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Abstract: This paper presents FLARES, a shared task organised in the framework
of the evaluation campaign of Natural Language Processing systems in Spanish and
other Iberian languages, IberLEF 2024. FLARES aims to detect patterns of re-
liability in the language used in news that will allow the development of effective
techniques for the future detection of misleading information. To this end, the 5W1H
journalistic technique for detecting the relevant content of a news item is proposed
as a basis, as well as an annotation guideline designed to detect linguistic reliability.
Two subtasks are proposed: the first focusing on the identification of the 5W1H
elements and the second focusing on the detection of reliability. A total of 7 par-
ticipants registered in the shared task, of which 3 participated in the first subtask
and 4 in the second. The teams proposed various approaches, especially based on
fine-tuning of encoding models and adjustment of instructions in decoding models.
Keywords: Natural Language Processing, Reliability Detection, Quality Informa-
tion, Language Models.

Resumen: Este articulo presenta FLARES, una tarea compartida organizada en
el marco de la campana de evaluacion de sistemas de Procesamiento del Lenguaje
Natural en espanol y otras lenguas ibéricas, IberLEF 2024. FLARES tiene como
objetivo detectar patrones de confiabilidad en el lenguaje utilizado en las noticias
que permita desarrollar técnicas eficaces para la futura deteccién de informacion
enganosa. Para ello, se propone como base la técnica periodistica de las 5W1H
para detectar el contenido relevante de una noticia, asi como una guia de anotacién
disenada para detectar la confiabilidad linglistica. Se proponen dos subtareas: la
primera centrada en la identificacién de los elementos 5W1H y la segunda en la
deteccién de la confiabilidad. Un total de 7 participantes se registraron en la tarea
compartida, de los cuales 3 participaron en la primera subtarea y 4 en la segunda.
Los equipos propusieron diversos enfoques, especialmente basado en el ajuste de
modelos de codificacién y en el ajuste de instrucciones en modelos de decodificacion.
Palabras clave: Procesamiento del Lenguaje Natural, Deteccién de Confiabilidad,
Calidad de la Informacion, Modelos de Lenguaje.

1 Introduction racity of a news story is complex from an en-

gineering point of view, the research commu-
The disinformation phenomenon has become nity is approaching this task from different
a global social problem and a challenge for perspectives”. Among them, it is worth high-
the research community. As stated by Sa- lighting four approaches based on: i) content

quete et al. (2020), “since assessing the ve-
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(Zhou and Zhang, 2008), ii) context (Bani-
Hani et al., 2020), iii) knowledge (Vlachos
and Riedel, 2014) and iv) hybrid approaches
(Seddari et al., 2022). The task presented
in this paper addresses the content-based ap-
proach with the objective of analysing the in-
fluence and intention of language (its reliabil-
ity) when presenting information in text, i.e.
the ability of the way in which content is ex-
pressed to make it more or less credible.

Assessing the reliability of the language
used in news writing is becoming increasingly
crucial in today’s digital media landscape,
since it is a metric that allows to measure
the quality of information. Identifying spe-
cific segments of a news article to gauge the
linguistic credibility offers a more nuanced
understanding of the message’s truthfulness.
This approach not only enhances our grasp
of information presentation but also paves
the way for the development of more effec-
tive techniques in spotting fake or misleading
news.

Recent studies have delved into this
approach, highlighting the importance of
analysing language style, tone, and struc-
ture in identifying deceptive content (Lugea,
2021). Style and language are features that
have proven valuable in distinguishing be-
tween fake and true articles (Horne and
Adali, 2017), and specific linguistic features
have proven valuable in indicating potential
biases or misrepresentations in online con-
tent. These studies underscore the emerg-
ing significance of leveraging linguistic anal-
ysis to discern trustworthy news in the digital
age.

