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Abstract

The spread of online misinformation has made
fake news detection an essential tool for mit-
igating its negative impact, but many stud-
ies often disregard the temporal information,
and existing datasets become outdated as news
evolve. Some modern solutions using Retrieval-
Augmented Generation (RAG) can solve the
problem of unseen news events by providing
context to the models. However, there are
no studies evaluating the feasibility of web
searches to attain context to decide whether
a news article is true or not. This work aims
to address this gap by conducting a compara-
tive study between RAG-based solutions, tra-
ditional fake news classification methods, and
deep learning-based methods. The results show
that although RAG is a modern and promis-
ing technique, it cannot outperform techniques
already adopted in the literature.

1 Introduction

Social media platforms have transformed the way
we produce and consume information, with people
switching from passive readers to content creators
and spreaders (Jin et al., 2022). While providing
easy and fast access to information, entertainment,
and agile communication, these platforms have also
expanded the ability to generate and spread mis-
information on a massive scale (Guo et al., 2025).
As shown in Vosoughi et al. (2018), fake news was
70% more likely to be shared on Twitter when com-
pared to true news. According to the authors, that
is because false news tends to be perceived as more
novel than true news and people are more inclined
to retweet novel information. The authors also

showed that the largest sharing volumes for false
news reached 1.000—100.000 users, whereas true
stories rarely exceed 1.000. Hence, fake news de-
tection can be an important asset against the spread
of misinformation.

A common issue in developing fake news detec-
tion systems is the limited availability of linguistic
resources for certain languages. While the vast
majority of fake news datasets are developed in
English, a critical gap remains for low-resource
languages, such as Portuguese. Research in En-
glish benefits from several robust corpora covering
diverse domains such as politics, medicine, product
reviews, and social topics. Portuguese, on the other
hand, still relies on a significantly smaller amount
of annotated data. This resource constraints di-
rectly affect the effectiveness and development of
countermeasure solutions to misinformation in the
Portuguese language (Silva et al., 2024).

Nevertheless, numerous solutions have been pro-
posed for detecting fake news, with research evolv-
ing from classical approaches (Khanam et al., 2021;
Silva et al., 2020) to deep learning methods (Garcia
et al., 2022; Hu et al., 2022; Mridha et al., 2021;
Khan et al., 2021). Large language models (LLMs),
which encode a vast amount of language and world
knowledge, have shown impressive performance
in several tasks, but their potential for fake news
detection remains underexplored (Hu et al., 2024).
One critical limitation of such models is the cost of
incorporating new knowledge. For instance, as top-
ics targeted by misinformation evolve, such models
can become outdated (Mu et al., 2023). Retrieval-
Augmented Generation (RAG) can alternatively
mitigate this problem by providing external and
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up-to-date context during LLMs’ inference.

Another concern regarding fake news detection
is the temporal aspect of news events (Guimardes
et al., 2021). Classical detection studies fail by
disregarding the temporal order of news articles.
These studies often employ validation techniques
such as holdout or k-fold cross-validation, which
randomly shuffle the corpus (Silva et al., 2020;
Garcia et al., 2022, 2024). This practice can in-
advertently introduce future data into the training
set relative to the test set, resulting in data leakage.
Consequently, the reported performance results in
such studies tend to be overly optimistic. As a
consequence, the models tend to perform worse on
new data and performance can decay through time
(Kapoor and Narayanan, 2023).

To address these issues, we propose to evalu-
ate two RAG-based solutions for Portuguese fake
news detection, along with a comparative analysis
of their performance against traditional machine
and deep learning methods. RAG appears promis-
ing because it enables access to external and up
to date information, mitigating the natural aging
of datasets and providing an evaluation closer to
real-world usage scenarios. We also explore Small
Language Models (SLMs) within the RAG archi-
tecture as a lightweight and low-cost computational
alternative to full-scale LLMs.

In this way, this study aims to understand
whether smaller models, combined with RAG’s
contextual retrieval capability, can achieve compet-
itive results without compromising interpretability
or technological accessibility. Finally, by integrat-
ing real-time contextual information through web
searches, the study seeks to investigate the impact
of such dynamic updating on model performance,
proposing a more adaptable and enduring paradigm
for fake news detection in linguistically and infor-
mationally evolving environments.

In summary, our study is guided by the following
main research questions:

* How effective and viable is a RAG-based ar-
chitecture for fake news detection compared
to traditional and deep learning methods?

