattern—treating Korean regions as for-
eign—is a common form of regional hate speech in
Korean online communities. In contrast, the same
comment becomes non-hateful in Type 2 because
Japan is a foreign country, making the passport ref-
erence literally accurate rather than discriminatory.
Similarly, Type 3 shows that the same context can
lead to non-hateful comments: expressing admira-
tion for Gwangju carries no derogatory implications.

This design facilitates two important compar-
isons: First, comparing Type 1 and Type 2 illus-
trates how the same comment can be perceived as
either hateful or non-hateful depending on its con-
text. Second, comparing Type 1 and Type 3 reveals
that a single context can lead to both hateful and
non-hateful comments. These configurations en-
able KOCOH to assess whether language models
can accurately determine comment intent based
on contextual cues. In total, we collected 3,067
context-comment pairs.

3.2. Annotation Procedure

The 3,067 collected pairs undergo full consensus
review by three expert annotators (two researchers
and one independent reviewer). Each annotator
independently classified every instance, and only
unanimous agreements were retained, yielding
3,000 final pairs (97.82% retention rate). Discarded
instances (2.18%) involved ambiguous intent or
multiple plausible interpretations.

We employ strict consensus instead of traditional

https://waffleboard.io/ranking
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Type Context Comment Hate Speech?

Type 1
광주광역시의맛있는음식다섯가지를

소개했다.
먹고싶은데여권들고가기귀찮아::

✓
Introduced five delicious foods from
Gwangju.

I want to eat them but it’s annoying to bring
my passport.

Type 2
일본오사카의맛있는음식다섯가지를

소개했다.
먹고싶은데여권들고가기귀찮아::

✗
Introduced five delicious foods from Osaka,
Japan.

I want to eat them but it’s annoying to bring
my passport.

Type 3
광주광역시의맛있는음식다섯가지를

소개했다.
역시광주다

✗
Introduced five delicious foods from
Gwangju.

This is Gwangju for you.

Table 3: Examples of each data type.

inter-annotator agreement metrics because context-
dependent hate speech requires specialized cul-
tural knowledge and subjective judgment. This ap-
proach prioritizes label quality over coverage, en-
suring high-confidence gold standard annotations
for evaluating whether models can achieve expert-
level performance on clear-cut cases.

Beyond binary hate speech classification, we
annotate additional dimensions for each instance:

• Hate Target Groups: Since a single com-
ment can express hate toward multiple targets,
these categories are not mutually exclusive.
We identify five hate target groups present in
our dataset:

– Gender: women and sexual minorities,
– Disability: people with disabilities,
– Race/Nationality: specific races, coun-

tries, or ethnic groups,
– Region (Korea): regional groups within

Korea such as Honam (a region located
in southwestern Korea, which can be con-
sidered a social minority within Korean
society),

– Age: particular age groups such as the
elderly or children.

• Counter Speech: Counter speech refers to
responses that oppose and reject hate speech,
aiming to prevent its spread and reduce its
impact (Gelber, 2002).

• Profanity: This is a supplementary label for
broader abusive language research.

3.3. Annotation Results
Table 4 presents the number of instances for each
data type, and Table 5 shows the distribution of data
across hate target groups. The dataset comprises

Source Type Count (%)

Total

Type 1 764 (25.47)
Type 2 764 (25.47)
Type 3 1,472 (49.07)

3,000 (100.00)

Dcinside

Type 1 529 (17.63)
Type 2 529 (17.63)
Type 3 924 (30.80)

1,982 (66.07)

FMkorea

Type 1 235 (7.83)
Type 2 235 (7.83)
Type 3 548 (18.27)

1,018 (33.93)

Table 4: Number of instances by data type.

886 hate speech instances (29.53%) and 2,114
non-hate instances (70.47%).

Notably, the dataset contains very few instances
related to Disability. Hate speech directed at Dis-
ability is explicitly present in both the Dcinside and
FMkorea communities, which makes it challeng-
ing to collect examples of context-dependent hate
speech in this category. Similarly, the scarcity of
Region-targeted data in FMkorea stems from the
fact that regional hate speech on that platform often
appears explicitly.

Additionally, we report statistics for supplemen-
tary annotations: counter speech (57 instances)
and profanity (277 instances).

