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Abstract

The proliferation of online hate speech requires
a rigorous examination of the datasets used to
train detection models. In this work, we an-
alyze six Brazilian Portuguese datasets anno-
tated for hate speech or toxicity to investigate
how their lexical “anatomy” and domain char-
acteristics affect cross-domain generalization.
We combine HurtLex-based lexical profiling
with cross-dataset evaluation in a feature-based
transfer-learning setup, using BERTimbau em-
beddings and an XGBoost classifier. Our anal-
ysis shows that, although the datasets share
a broadly similar macro-level focus, they di-
verge substantially in how specific terms are
used and labeled across platforms and topics.
Results indicate that lexical breadth and anno-
tation practices strongly predict transferabil-
ity: datasets with broader and more hetero-
geneous toxic vocabulary yield better cross-
domain performance, whereas resources with
narrow, profanity-centered labeling lead to se-
vere generalization gaps, even when lexical
overlap is high. These findings underscore the
impact of collection and labeling strategies on
the curation and evaluation of Portuguese hate
speech datasets. Warning! This work and the
referenced datasets contain examples of offen-
sive and hateful language.

1 Introduction

Social media platforms are used by approximately
5.41 billion people worldwide, representing about
65.7% of the global population (Kepios, 2025; Chaf-
fey, 2025). These platforms foster diverse commu-
nities but have also enabled the spread of harmful
practices, most notably hate speech (Boyd and Elli-
son, 2007; Gagliardone et al., 2015). According to
the United Nations, hate speech includes communi-
cation that attacks or uses discriminatory language
based on religion, ethnicity, nationality, race, gen-
der, or other identity markers. In Brazil, although
specific legislation is still evolving, existing legal

frameworks address crimes resulting from preju-
dice, which has stimulated a growing body of re-
search on automated detection (Poletto et al., 2021).

To operationalize hate speech detection, re-
searchers typically use supervised machine learn-
ing models trained on annotated datasets. However,
a critical challenge arises: the literature predomi-
nantly treats detection as a binary task, often over-
looking the fact that datasets are artifacts of their
collection strategies. A dataset collected during a
political election, for example, may conflate “hate”
with “political insults”, while one focused on influ-
encers may emphasize “harassment”. These the-
matic biases can result in brittle models that fail
to accurately capture nuances or generalize to new
contexts (Fortuna et al., 2020; Cheng et al., 2022).

While recent studies have explored the character-
istics of hate and toxicity datasets, few focus specif-
ically on Portuguese or empirically measure how
dataset composition affects cross-domain general-
ization. This study addresses this gap. Inspired by
the “anatomy” analysis proposed by Guimaraes et al.
(2023), we investigate the structural and lexical
composition of six prominent and widely explored
Portuguese hate speech datasets. We extend prior
work by moving beyond descriptive analysis: we
combine lexical profiling—using HurtLex (Bassig-
nana et al., 2018), a multilingual lexicon of hate-
related words—with a robust cross-domain eval-
uation based on transfer learning to quantify the
transferability of knowledge across domains.

We adopt the term “anatomy” to describe the dis-
tribution of hate categories and vocabulary within
each dataset. While we acknowledge the theoretical
distinction between ‘“hate speech” and “offensive
language” (Davidson et al., 2017), the analyzed
datasets use varying definitions. Therefore, for this
cross-domain analysis, we consider these categories
under the broader scope of toxic content, charac-
terized by negative, rude, and/or disrespectful mes-
sages (Aroyo et al., 2019), while respecting the
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original labels provided by the dataset creators.
Specifically, in this work, we focus on answering
the following research questions (RQs):

* RQ1: How do Portuguese hate speech and
toxicity datasets differ in terms of their lexi-
cal “anatomy”, considering the distribution of
HurtLex categories across toxic and non-toxic
messages in each domain?

* RQ2: How are differences in lexical compo-
sition across datasets related to variations in
cross-domain performance?

* RQ3: To what extent do models trained on
one dataset (and its associated domain, such
as political, news comments, or YouTube dis-
cussions) generalize to other datasets when
evaluated in a cross-domain transfer learning
setup?