* What is the impact of integrating real-time
contextual information, obtained via web
search, on the performance of RAG models?

* Can RAG models with SLMs outperform es-
tablished methods in the literature, justifying
a low-cost solution?

2 Related work

Fake news detection has evolved, driven by the
understanding that misinformation is a dynamic,
contextual, and temporal phenomenon. A land-
mark effort in this direction is FakeNewsNet (Shu
et al., 2020), which integrates the news text con-
tent, its social dissemination context, and spatial
and temporal dimensions. Despite this richness,
the experiments reported in the paper use a random
80/20 split of the dataset, resulting in an essen-
tially static reading of a changing problem and po-
tentially overestimating performance compared to
real-world scenarios, where writing patterns, topics,
and sources of misinformation evolve over time.

It was precisely this gap that led part of the re-
search community to investigate time-sensitive ap-
proaches. Zhang et al. (2023) propose a real-time
architecture that treats news as a continuous stream,
processing data in sliding windows, and combining
event and topic extraction with topic merging to re-
duce dimensionality without losing semantics. By
operating in this way, the method tracks the evolu-
tion of events and approaches temporally realistic
evaluations, demonstrating gains in both efficiency
and detection compared to baseline models.

With the rise of LLMs, a new line of research
has emerged by incorporating RAG to overcome
the limitations of supervised classifiers, retrieving
web evidence prior to decision-making. The study
by Nezafat and Samet (2024) exemplifies this ad-
vancement by coupling Mixtral-8x7B with a RAG
pipeline that queries the Google Search API in real
time. The authors argue that this integration re-
duces the tendency to generate inaccurate informa-
tion by grounding the model in verifiable sources.
Improvements of up to 23 percentage points are
achieved compared to non-RAG LLMs. Nonethe-
less, the authors note failures and an increase in
false positives, showing that dependence on ex-
ternal sources can introduce noise, which led the
authors to pre-filter the retrieved results. Moreover,
such architecture entails high computational costs.

Other authors have questioned the need for large-
scale models for this task. Raza et al. (2025) show
that, although LLMs offer advantages in general-
ization, smaller specialized models such as those
based on BERT (Bidirectional Encoder Representa-
tions from Transformers) remain superior in accu-
racy and cost-effectiveness when the task is solely
to determine whether a news item is true or false.
The study further underscores that label quality
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(e.g., Al-annotated data with human review) can be
more decisive than model size, indicating that “big-
ger is not always better” for fake news detection.

Most of the cited works use data in English.
They employ context-rich datasets, temporally
aware methods, and RAG-based approaches, yet
none were designed for Portuguese. Research in
this language remains more limited: there are few
studies with chronological evaluation and almost
no protocols comparable to those used for English.
This study aims to address this gap.

Taken together, these studies reveal a trajectory
of advances and convergences, and it is at this in-
tersection that the present work is situated. We
evaluate, in chronological order, the use of RAG
with SLM for fake news detection in Portuguese,
focusing on practical feasibility, cost, and stabil-
ity. The study compares pipelines with and without
web retrieval and proposes a reproducible protocol
that mitigates biases from static evaluations. We in-
vestigate under which conditions, and at what cost,
RAG might provide advantages compared to other
methods, aiming to explore a low-cost, updatable
approach suitable for real-world scenarios.

2.1 A RAG-Based Approach for Fake News
Detection

The RAG framework was introduced in Lewis et al.
(2020) as a way to extend LLMs’ knowledge with-
out updating their internal parameters. Instead
of relying solely on the information encoded in
model weights, RAG retrieves relevant documents
at query time and incorporates them into the gen-
eration process. As illustrated in Figure 1, the
framework is based on the so-called external knowl-
edge, and consists of two stages: a retrieval step,
which selects relevant documents from the external
source, and a generation step, in which the LLM
produces an answer conditioned on the retrieved
context. We examine two forms of RAG for fake
news detection, which we explain next.

2.1.1 Closed-domain Pipeline

In the closed setting, the system retrieves context
only from the training portion of the dataset stored
in a vector database, as shown in Figure 1a. The
training set follows the temporal holdout split de-
scribed in Section 3.2. Thus, in the closed-domain
RAG setting, the external knowledge used to pro-
vide context consists exclusively of chronologically
prior news articles from the training split. For the
closed approach, training samples with their re-

spective labels, y, are indexed and maintained in a
vector database. The collection of chunked docu-
ments is denoted Z. When a query z is received,
the retriever selects the top-k documents based on
similarity between the encoded query ¢(z) and the
document embeddings d(z) for z € Z. The gener-
ator then produces the output py(z; | [%1:i-1, 24])
based on a contextual prompt comprising x and the
retrieved documents z;. The context comprises the
chunk along with relevant metadata such as label,
date, and title. When available, the document’s
category (e.g., sport, culture) is also included.