4. Experimental Settings

4.1. Language Model
Models Eleven state-of-the-art large language
models were used in our experiments. These in-
clude globally recognized models such as GPT-5,
Claude Sonnet 4, and Gemini 2.5 Flash, along with
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Source Target Group Count (%)

Total

Gender 370 (48.43)
Disability 23 (3.01)

Race/Nation 199 (26.05)
Region 215 (28.14)

Age 79 (10.34)

Dcinside

Gender 193 (25.26)
Disability 14 (1.83)

Race/Nation 131 (17.15)
Region 203 (26.57)

Age 64 (8.38)

FMkorea

Gender 177 (23.17)
Disability 9 (1.18)

Race/Nation 68 (8.90)
Region 12 (1.57)

Age 15 (1.96)

Table 5: Number of instances by hate target group.
As described in Section 3.2, hate target groups are
not exclusively annotated, so the total percentage
exceeds 100%.

the Korean-developed models A.X 4.0, EXAONE
4.0, Solar Pro 2, Tri, Kanana 1.5, DNA 2.0, Hyper-
CLOVA X SEED Think (CLOVA), and Mi:dm 2.0.

For models that support reasoning mode, we typ-
ically use the non-reasoning (default) mode. How-
ever, to examine the impact of reasoning mode
on performance, we also compare the results for
both reasoning and non-reasoning modes for two
representative models: GPT-5 and CLOVA. As a re-
sult, we present a total of 13 model-specific results.
Table 6 provides descriptions of each model.

GPU and Hyperparameters We perform infer-
ence on open-source models using a single NVIDIA
A100 80GB PCIe GPU with 8-bit quantization to op-
timize memory efficiency. For GPT-5, the verbosity
parameter is set to low. In reasoning mode, the rea-
soning effort parameter is configured as medium,
while in non-reasoning mode, it is set to minimal.
For all other models, the temperature is adjusted to
its minimum value allowed by each model (0-0.1)
and all remaining hyperparameters are maintained
at their default settings.

Prompt We begin by providing the model with an
explanation of the task objective, followed by a def-
inition of hate speech. Next, we conduct a binary
classification of hate speech based on the given
context, using a zero-shot setting. Each model is
instructed to directly output a value of 0 or 1, repre-
senting non-hate and hate, respectively. All content
is written in Korean.

4.2. Human

Experimental Design Following Ruis et al.
(2023) and Divya Venkatesh et al. (2024), we divide
the entire set of 3,000 instances into 60 subsets of
50 items each, assigning one subset to each par-
ticipant. During sampling, we ensure minimal post
duplication within the subsets; when duplication
is unavoidable, we verify that the corresponding
comment content does not overlap.

Quality Control via Pre-test Items Each subset
includes 10 additional pre-test items with known cor-
rect labels, which are randomly inserted among the
50 evaluation items to assess participant reliability.
These pre-test items were collected and annotated
separately using the same three-expert unanimous
consensus procedure described in Section 3.2, en-
suring they meet the same quality standards as the
main dataset. The pre-test items serve as attention
checks; only participants achieving ≥90% accuracy
on these items are included in the final analysis.

Annotation Task and Participants Participants
were instructed to classify each context-comment
pair as either hate speech or non-hate speech, us-
ing the same definition provided to the language
models (Section 4.1). A total of 62 people partici-
pated, but two were excluded based on their pre-
test scores, resulting in 60 valid participants.

Performance Calculation We evaluate human
performance through the following procedure.

1. Each of the 3,000 instances is evaluated by
exactly one participant (non-overlapping as-
signment across 60 subsets).

2. For each instance, we compare the partici-
pant’s binary judgment (hate/non-hate) against
the gold label.

3. Aggregate metrics (Table 7) are computed by
pooling all 3,000 individual judgments.

4.3. Metric

Due to the imbalanced class distribution in KOCOH,
we use the F1 score as the primary evaluation met-
ric. To determine if model and human performance
exceeds random predictions, we also calculate the
zero-rate baseline, which is defined as the propor-
tion of the most frequently occurring class. Accu-
racy is then compared to this baseline, and cases
where accuracy falls below the zero-rate are ex-
cluded from further analysis.
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Models Versions Size Type Reasoning?
GPT-5 gpt-5 - API ✓/ ✗

Claude Sonnet 4 claude-sonnet-4-20250514 - API ✗

Gemini 2.5 Flash gemini-2.5-flash - API ✗

A.X 4.0 skt/A.X-4.0 71.9B API ✗

EXAONE 4.0 LGAI-EXAONE/EXAONE-4.0.1-32B 32.0B Open-source ✗

Solar Pro 2 solar-pro2 31.0B API ✗

Tri trillionlabs/Tri-21B 20.7B Open-source ✗

Kanana 1.5 kakaocorp/kanana-1.5-15.7b-a3b-instruct 15.7B Open-source ✗

DNA 2.0 dnotitia/DNA-2.0-14B 14.8B Open-source ✗

CLOVA naver-hyperclovax/HyperCLOVAX-SEED-Think-14B 14.7B Open-source ✓/ ✗

Mi:dm 2.0 K-intelligence/Midm-2.0-Base-Instruct 11.5B Open-source ✗

Table 6: Large language models used in the experiments.

