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Abstract: We present NoticIA, a dataset consisting of 850 Spanish news articles fea-
turing prominent clickbait headlines, each paired with high-quality, single-sentence
generative summarizations written by humans. This task demands advanced text
understanding and summarization abilities, challenging the models’ capacity to in-
fer and connect diverse pieces of information to meet the user’s informational needs
generated by the clickbait headline. We evaluate the Spanish text comprehension
capabilities of a wide range of state-of-the-art large language models. Additionally,
we use the dataset to train ClickbaitFighter, a task-specific model that achieves
near-human performance in this task.
Keywords: Clickbait, Summarization, Dataset, Spanish.

Resumen: Presentamos NoticIA, un conjunto de datos que consta de 850 art́ıculos
de noticias en español con titulares clickbait, cada uno emparejado con resúmenes
generativos de alta calidad de una sola frase escritos por humanos. Esta tarea exige
habilidades avanzadas de comprensión y resumen de texto, desafiando la capacidad
de los modelos para inferir y conectar diversas piezas de información para satisfacer
la curiosidad informativa del usuario generada por el titular clickbait. Evaluamos
las capacidades de comprensión de texto en español de una amplia gama de modelos
de lenguaje grandes de última generación. Además, utilizamos el conjunto de datos
para entrenar ClickbaitFighter, un modelo que logra un rendimiento casi humano
en esta tarea.
Palabras clave: Clickbait, Resumen, Datos, Español.

1 Introduction

In the digital age, the expansion of clickbait
headlines has become a pressing concern for
both media consumers and publishers. Click-
bait refers to sensationalized or misleading
headlines designed to lure readers into click-
ing on a link, often at the expense of accu-
rate reporting and journalistic integrity. In
clickbait headlines the actual content is ex-
aggerated and distorted, driving readers to
misinformation and confusion. Those head-
lines create a need in users to discover specific
information, compelling them to click on the
article, although the low quality of the piece
of news may make them quickly exit the web-
site without engaging with other ads or arti-
cles.

The clickbait headlines often lead readers
to enter a webpage and scroll down it while

they try to find the promised information
they are searching for. Such articles often
contain a plethora of irrelevant details, with
the main idea typically buried at the end.
The ultimate goal of clickbait-led news is to
show as many advertisements as possible to
the readers in a way of trying to increase the
advertisement revenue of the site. This prac-
tice tends to be annoying for the readers and
undermines their trust in online news out-
lets. For publishers, while clickbait may offer
short-term gains in terms of increased web
traffic and potential advertising revenue, it
carries the risk of damaging their reputation
and alienating their reader base. It also neg-
atively impacts advertising revenue for legit-
imate content creators, who might see their
web traffic reduced.

The task of summarizing these low-quality
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La impactante predicción del tiempo de
Jorge Rey para el puente de diciembre.
En el mundo de la meteorología, hay nombres que resuenan con
autoridad y precisión. Uno de ellos es Jorge Rey, el joven burgalés
que, a sus dieciséis años, ha sorprendido a España con sus
predicciones climáticas. Sus métodos [...] Refiriéndose a un refrán
popular: “Año de bellotas, año de nieve hasta las pelotas”. Esto
sugiere una ola de frío invernal que podría coincidir con el inicio
de diciembre.
Summary: El inicio de un periodo frío intenso.

¿Qué pasará el 15 de enero de 2024?
Al parecer, no todo es dulzura en las vacaciones de fin de años,
como lo demuestra la nueva intriga circulando en redes sociales. Se
trata de una “advertencia” sobre lo que sucederá el 15 de enero de
2024, [...] El 15 de enero de 2024 marca el regreso a clases para
muchos estudiantes, poniendo fin a su periodo de descanso.
Summary: El regreso a clases para muchos estudiantes.

Translation: The Earth is heading
towards 25-hour days: when will we
have to change the clocks?
The speed of the Earth and its gradual movement away from the Sun
may be some of the reasons that could cause the day to have more
than 24 hours. We tell you all about this strange phenomenon [...] we
will have to wait around 200 million years to witness it.

Summary: In 200 million years.

Michael Schumacher: se conocen
últimos detalles de su estado de salud.
Jean Todt, quien fue su jefe en Ferrari, dio a conocer la información
[...] nunca hubo información precisa sobre su estado de salud.
Summary: En la noticia no se dan nuevos detalles de su estado de
salud.

“Pero bueno, pero qué ha pasado”:
sorpresa por lo que ocurre con los niños
de San Ildefonso al comienzo del sorteo
de la Lotería de Navidad.
Los niños del colegio de San Ildefonso, responsables de cantar los
números y los premios [...] han sido recibidos con una clamorosa
ovación y vítores. [...] “Pero bueno, pero qué ha pasado. ¡Pero qué
gritos! Si parece un equipo de fútbol”.
Summary: Han sido recibidos con una clamorosa ovación y vítores.

Translation: Take a breath when you find
out how long an egg lasts in the
refrigerator.
Eggs, undoubtedly one of the most nutritious and healthy foods [...]
with an average temperature of 4ºC, they can easily last between 3
and 5 weeks from the date of purchase.
Summary: Between 3 and 5 weeks

Figure 1: Examples of clickbait headlines from NoticIA. The headline is followed by a long
article in which the answer to the headline is located at the end of the article. We translated
two examples into English for illustration.

articles with clickbait headlines constitutes a
great benchmark for Large Language Mod-
els (LLMs). Unlike general domain summa-
rization, this task first requires the model to
understand the headline and the information
it promises. The summary depends on accu-
rately interpreting the headline, as the fail-
ure to do so will lead to an incorrect sum-
mary. Then, it must successfully navigate
through the filler content to identify and ex-
tract the key information or idea that is often
hidden, not immediately obvious, or, in some
cases, completely missing because the head-
line was misleading. This task demands ad-
vanced text understanding and summariza-
tion abilities and challenges the models’ ca-
pacity to infer and connect diverse pieces of
information to fulfil the user’s informational
needs as suggested by the clickbait headline.
This challenge can be described as an “ul-
trasummary” generation task, where articles,
designed to be as lengthy as possible, are
summarized into a single sentence or even a
single word. Figure 1 illustrates examples of
clickbait headlines from our dataset, together
with the human-written summaries. We also
provide two translated examples to make the
task description more accessible.

To the best of our knowledge, NoticIA
is the only clickbait dataset that provides
headline-news body-ultrasummary triplets

that can be used to assess the performance
of information retrieval systems that will
help extract crucial information. NoticIA
comprises 850 Spanish news articles featur-
ing single-sentence summaries written by hu-
mans. Our contributions are the following:

• We introduce a dataset containing 850
Spanish news articles, each with a click-
bait headline, news body, and human-
written summary.12

• We evaluate several state-of-the-art
text-to-text Large Language Models
(LLMs) in zero-shot settings.3 This
evaluation demonstrates the text-
understanding capabilities of these
models in Spanish, addressing the
current scarcity of high-quality text
understanding benchmarks and evalua-
tions for LLMs in this language.