Figure 2 presents the prompt used for the closed
approach.

2.1.2 Open-domain Pipeline

The open-domain RAG pipeline uses an SLM to
extract keywords from each news article and formu-
late a search query that summarizes the event. We
explored different prompting strategies, with a one-
shot example proving to be the most reliable for
inducing the desired query structure. The prompt
shown in Figure 3 was used.

Once the queries are generated, a web search re-
trieves potentially related news articles to serve as
external context. For each retrieved URL, a request
is made and the HTML of the pages is extracted to
obtain the news content along with metadata such
as the title, URL, snippet, and available date. Fig-
ure 1b illustrate the entire process. Similarly to the
closed-domain approach, the final stage of the open-
domain pipeline performs model classification and
evaluation using the contextual prompt formed by
the user query z and the retrieved documents 2.

Note that the prompt strategy shown in Figure 2
allows the LLM to use either its internal knowl-
edge acquired during pre-training or the external
information provided through the retrieved context.
We also tested a second prompt strategy in which
we explicitly instructed the model not to use its
internal knowledge, relying solely on the supplied
context for classification. Our goal was to assess
whether the model’s internal knowledge influences
classification, since some news events may have
been part of the data used during pre-training. How-
ever, both strategies produced essentially the same
results, suggesting that the models did not strictly
follow the instructions or that the contextual infor-
mation alone was adequate for the task. Therefore,
this paper reports only the results obtained with the
prompt strategy illustrated in Figure 2.
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Figure 1: Retrieval-augmented generation with external knowledge based on (a) training data and (b) web search.

### SISTEMA ###

Vocé é um verificador de fatos. Avalie a noticia alvo.
Use o CONTEXTO apenas se for claramente sobre o
mesmo fato/entidade/tempo da noticia. Se o contexto ndo
corresponder, IGNORE-O e diga isso na justificativa.

### CONTEXTO ###
{context}

##H# NOTICIA ##
{question}

### FORMATO DA RESPOSTA (TAGS) ###
<final Answer>

REAL ou FAKE

</final Answer>

<justificativa>
Em até 3 frases.
</justificativa>

Figure 2: Prompt (in Portuguese) for RAG approach.

### SISTEMA ###
Vocé € um agente automatizado especializado em detecc¢io
de fake news.

#it# TAREFA ###

Vocé recebe o texto de uma noticia para verificar se ela é
verdadeira ou falsa. Extraia um tnico ponto-chave factual
que seja verificdvel na web e elabore uma consulta na web
sobre o fato. Preserve nomes proprios, nimeros e locais.

### FORMATOS DE SAIDA #i##

Fato extraido.

<extractedText>

Consulta curta e objetiva que vocé elaborou.
</extractedText>

##H EXEMPLO DE CONSULTA ###
Texto: pesquisa relaciona consumo de ultraprocessados ao
aumento de obesidade no brasil.

Fato extraido: H4 uma pesquisa que relaciona o consumo de
ultraprocessados ao aumento da obesidade no Brasil.

<extractedText>
Pesquisa Brasil ultraprocessados aumento obesidade.
</extractedText>

Figure 3: Prompt (in Portuguese) to extract queries from
the news articles.

3 Methodology

In this section, we outline the experimental setup
adopted in this study.

3.1 Datasets

This study uses the FakeRecogna (Garcia et al.,
2022) and Fake.Br (Monteiro et al., 2018; Silva
et al., 2020) datasets for its experiments. They were
chosen over other Portuguese-language datasets be-
cause many alternatives either cover only a short
time span or lack publication dates. Although Fak-
eRecogna 2.0 (Garcia et al., 2024), a recent dataset,
includes publication dates, we did not use it be-
cause it does not provide the original news articles,
but only their summarized versions.

We also attempted to evaluate European Por-
tuguese fake news datasets, such as FakePT (Ro-
drigues, 2020) and the dataset proposed by Afonso
and Rosas (2024). However, although FakePT in-
cludes date information, much of its content con-
sists of fact-checking explanations about why the
news is considered fake, rather than the news arti-
cles themselves. Meanwhile, the dataset proposed
by Afonso and Rosas (2024) does not include the
publication dates of the news articles.

