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ABSTRACT
Understanding how high-quality newspapers present and discuss
major news plays a role towards tackling disinformation, as it
contributes to the characterization of the full ecosystem in which
information circulates. In this paper, we present an analysis of
how the European press treated the Covid-19 vaccination issue in
2020-2021. We first collected a dataset of over 50,000 online articles
published by 19 newspapers from five European countries over 22
months. Then, we performed analyses on headlines and full articles
with natural language processing tools, including named entity
recognition, topic modeling, and sentiment analysis, to identify
main actors, subtopics, and tone, and to compare trends across
countries. The results show several consistencies across countries
and subtopics (e.g. a prevalence of neutral tone and relatively more
negative sentiment for non-neutral articles, with few exceptions
like the case of vaccine brands), but also differences (e.g., distinctly
high negative-to-positive ratios for the no-vax subtopic.) Overall,
our work provides a point of comparison to other news sources on
a topic where disinformation and misinformation have resulted in
increased risks and negative outcomes for people’s health.

CCS CONCEPTS
• Computing methodologies → Natural language processing;
• Information systems→ Data mining.
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1 INTRODUCTION
Disinformation has rapidly grown as a topic of relevance given its
negative effects on society, ranging from politics to health. A huge
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body of research has been published [29], focusing on information
of questionable quality (whether for nefarious purposes or not)
and how to deal with it [24] [41]. Specifically in the context of the
Covid-19 pandemic, theWorld Health Organization coined the term
infodemic, i.e., "the overexposure of information including false or
misleading information in digital and physical environments during
a disease outbreak" [40], and significant research onmisinformation
has been conducted since the beginning of the pandemic, covering
information on various issues such as the origin of the coronavirus
or the content of vaccines.

While the existing research sheds light on many key aspects
of Covid-19 disinformation and how to tackle it, researchers have
also emphasized the need of understanding the full information
ecosystem [2] [35]. This holistic understanding needs to include
the examination of existing high-quality media outlets, which have
played a key role during the pandemic period [18] [23] [39]. Com-
parably less research in computing has been conducted to systemat-
ically understand how European media organizations have covered
aspects of the pandemic [34], specifically Covid-19 vaccination [10],
partly due to the lack of curated multi-country data. For instance,
existing research has analyzed the sources used by journalists to
report on health news in countries like Spain [7] or Portugal [16].
Other research relates to the analysis of news about Covid-19 vac-
cination shared on Facebook or Twitter in Italy [31]. These works
are also motivated by the relevance of studying how mainstream
media is informing the population about vaccination .

Our work aims to address this research gap by posing the fol-
lowing research questions:

RQ1: How can we systematically study the perceptions of Eu-
rope’s press about Covid-19 vaccination as a multi-faceted subject,
given the variety of countries, languages, and newspapers?

RQ2: Can we recover the main perceptions about Covid-19 vac-
cination by Europe’s press through a combination of linguistic
analyses? Are these perceptions consistent, or are there any differ-
ences across countries?

By addressing the above research questions, our work makes the
following contributions:

Contribution 1. We designed and collected a dataset of over
50,000 articles on Covid-19 vaccination from 19 newspapers, 5
European countries, and 4 languages over a period of 22 months.
This represents a unique resource to study the subject of interest.We
also generated a translated version with all the content in English
to facilitate comparisons across countries.

Contribution 2.We conducted our analysis based on a pipeline
that included named entity recognition, subtopic modeling, and sen-
timent analysis using state-of-art tools. We first identified country-
specific named entities such as government representatives. We
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then used topic modelling techniques to study subtopics within the
Covid-19 vaccination subject, such as its connection to the Euro-
pean Union, the economy, or the no-vax movement. Finally, we
performed sentiment analysis at three levels (article, headline, and
sentence) to uncover the tone of the European newspapers about
Covid-19 vaccination, both in general and regarding key subtopics,
finding trends that hold across subtopics and countries but also
particularities regarding subtopics and countries. Overall, we be-
lieve that linguistic analyses of high-quality press in Europe can
contribute to inform the design of tools against disinformation, as
a benchmark of what constitutes good information.

The paper is organized as follows. In Section 2, we discuss related
work. In Section 3, we present our dataset. In Section 4, we describe
the methodology used to analyze European news data. We present
and discuss results in Section 5. Finally, we provide conclusions in
Section 6 .

2 RELATEDWORK
With the advent of Covid-19, many lines of research have been de-
veloped in the field of text processing. Focusing on Covid-19 news
articles, Ghasiya et al.[11] proposed an analysis of articles from four
different countries: UK, India, Japan, South Korea, extracting sub-
themes and making a sentiment analysis of the headlines. De Melo
et al.[9] worked with articles and tweets in Brazil on Covid-19, and
performed various analyses such as sub-theme extension with La-
tent Dirichlet Allocation (LDA)[6], sentiment analysis with VADER
[15], previously translated content into English, or Named Entity
Recognition (NER) [37] with Spacy. In the work of Aslam et al.[4]
the headlines were classified into positive, negative, and neutral
sentiments after the calculation of text unbounded polarity at the
sentence level score, and incorporating valence shifters. In addition,
the National Research Council Canada (NRC) Word-Emotion Lexi-
con was used to calculate the presence of eight emotions at their
emotional weight. The results revealed that the news headlines had
high emotional scores with a negative polarity.