In order to analyse the reliability of the
language and to detect linguistic patterns
that allow for the automatic detection of
misleading information, we propose a shared
task which harness the 5W1H technique com-
monly employed by journalists to clearly
present the key information of a news item
in an explicit way (Zhang, Chen, and Ma,
2019). This method focuses on identifying
the What, Who, Why, When, Where, and
How elements within a text.

By applying this technique, we can sys-
tematically evaluate the reliability of the lan-
guage across these dimensions. Analysing
the presence of these fundamental journal-
istic questions offers a structured approach
to gauge the linguistic integrity and poten-
tial biases within the content. Moreover, our

370

challenge will utilise texts in Spanish, aiming
to advance techniques of this nature specif-
ically tailored for this language. This inte-
gration of journalistic methodology with lin-
guistic analysis not only provides a compre-
hensive framework but can also pave the way
for enhancing the authenticity and trustwor-
thiness of information in the Spanish digital
media landscape.

2 Task description

The shared task proposed is entitled
“FLARES: Fine-grained Language-based Re-
liability Detection in Spanish News”! and
is organised by members of three groups
specialised in Natural Language Processing
(NLP): the GPLSI group (Language and In-
formation Systems Group) from the Uni-
versity of Alicante; the OEG group (On-
toly Engineering Group) from Universidad
Politécnica de Madrid; and the SINAI group
(Intelligent System for Information Access)
from the University of Jaén. Regarding the
expected target community, this task is ad-
dressed to NLP researchers, media profes-
sionals, journalists, and policymakers, since
the initiative offers tools to enhance content
quality and accuracy.

The FLARES shared task is divided into
two subtasks and managed on the Kaggle
Platform?. Task description, teams, evalu-
ation metrics, and other details can be con-
sulted in the following Kaggle links:

e FLARES: Subtask 1 (5W1H identifica-
tion)?;

e FLARES: Subtask 2 (Reliability classifi-
cation)?.

2.1 Subtask 1: 5W1H
identification

In journalism, there is a technique that allows
to communicate a news item in a precise and
complete way according to quality standards.
This strategy is known as the 5W1H and con-
sists of answering six key questions: Who?,
What?, When?, Where?, Why? and How?.

"https://sites.google.com/gcloud.ua.es/
flares/

2Kaggle is an online platform specialised in data
science and machine learning competition.

Shttps://www.kaggle.com/competitions/
flares-subtask-1-5wlhs-identification

‘https://wuw.kaggle.com/competitions/
flares-subtask-2-5wlhs-classification
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The 5W1H “clearly describe key information
of news in an explicit manner” (Zhang, Chen,
and Ma, 2019) and “represents the semantic
constituents of a sentence which are compar-
atively simpler to understand and identify”
(Chakma et al., 2020). Information following
this technique may be a reliability pattern,
since a news item communicated in a com-
plete and accurate way may have a higher de-
gree of credibility than a news item that com-
municates the information with more opac-
ity. Some research in literature has already
used this approach specially applied to event
extraction and semantic role labelling tasks,
such in the cases of Keith, Horning, and Mi-
tra (2020), Chakma and Das (2018) and Kho-
dra (2015).

Following this approach, the objective of
Subtask 1 is to identify all the elements pro-
posed by the 5W1H technique in order to be
able to subsequently analyse the reliability
language of the segmented content. Thus,
participants were provided with a text, and
they had to determine and segment the es-
sential content by annotating the answers to
the 5W1H questions of the document.

2.2 Subtask 2: 5W1H-based
reliability

This work focuses on assessing misleading in-
formation from a content and linguistic ap-
proach based on the reliability concept. The
disinformation phenomenon is a concept that
has been widely used in recent years in dif-
ferent contexts and tasks. Although the term
“disinformation” has been used as a common
term to refer to deceptive information, nu-
merous nomenclatures have been used when
addressing this problem, such as “toxicity”,
“information disorder”, “hoax”, “fake news”,
“veracity”, “reliability”, among others, all
closely related concepts that allude to disin-
formation, but with different shades of mean-
ing. For example, the fake news concept is
often considered a politicised concept, “often
used by the public, politicians, and the news
media to attack news, journalists, and news
outlets deemed to be problematic” (Grieve
and Woodfield, 2023).