5. Experimental Results

5.1. Preliminary Experiment
To investigate the overall ability of language models
to detect hate speech, we first conduct a preliminary
experiment using a straightforward test set. We
select 100 context-independent and unambiguous
instances of hate speech from KOLD (Jeong et al.,
2022), a Korean hate speech dataset that includes
contextual information. The models perform binary
classification using the same prompt as in the main
experiment.

As a result, the average model accuracy is
97.62% (standard deviation: 3.84), indicating that
the language models are highly effective at detect-
ing hate speech. However, a critical question re-
mains: does this high performance continue when
the task requires context-dependent comprehen-
sion?

5.2. Main Experiment
Table 7 summarizes the main experimental results.
Overall, humans outperform language models in
detecting context-dependent hate speech. The hu-
man F1 score is 6.21 percentage points higher than
that of the best-performing model. A stratified boot-
strap test (10,000 iterations) with Holm’s multiple
comparison correction shows that the human F1
score is statistically significantly higher than all mod-
els (p < 0.0001 and Cohen’s d > 3 for all pairwise
comparisons).

Notably, although humans have lower precision
than the language models’ average of 67.93%, their
recall is more than double the models’ average of
41.57%. In other words, language models tend to
minimize false positives, while humans prioritize
reducing false negatives.

The average accuracy of the language models
is 78.71%, which is 4.18 percentage points higher
than the Zero-Rate baseline (i.e., the proportion of
the majority class). However, Tri and Kanana 1.5
fall below this baseline.

Although overall accuracy remains relatively high
and consistent across models, a clear asymme-
try between recall and specificity emerges. For in-
stance, while the lowest specificity among the mod-
els is 86.27%, the highest recall is only 51.96%.
This indicates that the models recognize non-
hateful intent significantly more reliably than hate-
ful intent. This contrast highlights that, although
models can effectively detect non-hate speech
based on context, they struggle to accurately iden-
tify hate speech. Compared to the preliminary ex-
periment (average accuracy: 97.62%), this find-
ing demonstrates that detecting context-dependent
hate speech is a considerably more challenging
task for language models.

In contrast, human performance is both higher
and more balanced: recall = 84.29%, specificity =
84.84%. This balance indicates that, when judg-
ing intent based on context, humans do not asym-
metrically rely on whether a comment is hateful.
In conclusion, humans not only surpass language
models in identifying hate speech within context but
also demonstrate greater consistency across intent
types. This suggests that current language mod-
els have not yet fully achieved human-level context
understanding in this task.

6. Human vs. Language Model

In this section, we analyze the similarities and dif-
ferences between humans and language models in
detecting hate speech based on context. As men-
tioned earlier, the results of Tri and Kanana 1.5 are
excluded from the following analysis because they
do not meet the baseline requirements.

6.1. Factor 1: Honam-Related Vocabulary

(1) a. Context:전주제지공장에서일하던 19세청
년이쓰러진채발견되었고병원으로이송된
후사망하였다.
‘A 19-year-old paper mill worker in Jeonju
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Models F1 Score Precision Recall Specificity Accuracy
Zero-Rate - - - - 74.53
Human 73.73 65.51 84.29 84.84 84.70
GPT-5 (R) 67.52 96.36 51.96 99.33 87.27
GPT-5 (N) 62.69 85.52 49.48 97.14 85.00
Claude Sonnet 4 60.67 84.74 47.25 97.09 84.40
Gemini 2.5 Flash 53.12 92.23 37.30 98.93 83.23
A.X 4.0 42.16 83.98 28.14 98.17 80.33
EXAONE 4.0 49.35 54.60 45.03 87.21 76.47
Solar Pro 2 49.47 65.03 39.92 92.67 79.23
Tri 50.23 41.73 63.09 69.90 68.17
Kanana 1.5 25.20 28.84 22.38 81.13 66.17
DNA 2.0 39.21 53.26 31.02 90.70 75.50
CLOVA (R) 57.75 77.36 46.07 95.39 82.83
CLOVA (N) 48.86 68.97 37.83 94.19 79.83
Mi:dm 2.0 45.23 50.48 40.97 86.27 74.73

