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Abstract

Cross-dataset generalization remains a major challenge in offensive language detection, especially for culturally
sensitive languages such as Hebrew. A large Hebrew dataset introduced in prior work, was annotated via a
taxonomy-grounded, prompt-guided LLM protocol and achieved strong in-domain results. However, performance
degraded sharply on two external Hebrew corpora. We investigate whether this degradation reflects domain shift
or annotation shift, i.e., differences in how offensiveness is operationalized across datasets. Using the same
prompt framework and a dual-LLM agreement procedure, we re-annotate both external corpora and quantify label
divergence. We observe substantial mismatch between the original and new annotations, consistent with the view
that offensiveness is not objective but depends on cultural context, discourse conventions, political framing, and
the interpretation of irony. Evaluating models against the new labels yields markedly improved performance, and
fine-tuning with the new external labels further improves results. Overall, our findings suggest that cross-dataset
failure in affective NLP tasks may often be driven by annotation mismatch rather than domain adaptation limitations,

highlighting the importance of annotation validity and culturally grounded labeling protocols.
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1. Introduction

Offensive language detection is typically framed
as supervised classification: given a text, predict
whether it is offensive. However, offensiveness
is not an objective property of text. It depends
on cultural norms, discourse conventions, political
context, and pragmatic interpretation (irony and sar-
casm). This is especially salient in Hebrew, where
political discourse, slang, code-switching, and im-
plicit references are common. A large Hebrew
dataset introduced in prior work (Berger Hefetz
et al., 2026) contains 19K instances of messages

from the Rotter online forum https://rotter.

net/, annotated via a prompt-guided protocol (de-
tailed in Appendix A), To produce these annota-
tions, a dual-LLM agreement filtering with fine-
tuned transformer models was applied, which pro-
duced strong in-domain performance. Yet, when
the same models were evaluated on two external
Hebrew corpora, Litvak et al. (2022) and Hamad
et al. (2023), performance dropped sharply. These
results (Berger Hefetz et al., 2026) could reflect
domain shift (platform/topic/style), but they may
also indicate annotation shift, where datasets oper-
ationalize offensiveness differently, particularly for
political language and borderline cases. We disen-
tangle these explanations by re-annotating both ex-
ternal datasets using the same prompt framework
and a dual-LLM agreement protocol. We evaluate
several Hebrew-language models under the origi-
nal versus corrected labels and evaluate them on

corrected data, with and without fine-tuning. Our
results show that much of the cross-dataset degra-
dation stems from inconsistent labeling rather than
limited generalization.

Our contributions are (1) systematic re-
annotation of two Hebrew corpora (Litvak et al.,
2022; Hamad et al., 2023) using a taxonomy-
grounded prompt (Liebeskind et al., 2023); (2)
quantification of label disagreement and analysis
of culturally driven ambiguity; (3) evidence that
corrected labels restore cross-dataset performance
and improve fine-tuning; and (4) a methodological
shift in interpreting cross-dataset failure: we
demonstrate that performance degradation is
primarily driven by human annotation subjectivity
and labeling mismatch rather than topicality or
domain shift. By disentangling these factors, we
show that aligning the conceptual operationaliza-
tion of offensiveness is a prerequisite for reliable
cross-domain evaluation.

2. Related Work

Hebrew offensive language detection has been con-
strained by scarce annotated resources and linguis-
tic complexity. Early work relied on small datasets
and lexicon-based approaches, including abusive
comment detection in Hebrew-language groups
on Facebook (Liebeskind and Liebeskind, 2018).
Later studies explored cross-lingual transfer (Litvak
et al., 2022), while Hamad et al. (2023) introduced
a Hebrew offensive corpus and BERT-based de-
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tection. Despite these efforts, annotation practices
vary substantially across corpora. This is especially
consequential because offensiveness is not purely
lexical: it depends on intent, target, and pragmatic
interpretation and is often expressed indirectly via
political framing, sarcasm, or implicit.

