
Automated Fact-Checking in Brazilian Portuguese:
Resources and Baselines

Marcelo M. Delucis∗, Lucas Fraga∗, Otávio Parraga, Christian Mattjie,
Rafaela Ravazio, Rodrigo C. Barros, Lucas S. Kupssinskü
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Abstract. The spread of misinformation presents a growing societal challenge, par-
ticularly in low-resource languages such as Brazilian Portuguese (PTBR), where the
scarcity of high-quality datasets limits automated fact-checking tools. In this work, we
introduce translated PTBR versions of two influential English-language fact-checking
datasets: LIAR and AVERITEC. These resources support multi-class veracity clas-
sification and incorporate evidence-based reasoning. We also establish baseline re-
sults for both datasets using a range of model configurations, including zero-shot and
few-shot prompting with Gemma 3, and fine-tuning of encoder-based models such
as mBERT, BERT-Large, and BERTimbau-Large. Across both datasets, fine-tuned
encoder-based models consistently outperformed Gemma 3 in zero-shot and few-shot
settings. Our results underscore the importance of task-specific fine-tuning and evi-
dence inclusion for veracity classification in PTBR. All datasets, translation scripts,
and evaluation protocols are publicly released to support further research in this area.

1. Introduction

The rapid flow of information online has exacerbated the spread of misinformation. Misinfor-
mation creates several problems in society, such as confusion regarding scientific facts, politi-
cal rumours that divide people, and a general sense of dishonesty [Domingues 2021]. Although
this accelerated rate of information exchange can be beneficial [Del Vicario et al. 2016], mis-
information takes the same route and misleads the public, potentially diverting police makers
towards peripheral issues, undermining responses to core challenges [Southwell et al. 2019].

News-verification and fact-checking agencies attempt to curb these harms by conduct-
ing manual inspections of online information and collecting evidence to support or refute
claims. Although initiatives such as these are valuable, there is an important asymmetry in the
work required to generate disinformation and to debunk it [Guo et al. 2022]. Manual, labour-
intensive workflows are difficult to scale up and cannot keep pace with the volume of material
circulating online [Li and Chang 2023].

Automated Fact-checking powered by Natural Language Processing (NLP) has
emerged as an alternative to confront misinformation spread [Guo et al. 2022]. The main ad-
vantage of employing automated fact-checking is that it is easier to scale up a tool than an en-
tire human-centric fact-checking operation. There are many formulations for the fact-checking
problem in the NLP setting; nevertheless, most of them culminate in a classification problem
where we provide a statement, and the model needs to perform classification among classes
that represent distinct degrees of veracity [Thorne and Vlachos 2018].

*Equal contribution.



The Automated Fact-checking task demands annotated data to train a classifier
or, at least, to evaluate it. In English, such datasets include FAKE NEWS CHAL-
LENGE [Pomerleau and Rao 2017], SEMEVAL RUMOUREVAL [Derczynski et al. 2017] and
MEDIAEVAL VERIFYING MULTIMEDIA USE [Boididou et al. 2015].

Two widely used English resources exemplify complementary perspectives on auto-
matic fact-checking. The LIAR [Wang 2017] dataset provides 12.800 short political statements
from the fact agency PolitiFact*, each labeled on a six-point truthfulness scale. On the other
hand, AVERITEC [Schlichtkrull et al. 2023] dataset contributes with 4.568 real-world claims
paired with evidence on the form of question-answer (QA) decompositions. Both works rec-
ognize that Automated Fact-Checking goes beyond the simple classification of statements and
incorporates both statements and evidence in the classification pipeline.

When compared to English, data availability in low-resource languages is a limit-
ing factor. When we search for Brazilian Portuguese (PTBR) data, we find works such as
FAKEBR [Silva et al. 2020] and FAKERECOGNA [Garcia et al. 2022] datasets that, despite
their importance, still treat fact-checking as a binary statement-only classification problem.
More sophisticated approaches that account for more than two degrees of veracity and that
utilize evidence as input, such as those found in LIAR or AVERITEC, are still lacking in PTBR.

To address this gap, our study makes two contributions: First, we create PTBR versions
of both the LIAR and AVERITEC datasets; Second, we release Automated Fact-checking base-
line classifiers in PTBR for both LIAR-BR and AVERITEC-BR datasets. All code and datasets
are openly released in our repository*.