Figure 4 presents the temporal distribution of
the Fake.br and FakeRecogna datasets. Fake.br
contains news from June 2009 to July 2018. The
authors of FakeRecogna state that the news span
from 2019 to 2023; however, the version we ob-
tained includes articles from February 2012 to May
2023. For clarity of visualization, we restricted the
time range displayed in the figure, as the number
of news items outside this interval is very small.
We observe that the news articles are concentrated
within relatively short time spans, and there is also
an imbalance between the number of fake and true
news articles in certain months.

3.2 Validation and performance measures

For model evaluation, we applied a temporal hold-
out validation. Specifically, the news articles were
first ordered by their publication dates. The earliest
80% were used for training, while the most recent
20% were reserved for testing.
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Figure 4: News published by month.

To compare model performance, we used the
following well-known classification metrics: accu-
racy, recall, precision, and F1.

3.3 Baseline Methods

For a comprehensive evaluation of the RAG ap-
proach, we compared it against a set of classical
and deep learning text classification methods that
represent different learning paradigms, including
a state-of-the-art contextual method (BERTimbau
large) (Souza et al., 2020), a feed-forward neural
network (multi-layer perceptron — MLP) (Rumel-
hart et al., 1986), a margin-based classifier (support
vector machine — SVM) (Boser et al., 1992; Cortes
and Vapnik, 1995), an ensemble of decision trees
(random forest — RF) (Breiman, 2001), and a proba-
bilistic baseline (multinomial naive Bayes — MNB)
(McCallum and Nigam, 1998).

For BERTimbau, we fine-tuned the model for
the fake news classification task. To optimize the
hyperparameters, we used Optuna (Akiba et al.,
2019) to define the learning rate {1e-6, le-4} and
the weight decay {1e-2, 0.3}. Following the recom-
mendations of Zhang et al. (2020), we reinitialized
the top layer of the pre-trained model and opted for
AdamW as the optimizer to mitigate instabilities
commonly observed during fine-tuning on small
datasets.

For the classical machine learning models, we
also employed Optuna to optimize their key hyper-
parameters. Specifically, we tuned the number of
trees for RF, the regularization parameter for SVM,
the hidden layer size and learning rate for MLP,
and the smoothing parameter for MNB. All mod-
els were implemented using the scikit-learn li-
brary (Pedregosa et al., 2011).

As we aim to evaluate RAG using SLMs, both
because this combination remains underexplored
and SLMs are more applicable than LL.Ms, which
require significantly more infrastructure, we con-

ducted experiments with Gemma 12B (Team,
2025), Mistral Nemo 12B (Team, 2024), and Sabi-
azinho 3 (Abonizio et al., 2024), an SLM trained
with a focus on Brazilian Portuguese. The num-
ber of parameters of Sabiazinho 3 has not been
publicly disclosed in the available technical docu-
mentation (Abonizio et al., 2024). Therefore, we
report the model without specifying its parameter
count.

We also intended to evaluate Qwen (14B) (Yang
et al., 2025) and DeepSeek-R1 (14B) (DeepSeek-
Al, 2025). However, despite multiple prompt ad-
justments, these models did not consistently follow
the output constraints required by our evaluation
protocol (i.e., producing a single class label). This
prevented us from comparing them to the other
models; therefore, we do not report their results.

3.4 Text representation

In the tests of traditional methods (MLP, SVM, REF,
and MNB), we adopted a bag-of-words (BoW) rep-
resentation and applied a TF-IDF (term frequency-
inverse document frequency) transformation fitted
on the training data to weight the tokens in each
document. Although the MNB model was origi-
nally defined for integer term counts, Rennie et al.
(2003) showed that it can be used with fractional
term weights, such as TF-IDF.

In the experiments with BERTimbau large, we
used its internal contextual representations. The ex-
periments with RAG also used BERTimbau large.

3.5 RAG Design

In this work, we used LangChain' to implement the
RAG solution described in Section 2.1, a library
that provides a modular interface for integrating
LLMs with retrieval mechanisms. Our system uti-
lizes the FAISS (Douze et al., 2025) vector database
to store and retrieve external knowledge. We used
its default similarity measure. To improve retrieval
quality, the documents were split into chunks of
400 tokens with a 20% overlap. We tested different
configurations, and empirically chose these values.

