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Abstract

Our paper tackles the development of media reporting during the COVID-19 pandemic, focusing on the January - November

2020 time span, in France, Germany, Romania, Spain, Switzerland, and the United Kingdom. We aim to make media reporting

transparent on two dimensions: the coverage of COVID-19-related topics and the negativity of the COVID-19 media reporting.

To achieve this goal, we analysed a large news dataset with 841,415 pieces of news—including 202,608 COVID-19 media

reports—on an LSTM neural network. The news sentiment data and the corresponding coverage are set in relation to the

WHO data on COVID-19 and to Google Trends. This compares the reality, that is WHO data, the perceived and reported

reality, that is news data, and the actions based on the perceived and the actual reality, that is Google Trends. The results show

that media reporting on COVID-19 is unprecedented in terms of coverage and negativity. Furthermore, the study quantifies

how far media reporting detached from the facts after the first wave of COVID-19 and how an Infodemic spread across Europe.
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Abstract 

Our paper tackles the development of media reporting during the COVID-19 pandemic, 

focusing on the January - November 2020 time span, in France, Germany, Romania, Spain, 

Switzerland, and the United Kingdom. We aim to make media reporting transparent on two 

dimensions: the coverage of COVID-19-related topics and the negativity of the COVID-19 

media reporting. To achieve this goal, we analysed a large news dataset with 841,415 pieces 

of news—including 202,608 COVID-19 media reports—on an LSTM neural network. The 

news sentiment data and the corresponding coverage are set in relation to the WHO data on 

COVID-19 and to Google Trends. This compares the reality, that is WHO data, the 

perceived and reported reality, that is news data, and the actions based on the perceived and 

the actual reality, that is Google Trends. The results show that media reporting on COVID-

19 is unprecedented in terms of coverage and negativity. Furthermore, the study quantifies 

how far media reporting detached from the facts after the first wave of COVID-19 and how 

an Infodemic spread across Europe. 
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Introduction 

In these times, nations worldwide are facing important challenges. The COVID-19 virus that 

spread throughout the world since the beginning of 2020 brought disruptive changes at 

many levels, such as demographic, economic, or social. Furthermore, from an individual 

perspective, the current COVID-19- related context had and still has a considerable impact 

on the daily life of most people around the world. The impact is vast, mainly deriving from 

the measures aimed at reducing the spreading of the virus. All measures, ranging from the 

“soft” ones such as working from home, to the “hard” ones—as lockdowns—affect humans 

in different ways. Somehow, COVID-19 took over our lives. Of course, this is not the first 

pandemic that affected the world, and for sure, this will not be the last, either. However, 

only considering the last decades, this is the most important juncture.          

The International Monetary Fund classifies the COVID-19 pandemic and the resultant 

economic crisis as: ‘a crisis like no other’, ‘rare disaster’, ‘worst economic downturn since 

the great depression’, ‘far worse than the global financial crisis’, and ‘more severe economic 

fallout than anticipated’ (Gopinath, 2020; International Monetary Fund, 2020). Gills (2020) 

also outlines how this disaster might permanently change the world that we know today. 

These vivid examples already show how big the impact is for the whole human civilization. 

This is also reflected in the online media with an unprecedented amount of news reporting 

on all facets of the COVID-19 pandemic.  

Considering news coverage as “the most important information source for the public”, 

especially when acknowledging that “epidemics far exceed the knowledge scope of most 

ordinary people” (Schwitzer et al., 2005; Chen, Huang and Li, 2020), we investigate the 

COVID-19-related media reporting focusing on six European countries: France, Germany, 

Romania, Spain, Switzerland, and the United Kingdom (UK). As the media is the key 

source of information for the public, this is also the key communication instrument for 

governments, administrations, policymakers, medical doctors and virus researchers to 

communicate in this case how the disease could be countered. Thus, it is of key interest to 

make transparent how the media acted during the pandemic. This is especially true for 

Europe and the Schengen area as the virus was able to spread more easily due to the absence 

of borders and the fact that the measures taken against the virus were partly coordinated 

within the European Union (EU) and the Schengen area. 