Our baseline study features five distinct configurations of classifiers, spanning zero-shot
and few-shot prompting of the 4 Billion parameter Gemma 3 [Kamath et al. 2025] large lan-
guage model and fine-tuning of mBERT [Devlin et al. 2019], BERT-Large, and BERTimbau-
Large [Souza et al. 2020] models. We achieved an F1-score of 0.44 and 0.49 for LIAR and
AVERITEC, respectively, outperforming their original studies.

2. Related Work
The Fact Extraction and VERification (FEVER) dataset frames claim verification by pairing
each of its 185.445 human-written assertions with sentence-level evidence from Wikipedia and
assigning one of three labels: Supported, Refuted or Not Enough Info. Annotators also identify
the minimal evidence set, yielding a Fleiss’ κ = 0.68 for label reliability and multi-sentence
rationales for 17% of the claims [Thorne et al. 2018]. By popularizing the pipeline of docu-
ment retrieval, sentence selection and entailment classification, FEVER revealed how fragile
performance remains when evidence is missing or incomplete.

In the PTBR scenario, FACTNEWS delivers the first sentence-level benchmark
that annotates factuality and media bias across 6.191 sentences from 300 parallel arti-
cles [Vargas et al. 2023]. Although it enables dual-task evaluation, its labels are assigned with-
out linking sentences to supporting sources, limiting its usefulness for evidence-aware models.

Another benchmark, the FAKE.BR pairs 3.600 fabricated news pieces with 3.600 topic-
aligned legitimate news [Silva et al. 2020]. This matching exposes stylistic cues, for example,
spelling-error rates, which allows Bag-of-Words (BoW) [Jurafsky and Martin 2000] models to
exceed 0.97 F1 score, suggesting that the binary task can be solved with shallow lexical signals
rather than reasoning. This also illustrates the lack of evidence to claims in PTBR resources.

*https://www.politifact.com/
*https://github.com/Malta-Lab/automated-fact-checking-in-pt-br



Among sources that provide metadata, the FAKERECOGNA dataset scales to 11.902
full-text items evenly split between real and fake while also providing metadata fields for each
article such as title, full text, category and a class label [Garcia et al. 2022]. For real claims,
the authors have scraped news from accredited news portals and Ministry of Health of Brazil*.
Nevertheless, the FAKERECOGNA model treats the fact-checking task as a binary classification
problem on an article level. Although the authors achieved a high accuracy of 94% with a
Convolutional Neural Network (CNN) on FastText embeddings, they still overlook the use of
evidence in their experiments.

The FAKETRUEBR balances 1.791 rumours from a fact-checking website
(Boatos.org *) with 1.791 semantically similar true articles from two mainstream outlets: G1*

and Folha de São Paulo [Chavarro et al. 2023] in a binary classification setting. This one-
to-one alignment allows models to capture contemporary narratives but still lacks supporting
documents beyond the paired text, and its size is modest compared with English resources.

In comparison to other PTBR datasets, FACTCK.BR stands out by compiling 1.309
human fact-checked claims annotated with a linear veracity score using the ClaimReview*

schema [Moreno and Bressan 2019]. While the dataset records the URL of each fact-checked
article, it omits the free-text rationale, leaving models without explicit evidence to learn from.

The SELFAR framework explores explainable sentence-level fack-checking by ex-
plaining zero-shot ChatGPT-4 [Achiam et al. 2023] with LIME [Ribeiro et al. 2016] and
SHAP [Lundberg and Lee 2017] rationales [Vargas et al. 2024]. The authors achieve 0.85
and 0.71 F1-scores on reliability and veracity prediction, respectively, over FACTNEWS and
FACTCK.BR datasets. Although the explainability of the method is promising, its effective-
ness depends on external retrieval that is not grounded in the underlying datasets.