As explain in the Introduction, the
FLARES task aims to address the reliability
concept from a linguistic approach. Unlike
the veracity concept, which is usually used in
verification tasks (Vosoughi, Roy, and Aral,
2018), the reliability concept is more often

related to the credibility of the source (Zhou
and Zafarani, 2020) and to textual indicators
such as ambiguity, opacity, emotion, inten-
tion or stylistic features.

Taking into account the relevance of the
reliability concept for the FLARES research,
Subtask 2 seeks to automatically detect the
reliability of the content elements. To that
end, participants had to determine if the lan-
guage used in each item was “Confiable” (Re-
liable), “Semiconfiable” (Partially reliable)
or “No confiable” (Unreliable) for each 5W1H
detected. This had to be achieved by follow-
ing an annotation guideline that takes into
account linguistic aspects based on the reli-
ability concept, such as the accuracy or the
neutrality of the content (Bonet-Jover et al.,
2024).

2.3 Evaluation and metrics

For the evaluation of both tasks, the I} score
has been used, which requires first calculating
the Precision and Recall. These last two
metrics are implemented differently for each
subtask.

Subtask 1: For the 5W1H span identifica-
tion we employ the evaluation proposed by
Piad-Morffis et al. (2020). Five span match-
ing scenarios form the basis of this evalua-
tion: correct (C'), when the span and the la-
bel match the gold standard®; incorrect (I),
when the span matches but the label does
not; partial (P), when the label is correct
and the span overlaps the gold standard, i.e.
the intersection between spans is neither null
nor exact; missing (M), when the annotation
is present in the gold standard but not in the
prediction; and spurious (S), when the anno-
tation is present in the prediction but not in
the gold standard.

Then, these cases are used to form the
metrics Recall and Precision, shown in
eq. (1) and eq. (2), respectively. And fi-
nally, with these values, the F} is calculated
to compare the performance of the different
approaches.

cC+1ip
Il = 2 1
Recall = T prar (1)
Procission — C+1ip @
rectssion — C + I + P + S

®Only one correct match can be reported for each
annotation.
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Subtask 2: The 5H5WI1H label reliabil-
ity classification has three candidate la-
bels: “Confiable” (Reliable), “Semiconfiable”
(Partially reliable), or “No confiable” (Unre-
liable). As this is a common classification
task, the Precision and Recall metrics are
calculated in a regular way with a confusion
matrix to then compute the F} score.

3 Data

3.1 Human assessment

The data provided for this task was col-
lected through an annotation process involv-
ing three experts from two fields: 2 linguists
and 1 sociologist, all three specialists in NLP
and with knowledge in the annotation guide-
line.

The guideline used was the RUN-AS an-
notation guideline (Bonet-Jover et al., 2024),
which enables the detection of the essential
parts of a news item together with the re-
liability of its semantic elements, as well as
other linguistic elements of interest that al-
low finding linguistic patterns of reliability in
text, without using external knowledge. The
goal of this annotation proposal is to analyse
content based on a purely linguistic analysis
to find out whether how a news item is struc-
tured or written influences its reliability. To
find out whether a news item presents objec-
tive information and follows journalistic stan-
dards, this guidelines enables a three-level
annotation: Structure (Inverted Pyramid hy-
pothesis), Content (5W1H technique), and
Elements of Interest (typography, quotes).
However, for the FLARES task, only the sec-
ond level was used, that is, the 5W1H level,
to focus on the essential content and its reli-
ability.