Thus, we aim to analyse the differences and similarities in the media reporting across the 

countries under observation and to show how people reacted based on this reporting. In 

order to achieve our objective, we developed this paper by combining a profound sentiment 

analysis with a correlation analysis on several variables. In this study, two dimensions 

reflect the media reporting: the coverage of COVID-19 and the negativity of COVID-19-

related news. The media reporting—the perceived reality—is set in relation to the actual 

number COVID-19 cases and the actual number of deaths related to COVID-19—the actual 

reality. Further, these variables are set in relation to the Google Trend searches on COVID-

19. This gives a comprehensive picture of the Infodemic in the countries under observation 

and how people reacted to it. 

 

Literature Review 

An increasing body of literature on sentiment analysis during the Covid-19 pandemic is 

available in the scientific community. We put forward some of the recent trajectories 

encountered in the scientific literature published since the beginning of the pandemic. 

Considering the main objective of the paper, the literature review centres around two main 

areas: the use of sentiment analysis for online mass media in general and, in a more specific 

case, during the COVID-19 pandemic. 

The way in which sentiment analysis emerged in general during the last years is thoroughly 

reviewed and assessed in the papers of Agarwal, Kumar, and Goel (2019) and Zhang et al. 



(2018). At first, some studies influenced the general methodology of this research, 

especially Förschler and Alfanos’ (2017) analysis of online financial news, in which they 

showed that the numbers of incoming orders and other leading indicators were strongly 

influenced by media sentiments. Further, Shapiro et al. (2017) demonstrate an outstanding 

proprietary system for creating sentiment indices, based on online news, that are able to 

forecast and nowcast several business cycle indicators. Besides their influence on our 

methodology, both studies also show how the facts in the data and the media reporting 

correlate over time for their case studies and thus provide important information for the 

interpretation of the results of this research. 

Some research papers focus on the sentiment development during the COVID-19 pandemic. 

Zhou et al. (2020) analyse the Twitter messages in Australia and especially in local areas of 

New South Wales. They found that the overall sentiments were decreasing depending on the 

policies to tackle the pandemic and events related to it. In contrast, Barkur, Vibha and 

Kamath (2020) showed that for India, the Twitter reactions to the COVID-19 lockdown 

were mainly positive. Zhu et al. (2020) show how microblogging data can be utilized to 

gather information about public opinions and ideas to provide decision support for macro-

control response strategies, measures and risk communication. Further, some studies also 

address the differences and similarities in Twitter sentiments. In a comprehensive study, 

Imran et al. (2020) present the Twitter sentiments on COVID-19 events and measures for 

many countries. Kruspe et al. (2020) did a similar study on European countries and analysed 

the sentiment situation on Twitter over time with respect to COVID-19 events and 

announcements. For instance, they showed the deteriorating sentiments after the lockdown 

announcements across all countries. The most recent study considered in this literature 

review is the influential one by Cinelli et al. (2020) who analyse the global Infodemic on a 

range of social media platforms: Twitter, Instagram, YouTube, Reddit and Gab.  

Almost all sentiment studies on the COVID-19 pandemic focus on the data of Twitter or 

social media as they are easier to retrieve. Only very few papers focus on the reporting in 

the mass media, which is more important as it is the opinion former par excellence. The 

studies of McCombs and Shaw (1972), Scheufele and Tewksbury (2007), Tan and Weaver 

(2007), Maurer (2017), Birkland (2018), Guo (2019), and Sciarini and Tresch (2019)—

among many others in this research area—provide good insights into how agenda setting of 

the mass media influences public discussions. Tan and Weaver (2007), Birkland (2018), and 

Sciarini and Tresch (2019) were even able to show how agenda setting in the media directly 

drove parliamentary discussions and political agenda. It is likely, therefore, that the COVID-

19 measures are also not solely driven by facts of researchers but by the agenda of the 

(online) media as well. Buckman et al. (2020) analyse the sentiments of economic news in 

the United States (US) during the start of the COVID-19 pandemic in 16 major US 

newspapers. Aslam (2020) developed one of the rare analyses of mass media reporting 

during the COVID-19 pandemic. Their study revealed that around 52% of the news 

headlines in global English news evoked negative sentiments and only 30% evoked positive 

sentiments while 18% were neutral. In addition, Starosta, Budz and Krutwig (2019a) 

provide a study that analyses the online media coverage and the sentiments in the UK and 

Germany prior to the COVID-19 pandemic and they show the differences and similarities in 

the media reporting in Germany and the UK. A vivid example of how the media influences 

the action of society is the study by Starosta, Budz and Krutwig (2019b) who show how 

tourist arrivals in many popular tourist destinations are strongly influenced by media 

reporting in the countries of the travellers. 

