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Abstract. This Ph.D. dissertation advances the state-of-the-art in AI - Natural
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Global South and the limited interpretability of modern language models for so-
cially relevant tasks. The research focuses on hate speech detection and automa-
ted fact-checking, proposing novel datasets, explainable methods, and evalua-
tion frameworks to improve the transparency, fairness and reliability of NLP sys-
tems. The dissertation introduces seven benchmark datasets for Brazilian Portu-
guese and the Hausa language: HateBR, HateBRXplain, HateBRMoralXplain,
MFTCXplain, MOL, FactNews, and HausaHate. These resources support rese-
arch on hate speech detection, moral reasoning, and automated fact-checking.
Building on these resources, this thesis proposes five novel interpretable and
explainable methods: Sentence-Level Factual Reasoning (SELFAR), Social Ste-
reotype Analysis (SSA), Contextual Bag-of-Words with Human Rationales and
Feature Optimization (B+M), Supervised Rational Attention (SRA), and Super-
vised Moral Rational Attention (SMRA). These approaches integrate human ra-
tionales, as well as moral and factual evidence into neural architectures, impro-
ving both predictive performance and explanation quality. Experiments across
multiple datasets demonstrate consistent improvements over neural baselines
while producing explanations that are more faithful and better aligned with hu-
man reasoning. Beyond its methodological contributions, the dissertation has
generated significant scientific and societal impact. Its datasets and methods
have been adopted by researchers from universities and research institutes in
Brazil and abroad, including Microsoft Research and other leading institutions,
supporting new studies on Explainable AI, Trustworthy NLP, and socially res-
ponsible language technologies for underrepresented languages. The quality
and impact of this research have also been recognized through several national
and international awards, including the Google LARA, the PROPOR Best The-
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Resumo. Esta tese de doutorado avança o estado da arte em Inteligência Ar-
tificial (IA) e Processamento de Linguagem Natural (PLN) ao abordar dois
desafios crı́ticos: a escassez de Corpora de alta qualidade para lı́nguas sub-
representadas no Sul Global e a interpretabilidade limitada dos modelos de lin-
guagem modernos em tarefas com alto impacto social. A pesquisa concentra-se
na detecção de discurso de ódio e na verificação automática de fatos, propondo
novos conjuntos de dados, métodos explicáveis e benchmarks de avaliação para
aprimorar a transparência, a equidade e a confiabilidade dos sistemas de PLN.
A tese apresenta sete conjuntos de dados benchmarks para o português brasi-
leiro e a lı́ngua hausa: HateBR, HateBRXplain, HateBRMoralXplain, MFTCX-
plain, MOL, FactNews e HausaHate. Esses recursos apoiam pesquisas em
detecção de discurso de ódio, raciocı́nio moral das LLMs e verificação au-
tomática de fatos. Com base nesses recursos, a tese propõe cinco novos métodos
interpretáveis e explicáveis: Sentence-Level Factual Reasoning (SELFAR), So-
cial Stereotype Analysis (SSA), Contextual BoW with Human Rationales and
Feature Optimization (B+M), Supervised Rational Attention (SRA) e Supervi-
sed Moral Rational Attention (SMRA). Essas abordagens integram justificativas
humanas (human rationales), bem como evidências morais e factuais, às arqui-
teturas neurais, aprimorando tanto o desempenho preditivo quanto a qualidade
das explicações. Experimentos realizados em múltiplos conjuntos de dados de-
monstram melhorias consistentes em relação a modelos neurais de referência,
ao mesmo tempo em que produzem explicações mais fiéis e melhor alinhadas ao
raciocı́nio humano. Além de suas contribuições metodológicas, a tese gerou im-
pacto cientı́fico e social significativo. Seus conjuntos de dados e métodos foram
adotados por pesquisadores de universidades e institutos de pesquisa no Brasil
e no exterior, incluindo a Microsoft Research e outras instituições de referência,
contribuindo para novos estudos em Inteligência Artificial Explicável (XAI),
Processamento de Linguagem Natural Confiável (Trustworthy NLP) e tecno-
logias de linguagem socialmente responsáveis para lı́nguas sub-representadas.
A qualidade e o impacto desta pesquisa também foram reconhecidos por diver-
sos prêmios nacionais e internacionais, incluindo o Google LARA, o Prêmio de
Melhor Tese do PROPOR, o Prêmio Maria Carolina Monard de Melhor Tese
em Inteligência Artificial, o Trevisan Prize – AI for Good da Universidade Boc-
coni na Itália, ACL D&I Awards, além de duas indicações a Prêmios de Teses
da Sociedade Brasileira de Computação (SBC), nas categorias de Ciência da
Computação e de Multimı́dia, Hipermı́dia e Web.