Our results reveal several interesting findings re-
lated to our research questions. Regarding RQ1, we
show that, although the datasets share a broadly sim-
ilar lexical anatomy—with toxicity concentrated
in categories such as moral defects and negative
stereotypes—they differ significantly in how spe-
cific terms are used and labeled across domains. For
RQ2, we find that these lexical and annotational dif-
ferences are reflected in cross-domain performance:
corpora with broader and more heterogeneous toxic
vocabulary yield models that transfer better than
those with stricter, profanity-centered labeling. Fi-
nally, in relation to RQ3, our cross-dataset experi-
ments reveal that models trained on certain datasets
(e.g., ToLD-BR) generalize comparatively well to
other platforms and topics, whereas models trained
on others (e.g., OLID-BR) suffer from substantial
performance drops, underscoring that successful
transfer depends not only on lexical overlap but also
on the alignment of domain and labeling practices.

Overall, these insights contribute to the field by
emphasizing that model robustness is intrinsically
tied to the lexical and structural composition of
training data. By mapping the lexical boundaries
and biases of each dataset, this work provides essen-
tial guidance for selecting training resources that go
beyond surface-level patterns, ultimately fostering
more reliable toxicity detection systems.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work; Section 3 de-
scribes the datasets, HurtLex-based profiling, data
cleaning and processing, vocabulary analysis, and

cross-domain setup; Section 4 presents our empiri-
cal findings and related discussion; and Section 5
summarizes our contributions and outlines future
work.

2 Related Work

A growing number of studies have leveraged data
from digital platforms to understand and mitigate
online hate speech (Lima et al., 2020; Poletto et al.,
2021; Castafio-Pulgarin et al., 2021; Buturoiu and
Corbu, 2026). These studies range from sociocul-
tural analyses of how hate manifests in specific
communities and historical moments (Matamoros-
Ferndndez, 2017) to the development of computa-
tional frameworks and resources for automatic de-
tection (Fortuna and Nunes, 2018). Together, they
emphasize that hate speech is not only a linguistic
phenomenon but is also shaped by sociopolitical
and platform-specific contexts.

At the empirical level, several labeled datasets
have been created to monitor specific scenarios,
such as the rise of hate against Asians during the
COVID-19 pandemic (He et al., 2021), enabling
studies of the dynamics of racial prejudice in cri-
sis situations (Vishwamitra et al., 2020; He et al.,
2021). While these initiatives advance our under-
standing of how hate emerges and evolves, their
strong dependence on particular events and com-
munities (e.g., health crises, electoral disputes, fan-
doms) means that models trained on them may learn
context-dependent patterns that do not necessarily
transfer to other domains.

In parallel, the literature has explored specialized
lexicons and cross-lingual transfer strategies to sup-
port data filtering and analysis. From a lexical—se-
mantic perspective, the interpretation of potentially
hateful expressions is complicated by polysemy,
i.e., the coexistence of multiple related senses for
the same lexical item (Ravin and Leacock, 2000),
which poses challenges for both annotation and au-
tomatic processing. To expand coverage and se-
mantic granularity, researchers have translated and
adapted consolidated resources, such as Hatebase',
and proposed multilingual lexicons, such as Mul-
tilingual Offensive Lexicon (MOL) (Salles et al.,
2025). Lexicons like HurtLex (Bassignana et al.,
2018), in turn, organize entries into target-oriented
macro-areas (e.g., racism, xenophobia, misogyny,
homophobia), supporting cross-dataset and cross-
lingual comparisons—an especially relevant feature

'Available at: https://hatebase.org/
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Figure 1: Overview of the proposed methodology.

for languages like Portuguese, where resources are
more limited and often derived from cross-lingual
adaptations.

A complementary line of research examines how
hate speech interacts with platform architectures
and moderation regimes. Studies on Gab and Red-
dit, for example, show how low moderation and
echo chambers can amplify hateful content, shape
“hate ecologies”, and challenge the robustness of de-
tection models across environments (Chandrasekha-
ran et al., 2017; Lima et al., 2018; Zannettou et al.,
2018; Lima et al., 2024). In the Brazilian con-
text, legal and regulatory debates highlight ten-
sions between freedom of expression, fake news,
and hate speech (Da Silva et al., 2021), underscor-
ing the need for tools that are sensitive to jurisdic-
tional and sociopolitical specificities, particularly
for Portuguese-speaking countries.