It is clear that English benchmarks still outnumber PTBR in both size and sophistica-
tion. FEVER, for instance, offers 185.000 claims, whereas current PTBR corpora, FAKERE-
COGNA (≈ 12.000 claims), FAKE.BR (≈ 7.000 claims) and FAKETRUEBR (≈ 3.600 claims)
remain at least an order of magnitude smaller, and sentence-level resources such as FACTNEWS
(≈ 6.000 sentences) and FACTCK.BR (≈ 1.000 claims) are smaller still. The binary classifi-
cation, absence of evidence and limited scale restrict the development of retrieval approaches
or explanation-rich architectures for PTBR, underscoring the value of developing or translating
multi-class, evidence-centric datasets like LIAR and AVERITEC.

Our work complements these lines by (i) releasing PTBR versions of two English
datasets that combine short political claims and evidence-anchored decompositions, (ii) bench-
marking fact-checking models under evidence-agnostic and evidence-aware settings.

3. Materials and Methods

Our Materials and Methods are divided into two subsections: Datasets and Translation where
we detail the process to create LIAR-BR and AVERITEC-BR from the original datasets with
Gemma 3; and Automated Fact-Checking in PTBR where we detail our five baselines and com-
pare them to our rerun of LIAR and AVERITEC experiments.

*https://www.gov.br/saude/pt-br
*https://www.boatos.org/
*https://g1.globo.com/
*https://www.claimreviewproject.com/



3.1. Datasets and Translation

Both AVERITEC [Schlichtkrull et al. 2023] and LIAR [Wang 2017] datasets were translated
into PTBR using the open-source Gemma 3 language model with 4 billion parameters
[Kamath et al. 2025], deployed via the Ollama. The translation was performed on zero-shot
prompting one field at a time with the following prompt: “Traduza para português do Brasil.
Apenas responda com a tradução, sem pensar, explicar ou comentar”.

This prompt was used to to translate the claims, justifications, speaker information, and
QA pairs (in the case of AVERITEC), while preserving timestamps, URLs, and class labels
unchanged. The translated datasets were named LIAR-BR and AVERITEC-BR and are dis-
tributed in the same ‘.json‘ format as their original counterparts.

3.1.1. AVERITEC-BR
AVERITEC contains 4.568 real-world claims drawn from 50 fact-checking organizations. Each
claim is decomposed into an average of 2.6 QA pairs that point to pre-claim evidence and
culminate in a free-text justification; inter-annotator agreement on verdicts labels reaches a
Cohen’s [Cohen 1960] κ = 0.619. According to Landis–Koch scale [Landis and Koch 1977],
the κ ∈ [0.61, 0.80] denotes substantial reliability, that is the case for AVERITEC annotations.

The fact-checking task is modeled into a multiclass classification problem with four
classes: Supported, Refuted, Not Enough Evidence and Conflicting Evidence/Cherry-picking;
thereby capturing misleading but technically accurate statements. To provide additional infor-
mation to support or refute the statement, metadata information regarding speaker, publisher,
publication date and relevant locations are also available in the dataset.

AVERITEC-BR follows the AVERITEC design, where Automated Fact-Checking has
two baselines: a “No Evidence” where the model has access only to the claim and to questions
about the given claim; and a “Gold Evidence” where the model has access to the claim, to the
questions and also to the curated answers; that constitutes the evidence of the dataset.

In its original experiment Schkichtkrull et al [2023] reported a macro F1-score of 0.17
in “No Evidence” and 0.49 in “Gold Evidence” scenarios. In our study we chose to rerun the
experiments in the original data because we conjectured we could achieve better results.

3.1.2. LIAR-BR
The LIAR dataset models the Automated Fact-checking task as a multiclass classification prob-
lem. The distinction here is that the target variable is ordinal and has six possible valuations:
Pants on Fire, False, Barely-True, Half-True, Mostly-True, True.

The LIAR-BR dataset has 12, 836 annotated political statements with metadata for con-
text, job title of the speaker, subject, and party affiliation. Statements average 18 tokens and
spans from 2007 to 2016. We are releasing a train-dev-test split with 10, 269/1, 284/1, 283
statements respectively. The data is almost perfectly balanced regarding the target variable.

Wang et al [2017] trained five distinct models on Automated Fact-checking classifica-
tion task. The best performing model was a hybrid Convolutional Neural Network with an
accuracy of 0.274, slightly above chance (0.2). We also chose to rerun all experiments in the
original data because we conjectured we could achieve better results.