• We fine-tune and publicly release LLMs
trained on our dataset.456 This model
family exhibits high proficiency in sum-
marizing clickbait articles and has the

1https://hf.co/datasets/Iker/NoticIA
2https://hf.co/datasets/somosnlp/

NoticIA-it
3https://github.com/ikergarcia1996/NoticIA
4https://hf.co/Iker/ClickbaitFighter-2B
5https://hf.co/Iker/ClickbaitFighter-7B
6https://hf.co/Iker/ClickbaitFighter-10B
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potential to empower individuals by pro-
viding them with tools for critical think-
ing and discernment amidst the vast
amounts of online content. By making
these models public, we aim to exert
pressure against the use of deceptive tac-
tics by online news providers to increase
advertising revenue.

The coming sections of the paper are
structured as follows. In section 2 we go
through the most relevant works on the topic.
In section 3 the corpus building effort is de-
scribed. The experimental set-up is pre-
sented in section 4 and its development is
described in section 5. Finally, the final re-
marks are done in section 6.

2 Related works

Most of the efforts aimed at combating click-
baits have focused on clickbait headline de-
tection. Although it is over a decade that
the task has attracted the interest of schol-
ars, the Clickbait Challenge (Potthast et al.,
2018) in 2017 was a milestone in the advance-
ment of the field. There were 12 teams taking
part and the Webis Clickbait Corpus 2017
was released, which contained 38,517 anno-
tated tweets and that has been used since in
a list of clickbait detection works such as the
work by Zheng, Yu, and Wu (2021). In ad-
dition, clickbait detection efforts have multi-
plied in the last lustrum as in the case of Pu-
jahari and Sisodia (2021), Liu et al. (2021)
or Wang, Maslim, and Liu (2023).

Our work, however, is more closely re-
lated to the clickbait spoiling task. The
PAN Clickbait Challenge at SemEval 2023
(Fröbe et al., 2023) consisted in classifying
the types of spoilers according to their struc-
ture and in generating spoilers according to
their type. 23 teams submitted their sys-
tems, which were tested on the Webis Click-
bait Spoiling Corpus 2022, a 5,000 headline-
news-spoiler corpus collected from social me-
dia.

The task can also be designed in a
question-answering manner. In Heiervang
(2022) a title-answering method is proposed.
Fine-tuned LLMs are requested to extract an
abstractive summary from the news body to
answer the question in the clickbait head-
line. Kurenkov et al. (2022) consider both
abstractive and extractive summaries to pro-
vide an answer for each headline. They

fine-tune a RoBERTa model to perform the
task. Intan Maharani, Purwarianti, and Aji
(2023), instead, configure the task as a single
or multi-span information extraction task for
question answering.

Misleading headlines in Spanish news
have also been a matter of study as in
Sepúlveda-Torres, Bonet-Jover, and Saquete
(2023). The goal of the task is to identify
whether a headline contains any contradic-
tion in relation to the news body and clas-
sify the types of contradictions. For this, the
ES Headline Contradiction dataset is built,
which contains 18,542 news headline-body
pairs. A series of BERT-based models are
fine-tuned for both detection and classifica-
tion and they achieve highly satisfactory re-
sults in both tasks.

3 NoticIA dataset

The NoticIA dataset comprises 850 clickbait
headline, news body and summary triplets.
In this section, we will describe the construc-
tion of the dataset.

3.1 Corpus collection

Clickbait headlines have proliferated on the
web in recent years. However, gathering
clickbait headlines is an arduous task. To
avoid the need for massive crawling of arti-
cles and the subsequent post-processing step
to detect articles with clickbait headlines, we
utilized two readily available sources of click-
bait headlines to build the dataset. The first
source is the posting on the X social media
platform by the @ahorrandoclick1 user,7 who
manually summarizes articles with clickbait
headlines, from which we gathered 725 arti-
cles. Secondly, during the early development
of this dataset, we fine-tuned a model to sum-
marize clickbait articles. We used this model
to develop a publicly available web app8 that
users could use to summarize articles given
the article’s URL. From the user inputs, we
selected an additional set of 125 articles, for
a total of 850 articles in the dataset.

The dataset comprises articles from a wide
range of categories, as depicted in Figure 2.
All articles are in Spanish, and approximately
83% of the dataset originates from Spanish
newspapers, while the remaining 17% comes
from Latin American newspapers. The de-

7https://twitter.com/ahorrandoclick1
8https://iker-clickbaitfighter.hf.space/
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Celebrities 19.2%

Others

17.6%

Sports

15.5%

Economy13.3%

Entertainment and Culture

11.2%

Science and Technology

11.0%

Politics

6.8%

Health

5.5%

Figure 2: Category of the articles in the
dataset.

Train Dev Test Total

Article no. 700 50 100 850
Avg. Headline Len. 16 17 17 17
Avg. Article Len. 544 663 549 552
Avg. Summary Len. 12 11 11 12

Table 1: Average word counts for the head-
lines, article bodies, and summaries.

tailed sources of the dataset can be found in
Appendix C.

3.2 Corpus annotation

We employed human annotators to create
gold standard summaries for the dataset.
These annotators were PhD students with
native-level competence in Spanish. They
were instructed to read the headline and iden-
tify the question that the clickbait posed for
the reader. Subsequently, they were tasked
with finding the excerpt of the text that pro-
vided the answer to the clickbait headline.
The annotators were asked to produce the
shortest possible summary that responded
solely to the clickbait headline, excluding any
other information. Additionally, whenever
possible, they were encouraged to directly
quote the original text, especially when the
summary included direct statements made by
individuals. The full guidelines are available
in Appendix F. The annotation process took
approximately 40 hours. Table 1 lists the av-
erage word counts for the headlines, article
bodies, and summaries. On average, the ar-
ticle body was summarized with a 98% re-
duction.

3.3 Dataset quality assessment

The corpus annotations have been used to
measure the quality of the distributed data

Test Validation

Rouge1 56.73
Rouge2 43.05
RougeL 55.59

Avg. Summary len. 11 8

Table 2: Validation stats between the sum-
maries in the test split and the summaries
produced by another independent annotator.

and guidelines.9 The test partition of our
dataset was annotated by a second annotator
to assess whether humans can provide aligned
answers based on the guidelines. A summary
of the inter-annotator agreement assessment
is presented in Table 2.

The overall agreement between the an-
notators has been high as they have pro-
vided the exact same answer in 26% of the
cases and have provided answers that par-
tially share information in 48% of the cases.
This may imply that, although the news in
our dataset tend to present the information
intricately, it was easy for humans to find
the information the headline refers to. In
the case of the partially overlapping answers,
some may be considered to carry the same in-
formation, while others show complementary
information as can be seen in the examples
in Table 3.