Closer to our work, Guimaraes et al. (2023) an-
alyze the composition of English-language reposi-
tories, exploring overlaps and gaps across datasets.
We extend this research in two main ways: (i) we fo-
cus on a set of Portuguese-language repositories, ex-
amining their “anatomy” in terms of structural and
lexical composition, with particular attention to the
domains from which messages were collected (e.g.,
political discussions or content about public figures
and influencers); and (ii) we go beyond descrip-
tive analysis by combining lexical profiling based
on HurtLex with a cross-domain transfer learning
evaluation, quantifying how domain-specific these
datasets are and how their composition affects the
generalization ability of automated hate speech de-
tection systems.

3 Methodology

The methodology proposed herein employs a com-
putational approach to characterize the lexical struc-
ture and evaluate the cross-domain generalization
of prominent Portuguese-language hate speech and
toxicity datasets. As shown in Figure 1, the research
workflow is organized into five main stages: (i) cu-
ration of six public datasets (Section 3.1); (ii) selec-
tion of the structured lexicon HurtLex (Bassignana

et al., 2018) for term categorization (Section 3.2);
(iii) data pre-processing and normalization (Sec-
tion 3.3); (iv) cross-dataset evaluation experiments
using transfer learning (Section 3.5); and (v) a multi-
faceted quantitative analysis combining lexical and
performance-based perspectives (Section 3.4). A
detailed description of each stage is provided below.

3.1 Datasets Selection

The selection of datasets entailed a comprehen-
sive literature search (e.g., via Google Scholar
and scientific databases) for studies presenting
Portuguese-language collections annotated for the
presence or absence of any level of toxicity. Follow-
ing an initial screening, only publicly accessible
resources available through official webpages or
GitHub were retained. Collections that provided
only message identifiers were discarded; priority
was given to those containing full textual content,
even if anonymized. Consequently, six reference
corpora for Brazilian Portuguese were consolidated
for this study. A descriptive summary detailing their
sources, collection methods, and class distributions
is presented in Table 1.

These corpora also differ significantly in terms of
domain and collection strategy. They cover distinct
platforms (e.g., Twitter, Instagram, YouTube, news
portals) and thematic focuses (e.g., political figures,
minority groups, controversial topics), which we
treat as contextual domains in our analysis. Notably,
there is significant conceptual divergence among
these datasets: terms such as “offensive”, “toxic”,
and “hate speech” are not semantically interchange-
able across resources. While some collections (e.g.,
OLID-BR, ToLD-BR) employ “toxic” or “offen-
sive” as broad umbrella terms, others (e.g., Hate-
BRXplain) focus more narrowly on offensive lan-
guage. Despite these nuances, the primary binary
labels available in each dataset—as outlined in Ta-
ble 1—were utilized to establish a common ground,
standardizing all instances under a unified definition
of toxic content for the purposes of cross-domain
comparison.
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Dataset General Description Raw Size  Cleaned Size (% Toxic)

Fortuna [16] Tweets retrieved from Twitter based on a specific vocabulary of 5,670 5,666 (31.52%)
potential hate speech terms, annotated as hate speech or non-hate
speech (column hatespeech_comb).

HateBRXplain [34] Comments collected from the Instagram accounts of six Brazil- 7,000 7,000 (50%)
ian politicians, annotated as offensive or non-offensive (column
offensive_label).

OffComBR3 [15] Comments collected from the G1 news portal covering vari- 1,033 1,029 (19.53%)
ous topics, annotated as offensive or non-offensive (column
@@class).

OlidBR [36] Comments collected mostly from YouTube videos covering con- 6,952 6,952 (85.39%)
troversial topics (e.g., politics, LGBTQ+ rights), annotated as
offensive or non-offensive (column is_offensive).

ToLDBR [26] Tweets retrieved from Twitter using keywords related to minority 21,000 16,806 (30.74%)
groups, annotated as toxic or non-toxic (column hate).

TuPy [14] Tweets collected from Twitter covering diverse domains (e.g., 10,000 9,917 (10.41%)

politics, sports), annotated as hate speech or non-hate speech

(column hate).

Table 1: Quantitative summary of data repositories after pre-processing.