For both open- and closed-domain RAG
pipelines, we selected the top-5 chunks in the re-
trieval step. The embedding model used for docu-
ment indexing and retrieval was BERTimbau large.

For query generation in the open-domain RAG
pipeline (Section 2.1.2), the SLM we used was
Gemma 3, with 12 billion parameters. The use of

1LangChain. Available at https://www.langchain.
com/. Accessed on: March 16, 2026.
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Qwen 3 14B and Llama 3 8B was also evaluated,
but both models consistently hallucinated, either
deviating from the desired format or producing out-
puts inconsistent with the task description. We used
the same SLM for query generation in all experi-
ments to ensure that all downstream online models
receive the same external knowledge for factual
verification, maintaining fairness and consistency
in the evaluation pipeline. Figure 5 illustrates an
example of a query extracted from a FakeRecogna
news article.

In addition, we conducted an empirical qualita-
tive inspection of the queries generated by the SLM
in order to assess whether the extracted keywords
were meaningful for information retrieval. This in-
spection consisted of manually reviewing a substan-
tial subset of the generated queries and comparing
them with the content of the corresponding news
articles, verifying whether the queries preserved
key elements such as person names, locations, in-
stitutions, and key events described in the articles.

O Ministério da Economia confirmou nesta segunda-feira,
1° de marco, a saida do secretario de Coordenagdo e Gov-
ernanca das Empresas Estatais (SEST), Amaro Gomes, que
serd substituido pelo secretdrio-adjunto, Ricardo Faria. Em
nota, a pasta disse que a saida de Gomes foi "decisdo de
cunho pessoal" para assumir "novos desafios no setor pri-
vado". Mais cedo, Gomes negou ao Broadcast (sistema de
noticias em tempo real do Grupo Estado) e ao jornal O Es-
tado de S. Paulo que tenha pedido para deixar o cargo por
causa de insatisfagdo com a politica do governo Jair Bol-
sonaro depois do antincio da troca de comando da Petrobras.
Em entrevista, ele disse que foi uma "infeliz coincidéncia",
que acertou a sua saida do cargo com o secretdrio Especial
de Desestatizagdo, Diogo Mac Cord, em janeiro e que de 14
para cd trabalha na sua transicéo.

(a) Original news article (in Portuguese).

Amaro Gomes substituido Ricardo Faria Secretaria de Coor-
denacio

(b) Query extracted from the news article (in Portuguese).

Figure 5: Example of query extraction from a FakeRe-
cogna news article.

For the web search step in the open-domain RAG
pipeline, we used the Google Custom Search API?
due to its free usage tier and its ability to filter
Google pages by publication date. For each query,
the ten most relevant results are requested. A large
number of websites are searched, considering the
scraping impediments imposed by the pages (e.g.,

2Google Custom Search API. Available at: https://
developers.google.com/custom-search/vi/overview.
Acessed on: March 16, 2026.

crawler blocking, paywalls, CAPTCHAs, rate lim-
its). For each news item, the title, URL, snippet,
and date available on Google News are extracted.
The website scraping step is done using the Trafi-
latura (Barbaresi, 2021) and Beautiful Soup3 li-
braries.

To illustrate the complexity of the data collection
process, an analysis of the FakeRecogna dataset
showed that, out of 22,201 pages targeted for scrap-
ing, 4,019 resulted in access or parsing failures.
Despite the errors, only two test news articles were
retrieved without context for FakeRecogna, while
this did not occur for Fake.Br. The number of web
searches (10 sites) was sufficient to guarantee this.

RAG Web RAG Local
Dataset Real Fake Real Fake

FakeRecogna 0.8742 0.7769 0.8323 0.7589
FakeBR 0.8932 0.8576 0.8432 0.8126

Table 1: Average cosine similarity between the retrieved
documents and the original news articles.

To further analyze the relevance of the retrieved
evidence, Table 1 presents the average cosine sim-
ilarity between the retrieved documents and the
original news articles for each dataset and class.
The results indicate that, in our experiments, the
retrieved documents exhibit higher similarity with
real news articles than with fake ones.

4 Results

Tables 2 and 3 present the results for each model
on the FakeRecogna and Fake.Br datasets, respec-
tively. The scores are displayed using a grayscale
heatmap, where darker cells indicate better per-
formance. Additionally, the best results in each
column are highlighted in bold. The models cor-
responding to the closed-domain RAG pipeline
(Section 2.1.1) are referred to as RAG_Local,
while those associated with the open-domain RAG
pipeline (Section 2.1.2) are denoted RAG_Open.
Models without either label perform classification
without relying on external knowledge.