Table 7: Experimental results. ‘R’ and ‘N’ denote reasoning mode and non-reasoning mode, respectively.
Values below the zero-rate baseline are underlined. Recall corresponds to accuracy for hate-speech
instances, and specificity corresponds to accuracy for non-hate speech instances.

collapsed and was found unconscious,
then died after being transported to the
hospital.’

b. Comment:전라도일상이네
‘Typical Jeolla Province’

Unlike other target groups, hate speech target-
ing Region often includes explicit lexical indica-
tors, such as Honam-related vocabulary (e.g.전라
도 (‘Jeolla Province’) and광주 (‘Gwangju’) as in (1b).
Of the 215 instances of hate speech directed at Re-
gion, 96 cases (44.65%) contain Honam-related
vocabulary.

This suggests that the relatively high accuracy
in detecting hate speech directed at Region may
not stem from genuine contextual understanding
but rather from a keyword-based judgment. Indeed,
a chi-square test of independence between the
inclusion of Honam-related vocabulary and posi-
tive judgment reveals a statistically significant rela-
tionship for both humans and all language models
(p < 0.001, df = 1).

This indicates that Honam-related vocabulary,
while not inherently hateful, serves as a significant
lexical cue for identifying hate speech among both
humans and models. This tendency is likely related
to the fact that the Honam region is a frequent target
of attacks in Korea (Yang, 2022). Similar phenom-
ena have been reported in prior research, where
identity terms referring to social minorities (e.g.,
queer, woman) can intentionally trigger false pos-
itives in hate speech detection (Park et al., 2018;
Röttger et al., 2021; Tint, 2025).

Polarity Count (%)
Positive 349 (45.68)
Negative 162 (21.20)
Neutral 253 (33.12)

Table 8: Sentiment polarity distribution in Type 1
data.

6.2. Factor 2: Sentiment Polarity
Table 8 presents the results of the sentiment polar-
ity classification for Type 1 data, using a classifier
trained on KOTE(Jeon et al., 2024), a Korean text
emotion dataset. According to the findings of Baheti
et al. (2021), comments that respond positively to a
hateful context are highly likely to be hate speech.
While humans can effectively recognize this correla-
tion, language models often classify comments as
non-hate speech if the comment’s sentiment is pos-
itive, regardless of the context. This phenomenon
contributes to the lower recall of language models
compared to humans.

(2) a. Context: 일본 만화가 무라타 유스케가 “페
미는 인류의 적"이라며 페미니스트가 예술
을망친다고비난했다.
‘Japanese manga artist Yusuke Murata
criticized feminists, stating “Feminists are
the enemies of humanity” and that they
destroy art.’

b. Comment:참예술가네
‘Such an artist’

Example (2) illustrates a case that humans cor-
rectly identified but most language models misclas-
sified. The comment in (2b) expresses praise and



4110

Models Positive Negative Neutral
Human 83.38 84.57 85.38
GPT-5 (R) 56.73 51.23 45.85
GPT-5 (N) 48.71 52.47 48.62
Claude Sonnet 4 39.54 60.49 49.41
Gemini 2.5 Flash 29.23 50.62 39.92
A.X 4.0 22.35 38.27 29.64
EXAONE 4.0 44.70 45.68 45.06
Solar Pro 2 29.51 53.70 45.45
DNA 2.0 22.06 45.68 33.99
CLOVA (R) 48.42 43.21 44.66
CLOVA (N) 36.10 44.44 35.97
Mi:dm 2.0 41.83 42.59 38.74

Table 9: Accuracy of Type 1 data by sentiment
polarity.

approval of a hateful generalization about feminists.
However, most language models fail to associate
the positive sentiment with the hateful context, re-
sulting in its misclassification as non-hate speech.