In order to probe whether speaker-level metadata improves Automated Fact-checking,
we perform two experiments: “Statement Only”, where we use only the statement as input, and
“Metadata Enhanced Statement” where we use both the statement and the metadata as inputs.
We report results on held-out test-set.



3.2. Automated Fact-Checking in PTBR

We adopt three strategies for Automated Fact-Checking in PTBR: zero-shot, few-shot,
and fine-tuning: For the zero-shot and few-shot settings, we use the multilingual
Gemma 3 4B model [Kamath et al. 2025]. For the fine-tuning experiments, we fine-
tune three BERT variants: multilingual BERT (mBERT) [Devlin et al. 2019], BERTimbau-
Large [Souza et al. 2020], and BERT-Large [Devlin et al. 2019].

In the AVERITEC-BR dataset, experiments were conducted under the two evidence
availability scenarios: “No Evidence” and “Gold Evidence”. In the “No Evidence” scenario,
the evidence for each claim was “No answer could be found”. As for the “Gold Evidence”
scenario, each input consisted of a claim and all the pairs of the original human-curated QA.
For this dataset, we report F1 scores per-class and Macro-F1 scores.

For zero-shot and few-shot evaluation using Gemma 3 we prompted the model to per-
form classification and provided a description of each of the available classes. In the few-shot
setting, prompts were augmented with a pair of examples for each label class and formatted
consistently with the targeted instance. In the fine-tuning setting, we fine-tuned the entire
encoder-only transformer along with the single-layer classification head, using the claim text
and contextual metadata or evidence as input.

Regarding the LIAR-BR dataset, experiments were conducted in two complementary
scenario that mirror the original benchmark: “Statement Only” and “Metadata Enhanced State-
ment”. The “Statement Only” scenario feeds only the statement to the model, and the “Meta-
data Enhanced Statement” scenario concatenates the statement with all its metadata.

Following the original benchmark, overall accuracy is the headline metric of LIAR-BR;
we additionally report per-class F1-scores. We also add the mode of the error in order to char-
acterize performance across the labels and to clarify how the model’s mistakes are distributed.
We define mode of the error (Mode ε) as the most frequent absolute distance between a predic-
tion and the gold label on LIAR’s ordinal six-point scale, so smaller values mean the model’s
typical misclassification lies closer to the true verdict. Mode error (ε) is calculated only over
the misclassified instances, where ε = 1 indicates that the most common mistake is a one-step
distance to an adjacent label (e.g., predicting Barely True for a Half True statement), while
larger ε values reflect progressively more severe misclassifications.

Since LIAR’s six truth labels form an ordered scale, we also computed Cohen’s
κw [Cohen 1968], where disagreements that are farther apart receive a heavier penalty via
quadratic weights. The standard Cohen’s κ corrects the observed agreement Po for the agree-
ment that could occur by chance Pe, yielding values from −1 (systematic disagreement)
through 0 (chance level) to 1 (perfect consensus). The quadratic weighting preserves the usual
[−1, 1] range, but presents a fairer picture of agreement when, for instance, mistaking Half True
for Mostly True is less severe than confusing True with Pants on Fire.

3.2.1. Zero-shot and Few-shot Prompting with Gemma 3

The Gemma 3 language model was evaluated using both zero-shot and few-shot prompting
strategies, with prompt formulations specifically designed for each dataset. The scripts were
constructed using Python and executed using a local instance of the Gemma 3 model via the
Ollama API.

All prompts shared a common instructional prefix: “Você é um verificador de fatos.
Classifique a seguinte alegação com base apenas nas informações fornecidas. Use apenas
uma das opções abaixo.” . The set of labels varied according to the dataset.



For each dataset, we evaluated two zero-shot and two few-shot configurations, totaling
four prompting strategies per dataset. In AVERITEC-BR, the inputs included either (i) the
claim and its associated question (“No Evidence”), or (ii) the claim, question, and correspond-
ing answer (“Gold Evidence”). In the LIAR-BR setting, prompts were either (i) only statement
(“Statement Only”), or (ii) statement and metadata (“Metadata Enhanced Statement”).

For AVERITEC, the zero-shot prompting included an instruction asking the model to
classify the claim based solely on its related questions. The prompt explicitly listed the four
target labels and instructed the model to select the most appropriate label.