3.2 Lexical Dictionary: HurtLex

For the identification and categorization of toxic
language, we selected HurtLex (Bassignana et al.,
2018), a lexicon widely used in the literature (Pa-
mungkas and Patti, 2019; Koufakou et al., 2020;
Chiril et al., 2022). This resource was chosen pri-
marily due to its comprehensive taxonomy, which
offers a wide range of semantic classes, and its
versatility for fine-grained lexical analysis across
domains. Available in over 50 languages, including
Portuguese, and derived from the Italian lexicon
Parole per Ferire, HurtLex organizes entries into
17 semantic categories (Table 2) grouped into three
macro-themes:

* (i) Negative stereotypes and ethnic slurs:
Derogatory terms targeting nationality, ethnic-
ity, religion, sexual orientation, or disabilities
(categories: ps, rci, pa, ddf, ddp, dmc, is);

* (ii) Non-stereotyped hateful words and in-
sults: Offensive terms related to social taboos
or dehumanization, including animal refer-
ences or sexual slurs (categories: or, an, asm,

asf, pr, om);

e (iii) Other insults and negative connota-
tions: General pejorative terms related to
crime, morality, and negative behaviors (cate-
gories: qgas, cds, re, svp).

Additionally, for each category, we also provide
in Table 2 examples of associated terms. Last, or
this study, it is important to mention that the “con-
servative” version of HurtLex was adopted. This
variant prioritizes precision by restricting entries to

terms validated through back-translation, a strategy
designed to minimize false positives during the an-
alytical process and to provide a more reliable basis
for comparing lexical “anatomies” across domains.

3.3 Data Cleaning and Processing

Before analysis, a pre-processing pipeline was im-
plemented to normalize content and reduce sparsity
while preserving semantically relevant information.
Initially, all repository files (originally in formats
such as .parquet and .arff) were first standard-
ized to . csv. Class labels were then binarized to a
uniform schema: 1 (toxic) and 0 (non-toxic), har-
monizing discrepancies in original labeling conven-
tions (e.g., off /not, yes/no).

Textual pre-processing focused on normaliz-
ing URLs and user mentions to ensure consistent
anonymization across all datasets. Hashtags were
preserved because of their potential semantic and
contextual relevance, especially in political and
fandom-related domains. To maintain data integrity,
duplicate messages within each dataset were identi-
fied and removed to prevent redundancy bias. The
final dataset statistics are presented in Table 1.

Furthermore, for the lexical frequency analysis
(e.g., word clouds), a rigorous stopword filtering
process was applied using the spaCy library (model
pt_core_news_1g). This process excluded stan-
dard high-frequency function words and included
an additional manual filtering step to remove infor-
mal terms (e.g., “pra”, “vc”, “ta’) that remained
after standard processing, ensuring the prominence
of content-bearing vocabulary that better reflects
domain-specific toxic expressions.
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Label Description Examples of Terms (in Portuguese)
ps negative stereotypes ethnic slurs preto, crioulo, barbaros

rci locations and demonyms selvagem, camponés, barbdrie

pa professions and occupations cafajeste, pedante, churl

ddf physical disabilities and diversity
ddp cognitive disabilities and diversity

ando, nanus, feia
imbecil, ignorancia, trouxa

dmc moral and behavioral defects falso, mal, farsante

is words related to social and economic disadvantage pedinte, miseravel, maltrapilho
or plants viado, imbecil, burro

an animals sanguessuga, medricas, bosta
asm male genitalia caralho, pinto, punheteiro

asf female genitalia bosseta, mulher, xana

pr words related to prostitution gigold, puta, piranha

om words related to homosexuality veado, homo, lésbica

qas with potential negative connotations azarado, miserdvel, riistico
cds derogatory words safado, gente, tagarela

re felonies and words related to crime and immoral behavior calunia, chantagem, vilanismo
svp words related to the seven deadly sins of the Christian tradition avarenta, preguicoso, lascivo

Table 2: Description of semantic categories in the HurtLex lexicon, with illustrative examples.

3.4 Vocabulary Analysis

After pre-processing, a lexical-matching procedure
was applied to identify occurrences of HurtLex
terms in the messages of each repository. For every
match, the term was associated with the class label
of the corresponding message (foxic or non-toxic).
This procedure allows us not only to quantify the
frequency of hate-related terminology and estimate
how often such terms appear in toxic versus non-
toxic content within each corpus.

Matched terms were then mapped to their seman-
tic categories in the lexicon, enabling category-level
frequency aggregation per dataset and per class. In
this way, we obtain a lexical “anatomy” for each
repository, characterized by: (i) which HurtLex
categories are most prevalent, and (ii) how these
categories are distributed across toxic and non-
toxic messages. Comparing these profiles across
datasets provides a corpus-level view of how differ-
ent domains (e.g., political debate, news comments,
YouTube discussions) emphasize distinct types of
toxic vocabulary.