The labels proposed for annotating this
task are What (fact), Who (subject), When
(time), Where (place), Why (cause), and
How (manner). Using the 5W1H technique,
we can break down the sentence “The arrest
of the Italian scientist took place by force yes-
terday in Milan for selling an unauthorised
vaccine” as follows:

e What: The arrest

e Who: Italian scientist
e How: by force

e When: yesterday
Where: in Milan
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e Why: for selling an unauthorised vaccine

Along with these labels, the attribute “re-
liability” is used to classify reliability in lan-
guage with the values “Reliable”, “Partially
reliable” and “Unreliable”, depending on the
two following criteria:

e Accuracy: considers aspects such as
vagueness, ambiguity, or lack of evi-
dence.

— Example: “A long time ago” (inac-
curate = unreliable) vs. “On Friday
19 march” (accurate = reliable)

— Example: “A scientist” (inaccurate
= unreliable) vs. “The European
Medicines Agency” (accurate = re-
liable)

e Neutrality: considers personal remarks,
emotionally charged content, author’s
stance, or the objectivity of the title.

— Example: “In my opinion” (subjec-
tive = unreliable) vs. “According to
the rector of the University of Ali-
cante” (objective = reliable)

— Example: “This news item can save
your life” (subjective = unreliable)
vs. “This news item talks about the
positive effects” (objective = reli-
able)

3.2 Agreements

As can be seen, several labels were consid-
ered in the RUN-AS guidelines, so the agree-
ment was calculated separately, label by la-
bel. To obtain the agreement, two metrics
were considered: Fleiss’ kappa and Krippen-
dorff. The first one was used to calculate
the level of agreement among the annotators
in the choice of labels, while the second was
used to test the level of agreement between la-
belled text spans among annotators. So, orig-
inally, to calculate the agreement of struc-
ture labels, reliability attributes, and labels
of interest, Fleiss’ kappa was used. For the
content labels (5W1H), both Fleiss’ kappa
and Krippendorfl were used to calculate the
agreement. Table 1 shows the agreement ob-
tained for structure labels:

Regarding the content labels, the agree-
ment reached is shown in Table 2:

In the case of the reliability attribute, the
agreement obtained can be found in Table 3:
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Annotators ‘ Fleiss’ kappa

Annot. 1-2
Annot. 2-3
Annot. 3-1

Average

el e

Table 1: Agreement structure labels.

Annotators | Fleiss’ | Krippendorff
kappa

Annot. 1-2 1 0.96

Annot. 2-3 1 0.98

Annot. 3-1 1 0.97

Average ‘ 1 ‘ 0.97

Table 2: Agreement content labels.

Finally, Table 4 shows the agreement obtained
with the labels of interest:

3.3 Dataset

The dataset contains 190 news items in Spanish
manually annotated with an extraction technique
based on the journalistic technique called 5W1H,
obtaining approximately 9,034 annotations. This
dataset has been split into a proportion of 70%
(6,934) for training and 30% (2,100) for testing.
Furthermore, the dataset has been divided ac-
cording to the two proposed tasks. In the first
split, only the content labels (5W1H) were taken
into account, while in the second split, dedi-
cated to the reliability classification, the reliabil-
ity attribute assigned to each content label was
taken into account. The distribution of the la-
bels 5W1H in the dataset is shown in Table 5.
As can be seen, most of the labels annotated are
What, followed by Who. This is not surprising
since there is an act and, in most cases, a sub-
ject that carries out that act. On the other hand,
Table 6 shows the distribution of the labels “Reli-
able”, “Partially reliable”, and “Unreliable”. As
can be seen, the values are somewhat unbalanced,
predominating the label “Reliable”.

The reason why Spanish has been chosen as
the language for this task is because, although it
is the fourth most widely spoken language in the
world and the second mother tongue in the world
in terms of number of speakers®, there are few
corpora built in Spanish to address the automatic
reliability detection task in NLP.