For the few-shot settings, each prompt included a balanced set of in-context examples:
specifically, two manually selected instances per label, written in the same structural format as
the target classification input.

These examples included the claim, a QA pair or sequence, and the expected label.
They were prepended to the prompt, followed by the target claim and its questions, but without
a label, requiring the model to infer the classification.

For LIAR, the zero-shot prompts followed a similar structure. When in the “Statement
Only” setting, the input was solely a statement, whereas in the “Metadata Enhanced Statement”
setting, both the statement and metadata were used as input. The model was then asked to
classify it into one of the six LIAR’s possible classes.

In the few-shot scenario, 2 labeled claims per class were inserted in the prompt. These
labeled claims were presented with and without metadata (“Statement Only” and “Metadata
Enhanced Statement” respectively) and served as references to guide the model’s classification.

3.2.2. Fine-tuning with BERT models

For the fine-tuning, we employed mBERT, BERT-Large, and BERTimbau-Large, initialized
with pre-trained weights and subsequently trained on the PTBR translated datasets. A single-
layer classification head with cross-entropy loss was employed for multiclass label prediction.

All three BERT variants, the Gemma 3 zero-\few-shots trials were executed on a single
NVIDIA RTX A6000. The learning rate was selected by an Optuna hyper-parameter search,
varying for each BERT model for the reported runs; as the optimizer it was used the ADAMW
optimiser and a REDUCELRONPLATEAU scheduler. Batch size (64 − 512) was adjusted per
model to fit within GPU memory, and early stopping terminated training after 20 validation
epochs without improvement. For AVERITEC-BR, inverse-frequency class weights compen-
sated for label imbalance during loss and metric computation.

Our evaluation follows the original studies. On AVERITEC-BR we report per-class F1
and macro-averaged F1, whereas on the LIAR-BR we use accuracy as the primary metric; we
also include per-class F1, Cohen’s κw and mode errors for reference.

4. Results and Discussion
4.1. AVERITEC-BR

In the original study [Schlichtkrull et al. 2023] the authors obtained a 0.17 macro F1 in “No
Evidence” scenario, and 0.49 in the “Gold Evidence” counterpart. We can see in Table 1, that
our reruns on the original data outperforms in both scenarios, with mBERT achieving a 0.35
F1-score in “No Evidence” and BERT-Large 0.54 in “Gold Evidence”. Our choice to perform
reruns of this experiments was important because it would be unfair to compare AVERITEC-
BR results to AVERITEC when our training pipeline improves upon the original work.



Table 1. Our results in the original AVERITEC dataset, with per-class F1-score test
results and Macro F1-Score (upper block) and in our PTBR translation (lower
block). S = Supported; R = Refuted; C = Conflicting Evidence/Cherry-picking;
N = Not Enough Evidence. We highlight (bold) the highest achieving models
regarding the Macro-F1 metric.

Approach S R C N Macro F1

AVERITEC

No Evidence

mBERT 0.43 0.71 0.13 0.12 0.35
BERT-L 0.38 0.71 0.16 0.12 0.34

Zero-Shot 0.27 0.04 0.15 0.17 0.16
Few-Shot 0.32 0.15 0.16 0.19 0.20

Gold Evidence

mBERT 0.49 0.73 0.21 0.58 0.50
BERT-L 0.55 0.78 0.25 0.57 0.54

Zero-Shot 0.70 0.53 0.18 0.41 0.45
Few-Shot 0.61 0.38 0.18 0.44 0.40

AVERITEC-BR

No Evidence

mBERT 0.44 0.65 0.24 0.10 0.36
BERTimbau 0.47 0.73 0.15 0.22 0.39

BERT-L 0.39 0.68 0.08 0.14 0.32
Zero-Shot 0.31 0.04 0.13 0.12 0.15
Few-Shot 0.22 0.35 0.15 0.17 0.23

Gold Evidence

mBERT 0.53 0.75 0.14 0.53 0.49
BERTimbau 0.58 0.78 0.08 0.49 0.48

BERT-L 0.40 0.76 0.17 0.46 0.45
Zero-Shot 0.65 0.50 0.15 0.18 0.37
Few-Shot 0.59 0.62 0.18 0.39 0.45

In the same “No Evidence” scenario, mBERT reaches 0.43 and 0.71 for the factual la-
bels Supported and Refuted, respectively. By contrast, performance drops on the more nuanced
categories: Conflicting Evidence/Cherrypicking with 0.13 F1-score and Not Enough Evidence
with 0.12 F1-score. This discrepancy shows that when no external evidence is supplied, the
wording of a claim alone rarely reveals cherry-picking or an absence of corroboration.