Based on our knowledge, a cross-country analysis of online mass media sentiments on the 

COVID-19 pandemic does not exist. It seems that viewing the impact of COVID-19 through 

the lens of online media reporting, based on sentiments and correlation analyses represents a 

gap in scientific literature. 



 

Research Questions 

In order to fill the identified research gap and to get a comprehensive view on the reporting 

of the online mass media in Europe, we address the following research questions during the 

course of our research: 

• How did the media coverage on COVID-19-related topics evolve in comparison to 

the actual COVID-19 cases and COVID-19 deaths? 

• How did the media negativity (valence) on COVID-19-related topics evolve in 

comparison to the actual COVID-19 cases and COVID-19 deaths? 

• How did the society react (as reflected in the Google Trends) to the media reporting 

(the perceived reality) and the COVID-19 cases and deaths (the actual facts)? 

Aiming to properly answer these questions, we further tackle the topic starting from an 

empirical premise: the higher the COVID-19 deaths and cases, the higher the media 

negativity of COVID-19-related news and the larger the media coverage. In line with this 

premise, lower numbers of COVID-19 cases and deaths should lead to a relief in both: the 

media should be more optimistic translating in lower negativity and its interest on COVID-

19-related topics should shrink as reflected in lower coverage. 

 

Methodological Aspects 

In this paper, we investigate the media coverage and its negativity as well as the similarities 

and differences in COVID-19-related media reporting in a quantitative analysis involving 

six European countries. The methodology consists of four steps, thoroughly detailed in the 

next sub-sections: 1) information retrieval from online news; 2) sentiment analysis; 3) 

creation of sentiment and news coverage time series; 4) correlation and regression analyses. 

 

Data Sources and Information Retrieval 

The main variables approached in our analyses refer to: media coverage of COVID-19, 

media negativity in COVID-19 reporting, actual COVID-19 cases and deaths and Google 

Trends on COVID-19 searches.   

To analyse media sentiments, we sourced news reports from publicly available news 

streams in France, Germany, Romania, Spain, Switzerland, and the UK focusing on the 

January – November 2020 time span. The news streams outlined a comprehensive approach, 

covering various topics similar to the daily press. An accurate dimension of the available 

news in the news streams is presented in Table 1. 

 
Table 1. Data Sources 

 CH DE ES FR RO UK 

Total News Reports 27,522 177,213 115,113 33,864 33,256 454,447 

Covid-19 News 

Reports 2,297 41,352 30,509 6,948 10,021 111,481 

Share of Covid-19 

News 0.0834 0.2334 0.2650 0.2051 0.3013 0.2453 

Source: this study 

 

This data is set in relation to the actual COVID-19 cases and deaths as reported by the 

World Health Organization (WHO, 2020) in the same time span. As an additional data 

source, we used data from Google Trends (2020) on COVID-19-related searches for each 

country. 

 
 

 



Sentiment Analysis 

The sentiment analysis specific to each news item in the news corpus under study was 

carried out by using a supervised learning algorithm, that is, a Long Short-Term Memory 

(LSTM) artificial neural network, as described in detail by Starosta et al. (2019). To achieve 

state-of-the-art accuracy, it was necessary for the LSTM network to learn the characteristics 

of positive and negative news for all five languages under observation: English, French, 

German, Romanian and Spanish. Thus, we used a gold standard training corpus consisting 

of 3,000 positive news items and as many negative news items in English derived from 

Starosta et al. (2019).  

To create language models for languages beyond English, all news reports in the gold 

standard corpus were translated by first class translators into French, German, Romanian 

and Spanish. The advantage of this approach is that all these models use the same data but in 

different languages. Therefore, no biases in the language models are created due to the use 

of different training articles. 

We further focus on two major steps of the sentiment analysis pipeline: vectorization of the 

input and training data and the LSTM network itself. To generate machine-readable text that 

can be utilized by machine learning algorithms, vectorization of the words and n-grams of 

text is necessary. As proposed in Mikolov et al. (2013), we vectorized our data with the help 

of the Word2Vec model. For sentiment analysis, we used a standard LSTM neural network. 

This is a recurrent neural network that can take sequential data as input data. For example, 

considering the case of our study, the sequential data is the text of the media reports. 