Shttps://cvc.cervantes.es/lengua/anuario/
anuario_23/informes_ic/pO1l.htm
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Annotators ‘ Fleiss’ kappa

Annot. 1-2 0.65
Annot. 2-3 1

Annot. 3-1 0.78
Average ‘ 0.81

Table 3: Agreement reliability attribute.

Annotators | Fleiss’ kappa

Annot. 1-2 1
Annot. 2-3 1
Annot. 3-1 1
Average | 1

Table 4: Agreement labels of interest.

4 Systems and results

4.1 Baselines

This subsection presents two baselines created to
evaluate the performance of simple models to ad-
dress each of the proposed subtasks.

In recent years, language models based on
Transformer architecture (Vaswani et al., 2017)
have proven effective in addressing NLP tasks
such as summarization (Zhao, You, and Liu,
2020) or opinion mining (Abas et al., 2020),
among others. For this reason, for the baselines
shown in this section, a fine-tuning of the Trans-
formers model was performed. Both baselines can
be replicated using this GitHub repository”.

4.1.1 Subtask 1: 5W1H identification
baseline

Subtask 1 consists of extracting key information
(a continuous span of words) from a sentence re-
sponding to the 5W1H labels. Following this
definition we have found the similarity between
this task and that of Named Entity Recognition
(NER). The difference lies in the fact that entities
labelled are not the traditional ones of Person,
Location, Organization, and Date.

To create the baseline we selected a fine-tuned
model for the Spanish-language NER task (bert-
spanish-cased-finetuned-ner®). This model was
trained on the CONLL corpus in Spanish, obtain-
ing a 90.17 in the F1 metric, which ranks it among
the best models in this language to address this
task. Subsequently, a second fine-tuning was car-
ried out with the training corpus of Subtask 1.
Taking as a starting point the model trained for

"https://github.com/rsepulveda911112/
Flares_baseline

Shttps://huggingface.co/mrm8488/
bert-spanish-cased-finetuned-ner
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WHAT WHO WHEN WHERE WHY HOW

Training 2,711 1,843 778 801 238 563
Test 736 482 182 215 61 167
Total 3,447 2,325 960 1,016 299 730

Table 5: Dataset of FLARES: Subtask 1 -5W1H identification—.

Reliable Partially Reliable Unreliable
Training 4,765 1,276 893
Test 806 243 162
Total 9,571 1,519 1,055

Table 6: Dataset of FLARES: Subtask 2 —Reliability classification—.

the NER task allows us to transfer part of its
knowledge to the execution of Subtask 1.

We used the common tagging format BIO (Be-
ginning, inside, and outside) for tagging tokens in
a chunking task in computational linguistics (e.g.
NER). The B- prefix before a label indicates that
that label is the beginning of a chunk, and an I-
prefix before a label indicates that the label is in-
side a chunk. An O label indicates that a token
belongs to no entity/chunk. Each sentence of the
dataset is pre-processed and their annotation is
converted to this format.

The pre-processed training data set with the
explained format above was used to perform fine-
tuning. The following hyperparameter settings
were used: learning rate of le-5, batch size of 8,
maximum sequence length of 512, weight decay
of 2.07e-6, and during 5 training epochs.

4.1.2 Subtask 2: Reliability
classification baseline

Subtask 2 consists of classifying phrases repre-
senting 5W1H entities according to their reliabil-
ity (“Reliable”, “Partially reliable”, and “Unre-
liable”). This task can be approached as a text
classification task where data from a sentence is
classified into the three aforementioned classes.
For them, a simple classifier based on fine-tuning
of a model based on Transformers architecture
was used.

The context from which the phrase to be clas-
sified was extracted is not used for this base-
line. We used the RoBERTa model in Spanish
(roberta-base-bne)? that obtained good results in
similar tasks. We fine-tuned the RoBERTa mod-
els and a linear layer (with three neurons) was
added to perform the classification. This linear
layer uses Softmax as the activation function and
cross-entropy as the loss function. The follow-
ing hyperparameter settings were used: learning

9 Available for download at
//huggingface.co/PlanTL-GOB-ES/
roberta-base-bne

https:
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rate of 2e-5, batch size of 16, maximum sequence
length of 512, and during 2 training epochs.