There is also abundant literature where the input sources are
tweets about Covid-19. As one example, K.Rahul et al.[26] analyzed
Covid-19 Vaccine related tweets to study the spread of the virus
and the increasing number of daily cases. The method used topic
modeling (LDA) to determine popular themes, and VADER and
TextBlobfor sentiment analysis [17]. As a second example, Cotfas
et al.[8] analyzed the dynamics of opinions regarding Covid-19
vaccination, by considering the one-month period following the
first vaccine announcement, until the first vaccination took place
in UK, in which civil society manifested a higher interest regarding
the vaccination process. As a third example, Ghasiya et al.[21]
collected tweet posts by UK and US residents during the pandemic,
and designed experiments to answer three questions concerning
vaccination. To get the dominant public sentiment, they performed
sentiment analysis by VADER.

On a third line of work, social scientists have studied the psychol-
ogy of news, focusing on why there is a often a feeling that news
tend to be more negative than positive, when looking at the news
on TV or in the written press [32][33]. Additional work has been
conducted on the emotional component of fake news and news in
general [27][20].

3 DATA
We constructed from scratch a dataset of European news articles
about Covid-19 vaccination. As a first step, we contacted over 30
European newspapers spanning five countries, requesting autho-
rization to extract and analyze articles discussing issues related to
Covid-19 vaccination. We obtained the authorization of 19 of them.
This includes six newspapers from France (FR) (Le Monde, Les Echos,
Ouest France, La Croix, Liberation, Lyon Capitale); two from Italy
(IT) (Il Corriere della Sera, Il Sole 24 Ore); six from Spain (ES) (ABC, El
Español, La Vanguardia, El Mundo, El Diario, 20 Minutos), three from
Switzerland (CH) (24 Heures, Le Temps, La Liberté), and two from
the United Kingdom (UK) (The Telegraph, The Irish News). As the
list shows, this set of newspapers includes a combination of major
European newspapers (with national and international circulation)
and of regional newspapers (with more limited circulation.) Some
of the newspapers in our dataset have very wide audiences. For
instance, Le Monde had a average daily circulation of 393,000 in
2020 and is among the top 50 websites in France in terms of visits
[36]. After receiving written authorization from each newspaper,
we extracted the articles using Selenium and Beautiful Soup [28]
two well know Python scraping libraries. For each article, we ex-
tracted the headline, subheadline (if available), main text, authors,
date of publication, and link.

The dataset of articles was designed to be bounded with respect
to time. For this, we compiled all articles on Covid-19 vaccination
for the 22-month period between 01.01.2020 and 31.10.2021. This
period resulted in a total of 51320 articles. The total number of
articles per country can be seen in Table 1. After normalization,
the average number of articles per newspaper varies from 2040
for Swiss newspapers to 3582 for the Italian ones, with an overall
average of 2701.0 for the studied 22-month period, this corresponds
to an average of 122.7 articles per newspaper per month, or about
four articles per newspaper per day. This also corresponds to an
average of 27 sentences per article (note, however, that the variance
for these estimates is large.)

The dataset is multilingual, since it contains articles in English,
French, Spanish, and Italian, according to the origin of the extracted
news. We translated both headlines and main text of the whole
dataset into English using DeepL 1, to be able to work with both
the multilingual and the English datasets. We have considered the
translation to a common language as a necessary task, since it
allows the comparison of results across countries and opens more
analysis options, e.g., in terms of availability of pre-trained models.

Table 1: Characteristics of the dataset per country: number
of newspapers, number of articles, number of sentences, and
average number of articles per newspaper

Country #Newspapers #Articles #Sentences #Articles/Newspaper

FR 6 14513 412077 2418.8
IT 2 7164 210388 3582.0
ES 6 18748 417200 3124.6
CH 3 6121 219554 2040.3
UK 2 4774 134060 2387.0
TOTAL 19 51320 1393279 2701.0

1https://www.deepl.com/es/pro-api?cta=header-pro-api/



4 METHODOLOGY
With our curated dataset of European news about Covid-19 vacci-
nation, we apply a pipeline of analytical methods to discover key
content trends. The methodology includes named entity recogni-
tion, fine-grained topic analysis, and sentiment analysis about key
subtopics. Each step is described in the rest of the section.

4.1 Named Entity Recognition
Named Entity Recognition (NER), also known as entity extraction,
is an information extraction task that seeks to locate and classify
named entities into predefined categories, such as people, organ-
isations, places, time expressions, and quantities. The aim of this
analysis was to identify individuals who were the most frequently
named, such as presidents and health ministers, as well as the most
often named organisations including the different vaccine brands,
or the cities and countries that appeared most frequently in the ar-
ticles of each country. This provides a first insight into the concept
of local news and the similarities and differences between countries
when referring to entities. For this task, we used the Spacy library,
[13] which is a free, open-source library for advanced Natural Lan-
guage Processing (NLP) in Python. This was applied on the original
multilingual dataset.