1. Introduction

The proliferation of misinformation and hate speech has become a pressing global is-
sue. These phenomena not only distort public opinion but also exacerbate social tensi-
ons, often leading to real-world harm. Although the literature has often presented vague
definitions of misinformation, disinformation, and hate speech, according to the Uni-
ted Nations (UN) (Wardle 2024), they represent distinct forms of “harmful speech” that,
despite their differences, share common characteristics and can have significant long-
term impacts. Hate speech, for example, specifically targets individuals or groups ba-
sed on their social identity. Similarly, disinformation and misinformation can be used
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to damage reputations or as strategies to spread hate; however, they may also target in-
dividuals and groups based on non-identity-related characteristics, such as occupation.
The dissemination of fake news can also serve as a tool for discrimination against in-
dividuals or groups, potentially reaching the threshold of incitement. In other words,
when hate speech is amplified by misinformation, its reach expands, thereby increa-
sing the likelihood of harm (Wardle 2024). An increasing body of literature supports
the argument that misinformation exacerbates hate speech, including phenomena such
as partyism* (Pennycook and Rand 2018; Poletto et al. 2021; Marwick and Lewis 2017).
Hate speech often constructs social divisions by categorizing individuals into in-groups
and out-groups†. Out-groups are often described using negative stereotypes and framed
with pejorative associations, employing hostile and demeaning language to portray ”the
other.”Furthermore, hate speech can deliberately spread falsehoods about out-groups to
deepen social polarization and strengthen support for radical right-wing ideological posi-
tions (Hameleers et al. 2022).

To address the harmful cycle of fake news dissemination and its role in trig-
gering hate speech against social groups, a wide range of natural language processing
(NLP) methods have been proposed for fact-checking and hate speech detection. Ne-
vertheless, although NLP has historically relied on inherently explainable methods, often
termed ’white-box’ techniques, such as rule-based algorithms, decision trees, hidden Mar-
kov models and logistic regressions, the rise adoption of large language models (LLMs)
(also known as “black-box”‡) and language embeddings have significantly reduced the
interpretability of NLP models (Tsvetkov et al. 2019). Consequently, most existing fact-
checking and hate speech detection models that rely on these black-box approaches fail to
provide rationales for their predictions. This lack of transparency introduces significant
risks, including biases, which have become a major concern in the field (May et al. 2019).
For example, biases in training data, resulting from prejudiced labels or under- or over-
sampling, lead to models with unwanted biases (Stryker 2024).

Hate speech detection technologies often inherit biases from their trai-
ning data (Davidson et al. 2019), which may reflect subjective human annotations
(Al Kuwatly et al. 2020; Sap et al. 2022). These biases can reinforce social discri-
mination—such as racial and gender biases—especially when deployed at scale
(Davani et al. 2023; Chuang et al. 2021; Sap et al. 2019; Davidson et al. 2019). Further-
more, machine learning models may internalize and perpetuate normative social stereoty-
pes, leading to systematic prediction errors (Davani et al. 2023). Another critical source
of bias is the absence of contextual information (Kennedy et al. 2020). Similarly, given
the prevalent practice in modern NLP of training AI systems on extensive corpora of
human-generated text, representational biases can emerge. These biases manifest in va-
rious ways, such as an increased preference for European American names over African

*Partyism refers to extreme hostility toward political affiliations, influencing judgments and behaviors
beyond the political sphere (Sunstein 2015; Westwood et al. 2018).