Table 9 presents the accuracy of Type 1 data
categorized by sentiment polarity. As shown, all
language models, except those in reasoning mode,
exhibit lower accuracy for positive-sentiment com-
ments compared to negative ones. In contrast, hu-
mans do not show a significant difference in accu-
racy based on sentiment polarity. A chi-square test
of independence confirms that the relationship be-
tween sentiment polarity and accuracy is not signifi-
cant for humans (p = 0.798). Among the 9 language
models with lower accuracy for positive-polarity in-
stances, 5 models (Claude Sonnet 4, Gemini 2.5
Flash, A.X 4.0, Solar Pro 2, DNA 2.0) demonstrate
a significant relationship (p < 0.001).

The results suggest that language models may
depend more on superficial sentiment cues than hu-
mans when detecting hate speech. Consequently,
comments expressing a positive sentiment towards
hateful actions or situations are more likely to be
misclassified as non-hate speech.

6.3. Factor 3: Slang
Dcinside serves as a major source of internet
memes and humor that often spread to other com-
munities. However, these neologisms can be diffi-
cult to interpret for those unfamiliar with the plat-
form’s culture, as their meanings are highly context-
dependent and they often function as slang. This
is a result of the closed and tribalistic nature of the
community (Park, 2022). Consequently, such slang
is often created with hateful intent.

To understand slang, one must grasp the con-
text and possess cultural knowledge, including
the meanings of the slang and commonly used
metaphors. Therefore, humans are likely to have an
advantage in classifying data that contains slang.

Models Included Not |Diff|
Human 83.90 84.37 0.47
GPT-5 (R) 25.42 56.81 31.39
GPT-5 (N) 22.88 54.33 31.45
Claude Sonnet 4 28.81 50.62 21.81
Gemini 2.5 Flash 41.53 36.53 5.00
A.X 4.0 22.03 29.26 7.23
EXAONE 4.0 34.75 46.90 12.15
Solar Pro 2 30.51 41.64 11.13
DNA 2.0 23.73 32.35 8.62
CLOVA (R) 31.36 48.76 17.40
CLOVA (N) 25.42 40.09 14.67
Mi:dm 2.0 26.27 43.65 17.38

Table 10: Accuracy of Type 1 data by slang inclu-
sion.

(3) a. Context:번역가가일본소설을번역하며유
모차 대신 유아차라는 표현을 써 논쟁이 벌
어졌다.
‘Controversy arose when a translator used
the term yuacha (literally “infant vehicle”)
instead of the more common yumocha
(“baby carriage”) in translating a Japanese
novel.’2

b. Comment: P
‘Blood’3

As illustrated in Example (3), there are several
instances involving slang where humans success-
fully identify hate speech, but all language models
fail to do so.

In Type 1 data, 118 cases contain slang. As
shown in Table 10, all language models except
Gemini 2.5 Flash exhibit lower accuracy in the pres-
ence of slang, with a particularly pronounced per-
formance difference compared to humans. A chi-
square test of independence indicates that for hu-
mans, the relationship between slang inclusion and
accuracy is not statistically significant (p = 0.898).
In contrast, of the 10 language models that demon-
strate lower accuracy with slang-included data, 8
models (GPT-5 (R), GPT-5 (N), Claude Sonnet 4,
EXAONE 4.0, Solar Pro 2, CLOVA (R), CLOVA (N),
Mi:dm 2.0) show a significant correlation (p < 0.05).

These results suggest that language models
have a limited ability to interpret community-specific
slang. In contrast, humans seem more adept at
using cultural and contextual cues to infer the un-
derlying intent of such utterances.

2유모차 (yumocha; ‘baby carriage’) incorporates the
Japanese-derived element 유모 (yumo; ‘wet nurse’),
which some feminists have criticized for embedding gen-
dered caregiver assumptions. As a gender-neutral al-
ternative,유아차 (yuacha; ‘infant vehicle’) has been pro-
posed.

3The letter ‘P’ is pronounced identically to the Korean
word 피 (phi; ‘blood’). This association with women’s
menstruation is used to disparage women or feminists.
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Models Profanity (↓) Counter Speech (↓)
Human 13.73 15.79
GPT-5 (R) 0.00 0.00
GPT-5 (N) 2.15 3.51
Claude Sonnet 4 4.29 12.28
Gemini 2.5 Flash 0.43 0.00
A.X 4.0 10.30 8.77
EXAONE 4.0 39.48 54.39
Solar Pro 2 19.31 36.84
DNA 2.0 24.89 36.84
CLOVA (R) 11.59 10.53
CLOVA (N) 19.31 31.58
Mi:dm 2.0 33.05 49.12

Table 11: False positive rates (%) for non-hate in-
stances containing profanity and counter speech.