4.2 Fine-grained topic modeling
Next, we aimed to know if any subtopics within the articles could
be identified. While the main article was vaccination, we wanted
to extract possible subtopics covered in conjunction with the main
topic. Looking at the related work, alternatives included using a
classical LDA approach, or using embedding vectors and clustering
techniqueswith algorithms like Top2Vec [3] and BERTopic [12]. The
advantage of models based on document embeddings is that, unlike
LDA, we do not have to define a priori the number of subtopics,
nor do any preprocessing.

BERTopic for subtopic exploration. In a first approximation, we
used BERTopic and Top2Vec applied to the English version of the
dataset. In particular, BERTopic is a powerful tool to visualize graphs
of the results and facilitate their interpretation. BERTopic creates
an embedding for each article, then reduces the embedding size and
does clustering of similar embeddings. Finally, it uses TF-IDF to
extract the most important words from each cluster. Empirically, we
considered that BERTopic had better performance than Top2Vec.

Despite seeing better results in BERTopic, there were subtopics
that were defined by very common words such as articles or prepo-
sitions, so we decided to eliminate stopwords and words such
as ’vaccine’ or ’Covid-19’, as we wanted to extract the subtopics
within the Covid-19 vaccination theme, and to keep only nouns and
proper nouns that appeared in the articles, so that the input text
for BERTopic was a list of words for each article, rather than the
full article. An illustration of the results generated by BERTopic ap-
pears in Table 2. This exploration is used to define specific subtopic
’queries’ for further analysis.

Query extraction for further analysis. Having a list of words that
define a subtopic, we can establish subsets of news articles from
a filter using queries. More specifically, from the original corpus
with all articles for a given country, we can define a query using 3-4
words that define a subtopic, and select all the articles that contain,

either in the headline or in the main text, any of the words in that
query, thus defining a subset of articles that belong to a subtopic.
For example, we can define a subtopic to be the European Union,
and this subtopic is defined by the words. ‘EU’, ‘European Union’,
‘Eurozone’, ‘European Commission’; in this way we have a set of
articles that deal with the European Union, and similarly for other
subtopics.

Another approach we considered when defining the subsets of
articles was to apply the query only to the headlines, that is, to
select only those articles that contained some of the keywords in the
headlines. In this way, we could ensure that the articles that formed
a subset were focused on that subtopic, since by applying the query
to the headline and the text, we select articles that may only have
a single sentence or two with the keywords in our subset. One
disadvantage of this approach is that it represents a very restrictive
filter, and thus the number of samples per subtopic is considerably
reduced, leaving out articles that deal with a subtopic although the
headline might not directly express it. Imagine the anti-vaccine
movement subtopic, which we define with words like ’no-vax’,
anti-vaccine’, ’anti-vaccination’, and an article that deals with anti-
vaccination, but with headline: "How to convince your friend to get
vaccinated?" Following the approach of applying the query only
to the headline, we would be discarding this article, while based
on its content, the article would indeed be about the subtopic and
therefore would have to be included for analysis.

Finally, we decided on a less restrictive approach, in which we
apply the queries to both the headline and the text. One final step
before further analysis was to remove articles containing more
than 3000 words. The rationale is the following. After manually
examining our news corpus, we found that newspapers tend to
write a type of article that summarizes the most important news
of the week, in the form of a concatenation of summarized news.
These articles tend to be very long, typically over 3000 words. The
concatenation of weekly news turn these articles into a mixture
of different subtopics, which is unsuitable for our further analysis.
More specifically, concatenated articles may contain the keywords
for a given subtopic, but any analysis at the document level, e.g.
sentiment analysis, would not reflect the sentiment towards the
subtopic of interest, but rather towards several subtopics. Given
this, we excluded these articles for further analysis. Finally, when
defining a topic, there have been cases of metonymy, for example
the word ’Brussels’ implies the European Union as an alternative
way of designating it, with sentences such as: "Brussels drafts a
"green digital passport", "Brussels approves Pfizer’s vaccine".

Table 2: Sample of detected topics

Topic Words per Topic

European Union commission, eu, brussels, european union, europe, von der leyen, coordination, eurozone
Economy gdp, bank,growth, economy,economist, spending, business, investment
Education education, pupil, school, classroom, minister,learning, child, teacher, weir, executive
Olympics olympics, tokyo, suga,yoshihide,japan,olympic, prefecture, emergency, osaka,games

4.3 Sentiment analysis
After defining subtopics, we proceeded to their sentiment analysis.
We used three ways of representing the sentiment of newspaper
articles:



1. Sentiment of Headline: Headlines have a key importance in a
digital article, as they motivate readers to click on a news item. We
extracted the percentage of positive, negative, and neutral headlines
for each country.

2. Sentiment of Article: We analyzed the sentence-by-sentence
sentiment for each article, and extracted the percentage of positive,
negative, and neutral sentences for each of them.

3. Sentiment at Sentence-Level. We extracted the number of
positive, negative, and neutral sentences containing any of the
words that define a subtopic.