We have also identified a list of cases in
which the annotators have offered different
but equally valid answers, which constitutes
the 18% of the cases. For example (1) the an-
notators have chosen different text strings to
refer to the same monetary prize. In (2), in-
stead, answers are not directly related as one
refers to cold air and the other to unusually
low temperatures.

(1) Headline: El 31938, tercer premio de
la Loteŕıa de Navidad 2023: esto es lo
que cobrarás.

Annotator A: 50.000€ por décimo.

Annotator B: 500 mil euros por se-
rie.

(2) Headline: Mario Picazo alerta de las
consecuencias que tendrá el debilita-
miento del vórtice polar en España.

Annotator A: El aire muy fŕıo confi-
nado en el Ártico puede ser liber-

9https://hf.co/datasets/Iker/NoticIA_
Human_Validation
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Annotator A Annotator B

Same information Tenemos entre 30 y 45 minutos. Entre 30 y 45 minutos.
More precise information El regreso a clases para muchos estudiantes. El regreso a clases.
Additional information Tener que saltar el potro. “Cuando pasé a bachillerato, al BUP, estaba el

potro y pasé unos d́ıas pensando que teńıa saltar
el potro y hacer deporte, muy malos”.

Shared information No le ha gustado por que “es de vieja”. “El abrigo es de vieja”, ha opinado la mujer.

Table 3: Examples of partially overlapping answers by human annotators.

ado hacia latitudes más bajas.

Annotator B: Unas temperaturas
que estaŕıan muy por debajo de
lo que seŕıa habitual.

For what regards the guideline assessment,
we venture to say that the guidelines were
overall unambiguous and that the request of
selecting the minimum amount of words to
generate a valid summary will always be in-
terpretable. As we could see from the annota-
tors’ answers, the minimum extent could be
understood as the minimal well-formed sen-
tence or the focus of the question in the head-
line (3).

(3) Headline: Josep Pedrerol hace frente
a la pérdida de un rostro conocido de
‘El Chiringuito de Jugones’: “Nunca
olvidaré”.

Annotator A: Se ha ido el periodista
Borja Mazarro.

Annotator B: Borja Mazarro.

Finally, we identified 8 cases of disagree-
ment. In 3 cases, one of the annotators pro-
duced an incorrect summary, likely due to
fatigue after annotating multiple examples.
In the remaining 5 cases, the disagreement
stemmed from contradictory information in
the article and different interpretations of
this information (4). In these instances, de-
termining the correct summary is subject to
the reader’s interpretation. In any case, we
consider the annotator agreement to be very
high, and further experiments in Section 5.2.1
demonstrate that there is a very high corre-
lation on model performance when evaluated
using the summaries produced by different
annotators.

(4) Headline: El motivo por el que ‘Es-
pejo Público’ ha prescindido de un
mı́tico colaborador: “La gota que ha
colmado vaso”

Annotator A: Se refieren a Fran
Rivera, el motivo fue aparecer en
Telecinco.

Annotator B: Rivera ya no aportaba
mucho contenido al programa.

4 Experimental Setup

In this section, we define the evaluation pro-
tocol we use to measure the performance
of Large Language Models (LLMs) on our
dataset.

4.1 Models

We evaluate a diverse set of large language
models (LLMs), ranging from 2 billion to 70
billion parameters. All the models assessed
have been fine-tuned for instruction follow-
ing. The models include Deepseek (Bi et
al., 2024), LLama2 (Touvron et al., 2023),
Llama3 (AI@Meta, 2024), Mistral (Jiang et
al., 2023), Solar (Kim et al., 2023), Mixtral
(Jiang et al., 2024), StableLM (stability.ai,
2023), Yi (01.AI et al., 2024) and Qwen (Bai
et al., 2023), as well as further fine-tuned ver-
sions of these models which have improved
capabilities. The models are listed in Table 4.
This selection of models spans the most pop-
ular architectures at the time of writing and
includes the current best-performing open-
source models. Yet, it is important to note
that most of these models were pretrained
with a primary focus on the English or Chi-
nese languages. Our comprehensive evalua-
tion aims to shed light on the performance of
the current state-of-the-art LLMs in Spanish.
In addition to these open-source models, we
also evaluate the GPT-3.5, GPT-4 and GPT-
4o commercial products. Although these
models are not designed for research, and
many details about them remain undisclosed,
given their popularity and widespread usage,
we consider it valuable to assess their perfor-
mance on our Spanish ultra-summarization
task. We provide further details on the mod-
els we use in Appendix D.

4.2 Task Formulation

We adopt a zero-shot prompt evaluation
setup, wherein we construct an instruction
that describes the task and the annotation
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Model Family Model name Parameter Count Citation

Deepseek deepseek-llm-67b-chat 67B Bi et al. (2024)

Gemma
gemma-2b-it 2.51B Gemma-Team et al. (2024)
gemma-7b-it 8.54B Gemma-Team et al. (2024)

Llama2
Llama-2-70b-chat-hf 70B Touvron et al. (2023)
Llama-2-13b-chat-hf 13B Touvron et al. (2023)
tulu-2-dpo-70b 70B Ivison et al. (2023)

Llama3
Meta-Llama-3-8B-Instruct 70B AI@Meta (2024)
Meta-Llama-3-8B-Instruct 8B AI@Meta (2024)

Mistral

Mistral-7B-Instruct-v0.2 7B Jiang et al. (2023)
Nous-Hermes-2-Mistral-7B-DPO 7B Teknium (2023)
Nous-Hermes-2-Pro-Mistral-7B 7B Teknium (2023)
openchat-3.5-0106 7B Wang et al. (2023)
OpenHermes-2.5-Mistral-7B 7B Teknium (2023)

Solar
SOLAR-10.7B-Instruct-v1.0 10.7B Kim et al. (2023)
Nous-Hermes-2-SOLAR-10.7B 10.7B Teknium (2023)

Mixtral
Mixtral-8x7B-Instruct-v0.1 46.7B Jiang et al. (2024)
Nous-Hermes-2-Mixtral-8x7B-DPO 46.7B Teknium (2023)
Nous-Hermes-2-Mixtral-8x7B-SFT 46.7B Teknium (2023)

Yi
Nous-Hermes-2-Yi-34B 34B Teknium (2023)
Yi-6B-Chat 6B 01.AI et al. (2024)
Yi-34B-Chat 34B 01.AI et al. (2024)

QWEN

Qwen1.5-7B-Chat 7B Bai et al. (2023)
Qwen1.5-14B-Chat 14B Bai et al. (2023)
Qwen1.5-72B-Chat 72B Bai et al. (2023)

ChatGPT
gpt-4o-2024-05-13 unknown OpenAI (2024b)
gpt-4-turbo-2024-04-09 unknown OpenAI (2023)
gpt-3.5-turbo-0125 unknown OpenAI (2024a)

Table 4: Model that we use in our experiments. Model families group the models we use in our
experiments, based on the base model on which they were trained.