Taxonomies capture the multi-dimensional na-
ture of abusive language and support more con-
sistent annotation for culturally sensitive affective
categories. Liebeskind et al. (2024) propose a de-
tailed framework covering targets, vulgarity, sever-
ity, and discriminatory aspects. LLM-based prompt-
ing offers scalability in low-resource settings but
requires structured guidelines. We use a taxonomy-
grounded prompt distilled into four indicators: in-
tent, target, tone, and impact in order to guide in-
terpretable binary labeling.

Cross-dataset performance drops are commonly
attributed to domain shift (platform, topic, style), but
they may also reflect annotation shift. Recent litera-
ture has increasingly recognized that such degrada-
tion is often a conceptual issue rather than a purely
technical one; for instance, Fortuna and Nunes
(2018) highlight the lack of unified taxonomies as a
major barrier to generalization, while Talat (2016)
demonstrates how the subjective background of an-
notators inherently shapes the decision boundaries
of toxicity classifiers. Datasets can represent offen-
siveness differently due to cultural assumptions, po-
litical context, and discourse norms, corresponding
to variation in how affective meaning is constructed
and categorized. We hypothesize that Hebrew of-
fensive language detection is a clear case where
annotation shift substantially contributes to cross-
dataset degradation.

3. Datasets

We analyze two external Hebrew corpora com-
monly used for offensive language detection (Ta-
ble 1): the Facebook dataset (Litvak et al., 2022)
and the Twitter corpus of Hamad et al. (2023), de-
noted as F (Facebook) and T (Twitter), respectively.
The Facebook dataset (F) consists of 5,217 an-
notated Hebrew comments, combining the OLaH
corpus of Litvak et al. (2021) with the dataset of
Liebeskind and Liebeskind (2018). Specifically, it
includes 2,000 annotated comments from OLaH,
1,489 annotated comments from the Liebeskind
collection (after replacing unknown labels and re-
moving non-Hebrew entries), and an additional
1,939 comments from the same source that were
manually annotated by three native Hebrew speak-
ers in the original work, with a third annotator
resolving disagreements. In total, the dataset
contains 5,217 labeled comments, with an inter-
annotator agreement of x = 0.82. The Twitter
corpus (T) comprises 15,881 manually annotated

Hebrew tweets, labeled across five fine-grained
categories (abusive, hate, violence, pornographic,
non-offensive) by bilingual annotators (Hebrew—
Arabic speakers). The original publication does not
report inter-annotator agreement metrics. For the
purposes of our study, we unified all offensive cate-
gories (abusive, hate, violence, and pornographic)
into a single offensive label, keeping non-offensive
unchanged. These corpora differ from in-domain
Rotter data in platform, discourse style, and so-
ciopolitical context. Crucially, they also differ in
annotation guidelines and in how borderline cases
(e.g., profanity without a target, sarcasm, political
slogans, and quoted speech) are handled, making
them suitable for testing annotation shift.

Dataset Source Size
F (Litvak et al., 2022) Facebook 5,217
T (Hamad et al., 2023)  Twitter 15,881

Table 1: External dataset sources and sizes.

4. Re-Annotation Method

Taxonomy-Grounded Prompt: We re-
annotate both external datasets using the
same prompt framework introduced in our prior
work (Berger Hefetz et al., 2026), derived from the
abusive-language taxonomy of Liebeskind et al.
(2024). The prompt operationalizes offensiveness
through four interpretable dimensions: intent
(whether the text aims to insult or demean), target
(whether an individual or group is identifiable), fone
(presence of slurs, vulgarity, or dehumanization),
and impact (whether the utterance would be
perceived as harmful in context). This structure
reflects a core affective-science insight: social and
emotional meaning is not solely encoded in lexical
content but emerges from context, intention, and
perceived interpersonal impact.