The difference between representations 2 (article) and 3 (sen-
tence) lies in the perspective with which the sentiment of a piece
of text is analyzed. The sentiment of article takes into account the
article as a whole, i.e., all its sentences, even if not all of them have
words that define a subtopic. In contrast, the sentiment at sentence-
level only takes into account all those sentences that contain one
of the keywords that define a subtopic, and allows to examine
in greater depth the sentiment for those sentences that contain a
keyword.

These representations are used for temporal and country-based
analysis. For the first one, we wanted to understand how sentiment
on a subtopic evolves over time, i.e., to examine if there are fluc-
tuations or if the tone remains constant. For the second one, we
conducted descriptive analysis of sentiment by country, i.e., we
considered all articles belonging to each country and extracted the
average percentage of positive, negative, and neutral sentences, as
well as the percentage of positive, negative, and neutral headlines
for each country. As part of this analysis, we also compute the
negative-to-positive ratio of these variables, to indicate how many
times the negative sentiment of a piece of news is larger (or smaller)
than the positive sentiment, for each of the three representations
(headline, article, sentence.)

To perform sentiment analysis, we used the Hugging Face trans-
formers package [38] which is a popular Python library that pro-
vides pre-trained models that are useful for a variety of NLP tasks.
Specifically, we used a model called BERTsent [25]: a fine-tuned,
BERT-based sentiment classifier for English language tweets. BERT-
sent was trained with the SemEval 2017 corpus, and is based on
bertweet-base, which was trained on 850M English Tweets and addi-
tional 23M Covid-19 English Tweets. We chose this model because
of the content (Tweets about Covid-19), despite being trained only
with English content. We would have liked to use a model trained
on press articles, but did not find a suitable one. We consider that
the approach of dividing the text into sentences and applying the
model based on Tweets is a reasonable approach. Single sentences
can be seen as being similar to Tweets, and in addition we avoid
BERT’s 512-token limitation, as we do not expect to have single
sentences of such length. In contrast, if we were to use the whole
article as input text, there would be many articles with more than
512 tokens, and the text would have to be truncated.

At first, we performed the sentiment analysis using a multilin-
gual model [22], but the results did not seem appropriate since the
multilingual model had not been trained with Covid-19-related con-
tent, and we observed that the inferred sentiment of sentences was
often incorrect. Based on this, we decided to applied the BERTsent
(English) model to the English translation of the full corpus, which
allows to make a more realistic comparison across countries. Other

popular options for sentiment analysis like VADER or TextBlob
were also tested on UK articles, but the results were not considered
to be sufficiently accurate in sentences with content about Covid-19,
and were finally ruled out.

5 RESULTS AND DISCUSSION
In this section, we present the results obtained from each analysis
and their corresponding discussion.

5.1 Named Entity Recognition
We extracted the most frequently named people, organizations,
and places in the newspapers of each country, and we observe a
repeated pattern in all countries. Among the most often named
people are the top health officer of each country, the president of
the government, and the president of the United States; in terms of
organizations, the top entities are the European Union, the WHO,
and the pharmaceutical companies that developed the main vac-
cines; in terms of places, national press names most frequently its
own country, and several local cities. In Figure 1, we show the most
frequent entities by country. Examining the results, it is interesting

Figure 1: Top-20 most frequent entities by country. In each
plot, x-axis: frequency; y-axis: ordered from the bottom up.

to observe the local component of each country. In Spain, cities such
as Madrid, Barcelona, and Valencia are mainly mentioned, as well
as presidents of autonomous communities and those responsible
for public health in the country. In Switzerland, the Federal Council
and cities like Geneva and Bern are named. In Italy, regions such
as Veneto, Lombardy, Rome, government representatives, and min-
isters are mentioned. On the other hand, we also observe common
entities across countries such as the European Union, the WHO, the



United States, or Russia. In qualitative terms, we are satisfied with
the results obtained in terms of the accuracy of the NER tool, as we
see the main organisations, people, and locations most frequently
mentioned in each country, although some mistakes are made, such
as considering ’AstraZeneca/Pfizer’ or ’Covid-19’ as people.

5.2 Overall sentiment analysis by country
The results obtained from a overall analysis by country is shown in
Table 3. We observe that all countries have similar percentages of
positive and negative content at article level (16-21% for negative,
and 4-6% for positive), as well as headlines (18-25% for negative,
and 2-4% for positive). The proportion of negative sentiment is 2.8
to 4.2 times higher than positive sentiment for articles, and 4.7 to
8.2 times higher for headlines.

Table 3: Generic sentiment analysis by country

ANALYSIS FR CH IT ES UK

AVG. NEGATIVE ARTICLES (%) 18.4 21.0 17.7 16.5 20.1
AVG. POSITIVE ARTICLES (%) 4.4 6.4 6.2 4.8 6.9
NEGATIVE HEADLINES (%) 18 21.1 19.8 20.1 25.8
POSITIVE HEADLINES (%) 2.2 4.5 2.8 3.2 4.6

From the viewpoint of the central issue we investigate, the higher
proportion of negative sentiment may seem surprising. All articles
deal directly or indirectly with the issue of Covid-19 vaccination,
an issue that, seen in perspective, could be regarded as positive:
vaccines have saved countless lives and are the key to a "return
to normality" [1]. What can explain this markedly negative tone
(compared to the positive tone) in our corpus? Recently published
works such as [30] state that news sources tend to give audiences
what they want, as several previous studies affirm that negative
news capture in a greater way the attention of people. This leads to
another question: why do negative news impact us more? Plausible
answers can be found in studies like [33] and [32], which claim that
humans may be neurologically or psychologically predisposed to
focus on negative information. The argument is rooted in an evolu-
tionary explanation of how humans decide what to pay attention to.
It is advantageous to prioritize negative information, the argument
goes, because the potential costs of negative information outweigh
the benefits of positive information. Consequently, people might
be predisposed to focus on negative information.