The results in Table 2 show that traditional
machine-learning approaches outperform RAG-
based models. Classic methods, as well as the
BERTimbau large model, consistently achieve

https://
Acessed on:

3Beautiful  Soup. Available at:
beautiful-soup-4.readthedocs.io/.
March 16, 2026.
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Model Acc. Precision Recall F1

BERTimbau large 0.989 0.994 0.984 0.989
MLP 0.933 0949 0.915 0.932
SVM 0.929 0.955 0.903 0.928
RF 0.903 0.939 0.864 0.900
MNB 0.882 0937 0.822 0.876
Sabiazinho3 0.842 0.826 0.870 0.848
Sabiazinho3 (RAG_Local) 0.882 0.953 0.813 0.877
Sabiazinho3 (RAG_Open) 0.867 0.944 0.789 0.860
Gemma3 0.821 0.954 0.679 0.794
Gemma3 (RAG_Local) 0.882 0.879 0.889 0.884
Gemma3 (RAG_Open) 0.849 0.896 0.793 0.841
Mistral_nemo 0.727 0.654 0.966 0.780
Mistral_nemo (RAG_Open) 0.528 0.517 [0.999 0.681
Mistral_nemo (RAG_Local) 0.786 0.709 0.978 0.822

Table 2: Classification results for FakeRecogna dataset.

Model Acc. Precision Recall F1

BERTimbau large 0.993 0.951 0.994 0.972
MLP 0.963 0.780 0.983 0.870
SVM 0.959 0.752 0.994 0.854
RF 0.900 0.553 0.989 0.745
NB 0.926 0.651 0.864 0.742
Sabiazinho3 0.913 0.745 0.446 0.558
Sabiazinho3 (RAG_Local) 0.935 0.944 0.925 0.935
Sabiazinho3 (RAG_Open) 0919 0.842 0.423 0.563
Gemma3 0.862 0.533 0.384 0.446
Gemma3 (RAG_Local) 0.930 0.909 0.627 0.742
Gemma3 (RAG_Open) 0.871 0.477 0.474 0.475
Mistral_nemo 0.859 0.522 0.380 0.440
Mistral_nemo (RAG_Open) 0.170 0.127 0.983 0.126
Mistral_nemo (RAG_Local) 0.913 0.771 0.418 0.542

Table 3: Classification results for Fake.Br dataset.

higher accuracy, precision, recall, and F1-scores
than the RAG configurations. In particular,
BERTimbau large exhibits near-perfect perfor-
mance (Acc. = 0.989 and F1 = 0.989), followed
by MLP (F1 =0.932) and SVM (F1 = 0.928). The
best RAG-based result was obtained using Gemma
in the closed-domain setting (F1 = 0.884).

For the Fake.Br dataset, the analysis of the re-
sults is less straightforward. As the temporal split
leads to class imbalance, the holdout period con-
tains more true than fake news, which distorts
the interpretation of some metrics. Despite this
limitation, the overall behavior of the RAG vari-
ants was similar to what was observed in FakeRe-
cogna. Notably, Sabiazinho achieved accuracy
comparable to that of the traditional baselines and
demonstrated more stable behavior across the other
metrics, which were affected by class imbalance.
Gemma in the closed-domain setting also exhib-
ited consistent performance; however, both mod-
els were still outperformed by BERTimbau large

model, which retains the highest scores.

These results suggest that lexical and distribu-
tional features provide better signals to discrimi-
nate between true and fake news, outperforming
architectures that rely on RAG. This pattern allows
an important conclusion: the addition of contex-
tual information did not translate into improved
classification accuracy. Instead, the RAG pipeline
often introduced noise or misleading signals due to
limitations at the retrieval stage, particularly when
the retrieved documents were not factually aligned
with the original claim.

For instance, consider a fake news claim refer-
encing a specific Brazilian law. The RAG pipeline
may retrieve documents discussing other legal
cases or related legislation, but not the exact law
mentioned in the claim. As a result, even though
the retrieved context is thematically related, it is
not factually aligned, limiting the SLM’s ability to
leverage it for verification. Similar challenges have
been reported in prior work showing that LLMs
still struggle to deal with noisy or misleading re-
trieved evidence in RAG pipelines (Chen et al.,
2024). This misalignment was more prominent
within the open-domain settings, which provided
lower performance compared to the closed-domain
one, except for the Mistral-based LLM.