Dual-LLM Annotation and Filtering: The
re-annotation follows the Dual-LLM Annotation
and Filtering strategy validated in prior work
(Berger Hefetz et al., 2026). Each instance is
annotated independently by two LLMs: GPT-
40-mini (version: gpt-40-mini-2024-07-18) and
Gemini-1.5-Flash (version: gemini-1.5-flash-001).
The full system prompt used for classification is
provided in Appendix A. Both models provide
a binary label (Offensive/Non-Offensive) and a
rationale based on Chain-of-Thought reasoning.
To ensure a high-confidence gold standard, we
retain only instances where both models agree.
This specific pipeline was previously benchmarked
against a manually annotated set of 1,500 Hebrew
comments by two native experts (Berger Hefetz
et al., 2026). The validation demonstrated that
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this dual-model consensus mirrors human expert
judgment with high precision, achieving an
accuracy of 0.985 for the offensive class and
0.95 for the non-offensive class. Regarding the
Implicit category (expanded in Appendix B), our
prior validation indicated it as a primary source of
human-model disagreement; thus, it is excluded
from the present study to maintain a robust and
reliable labeling schema.

Human Review (Targeted): We complement
the quantitative analysis with a targeted human
review of systematic label flips. This validation is
described in the next section. Figure 1 summarizes
the overall re-annotation and evaluation pipeline.

Fine-Tunning
Extended Datasets DualLLM Train on In- domain Rotter data
Re - Annotation =
rainon |l Trainon

Facebook Dataset LLM1 LLM2 +Original Labels New Label:
Evaluation
Twitter Dataset Test: Original | | Test: New
New Labels Labels Labels

Figure 1: Re-annotation and evaluation pipeline.

5. Re-Annotation Analysis

Offensiveness is inherently context-dependent. It
is shaped by cultural norms, discourse conventions,
and political framing and is especially sensitive to
pragmatic phenomena such as sarcasm, irony, and
quoted speech. As a result, differences between
datasets may reflect distinct operationalizations of
offensiveness rather than mere annotation noise.
Quantifying Annotation Shift: We compare
the original labels of each external dataset with the
re-annotated labels obtained under our dual-LLM
agreement protocol. Label distributions shift sub-
stantially between the original annotations (Fig. 2)
and the new annotations (Fig. 3). The Facebook
dataset shows a moderate increase in offensive-
ness, from 46% to 56.9% (5.3% disagreement),
whereas the Twitter dataset shifts dramatically from
a highly non-offensive skew (91% non-offensive)
to a majority-offensive distribution (58.5% offen-
sive; 6.1% disagreement). At the instance level,
confusion matrices (Fig. 4) reveal systematic mis-
match. These flips are systematic, not random,
and cluster around recurring pragmatic phenom-
ena. These occurrences are not solely linguistic;
they embody culturally rooted meanings of offen-
siveness inside Hebrew discourse. Political as-
saults characterized as personal humiliation or al-
lusions to terrorism and violence may be construed
as either offensive or non-offensive based on their
perception as targeted aggression or informational
reporting. The Facebook dataset exhibits an over-
all flip rate of 18.55%; (k=0.63), with 29.94% of