When providing models with the human-annotated QA pairs, it’s evident the increase in
performance: mBERT climbs to 0.50 macro F1 and BERT-Large is the best-performing model
with 0.54. Gains again concentrate in the factual classes, whose F1-scores each increase, while
the more nuanced labels remain with low F1-scores. In “No Evidence” scenario, Gemma 3
attains 0.16 macro F1 in the zero-shot setting, and 0.20 in the few-shot setting, but surges to
0.45 when the QA pairs are provided in the “Gold Evidence”, almost matching mBERT.

In the PTBR counterpart, the benchmark exhibits the same pattern but narrows the
gap between settings. Without evidence, BERTimbau-Large is able to reach 0.39 macro F1,
four points above its English counterpart and five above English BERT-Large. It’s possible
to attribute that language-aligned pre-training helps the model exploit subtle morpho-syntactic
stance markers, especially in the Supported class, which jumps from 0.44 to 0.58 F1. When
QA pairs are provided this advantage disappears: mBERT and BERTimbau converge at 0.49
and 0.48 F1 respectively, confirming that explicit evidence, not pre-training alone, determines
the capacity to correctly classify the claim. Gemma again benefits from evidence, rising from
0.15 to 0.45 macro F1. Across languages, as expected, evidence remains the decisive lever.



4.2. LIAR-BR
In its original study, Wang et al.’s [2017] sentence-level CNN achieved 0.270 accuracy without
any metadata and 0.274 when all metadata were used. When we compare this to our reruns in
Table 2 we see that our BERT-Large achieved nearly the same accuracy as originally reported
whereas our Metadata enhanced mBERT exceeds the best previously reported scores, showing
that transformer encoders can exploit contextual fields far more effectively than the earlier
architecture. This corroborates our choice to do reruns of all experiments instead of relying in
the accuracy metric reported by the original study.

Table 2. Our results for average accuracy in the english LIAR dataset, where we pro-
vide per-class F1-scores test results, weighted Cohen’s κ and mode error (upper
block), and our results in the translated dataset (lower block). We highlight the
best performing models based on average accuracy (bold) and the best perform-
ing models based on weighted Cohen’s κ (underscore). PF = Pants on Fire; F =
False; BT = Barely True; HT = Half True; MT = Mostly True; T = True.

Approach PF F BT HT MT T Avg Acc κw Mode ε

LIAR

Statement Only

mBERT 0.18 0.23 0.28 0.22 0.24 0.29 0.25 0.23 1
BERT-L 0.30 0.27 0.25 0.23 0.25 0.31 0.26 0.25 1

Zero-Shot 0.02 0.33 0.12 0.05 0.29 0.01 0.22 0.16 1
Few-Shot 0.18 0.06 0.09 0.12 0.22 0.07 0.14 0.12 1

Metadata Enhanced
Statement

mBERT 0.50 0.49 0.42 0.44 0.47 0.36 0.45 0.49 1
BERT-L 0.60 0.44 0.38 0.41 0.47 0.38 0.43 0.46 1

Zero-Shot 0.15 0.31 0.04 0.15 0.29 0 0.22 0.16 1
Few-Shot 0.16 0.02 0.06 0.01 0.01 0.01 0.09 0.03 1

LIAR-BR

Statement Only

mBERT 0.21 0.25 0.21 0.29 0.23 0.23 0.24 0.23 1
BERTimbau 0.27 0.26 0.22 0.27 0.24 0.28 0.25 0.25 1

BERT-L 0.16 0.27 0.25 0.21 0.26 0.22 0.24 0.20 1
Zero-Shot 0.10 0.18 0.25 0.30 0.03 0.01 0.21 0.11 1
Few-Shot 0.25 0.24 0.19 0.20 0.21 0.05 0.20 0.16 1