Finally, these lexical insights are contrasted with
the machine learning experiments described be-
low, which assess cross-domain generalization. To-
gether, they enable us to investigate how differences
in lexical composition relate to the transferability
of detection models across datasets.

3.5 Cross-Dataset Evaluation Setup

To empirically measure the impact of dataset char-
acteristics on generalization, we implemented a
cross-dataset evaluation strategy in which a detec-
tion model is trained on each source repository

and tested on all remaining target datasets. This
yields a matrix of train—test combinations that al-
lows comparison of within-domain performance
(using a 70/30 train—test split on the same corpus,
preserving the original imbalance between toxic
and non-toxic messages) and cross-domain perfor-
mance (training on one corpus and testing on an-
other).

The feature extraction process employed
BERTimbau (Souza et al., 2020), a pre-trained
Portuguese language model, to generate dense
vector representations of the messages. Specifi-
cally, embeddings were extracted from the [CLS]
token of the last hidden layer (768 dimensions),
leveraging transfer learning to capture semantic
context uniformly across all datasets.

These embeddings were then used as input fea-
tures for an XGBoost classifier (Chen and Guestrin,
2016), selected for its efficiency and robustness with
high-dimensional data. To keep the comparison fo-
cused on dataset and domain discrepancies rather
than on algorithmic tuning, all models were trained
with default hyperparameters across all train—test
configurations.

For performance evaluation, the Macro-F1 score
was used as the primary metric. Given the severe
class imbalance in some datasets, as shown in Ta-
ble 1, this metric provides a stricter assessment by
treating both classes equally, preventing the ma-
jority non-toxic class from dominating the results.
By jointly analyzing the Macro-F1 scores across
domains and the lexical profiles obtained in Sec-
tion 3.4, we can examine how the “anatomy” of
each dataset influences the cross-domain general-
ization capacity of hate speech detection models.
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Figure 2: Percentage distribution of hate categories per dataset based on HurtLex.

HateBR OffComBR OLID-BR Fortuna ToLD-BR

OffComBR  0.9879 - -

OLID-BR 0.9238 0.9399 -

Fortuna 0.8780 0.8611 0.9136

ToLD-BR 0.8202 0.8529 0.9202 0.8276

TuPy 0.9658 0.9713 0.9454 0.8732 0.9085

Table 3: Cosine Similarity Matrix based on HurtLex
Category Distributions.

4 Results and Discussion

In this section, we combine quantitative metrics,
lexical profiling, and model performance to char-
acterize the landscape of Portuguese hate speech
and toxicity datasets. The analysis is organized into
three dimensions that directly address our research
questions: (i) lexical and thematic alignment across
corpora (RQ1), (ii) contextual divergence in the use
and labeling of toxic vocabulary (RQ1, RQ2), and
(iii) implications of these patterns for cross-dataset
generalization (RQ2, RQ3).

4.1 Lexical and Thematic Alignment

To quantify vocabulary overlap between datasets,
we computed the Jaccard Similarity Index (Kara-
biber, 2025) for all repository pairs. This metric
measures the intersection of unique tokens, regard-
less of their frequency, and serves as a proxy for
lexical proximity between domains.
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Figure 3: Presence of HurtLex terms (Contains Term
vs. No Term) within the subset of toxic messages across
datasets.

The results reveal a cohesive subset of social
media-based corpora. HateBRXplain, OLID-BR,
Fortuna, ToLD-BR, and TuPy exhibit relatively
high lexical similarity among themselves, with
scores ranging from 54% to 60%. This pattern
is consistent with the informal register shared by
platforms such as Twitter, Instagram, and YouTube.
In sharp contrast, OffComBR3 shows substantially
lower overlap with the other datasets (=26—-32%),
reflecting its distinct source: as a corpus of news
comments from the G1 portal?, its vocabulary di-
verges from the slang-heavy and conversational
style observed in social networks.