Also noteworthy is the large amount of content classified as
neutral (roughly 70-80%). According to [5], this is to be expected,
as newspapers tend to seek a sense of objectivity in their articles
(unless they are opinion pieces), and journalists often avoid using
vocabulary that can be classified as positive or negative. This is
different than having product reviews or tweets as input text. In
those cases, the goal might be the expression of a personal opinion,
rather than searching for objectivity, and thus subjective opinions
might result in more positive/negative sentiment being present.

5.3 Sentiment analysis by subtopic
Table 4 shows the average percentage of negative tone at article,
headline, and sentence level, and the ratio between the average
percentage of negative and positive tone. Cases where the ratio

is greater than 5 are marked in red, and cases where the positive
tone is greater than the negative tone (ratio below 1) are marked in
green. The results of Table 4 shows that there is a higher percentage
of negative sentences than positive ones, as all ratios are greater
than one; the same happens with the headlines in all the subtopics.
In no case positive sentiment is larger than negative one.

As for the frequency with which the subtopics are treated, we
can see that the values are very similar across countries for a given
topic, with a few exceptions. On the other hand, the frequency of
each subtopic can differ greatly (e.g., No-Vax vs. Economy.). More
specifically:

• European Union: With frequency between 14-18%, we see
that in the United Kingdom the sentiment is the most nega-
tive, especially if we look at headlines and specific sentences
that talk about the EU, although the ratio is bigger in Italy
and France at headline level.

• No-Vax: With a comparatively low frequency (1-7%), this
is the subtopic with the highest percentage of negativity in
all the analyses performed, shown by the high ratios at all
levels.

• Economy: With frequency between 15-35%, we observe sim-
ilar ratios at article level and headline level, suggesting that
the headline similarly represents the sentiment of the main
text.

• Education: With frequency between 13-29%, we observe very
high ratios at headline level, while the ratios at sentence level
and article level are similar.

• Olympics: This is the issue with the lowest frequency. We
see that France at headline level and the UK at sentence level
have a rather negative tone.

Table 4: Sentiment analysis by subtopic

SUBTOPIC FR CH IT ES UK

EUROPEAN UNION NEG(%);NEG/POS ARTICLE RATIO 16.3 ; 3.7 20.1 ; 3.65 15.7 ; 2.53 14.5 ; 2.74 20.3 ; 3.33
NEG(%);NEG/POS HEADLINE RATIO 13.9 ; 6.3 17.9 ; 5.1 19.8 ; 7.0 14.5 ; 4.2 25.2 ; 5.6
NEG(%);NEG/POS SENTENCE RATIO 9.8 ;2.65 13.0 ; 3.02 7.6 ; 1.38 10.4 ; 2.12 21.0 ; 8.08

FREQUENCY (%) 17.70 18.70 14.02 16.17 18.41
NO VAX NEG(%);NEG/POS ARTICLE RATIO 28.4 ; 8.3 29.9 ; 6.3 23.5 ; 5.6 29.9 ; 7.1 30.4 ; 5.2

NEG(%);NEG/POS HEADLINE RATIO 32.6 ; 54.3 30.5 ; 14.5 37.1 ; 28.5 40.0 ; 12.5 49.1 ; 27.2
NEG(%);NEG/POS SENTENCE RATIO 52.6 ; 87.6 66.6 ; 222.0 37.4 ; 28.7 59.7 ; 85.2 50.2 ; 167.3

FREQUENCY (%) 3.7 3.8 7.6 1.5 3.7
ECONOMY NEG(%);NEG/POS ARTICLE RATIO 18.6 ; 3.38 20.1 ; 2.79 14.3 ; 1.61 17.1 ; 2.44 21.3 ; 2.84

NEG(%);NEG/POS HEADLINE RATIO 15.9 ; 4.4 17.4 ; 3.1 15.6; 3,06 18.3 ; 3.5 27.1 ; 3.8
NEG(%);NEG/POS SENTENCE RATIO 14.3 ; 1.9 16.2 ; 1.8 11.4 ; 1.05 15.1 ; 1.5 17.8 ; 2.3

FREQUENCY (%) 22.6 35.2 18.0 15.1 21.9
EDUCATION NEG(%);NEG/POS ARTICLE RATIO 19.9 ; 4.5 22.1 ; 3.4 16.1 ; 2.78 16.9 ; 3.6 21.6 ; 3.22