Ahora eres una Inteligencia Artificial experta en desmontar titulares sensacionalistas o
clickbait. Tu tarea consiste en analizar noticias con titulares sensacionalistas y generar
un resumen de una sola frase que revele la verdad detrás del titular. Este es el titular de
la noticia: {article_headline}
El titular plantea una pregunta o proporciona información incompleta. Debes buscar en
el cuerpo de la noticia una frase que responda lo que se sugiere en el título. Siempre
que puedas cita el texto original, especialmente si se trata de una frase que alguien ha
dicho. Si citas una frase que alguien ha dicho, usa comillas para indicar que es una
cita. Usa siempre las mínimas palabras posibles. No es necesario que la respuesta sea
una oración completa. Puede ser sólo el foco de la pregunta. Recuerda responder
siempre en Español. Este es el cuerpo de la noticia:
{article_body}

Figure 3: Input prompt used to generate
summaries. The prompt defines the task and
guidelines.

guidelines. The model receives the head-
line and the article body, and we expect a
summary of the article as the output. The
prompt used as input for the models is il-
lustrated in Figure 3, a linguist expert on
the summarization task crafted this prompt.
The lengthy nature of the inputs, with arti-
cle bodies averaging 550 words, precludes ex-
perimentation with more advanced prompt-
ing techniques, such as few-shot learning—
this is, providing the model with a few sum-
mary examples—or Chain-of-Thought tech-
niques. In the case of models that have been
fine-tuned as dialogue systems, these utilize
different tokens to represent a conversation,
such as using markers like “¡bot¿” and “¡hu-
man¿”, or custom system initial prompts. To

accommodate these models, we format the in-
put according to the recommendations pro-
vided by the authors. The input prompt
is set to the user’s input, and we expect
the summary to be produced as the assis-
tant’s output. We do not specify any system-
defined prompts and, for all the experiments,
we use greedy search to generate text.

4.3 Metrics

As standard in summarization tasks, we use
the ROUGE score metric (Lin, 2004) to
automatically evaluate the summaries pro-
duced by the models. ROUGE is a recall-
oriented summarization metric that assesses
the quality of summarization systems by
determining how much of the basic units
in the reference summaries10 appear in the
machine-generated summaries. Our primary
metric is ROUGE-1, which considers whole
words as the basic units. To compute the
ROUGE score, we lowercase both summaries
and remove punctuation. In addition to the
ROUGE score metric, we also consider the
average length of the summaries. For our
task, we aim for the summaries to be con-
cise, which is an aspect the ROUGE score

10First annotator’s summaries in this work.
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Figure 4: ROUGE score and average summary lengths for all models evaluated in our dataset.
The Y-axis represents the ROUGE score, while the X-axis indicates the average number of
words in the summaries. A higher ROUGE score and a shorter summary length are considered
optimal.

does not evaluate. Longer sentences may in-
crease the chance of overlapping words, po-
tentially affecting the ROUGE score. There-
fore, we consider both ROUGE-1 and average
summary length when evaluating the models.
Our goal is to identify a model that achieves
the highest possible ROUGE score with
the shortest summary length, balancing
quality and brevity.

Recent works (Min et al., 2023) have
proposed advanced metrics for the auto-
matic evaluation of general-domain sum-
maries. However, our dataset significantly
deviates from general domain summariza-
tion. Our summaries are highly concise, and
we consider any information in the summary
that does not contribute towards answering
the clickbait headline as incorrect, even if this
information appears in the article. Therefore,
the set of possible correct summaries is very
small, with any accurate summary necessar-
ily including a specific set of words. Thus,
we consider the ROUGE score as the best
metric for evaluation, along with average sen-
tence length to ensure that the model does
not produce overly verbose summaries or in-
clude unnecessary information.

5 Experiments

In this section, we present the evaluation of
a broad range of LLMs in both zero-shot
and fine-tuning scenarios using the NoticIA
dataset. Figure 4 presents a summary of all
the results, both in the zero-shot and fine-
tuning (ClickbaitFighter models) settings. In
this chart, the Y-axis represents the ROUGE
score, while the X-axis indicates the average
number of words in the summaries produced
by each model. As outlined in Section 4.3,
our goal is to identify the models that achieve
the highest possible ROUGE score with the
shortest summary length. Additionally, we
establish a human baseline, calculated on the
agreement between the human annotators de-
tailed in Section 3.3, and compare it against
the gold summaries in the dataset. Extended
results in numerical format are presented in
Appendix E.

5.1 Zero-Shot summarization

First, we evaluate a wide range of Large Lan-
guage Models (LLMs) spanning from 2 bil-
lion to 70 billion parameters on the NoticIA
dataset in a zero-shot setting. This means
that we use the models in their original form
without any specific task fine-tuning. The
models are prompted using the instructions
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described in Section 4.2.
The results indicate that Llama-3-70B-

Instruct generates the highest quality sum-
maries, with GPT-4o and GPT-4 following
closely. Both Nous-Hermes-2-SOLAR-10.7B
and OpenChat-3.5-0106, with 10.7 billion
and 7 billion parameters respectively, deliver
remarkably good performance despite being
significantly smaller than the 70 billion pa-
rameter Llama-3 model. This makes these
two models preferred the options when con-
sidering computational resource constraints.

The zero-shot results indicate that for
this task, the number of model parameters
holds little significance compared to the pre-
training data. For instance, Llama-2-70b-
chat-hf, a 70 billion parameter model, un-
derperforms compared to the OpenChat-3.5-
0106 model, which has only 7 billion param-
eters. The models that consistently achieve
better performance share a common feature:
they are trained on very large high-quality
datasets. For example, the Nous-Hermes se-
ries of models have been trained using the
OpenHermes dataset (Teknium, 2023), which
comprises 1 million instructions generated
mainly with GPT-4. Similarly, OpenChat-
3.5-0106 was also trained using data gener-
ated by GPT-4 and GPT-3.5 (Wang et al.,
2023). Deepseek (Bi et al., 2024) was trained
with 1.5 million instructions. Further analy-
sis of the publicly available OpenHermes 2.5
dataset through the Lilac platform11 reveals
that this dataset contains at least 25,749 ex-
amples of summarization, a significant por-
tion of which are article summaries. There-
fore, this suggests that the best-performing
models in our dataset are those that have
been exposed to a large amount of summary
examples during fine-tuning. It’s important
to note that the OpenHermes dataset pre-
dominantly contains instructions in English,
with only 62 of the 1 million instructions be-
ing in Spanish, and these are specific exam-
ples of translations. This highlights the mod-
els’ remarkable proficiency in transfer learn-
ing, demonstrating their ability to effectively
apply knowledge learned from English data
to tasks in Spanish.