†The concepts of in-group and out-group are rooted in social identity theory (Tajfel 1979). This theory
posits that individuals derive part of their self-concept from their membership in social groups, influencing
cognitive processes and intergroup behaviors, particularly those related to prejudice, bias, and discrimina-
tion.

‡Black-box techniques generate predictions based on input data, yet their decision-making processes
remain opaque to users (Garg et al. 2021). This is is also described as an “opaque box.”
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American names (Caliskan et al. 2017), the association of more negative sentiments with
individuals with disabilities (Hutchinson et al. 2020), and the reinforcement of ethnic ste-
reotypes, such as linking Hispanic individuals with housekeepers or Asians with profes-
sors (Garg et al. 2018). Furthermore, a notable flaw in neural hate speech classifiers is
their tendency to overemphasize group identifiers, such as “Muslim,” “gay,” and “black”
(Dixon et al. 2018). These terms are not inherently offensive, but may only constitute
hate speech within specific contexts. Table 1 shows this issue, showing two documents
classified as hate speech by a fine-tuned BERT classifier. Note that while the second docu-
ment from Gab contains explicit hate speech, the first document, extracted from the New
York Times, does not. However, the fine-tuned BERT classifier incorrectly classified both
as hate speech, due to the presence of group identifiers such as “black’ and “Africans.”

Documents Predicted Class
For many Africans, the most threatening kind of ethnic hatred is black against black. -
New York Times

hate speech

There is a great discrepancy between whites and blacks in SA. It is . . . [because] blacks
will always be the most backward race in the world - Anonymous user, Gab.com

hate speech

Tabela 1. Two documents classified as hate speech by a fine-tuned BERT classi-
fier. Group identifiers are underlined (Kennedy et al. 2020).

In similar settings, the issue of bias in fact-checking has been extensively analyzed
in the literature (Park et al. 2021; Soprano et al. 2024). Biases (e.g., media bias, political
bias, etc.) in automated fact-checking may be also introduced during data training. Con-
sequently, fact-checking models tend to rely on these biases without fully learning the
underlying task. Instead, they often learn misleading correlations between news pat-
terns and veracity labels as simplifications, rather than integrating the information to
reason effectively (Wu et al. 2022). As a result, these models may not only fail when
applied to real-life situations, where news patterns vary widely, but they can also under-
mine public trust and exacerbate political polarization (Kuzmin et al. 2020). For exam-
ple, prior studies assessing the performance of human fact-checkers have reported con-
flicting findings (Amazeen 2015) and identified significant inconsistencies among major
fact-checking organizations such as PolitiFact*, The Fact Checker†, and FactCheck.org‡

in their evaluations of statements on topics like climate change, racism, and national debt
(Marietta et al. 2015). In addition, only 10% of statements were fact-checked by both
organizations in their study, with agreement primarily observed for statements classi-
fied as clearly true or false, but significantly lower agreement for ambiguous claims that
highlight the inherent subjectivity in the manual assignment of veracity ratings, raising
concerns about potential biases such as selective claim verification and inconsistencies in
evaluation criteria (Nieminen and Rapeli 2019).

Table 2 presents examples of manually fact-checked claims and their assigned
veracity ratings by PolitiFact. Notice that the first claim§ was rated as “true.” However,

*https://www.politifact.com/
†https://www.washingtonpost.com/politics/fact-checker/
‡https://www.factcheck.org/
§https://www.politifact.com/factchecks/2022/dec/16/tammy-baldwin/

yes-wage-gap-does-have-big-impact-latina-workers/?cid=twitter_
PolitiFactWisc
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the journalist reviewing this statement noted that it does not account for differences in
occupations between the two populations; thus, had this context been considered, the
claim could have been deemed misleading. Moreover, another sentence in the same tweet
was not fact-checked. Similarly, the second claim* received a “mostly true” rating, with
the justification that while the statement itself is accurate, it lacks crucial context. In both
cases, the assigned veracity ratings may be imprecise, leading to ambiguous justifications.