Across the models evaluated, performance var-
ied substantially both in terms of classification qual-
ity and in the ability to follow the prescribed re-
sponse format. Among the open-source models
tested, Gemma 3 exhibited the most consistent be-
havior. It reliably respected the output structure,
showed stable decision patterns across experimen-
tal conditions, and achieved the strongest overall
classification results. When including non-open-
source models, however, Sabiazinho performed
best overall, proving highly consistent and effi-
cient for RAG-based pipelines. This consistency
makes them particularly suitable for fact-checking
workflows that rely on RAG-style conditioning and
require deterministic, schema-conforming outputs.

The behavior of Mistral-Nemo differed signifi-
cantly between experimental domains. In the open-
domain RAG setting, its performance was notably
poor. Several prompt variants were tested in an
attempt to improve robustness; however, the model
displayed a persistent failure mode: whenever the
retrieved context did not describe the same real-
world event as the target news article, it systemati-
cally classified the claim as false, even when explic-
itly instructed not to rely solely on context overlap
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as a basis for rejection. This is particularly problem-
atic, since fake news is often poorly documented or
refers to events that never occurred; consequently,
retrieval frequently returns unrelated but legitimate
context. Under such conditions, Mistral-Nemo ex-
hibits overconfidence in negative predictions.

In the closed-domain RAG configuration, the
performance of Mistral-Nemo improved. When
the retrieved context was semantically similar, the
predictions became more balanced, approaching
the performance of the baseline non-RAG mod-
els. This suggests that Mistral-Nemo benefits from
inductive context but struggles when required to
perform genuine factual verification. Besides the
improvement, its classification consistency remains
inferior to Gemma 3 and Sabiazinho 3.

In the experiments on FakeRecogna, Gemma 3
and Sabiazinho 3 models in the open-domain set-
ting obtained an F1-score of 0.841 and 0.860, re-
spectively. The number of false positives and false
negatives (110 and 248 for Gemma; 57 and 259
for Sabiazinho) indicates a markedly asymmetric
behavior: although the number of false positives is
low, there is a substantial volume of false negatives.
In other words, the model demonstrates a strong
ability to avoid labeling true news as false (high
precision) but struggles to correctly identify fake
content. This pattern also happens for Fake.Br: the
Sabiazinho model under the open-domain setting
showed 14 false negatives and 102 false positives.

The experiments with Gemma3 and Sabiaz-
inho 3 in the closed-domain scenario revealed su-
perior performance across all the metrics, while
the distribution of errors was more balanced, espe-
cially regarding false negatives, as evidenced by
the substantially improved recall when compared
to the open domain configuration. This occurs be-
cause, in this setting, the retrieved instances are
not used primarily for factual verification but rather
serve as labeled examples that are linguistic or se-
mantically similar to the input text. The task then
becomes closer to a conventional supervised clas-
sification, in which inference relies on semantic
patterns and statistical associations between texts
and labels. In practice, the retrieved context often
contained news items with similar narratives that
were already classified as either fake or true, pro-
viding an additional inductive signal that reinforced
the model’s decision-making. Thus, even in the ab-
sence of specific factual evidence about the target
event, the model benefits from contextual cues de-
rived from previously labeled samples, enabling it

to identify fake news by analogy rather than direct
fact-checking. This mechanism helps mitigate false
negatives and leads to higher F1-scores.

In the LLM-only pipeline (without RAG), the
model relies exclusively on its parametric knowl-
edge and on the textual information contained in
the news article, without accessing any external
sources. As a result, its predictions are informed
solely by the linguistic patterns and background
knowledge in pre-training, rather than by evidence
grounded in factual verification. This limitation
is reflected in its performance: the LLM alone
achieves results slightly worse than those of the
RAG-based models, indicating that, even with im-
perfect retrieval, the additional contextual signals
still provide useful guidance for the classification.

Overall, the results confirm that, under the eval-
uated setups, RAG-based approaches do not yet
achieve performance competitive with traditional
methods. Nevertheless, the ability to ground pre-
dictions in retrieved evidence offers an advantage:
model decisions become more transparent, en-
abling users to inspect and contextualize classifica-
tion outcomes, as shown in Figure 6. This traceabil-
ity is valuable in fact-checking applications, where
understanding why a decision was made is often as
important as the prediction itself. However, these
benefits come at a high cost given that SLM-based
pipelines are computationally more expensive and
less efficient than lightweight traditional models,
raising practical concerns about scalability and de-
ployment in real-world settings.