5.2 Error analysis

To better understand the models’ perfor-
mance on our dataset, we conducted an er-

11https://lilacai-lilac.hf.space/datasets\
#lilac/OpenHermes-2.5

ror analysis to identify the circumstances and
reasons why the models failed. We identified
three different error sources for which we pro-
vide examples in Table 5:

Producing a summary of the whole
article instead of following the guide-
lines: We identified that some models, in-
stead of adhering to the provided guidelines
and producing a concise summary based on
the headline, simply summarize the entire ar-
ticle. Table 5 shows the summaries generated
by Nous-Hermes-2-Yi-34B and Llama-2-70b-
chat-hf along with the Gold summary. The
former generates a summary that answers the
question, while the latter produces an overly
extensive summary of the whole article. We
attribute this to the lower proficiency of some
models in following instructions. As previ-
ously discussed, Nous-Hermes-2-Yi-34B, hav-
ing been trained with 1 million instruction
examples, has acquired much better profi-
ciency at following instructions and adhering
to the guidelines described in such instruc-
tions. The models in Figure 4 which gener-
ate the longest summaries, all suffer from this
issue.

Not concise enough summaries: The
best-performing models in our dataset, which
follow the guidelines and produce summaries
that address the clickbait headline, still gen-
erate summaries that are, on average, twice
as long as those produced by humans. Even
when explicitly prompted to produce an an-
swer using the minimum number of words
possible, and clarifying that the answer does
not need to be a complete sentence, they still
output a complete sentence. This likely re-
flects a bias from the instruction examples
used during the models’ fine-tuning phase.
All models struggle to produce very short an-
swers. Nevertheless, it is possible that further
refining the prompt used in our experiments,
or employing a multi-step inference process
where the models are asked to reduce the
number of words in their summaries, could
mitigate this issue.

Failure to understand the headline or
text: This issue arises when the model does
not correctly comprehend the clickbait head-
line or the information in the text. As illus-
trated in Table 5, for the headline “¡Isabel
Preysler estará en El Hormiguero! Estos son
los próximos invitados”, which asks about
the upcoming guests on a Spanish TV pro-
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Producing a summary of the whole article instead of following the guidelines

Headline Los turistas británicos alucinan con el nuevo destino tuŕıstico español por su ron
Gold La isla de La Palma.
Nous-Hermes-2-Yi-34B Los turistas británicos se enamoran de La Palma por su microclima y gastronomı́a local.
LLama-2-70b-chat-hf Al rededor de 150.000 turistas llegan cada año, sólo una fracción de los millones de británicos que acuden en masa a sus

hermanas mayores de Gran Canaria, Tenerife y Lanzarotë. Esta frase revela que La Palma es un destino tuŕıstico menos
masivo que otras islas Canarias, lo que la hace atractiva para aquellos que buscan un lugar más tranquilo y auténtico.
Además, se menciona la excelente gastronomı́a local, incluyendo el ron elaborado con caña de azúcar en la isla durante
cientos de años, lo que sugiere que los visitantes pueden disfrutar de una experiencia culinaria única y auténtica.

Summaries not concise enough

Headline La comedia familiar y navideña que ya está en Netflix y puedes ver en estas fiestas
Gold Mejor Navidad ¡imposible!
Nous-Hermes-2-Yi-34B La comedia familiar y navideña “Mejor Navidad ¡Imposible!’ ’ ya está disponible en Netflix.
GPT-4-0125-preview “Mejor Navidad ¡imposible! es la comedia familiar y navideña lanzada por Netflix el 16 de noviembre de 2023.’ ’

Failure to understand the Headline or Text.

Headline ¡Isabel Preysler estará en El Hormiguero! Estos son los próximos invitados
Gold Malú, Pedro Alonso, Begoña Vargas e Isabel Preysler.
Nous-Hermes-2-Yi-34B Isabel Preysler, Malú, Pedro Alonso y Begoña Vargas serán invitados en El Hormiguero la próxima semana.
openchat-3.5-0106 Isabel Preysler hablará sobre “Isabel Preysler: mi Navidad’ ’ en Disney+.

Headline ¿Qué pilotos de F1 acaban contrato en 2024?
Gold Sergio Pérez, Carlos Sainz, Fernando Alonso, Esteban Ocon, Alexander Albon, Logan Sargeant, Yuki Tsunoda, Daniel

Ricciardo, Valtteri Bottas, Guanyu Zhou, Kevin Magnussen y Nico Hulkenberg.
Nous-Hermes-2-Yi-34B Más de la mitad de la parrilla de F1 acaba contrato en 2024.
GPT-4-0125-preview Sergio Pérez, Carlos Sainz, Esteban Ocon, Alexander Albon, Logan Sargeant, Daniel Ricciardo, Yuki Tsunoda, Valtteri

Bottas y Guanyu Zhou finalizan sus contratos en 2024.

Table 5: Error analysis, examples of the different errors produced by the models.

gram, OpenChat-3.5-0106, rather than list-
ing the invited individuals, generates a sum-
mary that details the topic of discussion for a
guest. This indicates a misunderstanding of
the headline. Similarly, in response to the
question “¿Qué pilotos de F1 acaban con-
trato en 2024?”, which is accompanied by
an article detailing the contract status of ev-
ery Formula 1 driver, we found that none of
the models could generate the correct list of
drivers whose contracts end in 2024. In this
case, this indicates a misunderstanding of the
article body. Although the best-performing
models show significantly fewer instances in
which they fail to understand the headline or
text, we found evidence of this issue across
all models. In this case, the issue is related
to the text comprehension capabilities of the
models.

5.2.1 Evaluation Consistency with
Different Human Annotations

To further assess the quality of our dataset
and the reliability of the human annotations,
we evaluated the models in zero-shot settings
against both sets of human annotations de-
scribed in Section 3.3. The results are pre-
sented in Figure 5. The summaries from
the second set of annotations were, on av-
erage, slightly shorter than those from the
first set. This led to lower ROUGE scores for
the models when compared with the second
set of human annotations. Nevertheless, we
observed a nearly perfect correlation in the
scores (Spearman correlation of 0.99) when
evaluated against both sets of human annota-
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Figure 5: ROUGE scores of the models when
evaluated against the gold summaries and the
validation summaries produced by the second
annotator.

tions. This indicates that the gold summaries
in our dataset are robust and correlate well
with those generated by different annotators
following the same guidelines. It also demon-
strates that humans can achieve a very high
level of agreement on this task.