N. Claims Rate
1 “Latina workers make 54 cents for every dollar earned by white, non-Hispanic men” -

Democratic Senator (tweet)
True

2 “A proposal in Syracuse would pay gang members $100-$200 per week to stay out of
trouble” - Republican state legislator from New York (tweet)

Mostly True

Tabela 2. Examples of manually fact-checked claims and their assigned ratings
published by PolitiFact.

Therefore, the inability of NLP models to provide rationales for their decisions
remains a significant barrier to their broader adoption (Gongane et al. 2024). In the con-
text of automated fact-checking and hate speech detection, this lack of transparency raises
serious ethical concerns regarding model reliability and fairness. In response to these cri-
tical issues, this thesis acknowledges the detrimental impact of insufficient transparency,
particularly in applications aimed at combating misinformation and hate speech, both of
which are essential to maintaining a fair and democratic society. These challenges high-
light a pressing and timely research opportunity.

2. Problem, Motivation and Objectives
Advances in NLP models have led to a decline in transparency, increasing risks such
as bias and reduced accountability, particularly in socially sensitive tasks such as fact-
checking and hate speech detection. These challenges are particularly notable for Portu-
guese, which still lacks adequate resources and explainable methods. Hence, the main ob-
jectives of this thesis are: (i) to analyze the risks, and limitations of “black-box” NLP mo-
dels applied to fact-checking and hate speech detection in Portuguese; (ii) to design and
release benchmark datasets for Portuguese, enriched with expert annotations and human-
interpretable rationales; (iii) to propose novel explainable NLP methods that integrate
interpretability into the learning process while maintaining state-of-the-art predictive per-
formance; and (iv) to contribute to the advancement of the Portuguese NLP community
by providing open-access data, methods, and evaluation metrics.

3. Research Hypotheses
This thesis was guided by two main hypotheses. First, research on explainability is es-
sential for building trust, ensuring fairness, and promoting the responsible use of AI,
particularly for understanding the risks and social impacts of “black-box” NLP models
for automated fact-checking and hate speech detection in Portuguese. Second, by revea-
ling when models rely on spurious patterns or social biases, explainability supports error
diagnosis, improves robustness, and enables accountability, which is crucial in hate spe-
ech detection and fact-checking, where understanding the reasons behind a decision is as
important as the decision itself.

*https://www.politifact.com/factchecks/2023/mar/29/william-barclay/
syracuse-proposal-would-pay-gang-members-stay-away/
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4. Related Works

4.1. Artificial Intelligence for Automated Fact-Checking

Automated fact-checking relies on retrieving potentially relevant documents from various
data sources (e.g., news websites, social media), determining the stance of each document
regarding the input claim, and then predicting the claim’s factuality by aggregating the
strength of these stances while considering the reliability of the source (Baly et al. 2018).
In terms of methods, most existing systems classify the veracity of a claim, identify evi-
dence, and predict whether the evidence supports or refutes the claim (Guo et al. 2022).
Furthermore, automated fact-checking can be categorized into two main tasks: fact extrac-
tion and fact verification, both structured as a three-stage process: (i) identifying claims
to check, (ii) finding appropriate evidence, and (iii) producing verdicts, as shown in Fi-
gure 2. Fact extraction, also known as claim detection, focuses on identifying the most
relevant claims to check. Conversely, fact verification involves retrieving evidence from a
corpus for a given claim whose veracity is unknown and predicting whether the evidence
supports or refutes the claim (Guo et al. 2022). Typically, the input consists of a social
media post or a document containing multiple claims. The output from claim detection
is then used as input for claim verification (Guo et al. 2022). This process often focuses
on sentence-level statements, a common practice among fact-checkers to ensure that only
the context relevant to the claim is included (Mena 2019). Both tasks and methods are
detailed below.