Metadata Enhanced
Statement

mBERT 0.54 0.48 0.39 0.43 0.47 0.35 0.44 0.45 1
BERTimbau 0.55 0.48 0.38 0.41 0.44 0.37 0.43 0.48 1

BERT-L 0.37 0.44 0.39 0.42 0.40 0.29 0.39 0.37 1
Zero-Shot 0.08 0.25 0.26 0.22 0 0 0.20 0.10 1
Few-Shot 0.23 0.28 0.21 0.19 0.02 0.08 0.20 0.11 1

In Table 2, we can compare mBERT’s performance from the “Statement Only” to the
“Metadata Enhanced Statement” settings. Under this change, the largest difference appear at
the extreme falsehood labels: Pants-on-Fire rises from an F1 of 0.18 to 0.50, and False climbs
from 0.23 to 0.49. By contrast, the intermediate labels—Barely True and Half True—rise from
0.20 to 0.34 and 0.19 to 0.31, respectively. These improvements underscores the importance of
contexts within the metadata, which helps the model identify habitual exaggerators, while finer
shades of truthfulness still demand explicit evidence.

We observe the same overall trend both in PTBR and in english: the “Statement Only”
is a harder multiclass classification problem when compared to the “Metadata Enhanced State-
ment”. In the “Statement Only” setting, all three BERT backbones cluster around 0.24 accu-
racy, showing that only the information regarding the claim by itself is not enough to discrim-
inate the six truthfulness labels. Once the all metadata fields are appended, in the “Metadata
Enhanced Statement”, accuracy rises to 0.48 for BERTimbau-Large and 0.44 for mBERT, while
BERT-Large lags behind at 0.39. Weighted Cohen’s κ mirrors this trajectory, climbing from
about 0.23 in the “Statement Only” setting to 0.48 in the “Metadata Enhanced Statement”,
indicating a reduction in severe misclassifications.

We were also interested in studying how the model misclassifies labels, so we inspect



the mode of the error. Across both languages and all classification backbones the most com-
mon error is 1, meaning that when classifiers do mislabel a statement they are typically only
one label away from the ground truth. This is interesting because the target variable in this
classification setting is ordinal, meaning that the gap of one between predicted and actual class
is less problematic than a gap of two or more.

The larger gain shown by BERTimbau-Large may be best explained by its pre-training
on PTBR corpora: its vocabulary and contextual embeddings align natively with LIAR’s PTBR
counterpart, giving it an advantage over the multilingual (mBERT) and english models (BERT-
Large), independent of any special sensitivity to the metadata fields.

A surprising finding in this experiment is that Gemma 3 underperformed when com-
pared to other models. If we inspect accuracy alone we would be fooled into thinking that
Gemma is random-guessing, however it also commited more errors by one class when com-
pared to others. The zero-shot prompt in the “Metadata Enhanced Statement” scenario, reaches
only 0.22 average accuracy and κw = 0.16, while the few-shot variant drops to 0.14 and 0.12.
The PTBR benchmark scores track closely: the highest accuracy is 0.21 in the “Statement
Only” scenario and the zero-shot setting, with κw never rising above 0.16 across all Gemma
3 scenarios and settings. These findings confirm that, on this task, the Gemma 3 model, with
4 billion parameters, used purely in zero- or few-shot mode cannot match the performance
attainable through gradient-based fine-tuning.

4.3. Cross-dataset observations
These two benchmarks illuminate different constraints on factuality models. For LIAR in either
language, the limiting factor is contextual sparsity: with only the statement, both mBERT and
BERT-Large hover near 0.25 accuracy and weighted κw ≈ 0.23. Including the full set of
metadata nearly doubles accuracy: on the english set mBERT rises from 0.25 to 0.45 accuracy
with κw increasing from 0.23 to 0.49, while on the PTBR set BERTimbau-Large climbs from
0.25 to 0.43 accuracy and κw from 0.25 to 0.48. At the same time the Mode ε falls from 1
to 0, indicating that most predictions shift from “one label off” to an exact match with the
ground-truth once metadata fields are available.