5.3 Clickbait Fighter a Task
specific model

In this effort, we fine-tune three task-specific
models using the 700 training examples in the
NoticIA dataset. We fine-tune three mod-
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Figure 6: Comparison of Average Length
and ROUGE Score when fine-tuning Nous-
Hermes-2-SOLAR-10.7B with different
amounts of training samples.

els of different sizes: ClickbaitFighter-10B,
which is based on Nous-Hermes-2-SOLAR-
10.7B, ClickbaitFighter-7B, which is based
on openchat-3.5-0106, and ClickbaitFighter-
2B, which is based on Gemma-2B-IT. We
fine-tune all the parameters of the mod-
els using bfloat16 precision. More details
about the fine-tuning process are available
in Appendix A. The results of the mod-
els are displayed in Figure 4. Despite be-
ing a small model, ClickbaitFighter-2B per-
forms better than any evaluated LLM in
the zero-shot setting, making this model
ideal for situations where computational re-
sources are constrained. On the other hand,
ClickbaitFighter-10B and 7B achieve a sum-
mary quality close to the human baseline.
Task-specific models overcome the struggle of
producing concise summaries and manage to
produce summaries almost twice as short as
those from models in zero-shot settings.

How many training samples do we
need? In Figure 6, we analyze the per-
formance of Nous-Hermes-2-SOLAR-10.7B
when trained with varying amounts of train-
ing samples. The results indicate that
when trained with a small number of sam-
ples, the model can learn to produce concise
summaries, reducing the average number of
words in the output summary by 2.5. On the
other hand, the ROUGE score continues to
increase as more training samples are added
and the model’s performance does not show
any signs of saturation. This suggests that
extending the dataset beyond 750 training
samples could further enhance model perfor-
mance.

6 Conclusions

In this work, we present NoticIA, a
dataset comprising 850 Spanish news arti-
cles featuring prominent clickbait headlines,
each paired with high-quality, single-sentence
summaries written by humans. To the best of
our knowledge, NoticIA is the only clickbait
dataset that provides headline-news body-
ultrasummary triplets, which can be used
to assess the performance of information re-
trieval systems aimed at extracting crucial in-
formation.

Our experiments demonstrate that Noti-
cIA can effectively assess the text compre-
hension capabilities of large language mod-
els (LLMs) in the Spanish language. It also
proves effective for training LLMs for the task
of clickbait article summarization. Hence,
our dataset holds the potential to contribute
towards the development and evaluation of
LLMs for the Spanish language.

In future work, we plan to further extend
the dataset, as results indicate that expand-
ing the dataset beyond 750 training samples
could further enhance model performance.
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A Fine tuning details

We fine-tune all model parameters using
bfloat16 precision. Utilizing DeepSpeed Zero
3 (Ren et al., 2021), we distribute the model,
gradients, and optimizer across four A100
80GB GPUs. We employ the standard Next
Token Prediction (NTP) loss for training our
models. To prevent the loss associated with
the article body tokens from overshadowing
the loss of the summary output tokens, we
compute the loss exclusively over the sum-
mary tokens. The hyperparameter settings
are outlined in Table 6. For all the experi-
ments, we use greedy search to generate text.

ClickbaitFighter-2B ClickbaitFighter-7B/10B

Batch Size 64 64
Optimizer AdamW AdamW
Scheduler Cosine Cosine
Learning Rate 0.000005 0.000005
Weight Decay 0.0 0.0
Warmup Ratio 0.1 0.1
adam beta1 0.9 0.9
adam beta2 0.95 0.95
adam epsilon 1e-12 1e-12
Epochs 5 3
Sequence Length 8192 8192
Compute Type Bfloat16 Bfloat16

Table 6: Detailed Hyperparameter Setting.

B Hardware used

We conducted all our experiments on a ma-
chine equipped with four NVIDIA A100
GPUs, each with 80GB of memory, intercon-
nected via NVLink. The machine features
two AMD EPYC 7513 32-Core Processors
and 1TB (1024GB) of RAM.

C NoticIA Dataset: Article
sources

Figure 7 lists all the sources from which we
gathered the news articles. The articles were
not evenly sampled from the news outlets;
therefore, this table does not indicate the
number of clickbait articles published by dif-
ferent newspapers. Instead, more popular
news sources tend to have more appearances
in our dataset.

Huffingtonpost.es
Okdiario.com

Cope.es
Cadenaser.com

Mundodeportivo.com
Elpais.com

Lecturas.com
Antena3.com
Elplural.com

Losreplicantes.com
Esdiario.com

Ole.com
Marca.com

Lasexta.com
Formulatv.com

Computerhoy.com
Infobae.com
Adslzone.net

Vozpopuli.com
Autobild.es

Elespanol.com
Genbeta.com

Eleconomista.es
As.com

Xataka.com
Semana.com

Sensacine.com
Sport.es

Eldigitaldealbacete.com
Lne.es

Telecinco.es
Que.es

Elconfidencial.com
Xatakandroid.com

Elcorreo.com
Eldiario.es

Esquire.com
Elobservador.com

Laopiniondemurcia.es
Ensedeciencia.com

Farodevigo.es
Espinof.com

Foxsports.com
Eldestapeweb.com

cgixix.com
3djuegos.com

Hablandoenplata.es
Radioacktiva.com

cnn.com
Caracol.com

Hipertextual.com
Hibridosyelectricos.com

Elconfidencialdigital.com
Bitlysdowssl-aws.com

Eltiempo.com
Soymotor.com

Publico.es
Tn.com

Elespectador.com
Elchapuzasinformatico.com

Larazon.es
Nintenderos.com

Marie-claire.es
Epe.es

Lavanguardia.com
Womenshealthmag.com

Fotogramas.es
Clarin.com

Muyinteresante.com
motorsport.com

Rac1.cat
Informacion.es

Periodistadigital.com
Libertaddigital.com

Eldesmarque.com
Elcorreoweb.es
Elmueble.com

Levante-emv.com
Diariosanrafael.com

Elperiodicodearagon.com
Vogue.es

Record.com
Somoskudasai.com

Flooxernow.com
Medicinaresponsable.com

Elmundo.es
Elcomercio.es

Heraldo.es
Versus.com

Defensacentral.com
Hobbyconsolas.com

Culturaocio.com
Lavozdigital.es

Businessinsider.mx
Eldeber.com

Gasteizhoy.com
Lapaginamillonaria.com

Bekia.es
Atlantico.net

20minutos.es
Tvazteca.com

Mundoxiaomi.com
Las2orillas.co

Bbc.com
Diariodesevilla.es

Telemadrid.es
Emisorasunidas.com

Wradio.com
Rtve.es

Elnacional.cat
Gigantes.com

Noticiasdenavarra.com
Diezminutos.es

Hola.com
Los40.com

Nationalgeographic.com
Levelup.com

Elperiodicoextremadura.com
Xatakamovil.com

Lawebdelinformatico.es
Vidaextra.com

Applesfera.com
Elperiodico.com

Elindependiente.com
3djuegos.lat

Lanacion.com
Noticiascaracol.com

Lagacetadesalamanca.es
co.uk

Elsaltodiario.com
Estadiodeportivo.com

Publimetro.co
Cronicabalear.es

Guardianocturna.mx
Tudn.com
Abc.com

Elnacional.com
Ccma.cat

Efe.com
Meganoticias.cl

Newtral.es
Deia.eus

Diariouno.com
Eluniversal.com
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Figure 7: Sources from which the articles in
the dataset have been gathered.
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D Model details

Table 7 lists all the models we have evaluated,
grouped by model families according to the
base model on which they were trained. Each
model has undergone instruction-following
fine-tuning. We also provide the parameter
count for each model, a citation for the model
description, and the URL from which we
downloaded them. All the models are open-
source, except the ChatGPT model family.