5 Final remarks

This study provides an evaluation of RAG architec-
tures for fake news detection in Portuguese. One
of the research questions evaluated was the effec-
tiveness and feasibility of RAG-based architectures
for fake news classification compared to traditional
and deep learning approaches.

Our findings indicate that, despite the appeal to
adopt RAG methods for incorporating up-to-date
factual information, they did not outperform estab-
lished baselines, especially in the open-domain set-
ting. In our experiments, they were outperformed
by established baselines such as BERTimbau or
classical machine learning techniques. There is
evidence that the linguistic aspects of the evaluated
dataset were better explored by traditional and deep
learning methods than by the combination of lin-
guistic and factual aspects of RAG and SLM. We
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### Noticia de teste ###

circula em redes sociais uma mensagem que diz que o
critério de envio das doses de vacina contra a covid-19 nas
cidades do estado de sdo paulo foi alterado. a mensagem
afirma que, a partir de agora, as doses sdo enviadas de
acordo com o nimero de pessoas, de cada faixa etdria,
que fizeram o pré-cadastro no site vacina ja, do estado de
sdo paulo. ainda segundo a publicacdio, quanto maior o
nimero de pessoas cadastradas, maior a quantidade de doses
enviadas para os municipios.

#i## Classificacao ###
<final Answer>

FAKE
</finalAnswer>

#i## Justificativa ###

<justificativa>

A noticia falsa sugere que a distribui¢do de vacinas em Sdo
Paulo é baseada no nimero de pré-cadastros, enquanto o
contexto mostra que a distribui¢do € baseada no niimero de
pessoas imunizadas contra a gripe em 2020, conforme o Pro-
grama Nacional de Imunizac¢des. Além disso, a Secretaria
Estadual de Sadde de Sdo Paulo prioriza profissionais da
linha de frente no combate a Covid-19. A vacinagdo no Hos-
pital das Clinicas da FMUSP inclui médicos, enfermeiros e
fisioterapeutas que tém contato com pacientes Covid, refu-
tando a ideia de vacinac@o baseada em pré-cadastros.
</justificativa>

Figure 6: Example of classification and justification
performed by Sabiazinho 3 on the open-domain setting
(in Portuguese).

do not have enough data to rule out the use of fac-
tual data by the other models, but the fact that RAG
brings new information to the models is sufficient
evidence to infer that SLM receives factual updates
while the others do not.

The main challenges encountered stem from the
retrieval of contextually-related but not factually-
aligned documents, especially in open-domain set-
tings, which adds noise compromising classifica-
tion performance. This directly addresses another
research question of this study regarding the im-
pact of integrating real-time contextual information
via web search: the closed-domain RAG pipeline
consistently outperformed its open-domain coun-
terpart, likely due to its ability to exploit dataset-
specific linguistic regularities.

Finally, addressing our third research question,
although SLMs offer a lower-cost and more ac-
cessible alternative to full-scale LLMs, the results
indicate that they are not reliable for fake news de-
tection in this setting. Even with the additional con-
textual information provided by the RAG pipeline,
their performance remained inferior to that of clas-
sic machine learning methods, which are even less
computationally expensive. While RAG has ad-
vantages, such as enabling explainability and in-

corporating more recent information, substantial
improvements in data quality and retrieval accuracy
are necessary.

Future research may address current limitations
by creating more temporally balanced fake news
datasets in Portuguese, enabling clearer conclu-
sions about the benefits of incorporating updated
information into machine learning methods. The
temporal dimension proved crucial in this work:
considering time led to lower performance com-
pared to classical studies such as Silva et al. (2020)
and Garcia et al. (2022), underscoring the sensi-
tivity of results to temporal distribution. It is also
important to develop datasets with a better balance
between factual and linguistic features. Relying too
much on linguistic cues makes detection easier to
bypass, as fake news can be created to imitate the
style of true news. Factual content should therefore
play a more important role than writing style.

One limitation of this work is that intrinsic re-
trieval metrics were not computed due to the dy-
namic and unlabeled nature of the evidence re-
trieved from the web. Future work may address this
limitation by constructing a curated gold standard
enabling isolated evaluation of the retrieval compo-
nent. In addition, an oracle experiment providing
the model with evidence previously validated by
human experts could be used. Such an approach
would help isolate potential bottlenecks, such as
determining whether errors arise from the retrieval
stage or from limitations of the language model.
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