Beyond raw vocabulary overlap, the radar charts

?Available at: https://gl.globo.com/
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Figure 4: Top-10 HurtLex terms (in Portuguese) per repo

in Figure 2 indicate that the overall “anatomy of
hate” is remarkably stable across corpora. This ob-
servation is quantitatively supported by the Cosine
Similarity matrix (Lahitani et al., 2016) in Table 3,
which shows alignment scores consistently above
0.85 when comparing distributions of HurtLex cat-
egories. Structurally, all datasets gravitate towards
similar lexical macro-areas, particularly dmc (moral
and behavioral defects) and ps (negative stereo-
types). These results suggest that, at a high level,
toxicity in the analyzed Brazilian corpora is con-
sistently centered on attacks against character and
reputation, indicating strong thematic compatibil-
ity despite differences in specific lexical items and
platforms.

4.2 Contextual Divergence and Vocabulary

While the datasets exhibit macro-level alignment,
a more granular analysis reveals important diver-
gences in how toxic vocabulary is linguistically re-
alized and labeled across domains.

Figure 3 illustrates the presence of HurtLex terms
within the subset of toxic messages for each dataset.
The variation in lexical presence—ranging from
approximately 30% in OffComBR3 to over 60% in
OLID-BR—reveals distinct characteristics in how
toxicity is manifested across datasets. This hetero-
geneity challenges the notion of a single, universal
definition of toxicity and is consistent with the ar-
guments of Fortuna et al. (2020).

In OLID-BR, toxicity is often explicit and

Number of Mentions

(e) TOLD-BR

100 150

Number of Mentions

(f) TuPy

600 800 1000 1200 50 200

sitory: number of mentions in toxic and non-toxic messages.

strongly relies on the lexicon. Conversely, in Of-
fComBR3 and TuPy, most toxic content does not
contain any explicit HurtLex terms (= 70% and
~=55% of toxic messages lack these terms, respec-
tively). This absence of explicit vocabulary in toxic
instances aligns with Waseem and Hovy (2016),
illustrating that toxicity is not solely defined by
specific keywords. Instead, in these environments,
abuse is likely conveyed through implicit means,
irony, or context-dependent hostility that a static
lexicon cannot capture.

Figure 4 presents the top-10 most frequent
HurtLex terms for each repository, distinguishing
their occurrences in toxic and non-toxic messages.
Here, the contrasts in lexical usage across domains
become even more evident.

A key source of variation is lexical poly-
semy (Ravin and Leacock, 2000), especially in
terms that can function both as slurs and as intensi-
fiers. A salient example is the term “puta” (literally
“whore”). Although it is a strong gendered insult,
in Brazilian Portuguese it is also widely used as a
colloquial intensifier (e.g., “puta vontade” / “huge
urge”) or interjection (e.g., “puta que pariu” / “holy
shit”).

This ambiguity is clearly visible in social media-
oriented datasets such as ToLD-BR and TuPy,
where “puta” appears with a substantial proportion
of non-toxic labels (represented by the lighter bars
in Figure 4). In these cases, simple lexicon lookup
cannot discriminate between misogynistic attacks
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Figure 5: Word clouds of the most frequent terms (in Portuguese) in each repository in messages categorized as hate

speech. Words in pink are present in the HurtLex lexicon.

and harmless slang. In contrast, in OLID-BR the
term is almost exclusively labeled as toxic, sug-
gesting an annotation bias towards marking explicit
profanity as toxic regardless of its syntactic or prag-
matic function. Together, these findings reinforce
that models must leverage contextual and syntactic
information—e.g., distinguishing a noun used as a
direct slur from an adjective or interjection used as
an intensifier—rather than relying solely on static
lists of prohibited words.

Complementing the term-level analysis, the word
clouds in Figure 5 illustrate the most frequent to-
kens in messages labeled as toxic in each reposi-
tory, with HurtLex entries highlighted in pink. In
ToLD-BR and OLID-BR, the dominant terms are
explicit profanities (e.g., “porra”, “merda’), indi-
cating a form of toxicity strongly driven by coarse
language. In contrast, in HateBR the most frequent
words are largely neutral political entities and top-
ics (e.g., “Brasil”, “Lula”, “presidente”), which are
not necessarily listed in HurtLex. This suggests an
entity-oriented toxicity pattern, where ostensibly
neutral terms become hateful through their associ-
ation with polarized political discourse. In other
words, datasets such as HateBR rely more heavily
on world knowledge and contextual cues, whereas
ToLD-BR leans more on easily identifiable vulgar-
ity. This distinction has direct implications for the
transferability of models trained on these corpora.