NEG(%);NEG/POS HEADLINE RATIO 18.6 ; 8.8 20.2 ; 5.1 19.0 ; 7.9 20.4 ; 6.8 24.0 ; 4.3
NEG(%);NEG/POS SENTENCE RATIO 16.4 ;3.7 17.3 ; 2.7 13.4 ; 2.0 12.3 ; 2.0 17.4 ; 2.8

FREQUENCY (%) 23.4 22.2 29.6 13.1 20.0
OLYMPICS NEG(%);NEG/POS ARTICLE RATIO 20.1 ; 4.1 20.1 ; 3.0 17.7 ; 2.1 17.0 ; 2.3 22.8 ; 3.8

NEG(%);NEG/POS HEADLINE RATIO 13.9 ; 9.2 20.7 ; 4.4 7.1 ; 2.0 16.9 ; 3.3 22.4 ; 2.7
NEG(%);NEG/POS SENTENCE RATIO 12.5 ; 1.8 12.5 ; 1.7 16.0 ; 1.8 16.6 ; 3.5 14.9 ; 8.7

FREQUENCY (%) 2.3 3.8 1.2 0.7 1.1

As for the analysis of positive and negative tone over time, we
have generally observed that both tones maintain a signal level that
tends to be constant after the first wave of vaccinations, although
for some subtopics, the early period of uncertainty about vaccines
generated more fluctuations in negative/positive tone. In Figure 2,
we illustrate the case of the UK and the European Union subtopic.
The vertical line marks the date of the first vaccination in the UK.
The figure shows how the fluctuations that existed at the begin-
ning of the pandemic tend to decrease once the vaccination of the
population begins; a similar trend can be seen in all subtopics and
countries (not shown for space reasons.)



Figure 2: Positive and negative tone in UK about European
Union per month and per week.

Regarding the interpretation of the results, in the case of the
European Union subtopic, we see that the non-EU countries under
study (Switzerland and United Kingdom) present higher values of
negativity; if we look at the results at the sentence level, we see that
the United Kingdom has an even more negative tone. One could
hypothesize this to be linked to the intention of UK press to mark
differences with Europe, due to its recent exit from the EU, but such
hypothesis would have to be investigated in the future. In the case
of the anti-vaccine movement subtopic, we see that the headlines
have very high negative values; this could be explained by the
fact that there has been strong opposition to anti-vaccine groups,
and the press has sought to promote vaccination as a solution
to the pandemic situation. As some researchers have discussed
[14], social media has significantly enhanced our understanding
of anti-vaccination movements and the potential impact on public
health attitudes and behaviors regarding vaccination, and how
innovative methods of analysis of social media have an important
role in developing health promotion to counter anti-vaccination
movements. Regarding the economy, the fact that there are no large
ratios may indicate that this is a more neutral issue. In the case of
the education subtopic, the high ratios at the headline level could be
explained by the observation that headlines often open with news
about the number of teacher absences or of outbreaks of Covid-19
within a school, discuss whether children should be vaccinated,
or discuss whether teachers are at risk and should be vaccinated
with first priority. Finally, as for the Olympic Games subtopic, the
Japanese public opposition to the event, or the fact that the public
was not allow to attend them, might explain the negative tone.

5.4 Sentiment analysis by country
We carried out two experiments concerning sentiment and coun-
tries. On one hand, we wanted to extract the sentiment towards the
individual governments of the countries under study; on the other
hand, we wanted to understand the sentiment towards other coun-
tries that appeared as a recurring theme in our previous analysis of
subtopics.

5.4.1 Sentiment towards national government. To analyze the atti-
tude towards the government of each country, we extracted those
articles that name the president (or prime minister) and the health
ministers of each country. The results are shown in Table 5, in-
cluding the average percentage of negative and positive tone at
article, headline, and sentence level, the ratio between the average
percentage of negative tone and positive tone, and the frequency of
occurrence. As before, red color indicates cases where the negative-
to-positive ratio is greater than 5. A few trends are noticeable:

Table 5: Sentiment towards each national government

SUBTOPIC FR CH IT ES UK

NATIONAL GOVERNMENT NEG;POS ARTICLE (%) 18.3 ; 3.6 18.8 ; 6.7 14.8 ; 6.9 14.4 ; 4.4 18.7 ; 7.4
NEG;POS HEADLINE (%) 16.7 ; 1.4 13.2 ; 4.2 14.3 ; 2.3 17.2 ; 2.4 22.7 ; 4.5

NEG;POS SENTENCES (%) 10.8 ; 3.7 10.1 ; 7.6 6.2 ; 7.0 9.2 ; 4.1 9.1 ; 5.6
NEG/POS ARTICLE RATIO 5.0 2.8 2.1 3.2 2.5

NEG/POS HEADLINE RATIO 11.9 3.1 6.2 7.1 5.0
NEG;POS SENTENCES RATIO 2.9 1.3 0.8 2.2 1.6

FREQUENCY (%) 24.8 11.2 17.8 13.5 25.9

• France: We observe the overall most negative tone towards
to its government, especially at the headline level, and it is
one of the two countries with the highest relative frequency
(24.8%).

• Switzerland: This is the only country without any particu-
larly high or low ratios, and has the lowest relative frequency
of the five countries (11%).