Original Label Distribution
Original Label Distribution
non_offensive

6.0%

offensive

(a) Facebook (b) Twitter

Figure 2: Original label distribution

Exact Agreement by Label Exact Agreement t by Label

offensive offensive

non_offensive non_offensive

(a) Facebook (b) Twitter

Figure 3: New label distribution

originally non-offensive instances relabeled as of-
fensive and 5.53% flipping in the opposite direction.
The Twitter dataset is far less stable: 56.25% of
instances flip overall (x=0.10), driven by a strongly
asymmetric shift (60.22% non-offensive—offensive
vs. 16.71% offensive—non-offensive).
Qualitative Validation: Contextual Sources
of Label Mismatch: To better understand the
sources of annotation mismatch, we analyze the
Facebook (F) and Twitter (T) datasets (Appendix
C Table 4) by comparing the original labels with
the joint agreement of two LLMs, and adjudicating
each case against a manual annotation by a na-
tive Hebrew-speaking annotator. For each dataset,
we sampled 100 instances (50 per reversal direc-
tion), restricted to cases where both LLMs flipped
the original label. In the Facebook dataset, when
the original label was non-offensive (N) but both
LLMs predicted offensive (O), manual adjudication
supported the LLMs in 92% of cases, indicating
systematic under-labeling. The main drivers were
direct profanity/explicit insults (24%) and political
or ideological attacks framed as personal humilia-
tion (24%), with additional contributions from hos-
tile framing around violence/terrorism (14%) and
metaphorical insults such as animal comparisons
(10%). In the opposite Facebook direction (offen-
sive — non-offensive), manual adjudication sup-
ported the LLMs in 85% of cases; this group was
dominated by extremely short, context-poor frag-
ments (44%), suggesting aggressive truncation that
destabilizes offensiveness judgments, alongside
implicit or metaphorical insults that the LLMs some-
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Confusion Matrix Confusion Matrix

non_offensive 1404 600 1200 non_offensive 2910 4406

iginal label

Original label

offensive 97 1657 offensive 123 613

non_offensive offensive non_offensive offensi
Re-annotated label Re-annotated label

(a) Facebook (b) Twitter

Figure 4: Confusion matrices between original and
new labels

times missed (accounting for the remaining 15%
where manual adjudication favored the original la-
bel). The Twitter dataset shows a different pattern:
in the non-offensive — offensive direction, manual
adjudication supported the LLMs in 94% of cases,
largely reflecting violence/terrorism discourse with
an aggressive pragmatic stance (46%) and direct
profanity/insults (30%). In the offensive — non-
offensive direction, agreement was highest (96%),
with many tweets mentioning violence/terrorism
(74%) but functioning as informational, descriptive,
or news-like content rather than targeted humilia-
tion. Overall, Twitter mismatches primarily reflect
an operational definition gap: original annotators
often treated discussion of violence and terrorism
itself as offensive, Our definition frames offensive-
ness as targeted insult, dehumanization, threat, or
directed harm, emphasizing its cultural and con-
textual contingency. Across both datasets, these
mismatch patterns cluster into recurring pragmatic
categories, such as direct profanity, political humil-
iation, dehumanization, violence-related framing,
and context-poor fragments. Table 4 (Appendix C
) provides representative examples drawn directly
from the manually adjudicated sample described
above, illustrating how each category manifests in
practice and highlighting the specific linguistic and
pragmatic cues that contributed to systematic label
flips.

6. Evaluation Methodology and
Results

Models: We focus on Hebrew-specific transformer
models that consistently perform well for Hebrew
NLP tasks: HeBERT, HeBERT-emo (Chriqui and
Yahav, 2022), AlephBERT (Seker et al., 2021), Ale-
phBERTGimmel (Gueta et al., 2022), DictaBERT
(Shmidman et al., 2023), and HeRo, (Shalumov
and Haskey, 2023). All models are fine-tuned for
binary offensive language detection using the same
training procedure.

Preprocessing and Experimental Design: For
each external dataset (Facebook and Twitter), we
apply the same preprocessing and filtering pipeline.
Our re-annotation retains only high-confidence in-

stances (LLM1-LLM2 agreement) and discards
both Implicit and disagreement cases, yielding
smaller datasets than the original corpora. For
experiments involving external training, we use
stratified train/test (80-20) splits and evaluate on
held-out test sets. All models are trained for three
epochs, consistent with prior experiments. To dis-
entangle domain shift from annotation shift, we
compare evaluation under the original labels ver-
sus the new labels, and test whether adding exter-
nal training data (again with 80-20 split) improves
performance beyond label alignment.

Setup E1: direct cross-dataset evaluation:
We train the models only on the Rotter dataset (de-
noted by R) and then evaluate them on test sets
of F and T datasets; we denote it by R — F/T.
We report performance under two label configura-
tions: (1) old labels; (2) new labels. Importantly,
the model parameters are identical when evaluat-
ing under the original versus new labels; only the
evaluation labels differ. This allows us to isolate
the effect of annotation mismatch independently of
domain adaptation.