Claim detection relies on making a binary decision for each potential claim or ran-
king claims by importance (Nakov et al. 2018; Barrón-Cedeño et al. 2020). Additionally,
claim detection depends on check-worthiness, meaning the identification of claims for
which the general public would be interested in knowing the truth. For example, rumor
detection considers factors such as language subjectivity and the growth of readership th-
rough social networks (Qazvinian et al. 2011). In both cases, the goal is to find factual and
reliable content that is worth checking. For instance, (Barrón-Cedeño et al. 2020) created
a set of auxiliary questions, such as “Does it contain a factual claim?” and “Is it of ge-
neral interest?” to assist annotators in identifying check-worthy posts. Therefore, claim
detection is typically framed as a classification task in which models predict whether
claims are checkable or check-worthy (Guo et al. 2022). Earlier methods used supervi-
sed classifiers with feature engineering, relying on surface features such as Reddit karma
and up-votes (Aker et al. 2017), Twitter-specific features (Enayet and El-Beltagy 2017),
named entities and verbal forms in political transcripts (Zhong et al. 2020), or lexical and
syntactic features (Zhou et al. 2020). Most recently, neural network approaches have been
employed, including LSTM models (Kochkina et al. 2017; Tai et al. 2015), attention me-
chanisms (Guo et al. 2018), and graph neural networks (Yang et al. 2020).

Claim verification involves finding information beyond the claim itself (e.g.,
text, tables, knowledge bases, images, relevant metadata) that could potentially in-
dicate veracity by determining whether the evidence supports or refutes the claim
(Guo et al. 2022). A wide range of studies on claim verification have extracted veracity-
indicative features, which reflect stances and writing styles from relevant texts such as
news articles and microblog posts. These features have been used in traditional su-
pervised models (Castillo et al. 2011; Ferreira and Vlachos 2016) and neural networks
(Wang 2017; Ma et al. 2019; Wu et al. 2020) to learn the parameters. The most popu-
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lar approaches are Recognizing Textual Entailment (RTE) and stance detection, which
are used to predict whether evidence supports or refutes the claim (Guo et al. 2022). For
example, stance detection is employed as a fine-grained filter to re-rank retrieved evidence
(Thorne et al. 2018; Nie et al. 2019). In addition, retrieving multiple pieces of evidence
and concatenating them into a single string, after which a textual entailment model is
used, has also been employed to infer whether the evidence supports or refutes the claim
(Schlichtkrull et al. 2021; Liu et al. 2020; Ma et al. 2019). Moreover, verifying whether
a claim has already been fact-checked is also an essential step (Guo et al. 2022). Regar-
ding this, (Hossain et al. 2020) verified if a tweet matched any known COVID-19 related
misconceptions, classifying it as misinformation if a match was found. Finally, matching
claims against previously verified ones can often be reduced to sentence-level similarity
(Shaar et al. 2020), a method that has also been explored in the context of textual entail-
ment (Guo et al. 2022).

4.2. Artificial Intelligence for Hate Speech Detection
hate speech detection systems aim to develop effective countermeasures to prevent the pu-
blication or spread of offensive or hateful content on the Web and social media platforms.
These tasks are specifically concerned with identifying offensive language, toxicity, and
hate speech targets (e.g., racism, misogyny, partyism). As noted by (Fortuna et al. 2020),
expressions such as hate speech, offensive language, toxicity, and abusive language are
often used interchangeably in the literature. Here, we consider hate speech detection to
encompass two main tasks: offensive language and hate speech detection, as defined in
detail as follows.

Offensive language detection is a binary classification task aimed at categori-
zing input data into offensive or non-offensive language. Offensive language includes
any profanity, strongly impolite, rude, or vulgar expressions directed at individuals or
groups, as defined by (Fortuna and Nunes 2018). This language can be explicit or im-
plicit (Poletto et al. 2021), and encompasses insults, threats, and untargeted profanity
(Zampieri et al. 2019), regardless of the target’s social identity (Vargas et al. 2024).