4.2 Submitted approaches

Three participants enrolled in Subtask 1 and four
in Subtask 2. However, in the second subtask,
only two teams presented their working notes.
Participating teams will be referred to by the
name they used in the competitions published on
Kaggle. In general, to address both subtasks, the
submitted approaches have based their method-
ologies on the so-called subsymbolic Artificial In-
telligence (AI), making use of techniques based on
Machine Learning (ML), specifically Large Lan-
guage Models (LLMs).

4.2.1 Subtask 1: Approaches

Syntax Savants UA’s Solution (Grande and
Begga, 2024): This team implemented the
FLAN-T5-XXL model (Chung et al., 2022), fo-
cusing on the automatic extraction of 5SW1H el-
ements from news texts. They created task-
specific templates and prompts, followed by ex-
tensive fine-tuning of the model using Spanish
news articles annotated by the competition or-
ganisers. The use of LoRA for efficient fine-tuning
and comprehensive hyperparameter optimisation
were key aspects of their approach. Their model
achieved an F1 score of 0.543, demonstrating its
capability in extracting structured information
from unstructured news text.

KFloeg’s Solution (Pardo et al., 2024):
The proposal consisted of a modification of the
original K-Adapter (Wang et al., 2020), ap-
proaching it as a NER task. Two adapters were
tested to enrich the fine-tuning process, one based
on the Wikidata relations of the entities, and
one based on relations between labels (5W1H)
inside each text from the same training corpus.
Both adapters were used independently and then
jointly, with the 5W1H yielding the best results,
reaching a 0.6613 score in the test set, and achiev-
ing the winning result of the challenge.

UMUTeam’s Solution (Pan et al., 2024):
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They developed a NER model to identify 5W1H
elements using fine-tuned transformer models
such as BETO (Cafiete et al., 2023) and MarIA
(Gutiérrez-Fandinio et al., 2021), incorporating
Part-of-Speech (PoS) and Syntactic Dependency
(Dep) features. The model achieved the second-
best result with a score of 0.567.

4.2.2 Subtask 2: Approaches

CUFE’s Solution (Ibrahim, 2024): This
team utilised the Llama-3 model (AI@QMeta,
2024) fine-tuned with Parameter-Efficient Fine-
Tuning (PEFT) techniques (Mangrulkar et
al., 2022), specifically Low-Rank Adaptation
(LoRA). They employed the 5W1H technique to
annotate news articles and focused on detecting
the reliability of news based on language and style
without external knowledge. Their methodology
involved freezing the Llama-3 weights and updat-
ing only the LoRA matrices, supplemented by
quantisation and mixed-precision training to opti-
mise resource use. The solution achieved a Macro
F1 score of 0.5965, indicating a high level of accu-
racy and efficiency in classifying news reliability.

UMUTeam’s Solution (Pan et al., 2024):
Their strategy to address this subtask involved
contextual fine-tuning of the MarlA model
(Gutiérrez-Fandino et al., 2021). They used the
entity text (5W1H) and the whole sentence as
context as model input. In this approach, the
hidden states are passed to a classification head,
which takes these vectors and transforms them
into a probability or logit indicating the reliabil-
ity of the entity text. This approach attained the
highest score of 0.6536.

4.3 Results and discussion

Tables 7 and 8 show the results extracted from
the competitions published on Kaggle. All par-
ticipants are included, even if they did not sent
working notes. We downloaded the files with the
best team submissions from Kaggle and calcu-
lated each system’s F1 score by class and Macro
F1. In addition, the results of the baseline sys-
tems are included. The best results are high-
lighted in bold.