Setup E2: fine-tuning with external training
data: We fine-tuned each model on the Rotter
dataset, augmented with the training set of a sin-
gle external dataset (either F or T dataset, with-
out cross-mixing), and denote it with R + (F/T) —
F/T. We report performance under two label con-
figurations: (1) old labels; (2) new labels. In both
cases, evaluation is performed on the external
test sets of F and T. This stage tests whether per-
formance gains remain after label alignment and
whether additional adaptation to the external do-
main improves results. Unlike E1, this setup in-
troduces external data into training and therefore
reflects both domain adaptation and label alignment
effects. For all experiments, we report Accuracy,
Precision, Recall, and F1, using consistent training
hyperparameters.

Evaluation Results: Setup E1: Evaluation un-
der original vs. new labels. As shown in Table 2,
evaluation under the new labels yields substantially
higher accuracy than evaluation under the origi-
nal labels across both datasets. On Facebook (F),
average accuracy increases from 78.4% (E1.1) to
91.1% (E1.2), a gain of +12.7 points. On Twitter (T),
the increase is much larger: from 45.4% (E1.1) to
85.2% (E1.2), a gain of +39.8 points. Since model
weights and predictions are identical between E1.1
and E1.2, the observed performance differences
are solely due to differences in annotation, not do-
main adaptation. Notably, the Twitter results sug-
gest that most of the cross-dataset failure under the
original labels is an artifact of divergent annotation
criteria, rather than a true inability to generalize.

Setup E2: Combined fine-tuning with external
data. Adding external training data provides addi-
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R—F/T R—F/T R+ (F/T) —» F/T R+ (F/T) - F/T
Model F T F T F T F T

old labels new labels old labels new labels
Metrics: Accuracy / Macro-F1
HeBERT 0.788/0.776 0.461/0.199 0.920/0.923 0.869/0.880 0.843/0.811 0.843/0.128 0.935/0.935 0.932/0.932
HeBERT-emo 0.758/0.746 0.439/0.190 0.910/0.914 0.848/0.863 0.850/0.824 0.853/0.100 0.941/0.942 0.931/0.930
AlephBERT 0.792/0.786 0.458/0.201 0.903/0.909 0.870/0.881 0.850/0.823 0.852/0.175 0.935/0.935 0.941/0.940
AlephBERTGimmel 0.805/0.798 0.476/0.203 0.930/0.934 0.895/0.902 0.850/0.824 0.846/0.146 0.960/0.960 0.956 /0.956
DictaBERT 0.790/0.779 0.456/0.195 0.921/0.925 0.883/0.893 0.858/0.836 0.870/0.122 0.955/0.955 0.956/0.956
HeRo 0.770/0.765 0.431/0.190 0.880/0.893 0.849/0.865 0.848/0.821 0.863/0.107 0.931/0.933 0.932/0.932

Table 2: Model performance across datasets (Facebook (F) and Twitter (T)) Results are reported as
Accuracy / Macro-F1 score. The updated labeling schema demonstrates significant gains in cross-

domain robustness.

tional improvements, but primarily when evaluation
is conducted under the new labels. Under the origi-
nal labels (E2.1), accuracy improves only modestly
relative to E1.1, reaching 85.0% on Facebook and
85.5% on Twitter on average. In contrast, under the
new labels (E2.2), accuracy increases consistently,
reaching 94.3% on Facebook and 94.1% on Twitter
on average. The best configuration (AlephBERT-
Gimmel, E2.2) achieves 96.0% on Facebook and
95.6% on Twitter, suggesting that once label def-
initions are aligned, the remaining gap is smaller
and more plausibly attributable to genuine domain
variation rather than annotation shift.