Hate speech detection is a binary classification task aimed at categorizing in-
put data into hate speech (targeting groups based on social identity) or non-hate spe-
ech (non-target). Hate speech is a specific type of offensive language that can be
explicit or implicit (Poletto et al. 2021; Vargas et al. 2021a). It targets and diminishes
groups by inciting violence and hate based on characteristics as physical appearance,
religion, ethnicity, or sexual orientation. It may appear in various linguistic styles,
including subtle or humorous forms (Fortuna and Nunes 2018; Zampieri et al. 2019),
which often uses stereotypes to express hate ideologies (Warner and Hirschberg 2012).
In addition, hate speech tasks can focus on specific targets, such as ra-
cism (Ayele et al. 2023; Hasanuzzaman et al. 2017), antisemitism (Ozalp et al. 2020;
Zannettou et al. 2020), religious intolerance (Ghosh Chowdhury et al. 2019), and se-
xism (Chiril et al. 2020; Guest et al. 2021; Almanea and Poesio 2022), or aporopho-
bia (Kiritchenko et al. 2023). It is also categorized within toxicity detection tasks
(Guimaraes et al. 2020; Xenos et al. 2021; Bespalov et al. 2023).

Considering the most relevant literature on hate speech detection, the main
methods focus on the following approaches (Schmidt and Wiegand 2017): (i) sim-
ple surface features, using Bag-of-Words (BoW) models with unigram and n-grams
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(Chen et al. 2012; Xu et al. 2012; Waseem and Hovy 2016); (ii) word generalization,
using clustering methods such as LDA and word embeddings (Brown et al. 1992;
Alharbi and Lee 2020); (iii) sentiment analysis, leveraging semantic polarity to pre-
dict offensive content (Van Hee et al. 2015; Njagi et al. 2015); (iv) lexical resources,
using controlled vocabularies of offensive terms (Xiang et al. 2012; Vargas et al. 2021a);
(v) linguistic features, incorporating Part-Of-Speech (POS) and syntactic structures
(Zhong et al. 2016); (vi) knowledge-based features, using context and commonsense rea-
soning (Dinakar et al. 2012); (vii) meta-information, leveraging metadata to predict hate
speech (Waseem and Hovy 2016); (viii) multi-modal information, which includes de-
tecting hate speech in images, audio, and memes (Pramanick et al. 2021); (ix) neural
networks, applying deep learning techniques such as CNNs and RNNs to extract features
(Gambäck and Sikdar 2017); (x) LLMs, which fine-tune models or use prompt enginee-
ring to predict hate speech (Wullach et al. 2021; Plaza-del arco et al. 2023).

5. Research Methodology
The research adopts a data-driven and evaluation-oriented methodology, comprising:
(i) the construction of benchmark datasets for Portuguese with expert annotations and
rationale-level supervision; (ii) the development of explainable NLP models, including
self-explaining and post-hoc architectures; (iii) the evaluation of models in Portuguese
language using standard NLP metrics alongside explainability and fairness-oriented as-
sessments; and (iv) a comparative analysis against strong state-of-the-art baselines to
quantify advances in performance, transparency, and robustness.

6. Contributions and Results
This thesis introduces a comprehensive suite of benchmark resources, explainable
methods, and computational tools that advance the state of the art in hate speech detec-
tion, automated fact-checking, and Explainable Artificial Intelligence (XAI), particularly
for low-resource languages. It presents HateBR and HateBRXplain, the first large-scale
expert-annotated datasets for hate speech detection in Brazilian Portuguese with human
rationales for explainability; HausaHate, a benchmark for hate speech detection in Hausa,
an underrepresented African language; MOL, the first multilingual offensive lexicon with
contextual annotations and culturally adapted translations across six languages; and Fact-
News, a benchmark dataset for sentence-level news source reliability estimation in Por-
tuguese. The thesis also proposes several novel explainable NLP methods, including
Sentence-Level Factual Reasoning (SELFAR) for explainable automated fact-checking,
Social Stereotype Analysis (SSA) for counterfactual bias assessment through stereoty-
pes and counter-stereotypes, and B+M, a contextualized bag-of-words model enhanced
with interpretable feature optimization. These contributions are complemented by NoHa-
teBrazil, a publicly available web-based system for explainable offensiveness analysis
in Brazilian Portuguese. Collectively, these datasets, methods, and systems establish new
benchmarks for future research in Portuguese and other underrepresented languages while
advancing fundamental topics in Computer Science, including Natural Language Proces-
sing, Explainable AI, fairness-aware machine learning, and computational social science.
The proposed methods improve model transparency, enable systematic bias detection and
mitigation, and demonstrate that interpretability can be achieved without sacrificing pre-
dictive performance. By expanding NLP research beyond English-centric settings, this
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thesis contributes to more inclusive and trustworthy AI technologies with practical ap-
plications in content moderation and automated fact-checking. Its scientific impact is
evidenced by the adoption of its resources and methodologies by leading universities and
research laboratories worldwide, including Microsoft Research, Carnegie Mellon Univer-
sity, and the University of Maryland, fostering new M.Sc. and Ph.D. research projects
and opening opportunities for future technology transfer, including software registration
and patentable innovations.