Model Family Model name Parameter Count Citation URL

Deepseek deepseek-llm-67b-chat 67B Bi et al. (2024) https://hf.co/deepseek-ai/deepseek-llm-67b-chat

Gemma
gemma-2b-it 2.51B Gemma-Team et al. (2024) https://hf.co/google/gemma-2b-it
gemma-7b-it 8.54B Gemma-Team et al. (2024) https://hf.co/google/gemma-7b-it

Llama2

Llama-2-70b-chat-hf 70B Touvron et al. (2023) https://hf.co/meta-llama/Llama-2-70b-chat-hf
Llama-2-13b-chat-hf 13B Touvron et al. (2023) https://hf.co/meta-llama/Llama-2-13b-chat-hf
Llama-2-7b-chat-hf 7B Touvron et al. (2023) https://hf.co/meta-llama/Llama-2-7b-chat-hf
Nous-Hermes-2-Llama-2-70B.yaml 70B Teknium (2023) https://hf.co/NousResearch/Nous-Hermes-2-Llama-2-70B
TinyLlama-1.1B-Chat-v1.0 1.1B Zhang et al. (2024) https://hf.co/TinyLlama/TinyLlama-1.1B-Chat-v1.0
tulu-2-dpo-70b 70B Ivison et al. (2023) https://hf.co/allenai/tulu-2-dpo-70b

Llama3
Meta-Llama-3-8B-Instruct 70B AI@Meta (2024) https://hf.co/meta-llama/Meta-Llama-3-8B-Instruct
Meta-Llama-3-8B-Instruct 8B AI@Meta (2024) https://hf.co/meta-llama/Meta-Llama-3-70B-Instruct

Mistral

Mistral-7B-Instruct-v0.2 7B Jiang et al. (2023) https://hf.co/mistralai/Mistral-7B-Instruct-v0.2
Nous-Hermes-2-Mistral-7B-DPO 7B Teknium (2023) https://hf.co/NousResearch/Nous-Hermes-2-Mistral-7B-DPO
Nous-Hermes-2-Pro-Mistral-7B 7B Teknium (2023) https://hf.co/NousResearch/Hermes-2-Pro-Mistral-7B
openchat-3.5-0106 7B Wang et al. (2023) https://hf.co/openchat/openchat-3.5-0106
OpenHermes-2.5-Mistral-7B 7B Teknium (2023) https://hf.co/teknium/OpenHermes-2.5-Mistral-7B
zephyr-7b-beta 7B Tunstall et al. (2023) https://hf.co/HuggingFaceH4/zephyr-7b-beta

Solar
SOLAR-10.7B-Instruct-v1.0 10.7B Kim et al. (2023) https://hf.co/upstage/SOLAR-10.7B-Instruct-v1.0
Nous-Hermes-2-SOLAR-10.7B 10.7B Teknium (2023) https://hf.co/NousResearch/Nous-Hermes-2-SOLAR-10.7B

Mixtral
Mixtral-8x7B-Instruct-v0.1 46.7B Jiang et al. (2024) https://hf.co/mistralai/Mixtral-8x7B-Instruct-v0.1
Nous-Hermes-2-Mixtral-8x7B-DPO 46.7B Teknium (2023) https://hf.co/NousResearch/Nous-Hermes-2-Mixtral-8x7B-DPO
Nous-Hermes-2-Mixtral-8x7B-SFT 46.7B Teknium (2023) https://hf.co/NousResearch/Nous-Hermes-2-Mixtral-8x7B-SFT

StableLM
Nous-Capybara-3B-V1.9 2.8B Teknium (2023) https://hf.co/NousResearch/Nous-Capybara-3B-V1.9
rocket-3B 2.8B pansophic (2023) https://hf.co/pansophic/rocket-3B
stablelm-zephyr-3b 3B stability.ai (2023) https://hf.co/stabilityai/stablelm-zephyr-3b

Yi
Nous-Hermes-2-Yi-34B 34B Teknium (2023) https://hf.co/NousResearch/Nous-Hermes-2-Yi-34B
Yi-6B-Chat 6B 01.AI et al. (2024) https://hf.co/01-ai/Yi-6B-Chat
Yi-34B-Chat 34B 01.AI et al. (2024) https://hf.co/01-ai/Yi-34B-Chat

QWEN

Qwen1.5-7B-Chat 7B Bai et al. (2023) https://hf.co/Qwen/Qwen1.5-7B-Chat
Qwen1.5-14B-Chat 14B Bai et al. (2023) https://hf.co/Qwen/Qwen1.5-14B-Chat
Qwen1.5-72B-Chat 72B Bai et al. (2023) https://hf.co/Qwen/Qwen1.5-72B-Chat
Smaug-72B-v0.1 72B Pal et al. (2024) https://hf.co/abacusai/Smaug-72B-v0.1

ChatGPT
gpt-4o-2024-05-13 unknown OpenAI (2024b) https://openai.com/
gpt-4-turbo-2024-04-09 unknown OpenAI (2023) https://openai.com/
gpt-3.5-turbo-0125 unknown OpenAI (2024a) https://openai.com/

Table 7: Models that we use in our experiments. Model families group the models used in our
experiments, based on the base model on which they were trained.
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E Extended Results

Table 8 displays the results for the assessed
models in numerical format. Additionally,
we include models that, due to their signif-
icantly low performance, were not featured
in the main results section.

F NoticIA Dataset: Annotator
Guidelines

Figure 8 displays in detail the guidelines that
were provided to the human annotators for
generating summaries. These guidelines en-
compass a definition of “clickbait”, the spe-
cific instructions for annotation, and several
examples. Initially, we asked the annotators
to summarize a few examples. After inspect-
ing these initial summaries, we revised and
updated the guidelines to arrive at the final
refined version.