7. Discussion

Our findings challenge the conventional focus on
domain adaptation in offensive language detec-
tion. Instead of treating cross-dataset performance
drops as an inherent limitation of model general-
ization across topics, we demonstrate that they are
often an artifact of divergent human perspectives
and labeling mismatch. Our results suggest that
cross-dataset degradation in Hebrew offensive lan-
guage detection is largely explained by annotation
shift rather than domain shift. External corpora ap-
pear to rely on different operational definitions of
offensiveness, especially for politically charged dis-
course, irony, and indirect group references. While
these findings highlight the centrality of annotation
shift, it is important to address a potential method-
ological concern. Specifically, one might worry
about the circularity of using LLM-based silver la-
bels for both training and cross-dataset evaluation.
We mitigate this risk by: (1) establishing human
expert validation on Dataset R, and (2) perform-
ing a qualitative manual audit of the label flips in
Datasets F and T (Section 5). This audit confirms
that the shifts in performance reflect a correction of
previous annotation inconsistencies rather than an
algorithmic bias inherent to the generative models.
From an affective science perspective, this is ex-
pected: offensiveness is not an objective text prop-
erty, but a context-dependent judgment shaped by

cultural norms and discourse practices. Therefore,
cross-dataset benchmarking should not be treated
as a pure robustness test. Without verifying la-
bel comparability, performance drops may reflect
mismatched annotation conventions as much as
true domain variation. This suggests that “solving”
cross-domain detection requires establishing uni-
fied, culturally grounded annotation protocols be-
fore applying complex adaptation algorithms. We
recommend that NLP datasets document guide-
lines in detail, report agreement and ambiguity
policies, and include qualitative analysis of border-
line cases. Taxonomy-grounded prompting offers
a practical route for improving cross-corpus label
alignment.

8. Conclusions

We re-annotated two external Hebrew offensive lan-
guage datasets using a culturally grounded prompt
and a dual-LLM agreement protocol. The new la-
bels diverge substantially from the original annota-
tions, and evaluation under the new labels yields
markedly improved performance. Combined fine-
tuning with the new labels further improves results,
suggesting that once labels are aligned, remaining
gaps are more plausibly attributable to genuine do-
main variation. Our study highlights a methodologi-
cal point for computational affective science: offen-
siveness is context-dependent, and cross-dataset
evaluation must account for annotation validity.

9. Limitations

This study has several limitations. First, LLM-based
annotation may introduce biases reflecting the mod-
els’ training data and cultural priors. Second, our
corrected labels represent one coherent opera-
tionalization of offensiveness, but not an absolute
truth. Third, we focus on two external Hebrew
datasets; additional corpora may exhibit different
mismatch patterns. Finally, some degree of gen-
uine domain shift likely remains even after label
alignment.
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A. Prompt Design

General Overview: To ensure a consistent and
high-quality gold standard, we developed a struc-
tured annotation framework implemented through
a detailed system prompt for the Large Language
Models (LLMs). The prompt was designed to sim-
ulate the decision-making process of a linguistic
expert, providing the models with clear definitions,
contextual guidelines, and a multi-step classifica-
tion process. The framework emphasizes three
primary pillars: (1) Contextual Awareness, requir-
ing the models to look beyond literal meaning to
capture tone and cultural nuance; (2) Objective Jus-
tification, where each label must be supported by a
concise rationale; and (3) Strict Validation, employ-
ing a “conservative-by-design” logic that prioritizes
the “Non-Offensive” category in cases of ambiguity.
This structured approach was instrumental in align-
ing the automated annotations with human expert
judgment, particularly in the complex landscape of
Hebrew online discourse.

System Prompt for Hebrew Offensive Lan-
guage Classification

Overview Classify text into three categories
based on intent, context, and impact: “Offensive”,
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“Implicit Offensiveness”, or “Non-Offensive”. Con-
sider cultural context, tone, and intended meaning
when making classifications.

Classification Categories

1.Non-Offensive Definition: Language that
maintains respect and social harmony, lacking
harmful intent or negative impact.