Due to the breadth of the results, not all findings and metrics could be inclu-
ded in this document. For the complete results and detailed metrics, please refer to the
full dissertation: https://teses.usp.br/teses/disponiveis/55/55134/
tde-07012025-155212/pt-br.html

7. Thesis Outcomes
The thesis generated several outcomes, including:

1. 15 (fifteen) published papers in top-tier international conferences: In total, 15
(fifteen) papers were published in top-tier AI and NLP international conferences,
workshops, and journals (e.g., EMNLP, NAACL, LREC, RANLP, NLP journal,
AAAI, etc.) Papers: https://franciellevargas.github.io/

2. Several benchmark datasets: HateBR (Vargas et al. 2022), HateBRXplain
(Salles et al. 2025), and HateBRMoralXplain (Vargas et al. 2026) (the first large-
scale expert-annotated corpora for hate speech detection in Brazilian Portu-
guese, including hate speech and moral rationales for explainability); MOL
(Vargas et al. 2025) (the first multilingual offensive lexicon, extracted from the
HateBR containing 1,000 explicit and “clues” to identify implicit terms in Portu-
guese, translated into five languages while accounting for cultural aspects.); Fact-
News (Vargas et al. 2023c) (a sentence-level annotated dataset for fact-checking
in Portuguese); and MFTCXplain (Trager et al. 2025), the first benchmark for
evaluating moral reasoning of LLMs.

3. 5 (Five) new post-hoc and self-explaining computational methods: SEL-
FAR (Vargas et al. 2023c) (the first explainable fact-checking method in Por-
tuguese); SSA (Vargas et al. 2023a) (a counter-stereotype post-hoc explanation
method to assess social bias in hate speech classifiers); B+M (Vargas et al. 2021b)
(a contextual BoW with interpretable input and feature optimization for ex-
plainable hate speech detection); and SRA (Eilertsen et al. 2026) and SMRA
(Vargas et al. 2026) (self-explaining methods that integrating hate speech and mo-
ral human-annotated rationales into deep learning models by attention alignment
loss).

4. A Web platform to combat hate speech in Brazil: NoHateBrazil*

(Vargas et al. 2023b), a public platform for hate speech detection in Brazilian Por-
tuguese.

5. Microsoft leveraged the HateBR dataset to train LLMs: Microsoft Research
has used the proposed HateBR dataset to train two 2 (two) LLMs: CultureLLM
(Li et al. 2024a) and CulturePark (Li et al. 2024b), demonstrating its clear rele-
vance and practical applicability.

*http://143.107.183.175:14581/
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6. Invited as an international visiting researcher: The author of this thesis was
invited to visit the University of Southern California (USC) and to present her
work at an event of the Applied Social Media Lab at the Berkman Klein Center
for Internet & Society, Harvard University.

7. Invited as an international keynote speaker: The author of this thesis served
as a keynote speaker at the Conference on Harmful Online Communication at the
Leibniz Institute for the Social Sciences (GESIS), in Germany, and at the Confe-
rence cum Conclave on Emerging Trends in Journalistic and Media Practices at
DG Vaishnav College, in India.

8. Invited roundtable lead at ICLR 2026 workshop: The author of this thesis was
invited to serve as a Roundtable Lead at the Algorithmic Fairness Across Align-
ment Procedures and Agentic Systems (AFAA) Workshop, held at the International
Conference on Learning Representations 2026*.