4.3 Implications for Cross-Dataset
Generalization

These lexical and contextual characteristics help
interpret the cross-dataset performance results re-
ported in Table 4. The model trained on ToLD-BR

achieved the highest overall cross-domain perfor-
mance, including a Macro-F1 score of 0.78 when
tested on HateBR. This behavior can be linked to
ToLLD-BR’s lexical breadth: as indicated by the
radar and word cloud analyses, it covers a broad
spectrum of toxic vocabulary, including profanity
patterns similar to those in TuPy and, to a lesser
extent, identity-based slurs present in Fortuna. In
practice, ToLD-BR behaves as a “lexical superset”
that exposes the model to diverse manifestations of
toxicity, thereby supporting better generalization to
other domains.

In contrast, despite exhibiting high lexical simi-
larity with ToLD-BR (Jaccard ~55%) and strong
thematic alignment in terms of HurtLex categories
(Cosine similarity ~0.92), the model trained on
OLID-BR performs poorly when transferred to
other datasets (e.g., Macro-F1 of 0.26 on TuPy).
The analysis in Section 4.2 sheds light on this phe-
nomenon: OLID-BR encodes a comparatively rigid
notion of toxicity, in which the presence of explicit
profanity is almost always annotated as toxic. When
such a model is applied to domains like TuPy, where
the same words often appear in non-toxic, collo-
quial contexts, it is likely to yield many false posi-
tives, severely harming F1-scores.

N HateBRXplain OffComBR OLID-BR Fortuna ToLD-BR TuPy

HateBRXplain 0.8738 0.5439 0.6167 0.6374 0.6801 0.5482
OffComBR 0.5273 0.7699 0.3579 0.5696 0.6264  0.5731
OLID-BR 0.5397 0.2426 0.5379 0.3345 0.4170  0.2654
Fortuna 0.6595 0.6474 0.4572 0.6679 0.6554  0.6115
ToLD-BR 0.7792 0.6855 0.5530 0.6439 0.7140  0.6224
TuPy 0.5313 0.5252 0.2402 0.5146 0.4300  0.6356

Table 4: Macro-F1 in the cross-dataset evaluation.
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Taken together, these findings suggest that an-
notation incompatibilities—particularly disagree-
ments over whether slang and profanity should be
systematically labeled as toxic—are a major driver
of cross-dataset generalization gaps (RQ2, RQ3).
More broadly, they reinforce that the success of
transfer learning in hate speech detection depends
not only on lexical overlap but also on the alignment
of contextual norms and labeling practices across
domains, echoing (Assis et al., 2024).

5 Conclusion and Future Work

In this paper, we analyzed six Brazilian Portuguese
datasets for hate speech and toxicity detection
(i.e., HateBRXplain, OfComBR, OLID-BR, For-
tuna, ToLD-BR, and TuPy), combining a lexical
“anatomy”” based on HurtLex with cross-dataset
transfer learning experiments. We showed that,
although the corpora share a similar macro-level
profile—with toxicity concentrated in categories
such as moral defects and negative stereotypes—
they differ substantially in how toxic expressions
are used and labeled across domains and platforms.

Our results indicate that the same term may be
annotated as toxic in one dataset but frequently ap-
pears in non-toxic contexts in another, reflecting
different annotation criteria and interaction norms.
These differences help explain the cross-domain re-
sults: models trained on corpora with broader and
more heterogeneous definitions of toxicity (such as
ToLD-BR) generalize better, while models trained
on datasets with stricter profanity-based labeling
(such as OLID-BR) tend to over-flag slang in other
domains. Thus, generalization depends not only on
lexical overlap but also on the alignment of labeling
practices and contextual language use.

Lexicon-based profiling is useful for describing
datasets, but it is limited in handling polysemy,
irony, and sarcasm, which often lead to false posi-
tives when words are interpreted out of context. Our
findings reinforce the need for hate speech detection
approaches that combine lexical resources with con-
textual and discourse-aware modeling, highlighting
that high-quality dataset labeling is a crucial pre-
requisite for developing more robust models in the
future.

As future work, we plan to refine the comparison
of labeling schemes (e.g., “hate speech” vs. “offen-
sive language”) across corpora, explore the expan-
sion and adaptation of lexicons using resources such
as MOL (Vargas et al., 2025), and design new col-

lections and models that more explicitly incorporate
linguistic diversity, cultural context, and domain in-
formation to improve the robustness of hate speech
detection in Portuguese.
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