Key Characteristics: - Neutral or positive state-
ments - Factual observations - Constructive criti-
cism (when appropriate) - Professional communi-
cation - Personal expressions of emotion or opinion
without targeting others

Contextual Considerations: - News reporting of
negative events (when objective) - Professional dis-
agreement (when respectfully expressed) - Cultural
references (when not stereotyping) - Academic or
educational discussions

Examples: - 718521 or 15 Smxn " (I wish
you a wonderful day!) - 7777 DR Arw 20rsIT”
7.owpnn unak 12w (The internet changed how we
communicate) - 5ar 750 777 oy ooon RS W
7. MR 7201 R (1 disagree with your opinion, but |
respect it)

2.0ffensive Definition: Language deliberately
intended to harm, discriminate, or cause direct dis-
tress.

Key Characteristics: - Explicit slurs or hate
speech - Direct personal attacks - Discriminatory
statements - Dehumanizing language - Explicit
threats or violent language - Mockery of protected
characteristics

Common Categories: 1. Racial/Ethnic Discrimi-
nation 2. Religious Intolerance 3. Gender-based
Discrimination 4. Disability-based Discrimination 5.
Age-based Discrimination 6. Appearance-based
Attacks 7. Socioeconomic Status Attacks

Examples: - 7 .amom wod anR” (You're stupid
and ugly) - 725w mrme ot Mk T3apT 537
(All [ethnic group] are [negative stereotype]) - oy’
7. 7pen5 maknn 8% (Women aren’t suited for [role])

3.Implicit Offensiveness **Definition**: Lan-
guage that appears neutral but carries subtle harm-
ful intent or negative implications.

Key Characteristics: - Passive-aggressive state-
ments - Backhanded compliments - Coded lan-
guage or dog whistles - Microaggressions - Sar-
casm with negative intent - Subtle stereotyping -
Leading questions with negative implications

Common Patterns 1. Contextual Triggers - El-
lipses (...) suggesting negative implications - Tone
markers that shift meaning - Cultural references
used inappropriately

2. Structural Elements - False equivalencies -
Loaded questions - Subtle stereotyping - “Just ask-
ing questions” format

Validation Questions Before classifying a state-
ment as implicitly offensive, answer the following
two questions: 1. To whom is the offensive implica-

tion directed? 2. What specific part of the sentence
makes it offensive?

- If there is no clear answer to at least one of
these questions, the statement should NOT be
classified as offensive. - The classifier must jus-
tify why the statement falls into this category with
explicit reasoning.

Examples - Implicitly Offensive: -Tnn nx anb”
S yininh = R = 55(Why are you always so... spe-
cial?) - Directed at a specific individual with passive-
aggressive tone - The ellipsis suggests negative
implications

-7 mma Shawa on 7 R (You're pretty
smart... for a girl) - Targets a gender group - Implies
an underlying stereotype

- Not Offensive (Fails validation): - 2" or nmrR”
"lorn (What a beautiful day today!) - No clear
target - No harmful implication

Classification Guidelines

1. Context Analysis: - Consider cultural context -
Evaluate speaker intent - Account for power dynam-
ics - Assess historical context - Consider audience
impact

2. Tone Evaluation: - Analyze word choice -
Consider delivery method - Look for subtle markers
- Evaluate emotional impact

3. Impact Assessment: - Consider potential harm
- Evaluate broader social implications - Account for
group dynamics - Assess perpetuation of stereo-
types

Edge Cases and Special Considerations

1. Reclaimed Language: - Consider in-group
usage - Evaluate context and speaker identity -
Account for cultural evolution

2. Educational Context: - Academic discussion
of offensive terms - Historical documentation - Anti-
discrimination training

3. Artistic Expression: - Creative works - Social
commentary - Satirical content

Classification Process

1. Initial Assessment: - Read/hear the complete
statement - Note immediate reaction - Identify key
terms/phrases

2. Contextual Analysis: - Consider speaker intent
- Evaluate situation - Account for cultural factors

3. Final Classification: - Apply category crite-
ria - Consider edge cases - Document reasoning -
Estimate classification confidence (0.0-1.0) based
on clarity, context, and alignment with definitions
Please provide the confidence as a decimal number
between 0.0 and 1.0 only,Do NOT return a string
or word, only a raw number Please provide a brief
and concise reasoning for your classification, using
no more than 6 words!.