Subtask 1: 5W1H Identification (Fig-
ure 1): The 5W1H identification task required
teams to accurately identify and classify six key
elements in news articles: What, Who, When,
Where, Why, and How. The performance of the
teams varied significantly across these categories.

KFloeg emerged as the leading team in this
subtask, achieving an impressive overall Macro
F1 of 0.6613. Their model demonstrated superior
performance in five out of the six categories, lead-
ing in the identification of What, When, Where,
Why, and How elements with F1 scores of 0.6292,
0.7154, 0.7099, 0.5431, and 0.4485 respectively.
This indicates that KFloeg’s approach was robust
and well-rounded, capable of accurately extract-
ing various elements from news texts.
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F1 Scores by category and team

EEE KFloeg
s UMUTeam

B Syntax Savants UA
B Baseline

F1 Score

WHAT WHO WHEN WHERE WHY

HOw

Figure 1: F1 scores by category and team for
Subtask 1.

UMUTeam followed with a Macro F1 of
0.567. While they did not lead in any specific
category, their performance was consistent across
all elements, with F1 scores ranging from 0.4388
to 0.6605. This consistency suggests that their
model was well-calibrated and effective across dif-
ferent aspects of the 5W1H framework.

Syntax Savants UA had a mixed perfor-
mance, achieving a Macro F1 score of 0.5366.
They excelled in the Who category with an out-
standing F1 score of 0.7782, the highest among
all teams for this element. However, their model
struggled with the When and Why categories,
scoring only 0.0183 and 0.0606 respectively. This
indicates a specialisation in identifying Who ele-
ments, but a need for improvement in other areas.

In comparison, the Baseline system had an
overall Macro F1 of 0.529. Both KFloeg and
UMUTeam outperformed the Baseline, while
Syntax Savants UA showed slightly better
performance overall but significantly underper-
formed in specific categories.

Subtask 2: Reliability Classification
(Figure 2): The reliability classification task in-
volved determining the reliability of news arti-
cles by classifying them as “Reliable”, “Partially
reliable”, and “Unreliable”. The teams’ perfor-
mances in this subtask also varied, highlighting
different strengths and weaknesses.

UMUTeam stood out with the highest over-
all Macro F1 score of 0.6536. Their model ex-
celled in classifying “Partially reliable” and “Un-
reliable” news, with F1 scores of 0.4956 and
0.6344 respectively. This indicates a balanced
and effective approach to distinguishing between
different levels of reliability.

CUFE performed best in classifying “Reli-
able” news, achieving a F1 score of 0.8436. How-
ever, their overall Macro F1 score was 0.5938, as
they struggled with the “Partially reliable” cat-
egory, scoring only 0.3275. This suggests that
while CUFE was highly accurate for “Reliable”
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F1 score Macro F1
What Who When Where Why How
KFloeg 0.6292 0.7539 0.7154 0.7099 0.5431 0.4485 0.6613
UMUTeam 0.5491  0.6286  0.6605 0.5196  0.5203  0.4388 0.5670
Syntax Sa- 0.5523 0.7782 0.0183 0.5603 0.0606  0.2868 0.5366
vants UA
Baseline 0.5194 0.6552 0.5398 0.5089 0.3544 0.3017 0.5290

Table 7: System results of FLARES: Subtask 1 -5W1H identification—.

F1 score Macro F1
Reliable Partially reliable Unreliable
UMUTeam 0.8308 0.4956 0.6344 0.6536
CUFE 0.8436 0.3275 0.6102 0.5938
Elena 0.8105 0.2789 0.4879 0.5258
KFloeg 0.7955 0 0.0909 0.2954
Baseline 0.7989 0.4761 0.5741 0.6164

Table 8: System results of FLARES: Subtask 2 —Reliability classification—.

F1 Scores by reliability category and team

. UMUTeam
. CUFE
. Elena
N KFloeg
B Baseline

F1 Score

Reliable

Partially Reliable Unreliable

Figure 2: F1 scores by reliability category
and team for Subtask 2.

news, it had difficulty discerning “Partially reli-
able”.