Model Name ROUGE Score Average Summary Length

Human 55.98 11.03
ClickbaitFighter-10B 52.01 7.66
ClickbaitFighter-7B 49.81 8.48
Meta-Llama-3-70B-Instruct 36.30 20.72
ClickbaitFighter-2B 36.26 8.04
gpt-4o 35.45 21.81
gpt-4-turbo 34.03 23.86
gpt-4-0125-preview 32.00 23.82
Nous-Hermes-2-Yi-34B 29.99 18.98
deepseek-llm-67b-chat 29.09 25.15
openchat-3.5-0106 28.42 23.61
Qwen1.5-72B-Chat 27.80 26.89
Nous-Hermes-2-SOLAR-10.7B 27.48 20.72
Meta-Llama-3-8B-Instruct 27.21 30.72
gpt-3.5-turbo-0125 27.08 20.72
Nous-Hermes-2-Mixtral-8x7B-SFT 26.99 31.89
Nous-Hermes-2-Mistral-7B-DPO 26.33 25.22
OpenHermes-2.5-Mistral-7B 25.91 25.21
Mistral-7B-Instruct-v0.2 25.31 26.01
Mixtral-8x7B-Instruct-v0.1 25.24 32.39
Qwen1.5-14B-Chat 23.88 25.57
Hermes-2-Pro-Mistral-7B 23.50 47.77
tulu-2-dpo-70b 23.27 38.56
gemma-2b-it 22.24 24.61
gemma-7b-it 22.04 28.19
SOLAR-10.7B-Instruct-v1.0 21.34 38.13
Qwen1.5-7B-Chat 20.66 26.26
Nous-Hermes-2-Mixtral-8x7B-DPO 19.74 58.68
Llama-2-70b-chat-hf 19.20 59.15
Llama-2-13b-chat-hf 18.37 54.46
zephyr-7b-beta 15.64 105.75
Llama-2-7b-chat-hf 14.65 73.50
stablelm-zephyr-3b 12.02 86.90
Nous-Hermes-2-Llama-2-70B 7.22 154.55
TinyLlama-1.1B-Chat-v1.0 3.84 191.15
Smaug-72B-v0.1 1.79 82.74
rocket-3B 0.92 228.43

Table 8: ROUGE score and average summary
lengths for all the models evaluated in our
dataset.
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GuidelinesGuidelines

¿Que es un artículo clickbait?¿Que es un artículo clickbait?

Definimos un artículo clickbait como un artículo que busca atraer la atención del lector a través de la curiosidad. Para ello, el titular plantea una pregunta o una
afirmación incompleta, sansacionalista, exagerada o engañosa. La respuesta a la pregunta generada en el titular, no suele aparecer hasta el final del artículo, la cual
es precedida por una gran cantidad de contenido irrelevante. El objetivo es que el usuario entre en la web a través del titular y después haga scroll hasta el final del
artículo haciendole ver la mayor cantidad de publicidad posible. Los artículos clickbait suelen ser de baja calidad y no aportan valor al lector, más allá de la curiosidad
inicial.

# La impactante predicción del tiempo de Jorge Rey para el puente de diciembre

En el mundo de la meteorología, hay nombres que resuenan con autoridad y precisión. 

Uno de ellos es Jorge Rey, el joven burgalés que, a sus dieciséis años, ha sorprendido a España 

con sus predicciones climáticas. Sus métodos [...]

Refiriéndose a un refrán popular: "Año de bellotas, año de nieve hasta las pelotas". 

Esto sugiere una ola de frío invernal que podría coincidir con el inicio de diciembre. 

Resumen del artículo:

El inicio de un periodo frío intenso.

DatasetDataset

En nuestro dataset, cada ejemplo contiene un titular de un artículo y el contenido del artículo. El objetivo es generar un resumen del artículo que responda a la
pregunta o afirmación planteada en el titular.

AnotaciónAnotación

Para cada ejemplo, se proporciona un titular y el cuerpo del artículo. El objetivo es generar un resumen del artículo que responda a la pregunta

Debes buscar en el cuerpo del artículo una frase que responda la pregunta que plantea el titular.
Si es posible, el resumen debe citar el texto original. Especialmente si se trata de una frase que alguien ha dicho . Si citas algo que una persona ha dicho,
añade "comillas" al texto citado. (Por ejemplo: ¿Por qué Piqueras nunca ha hecho un informativo de pie? Lo ha contado él mismo y la razón
es mucho más mundana de lo que se podría pensar  cuyo resumen es "No tengo espacio, es una cuestión de espacio".
El resumen debe tener las mínimas palabras posibles.
No nos interesa ninguna información extra o aclaración adicional. El resumen debe una respuesta lo más concisa posible.

Ejemplos de anotaciónEjemplos de anotación

# El cambio en las matrículas que se espera para el mes de septiembre

Si eres de los que sigues el avance de las matriculaciones (como nosotros que, cada día, 

buscamos cuál ha sido la última combinación asignada) es posible que estés pendiente del [...]

será en septiembre cuando se dé el salto a la M. 

- Resumen del artículo: Se dará el salto a la letra M.

# Estos serán los lenguajes de programación con más salida en 2024. Puedes empezar a aprenderlos gratis

Si con el año nuevo te has propuesto aumentar tu empleabilidad aprendiendo un nuevo lenguaje de programación o [...]

Que JavaScript sea el número 1 de Stack Overflow no es una sorpresa, considerando que es su undécimo año consecutivo 

mandando en la lista. No obstante, cabe destacar la subida de Python hasta el tercer puesto, 

que ojo se coloca en el primer puesto para quienes no se dedican profesionalmente al desarrollo. 

- Resumen del artículo: Python y JavaScript.

# TIKTOK: Una azafata destapa la razón por la que no deberías tomar café en los aviones

Un pasajero se toma un café a bordo de un avión Chalabala Nadie [...]

Una pasajera almuerza en un avión Astakhovyaroslav "El agua que usamos para el café y el 

té proviene del mismo lugar, ¿y adivinen qué? Nunca se limpia" asegura en la publicación.

- Resumen del artículo: "El agua que usamos para el café y el té proviene del mismo lugar, ¿y adivinen qué? Nunca se limpia".

# Canción de Iron Maiden más difícil de cantar para Bruce Dickinson

Iron Maiden es una legendaria banda de heavy metal, fundada por Steve Harris en 1975, [...]

 «La canción que encuentro más difícil de cantar en el repertorio de Maiden es ‘Aces High’.

- Resumen del artículo: "Aces High".

# La bonita causa a la que Guillermo dona 6.287 euros tras resolver el Panel final en La ruleta

El concursante ha puesto el broche de oro a un concurso perfecto. ¡Jorge Fernández ha [...]

Un dinero que será destinado a la lucha contra el maltrato y el abandono animal.

- Resumen del artículo: Será destinado a la lucha contra el maltrato y el abandono animal.

Figure 8: Guidelines provided to the annotators.
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