• Italy: It presents high ratio at headline level and low ratio at
sentence level.

• Spain: It presents a high ratio at headline level, only behind
France.

• United Kingdom: This is the case with the highest relative
frequency (25.9%), with sentiment trends similar to France,
Italy, and Spain (high headline ratio.)

In general, we can see that there is negative sentiment, which
could be hypothesized as a criticism of the government’ manage-
ment of vaccination in particular and of Covid-19 in general. Head-
lines tend to be more negative. We can also assume that the results
might be affected by the political leanings of the newspapers in-
volved, and whether these are aligned with the governing political
parties. Testing these hypotheses would require additional future
work.

5.4.2 Sentiment towards other countries. Table 6 shows the cor-
responding sentiment measures for three countries that emerged
from the subtopic analysis: the US, Russia, and India. Once again,
the negative sentiment is predominant:

• United States: This case has ratios above five in three of the
five countries at headline level, and at sentence level it has
levels close to five. It reaches the highest relative frequency
(38%) for Switzerland.



• Russia: This case has ratios above five at headline and sen-
tence level for all five countries, with highest relative fre-
quency (9.8%) also for Switzerland.

• India: For this case, we observe similar trends as for Russia
(ratios above five at sentence level for all five countries, and
at headline level for four of them), with highest relative
frequency (11.2%) for the UK.

Table 6: Sentiment towards other countries

SUBTOPIC FR CH IT ES UK

USA NEG(%);NEG/POS ARTICLE RATIO 19.0 ; 3.88 22.0 ; 3.6 16.0 ; 2.2 19.1 ; 3.3 19.1 ; 3.8
NEG(%);NEG/POS HEADLINE RATIO 17.9 ; 5.4 22.6 ; 5.2 15.4 ; 3.4 22.8 ; 5.1 26.3 ;4.3
NEG(%);NEG/POS SENTENCE RATIO 19.0 ; 4.1 23.0 ; 4.8 14.9 ; 2.6 18.8 ; 4.70 14.9 ; 3.6

FREQUENCY (%) 26.2 38.1 15.6 18.2 23.3
RUSSIA NEG(%);NEG/POS ARTICLE RATIO 22.2 ; 5.5 24.5 ; 4.71 17.3 ; 3.20 19.2 ; 4.09 21.5 ; 4.2

NEG(%);NEG/POS HEADLINE RATIO 19.1 ; 9.10 22.1 ; 5.02 14.9 ; 6.21 22.3 ; 5.07 30.8 ; 5.40
NEG(%);NEG/POS SENTENCE RATIO 25.0 ; 9.2 26.1 ; 6.8 22.8 ; 9.5 17.0 ; 5.0 23.2 ; 12.8

FREQUENCY (%) 8.2 9.8 4.6 4.5 4.7
INDIA NEG(%);NEG/POS ARTICLE RATIO 22.1 ; 5.3 24.0 ; 4.6 17.7 ; 3.22 22.4 ; 4.9 20.3 ; 3.8

NEG(%);NEG/POS HEADLINE RATIO 21.7 ; 13.5 25.9 ; 6.8 14.5 ; 4.1 25.0 ; 7.3 24.2 ; 5.7
NEG(%);NEG/POS SENTENCE RATIO 27.3 ; 8.8 27.4 ;10.1 23.0 ; 10.9 26.3 ; 10.9 20.4 ; 10.2

FREQUENCY (%) 9.8 9.8 4.4 4.3 11.2

We observe that the sentiment is predominantly negative for
the three countries. In the case of India, the negative tone is likely
due to the impact of the Delta variant, while the United States and
Russia have both developed their own vaccines, but have been hit
hard by the pandemic.

5.5 Sentiment analysis by vaccine brand
To analyze the sentiment towards each of the main vaccine brands,
we decided to do a stricter extraction of subtopics. For each of
the vaccine brands, we only considered articles whose headline
contained the brand but did not mention any of the other brands, so
that we are left with articles that mainly talk about one brand, thus
allowing to be more rigorous in our analysis. This, however, caused
the number of samples belonging to each brand to be lower when
applying a stricter filter. Table 7 shows the results; as a reminder,
red color indicates negative-to-positive ratio above 5, while green
color indicates a ratio below 1.

Table 7: Sentiment analysis of vaccines

VACCINES FR CH IT ES UK

ASTRAZENECA NEG(%);NEG/POS ARTICLE RATIO 16.7 ; 4.7 20.9 ; 4.2 16.1 ; 3.8 14.0 ; 3.8 16.0 ; 2.9
NEG(%);NEG/POS HEADLINE RATIO 9.7 ; 2.4 11.4 ; 1.6 12.6 ; 4.8 10.7 ; 3.9 17.3 ; 5.7
NEG(%);NEG/POS SENTENCE RATIO 12.5 ; 3.57 17.1 ; 3.23 13.0 ; 5.9 9.9 ; 3.19 13.0 ; 2.60

FREQUENCY (%) 4.0 1.1 4.4 5.2 5.1
PFIZER NEG(%);NEG/POS ARTICLE RATIO 11.9 ; 1.9 12.7 ; 1.81 12.5 ; 2.0 9.8 ; 1.6 7.8 ; 0.9