ElenaA’s model and KFloeg underper-
formed relative to the baseline. Elena achieved
a Macro F1 score of 0.5258, showing moderate
success in the “Reliable” category but low per-
formance in “Partially reliable” and “Unreliable”
classifications. KFloeg had the lowest overall
Macro F1 score of 0.2954, indicating significant
challenges across all categories, particularly in
classifying “Partially reliable” news where the
model scored zero.

The Baseline system had a Macro F1 score of
0.6164. UMUTeam and CUFE both surpassed
the Baseline, demonstrating the effectiveness of
their approaches in reliability classification. The
Baseline performance highlights the challenge of
this task and the need for refined models to im-
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prove classification accuracy.

Overall Analysis: The results of the com-
petition reveal several key insights into the cur-
rent state of NLP models for news classification.
KFloeg’s and UMUTeam’s robust methodolo-
gies led to strong performances in their respective
tasks, showcasing the potential of advanced fine-
tuning techniques and consistent model training.
Syntax Savants UA’s specialised success in the
Who category highlights the importance of tar-
geted model improvements.

Overall, these findings underscore the im-
portance of balancing specialisation and consis-
tency in model development. Future research
should focus on hybrid approaches, leveraging
the strengths of multiple models to achieve more
comprehensive and accurate results across all el-
ements of news classification.

The radar chart (Figure 3) illustrates the over-
all performance of different teams in both Subtask
1 (5W1H identification) and Subtask 2 (Reliabil-
ity classification) of the FLARES competition.
Each axis represents a specific evaluation cate-
gory from both subtasks: What, Who, When,
Where, Why, How, Reliable, Partially Reliable,
and Unreliable.

KFloeg showed strong performance in Sub-
task 1, particularly excelling in the categories
of Who and When, but did not participate in
Subtask 2. UMUTeam demonstrated balanced
performance across both subtasks, with notable
strength in the “Reliable” and “Unreliable” cat-
egories of Subtask 2. Syntax Savants UA ex-
celled in identifying the Who category in Subtask
1 but did not participate in Subtask 2. CUFE
showed strong performance in Subtask 2, espe-
cially in the “Reliable” category, but did not
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Combined Performance of Subtask 1 and Subtask 2
WHEN

Figure 3: Combined Performance of Subtask
1 and Subtask 2.

participate in Subtask 1. The Baseline perfor-
mance is provided for comparison, highlighting
areas where the competing teams outperformed
standard benchmarks.

5 Conclusions and future work

This paper presents the description of the first
shared task on Fine-grained Language-based Re-
liability Detection in Spanish News (FLARES at
IberLEF 2024). Two subtasks are proposed with
7 participants.

The use of LLMs like Llama-3 and FLAN-T5-
XXL, combined with advanced fine-tuning tech-
niques such as LoRA and quantization, showcases
significant progress in the automated classifica-
tion of news reliability. Participants’ solutions
highlight the effectiveness of these models in han-
dling language-specific tasks, particularly in the
context of Spanish news.

Furthermore, some approaches demonstrates
the advantages of parameter-efficient fine-tuning,
achieving high performance with optimised re-
source use, while others show comprehensive
methodologies, for example involving template
creation and extensive hyperparameter tuning,
that underscores the importance of task-specific
customisation in enhancing model performance.

Future advancements in this line of research
could focus on further improving model efficiency
and accuracy, potentially exploring hybrid mod-
els that combine the strengths of multiple LLMs.
Additionally, expanding the dataset diversity and
incorporating more nuanced linguistic features
could enhance the robustness of news classifica-
tion systems.

Overall, the comparative analysis of these so-
lutions reveals that while significant strides have
been made, there remains substantial scope for in-
novation and improvement in the automated de-
tection of news reliability using advanced NLP
techniques.
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