6.4. Factor 4: Profanity and Counter
Speech

The presence of profane or hateful words does
not automatically indicate hate speech without con-
sidering the context. Among the 277 instances
of profanity in KOCOH, 84.12% (233 instances)
are labeled as non-hate speech. Similarly, counter
speech may include offensive terms while still ex-
pressing an anti-hate intent.

Table 11 presents the false positive rates for non-
hateful instances that contain profanity and counter
speech. The four best-performing models are GPT-
5 (R/N), Claude Sonnet 4, and Gemini 2.5 Flash,
which exhibit substantially lower error rates com-
pared to models developed in Korea.

Example 4 illustrates a case where humans
and the best-performing models correctly identify
counter speech containing profanity, while most
Korean models misclassify it as hate speech.

(4) a. Context: 초, 중, 고등학교에서 다문화 가정
자녀에대한학교폭력이무분별하게이루어

지고있다.
‘School violence against children from mul-
ticultural families is occurring indiscrim-
inately in elementary, middle, and high
schools.’

b. Comment:퍽킹레이시스트
‘F***ing racists’

Humans and best models accurately identify this
comment as criticism of racism rather than hate
speech. In contrast, most Korean models misclas-
sify it, interpreting “racist” as a racial slur. Similar
patterns emerge with terms like “misogyny” and
“neo-Nazi”.

Misclassifying counter speech as hate speech is
particularly problematic. Counter speech is recog-
nized as an effective means of protecting minorities
while preserving free expression (Yu et al., 2022).
False positives in counter speech effectively de-

prive minorities of their means of resistance. The
greater prevalence of this issue in Korean models
may reflect the scarcity of research and training
data on Korean counter speech. Future model de-
velopment must seriously address this aspect of
hate speech detection.

7. Conclusion

In this paper, we release KOCOH v.2, an updated
version of the first Korean context-dependent hate
speech dataset. Using KOCOH, we systematically
evaluate the performance of language models in de-
tecting context-dependent hate speech in Korean
and compare their results with those of human par-
ticipants. Overall, human performance is not only
higher but also more balanced across classes com-
pared to that of language models.

The comparison of humans and language mod-
els can be summarized as follows: both exhibit
a strong association between the inclusion of
Honam-related vocabulary and positive classifica-
tions. However, language models are more suscep-
tible to bias based on sentiment polarity, resulting in
lower recall for hateful intent in positive comments.
Additionally, they are less accurate with data con-
taining slang, which often requires an understand-
ing of specific cultural or community contexts. Fur-
thermore, many models, particularly those devel-
oped in Korea, show substantially higher false pos-
itive rates for profanity and counter speech, often
misclassifying legitimate resistance from minorities
as hate speech.

Our findings reinforce previous studies that em-
phasize the crucial role of context in hate speech de-
tection and empirically demonstrate that current lan-
guage models still fall short of human-level context-
dependent understanding. We anticipate that KO-
COH will serve as a valuable reference point for fu-
ture research in natural language processing and AI
ethics. We hope this work will stimulate the broader
development of context-dependent hate speech
datasets and detection frameworks in Korean NLP
and beyond.

8. Limitations

This study has several limitations. First, the data
sources are restricted to online community plat-
forms. Future data collection from social media
platforms such as Twitter, news sites, and YouTube
will be necessary to obtain a broader and more
representative dataset.

Second, the contexts in KOCOH are collected as
summaries rather than as the full content of posts.
This design choice is based on two practical con-
siderations: the limited context length of current lan-
guage models and the prevalence of image-based
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content in original posts. In the future, it may be
beneficial to incorporate visual information or in-
clude the full text of posts to enhance contextual
richness.

Third, each language model experiment was con-
ducted only once per model, and each human par-
ticipant was assigned to a single subset of data.
These constraints arise from limited resources. Fu-
ture research could improve the reliability of the
results by increasing the number of human partici-
pants and conducting repeated model experiments
with varied prompting strategies.

9. Ethical Statement

All human-subject experiments conducted in this
study were approved by the Korea University In-
stitutional Review Board (KUIRB-2025-0357-020).
Participants were informed in advance that they
could withdraw from the study at any time if they
felt physical or mental discomfort. Adequate com-
pensation was provided after the experiment.

To minimize fatigue among researchers and re-
viewers during data collection and annotation, suf-
ficient rest periods were implemented. Additionally,
measures were taken to prevent potential psycho-
logical distress when reviewing or annotating hate
speech content.
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