9. Invited to top-tier NLP international conference and journals program com-
mittees: The author of this thesis was invited to serve on the program committees
of Language Resources and Evaluation, Expert Systems with Applications, Online
Social Networks and Media, Natural Language Processing Journals, as well as
EMNLP, ACL, NAACL, RANLP, COLING, LREC, ICWSM, WWW and CIKM
conferences.

10. Co-organizer of top-tier international conferences and workshops: The author
of this thesis co-organized the prestigious ICWSM conference in 2021, 2022 and
2023, and was selected to organize ACL Workshop on Online Abuse and Harms
(WOAH 2025) (Calabrese et al. 2025), and proposed the IJCNN 2025 Special
Session on Explainable Deep Neural Networks for Responsible AI: Post-Hoc and
Self-Explaining Approaches (DeepXplain 2025) †.

11. More than 10 new Ph.D. and M.Sc. theses, and undergraduate research pro-
jects in Brazil: Several prestigious public universities in Brazil have used our
resources to propose new Ph.D. and M.Sc. theses, including institutions such as
USP, UFMG, UFF, UFOP, UFC, among others.

12. Co-advisor of a computer science master’s student with a published paper in
a top-tier NLP venue: The author of this thesis co-advised a master’s student in
computer science at DCC-UFMG, whose work was published at COLING 2025,
a top-tier international NLP conference.

13. High citations from prestigious international institutions: Research by presti-
gious institutions (e.g. Carnegie Mellon University, University of Maryland, Har-
vard University), has been significantly influenced by the resources provided in
this thesis, as reflected in a substantial number of citations (Google Scholar: 409
citations)

14. Collaboration with researchers across 10 countries on 5 continents: The
author of this thesis has led projects and collaborated with researchers in ten dif-
ferent countries on five continents.

15. Press Coverage: The results of this dissertation received relevant media co-
verage, with 10 reports, including international outlets, available in https:
//franciellevargas.github.io/.

*https://www.afciworkshop.org/afaa-2026
†https://deepxplain.github.io/

10



Acknowledgements
The authors gratefully acknowledge the AI4PG 2026 Grants Programme and GainForest
for their financial support. This project was also supported by the Ministry of Science,
Technology and Innovation through resources provided under Law No. 8,248, of Octo-
ber 23, 1991, within the scope of PPI-SOFTEX, coordinated by Softex and published
as Residence in TIC 13, DOU 01245.010222/2022-44. Additionally, this work was sup-
ported by the Instituto Nacional de Ciência e Tecnologia em Inteligência Artificial Res-
ponsável para Linguı́stica Computacional, Tratamento e Disseminação de Informação
(INCT-TILD-IAR), grant No. 408490/2024-1.

Referências
[Aker et al. 2017] Aker, A., Derczynski, L., and Bontcheva, K. (2017). Simple open

stance classification for rumour analysis. In Mitkov, R. and Angelova, G., editors,
Proceedings of the International Conference Recent Advances in Natural Language
Processing, RANLP 2017, pages 31–39, Varna, Bulgaria.

[Al Kuwatly et al. 2020] Al Kuwatly, H., Wich, M., and Groh, G. (2020). Identifying
and measuring annotator bias based on annotators’ demographic characteristics. In
Akiwowo, S., Vidgen, B., Prabhakaran, V., and Waseem, Z., editors, Proceedings of
the Fourth Workshop on Online Abuse and Harms, pages 184–190, Held Online.

[Alharbi and Lee 2020] Alharbi, A. I. and Lee, M. (2020). Combining character and
word embeddings for the detection of offensive language in Arabic. In Al-Khalifa,
H., Magdy, W., Darwish, K., Elsayed, T., and Mubarak, H., editors, Proceedings of
the 4th Workshop on Open-Source Arabic Corpora and Processing Tools, with a Sha-
red Task on Offensive Language Detection, pages 91–96, Marseille, France. European
Language Resource Association.

[Almanea and Poesio 2022] Almanea, D. and Poesio, M. (2022). ArMIS - the Arabic
misogyny and sexism corpus with annotator subjective disagreements. In Calzolari,
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