Remember: When in doubt, consider the poten-
tial impact on marginalized or vulnerable groups
and err on the side of caution.
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B. AQualitative Analysis of Implicit
Offensiveness

This appendix clarifies our treatment of the “Implicit”
category, which in this study specifically refers to
Implicitly Offensive content (i.e., insults or at-
tacks delivered without explicit slurs). Our qual-
itative error analysis revealed that Large Language
Models (LLMs) struggle to distinguish between Im-
plicit Offensiveness and neutral/ironic discourse
in Hebrew. This leads to a phenomenon of Over-
contextualization, where the model hallucinates
offensive intent behind neutral linguistic markers.
Crucially, we attempted to mitigate this by providing
the models with additional context, specifically by
concatenating the parent headline or post to the
comment. However, our experiments showed that
this often exacerbated the over-contextualization
effect; the models became overly sensitive to the
sensitive nature of the headlines, leading them to
flag even neutral inquiries as “Implicitly Offensive”.
Table 3 illustrates these challenges with represen-
tative examples.

C. Examples of Systematic
Annotation Mismatch Patterns

Hebrew Original English Translation

The Annotation Challenge

“A wonderful woman with
free thought & & &”

"Tawnn noya nYIM MR
pwon & 8 &"

Implicitly Offensive vs. Irony: The LLM flags
this as Implicitly Offensive (mockery) due to the
emojis, though it remains ambiguous without
deep social cues.

"R pT TR DRT 2D AOR
7aven we”

“Are you writing this from
knowledge or is it a hy-
pothesis?”

Contextual Misinterpretation: Even when pro-
vided with the post’s headline, the LLM flags
the question mark as a "belittling" attack, rather
than a valid debate question.

T ey wnn” “Quite the "genius’ of our

generation...”

Consensus Gap: While clearly sarcastic, the
models and humans often disagree on whether
this reaches the threshold of Implicit Offensive-
ness.

Table 3: Examples of implicitly offensive cases that
caused model disagreement and oversensitivity.

As demonstrated, forcing a binary label on these
cases would introduce significant noise. Further-
more, simply adding textual context (e.g., head-
lines) proved insufficient and sometimes counter-
productive. We conclude that addressing Implicit
Offensiveness requires more sophisticated, multi-
turn dialogue architectures or specialized cultural
fine-tuning, which we define as future research
directions. Focusing on explicit cases in this study
ensures a high-precision gold standard.
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Table 4: Representative examples of systematic annotation mismatch patterns in the Facebook (F) and

Twitter (T) datasets.

DS Dir. Phenomenon English Example Hebrew Example
F N-O Direct insult/profanity ~ “Hanin, you are a pathetic per-  "215y o8 R n”
son.”
F  N-O  Political humiliation “And | tell you, Lapid, itis bet- 2w 85 7wy 77w 785 15 W W
ter to be rich than poor like "> nwy 3w Tm>
you...”
F N->O  Dehumanization (ani- “Someone on the ship should w5 @535 prwb arson Sy nx”
mal) be thrown to the dogs and ”&™ma no1da
kicked out of the Knesset,
traitors.”
F O-N Context-poor  frag- “Shame.” 7 ena”
ment
T N-O  Aggressive vio- “A Jewish terrorist... should ~1>* m pawna nop5 oy i Samn”
lence/terror framing take into account that this 70 prrd
could be his end.”
T N-O Strong abusive lan- “The old woman in the hospi- nawa  mba™m  ...nmaToma mprr”
guage tal corridors... trash... scum... 951 onw my nrbn
may their name be erased.”
T O-N News-style violence “Breaking: The PA thwarted @®™nma a1 77p7 vwn 71520 BT’
mention a stabbing attack against sol-
diers...”
T O-=N Informational violence ~ “The Hamas terror organiza- mw 12 01 (™81 oXRO @A PIOR”

mention

tion marks today 12 years
since Operation Cast Lead...”

7pne newd
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