AVERITEC-BR tells a complementary story: here the bottleneck is evidential, not con-
textual. Without the human-annotated QA pairs, macro-F1 sits in the mid 0.30s (0.35 for
mBERT, 0.39 for BERTimbau-Large). Supplying the human-annotated answers raises these
metrics to roughly 0.50 macro-F1, with BERT-Large peaking at 0.54 macro-F1. Yet the inter-
mediate labels Conflicting Evidence/Cherry-picking and Not Enough Evidence remain below
0.25 F1, indicating that even perfect evidence does not fully resolve nuanced cases. PTBR pre-
training helps only in the absence of evidence, where BERTimbau-Large outperforms BERT-
Large in “No Evidence”, but the advantage disappears once the QA pairs are included, con-
firming that explicit evidence, not subtle linguistic alignment, determines the upper bound.

Turning to the experiments using the Gemma 3 model, in the zero-shot setting, the
model achieves just 0.22 average accuracy on english LIAR and 0.21 on our PTBR counterpart,
with κw never rising above 0.16; in-context examples, in the few-shot setting, do not help, and
metadata leaves these values essentially unchanged. Despite the low accuracy, the mode of
misclassification remains ϵ = 1 in every LIAR configuration, evidencing that the model still
usually lands one category away from the truth.

In summary, metadata supplies the contextual cues that lifts performance on LIAR,
whereas the human-annotatted QA pairs provides the decisive factual support on AVERITEC.
Even so, the models continue to underperform on the subtle categories, such as Conflict-



ing Evidence/Cherry-picking and Not Enough Evidence, underscoring that additional work is
needed to handle these distinctions.

It is important to highlight that both LIAR-BR and AVERITEC-BR datasets designs
Automated Fact-checking as a classification task with a information bottleneck. However there
is a crucial distinction, in LIAR-BR the bottleneck is context whereas in AVERITEC-BR it is
evidence. This distinction appears harmless at first, but we should note that evidence to support
or refute a claim is a superior form of information to add in a fact-checking process. To train
a encoder-only model on context information only could lead to biases against political parties
or venues of information. A fairness evaluation of this dataset is deferred to future work.

5. Limitations
A key limitation is the U.S.-centricity of the LIAR-BR and AVERITEC-BR corpora. Their fo-
cus on North American political discourse overlooks key Brazilian misinformation topics (e.g.,
local elections, agribusiness, regional health myths), underscoring the need for datasets from
local sources. For our experiments, we performed translation and zero/few-shot classification
using Gemma-4B. The 4B variation of Gemma was chosen due to computational constraints.

6. Conclusions
Automated Fact-checking is an important tool to confront missinformation. However, the de-
velopment of Automated Fact-checking in PTBR is hindered by the lack of resources. We
introduced LIAR-BR and AVERITEC-BR and provided baseline results that span zero-\few-
shot prompting and supervised fine-tuning for Automated Fact-Checking in PTBR.

In the six-way LIAR-BR Fact-checking task, transformer models trained only on claim
text stagnate at ≈ 25% accuracy, but concatenating metadata almost doubles performance,
evidencing that contextual cues are vital when no external evidence exists. In the four-way
english AVERITEC-BR task, the decisive driver is factual grounding: supplying the gold QA
pairs lifts macro-F1 from the mid-0.30s to 0.50 both in PTBR and english languages.

The PTBR pre-training allowed BERTimbau-Large to outperforms BERT-Large on
LIAR-BR and AVERITEC-BR when evidence is absent, yet confers no additional benefit once
either metadata or human annotatted QA are in place. Gemma 3 underperfomed in comparisson
to fine-tuned models, showing that fine-tuning is still necessary for reliable factuality check.

The translated corpora and baselines we release close part of the resource gap for PTBR
fact-checking, but the study also underscores two open challenges: (i) building native, large,
balanced PTBR datasets that capture local misinformation patterns, and (ii) addressing the
persistent weakness on nuanced labels, such as Conflicting Evidence and Not Enough Evidence,
which remain hard even with human annotated QA pairs.

Our work highlights these challenges while laying a solid foundation for advancing au-
tomated fact-checking in PTBR and inviting the community to build on our resources and base-
lines. Future work should couple retrieval with explanation-centered evaluation and explore
larger multilingual LLMs to push precision on these classes where it is hard to disambiguate.
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