NEG(%);NEG/POS HEADLINE RATIO 6.8 ; 0.9 5.4 ; 0.7 9.7 ; 1.6 7.2 ; 1.1 4.5 ; 0.4
NEG(%);NEG/POS SENTENCE RATIO 6.4 ; 0.7 6.0 ; 0.8 5.1 ; 0.7 4.5 ; 1.2 4.8 ; 0.5

FREQUENCY (%) 1.8 0.9 1.9 2.3 2.4
MODERNA NEG(%);NEG/POS ARTICLE RATIO 11.5 ; 1.9 12.4 ; 2.1 5.9 ;0.5 10.4 ; 1.4 5.5 ; 0.4

NEG(%);NEG/POS HEADLINE RATIO 8.5 ; 1.6 8.2 ; 0.8 3.3 ;0.4 11.4 ; 2.3 4.0 ; 1
NEG(%);NEG/POS SENTENCE RATIO 6.5 ; 0.8 4.9 ; 0.6 3.5 ; 0.4 8.4 ; 0.7 2.4 ; 0.2

FREQUENCY (%) 1.0 1.0 0.4 0.9 0.5

In the case of vaccines, although the non-neutral sentiment at
the article level is still mostly negative, we observe a few different
trends for headline and sentence levels:

• AstraZeneca: It has higher negative sentiment in all analyses,
as well as the highest relative frequency (up to 5%).

• Pfizer: It has low ratios at headline and sentence level, indi-
cating a more positive tone.

• Moderna: It also has low ratios. We highlight Italy, where all
ratios are below one.

These results are not entirely surprising, because although the As-
traZeneca vaccine was an attractive option due to its low cost and
ease of storage, it was controversial in some countries, which lim-
ited its use (e.g. to patients of a certain age.) This could explain
why this vaccine was more talked about and has more negative
sentiment. In the case of Pfizer and Moderna, we can see that in
some countries such as the UK, France and Switzerland, there is a
higher percentage of positive headlines than negative ones, with the
same results obtained in the analysis at sentence level. This could
be because these vaccines were not as controversial as Astrazeneca,
and overall had an better public opinion. These results can be con-
trasted by those obtained in the work of [19]. While that research
was conducted with tweets in English, the results are similar in that
Pfizer and Moderna have a positive sentiment, while AstraZeneca
is negative, and the opinion expressed on Twitter can be assumed
to be influenced by the written press and radio/television news,
among many other sources.

5.6 Comparison with related work
As a final step, we position our results in the context of previous
work. We have not found any work dedicated to the analysis of full
news articles focused on Covid-19 vaccination, but we found several
analyses of news articles on Covid-19 in general. We consider this
as a good starting point to contrast our results.

First, in the work by Ghasiya et al.[11], we observe that when
analyzing the sentiment of headlines of different sub-themes like
economy or education, the results in each country are different.
More specifically, they note that some countries have more positive
headlines than negative ones, which is something we do not observe
in our analysis. We hypothesize that our dataset is perhaps more
homogeneous, as all countries are European, while the data used in
[11] comes from countries from two different continents, covering
the Covid-19 issue in general. Second, the work by De Melo et
al.[9], which was focused on Brazil’s media, shows that social media
tended to have a more negative polarity for all themes, while formal
media seemed to present almost neutral polarity on average. These
results present a somewhat similar trend to what we observed in
our study, even though they use VADER for sentiment analysis.
Finally, the work by Aslam et al.[4] found that the preponderant
class are negative headlines. This paper uses data from newspaper
headlines in the early part of the pandemic, when fear, uncertainty,
anger or sadness were very present, and this may be the reason
for such trend. These results are consistent with what one would
expect from the Covid-19 pandemic in its early stages, when the
number of deaths and the uncertainty and fear of how to deal with
the situation affected the population. They are also consistent with
the view that the press tends to be negative to keep readers alert to
an adverse situation, according to psychological studies [32] and
[33] .

6 CONCLUSIONS
This paper presented a first analysis of a new dataset of European
articles on Covid-19 vaccination. The pipeline of entity, subtopic
identification, and sentiment analysis used in our work, allowed
to uncover some of the characteristics of high-quality press in Eu-
rope, and also to compare the results across the different countries



involved. We found that a neutral tone predominates in the stud-
ied press articles, which can be seen as evidence of the search for
objectivity by the studied newspapers, although the tone is more
negative than positive for non-neutral articles. These findings may
complement the ongoing efforts to better understand the nature
of disinformation in other news sources, whose aim is often the
elicitation of strong emotions, generally negative, as messages are
conveyed to audiences. We also found that despite having a news
dataset from five European countries with great cultural differ-
ences marked by language, the results across countries followed
homogeneous trends in terms of sentiment. Moreover, substantial
differences have been appreciated in few cases, for instance in the
analysis of identities where the local component associated with
each country is distinct. To conclude, we advocate for the compu-
tational analysis of high-quality news as enablers of benchmarks
to contrast and validate other information sources, as part of a
systematic understanding of disinformation and misinformation
around health topics.
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