The main advantage of the LSTM sentiment analysis is that it can capture long-term 

dependencies in sentences and documents. This provides a deeper textual understanding of 

the sentiment analysis compared to simpler networks or vocabulary-based systems. An 

LSTM cell can selectively choose what it should remember and what it can forget. For 

instance, it is possible for the LSTM to take the previous weight states unchanged in the 

occurrence of a word that carries no sentiment information. This might happen if the current 

word is just a filler word or a stop word. This is how the long-term memory is developed. 

With the forget gate, the LSTM can also decide to forget the previous state. Furthermore, 

the LSTM is able to combine both the previous and the current state and interpolate a new 

one.  

Figure 1 illustrates principles of a standard LSTM cell and shows all the gates for which 

weights are adjusted during the training and learning process. 

 



Figure 1. Principles of a Standard LSTM Cell 
 

 

 

 



The following paragraphs show which weights can be updated and which parameters these 

updates depend on. 

First, the network computes the information for the input gate it, which defines how much 

information can pass the input gate (see Equation (1)). How much information can pass the 

input gate is defined by the input weight matrices 𝑊𝑖 and 𝑈𝑖, the current input 𝑥𝑡, the 

recurrent input 𝑦𝑡−1, and the input bias vector 𝑏𝑖. 

 

𝑖𝑡 =  𝜎 (𝑊𝑖𝑥𝑡 + 𝑈𝑖𝑦𝑡−1 + 𝑏𝑖)     (1) 

 

What information should pass the cell input gate is defined by the memory cell input 𝑧𝑡 (see 

Equation (2)) which depends on the cell input weight matrices 𝑊𝑐 and 𝑈𝑐, the current input 

𝑥𝑡, the recurrent input 𝑦𝑡−1, and the cell input bias vector 𝑏𝑐. 

 

𝑧𝑡 = tanh(𝑊𝑐𝑥𝑡 + 𝑈𝑐𝑦𝑡−1 + 𝑏𝑐)    (2) 

 

Apart from computing how much information from the input gate should be used to update 

the network, another question is how much of the current cell state can be discarded or 

forgotten because it carries no information for the investigated issue. The forget gate defines 

how much information can be discarded (see Equation (3)). This is again influenced by the 

forget input weight matrices 𝑊𝑓 and 𝑈𝑓, the current input 𝑥𝑡, the recurrent input 𝑦𝑡−1, and 

the forget input bias vector 𝑏𝑓. 

 

𝑓𝑡 =  𝜎(𝑊𝑓𝑥𝑡 + 𝑈𝑓𝑦𝑡−1 + 𝑏𝑓)     (3)  

 

With the above parameters, the LSTM network can calculate the new cell state 𝑐𝑡, based on 

Equation (4). 

 

𝑐𝑡 = 𝑖𝑡 ∗ 𝑧𝑡 + 𝑓𝑡 ∗ 𝑐𝑡−1      (4) 

 

How much information can pass the output gate is defined by the output weight matrices 

𝑊𝑜, 𝑈𝑜, and 𝑉𝑜, the current input 𝑥𝑡, the recurrent input 𝑦𝑡−1, the current cell state 𝑐𝑡, and 

the input bias vector 𝑏𝑜 (see Equation (5)). 

 

𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 + 𝑈𝑜𝑦𝑡−1 + 𝑉0𝑐𝑡 + 𝑏𝑜)    (5) 

 

Finally, the new output 𝑦𝑡 is defined by Equation (6). 

 

𝑦𝑡 = 𝑜𝑡 ∗ tanh (𝑐𝑡)      (6) 

 

After determining the weight matrices for all neurons with the help of the gold standard 

training corpus and creating the language models for all languages, any news article can be 

classified with the LSTM network. 

Figure 2 shows the network architecture unrolled over all time steps (words). The LSTM 

takes an input vector of 300 dimensions which is the word vector created by the Word2Vec 

algorithm. The LSTM step reduces the dimensions to 256, which are passed to a recurrent 

neural network that calculates the output on the two output gates—one for each category. 

The maximum number of time steps (words) used in this study is 1,000. News articles 

longer than 1,000 words were truncated. We derived this architecture from Patterson and 

Gibson (2017), Martin et al. (2018) and Starosta et al. (2019) and, based on our assessment 

methodology, we were able to confirm its performance.  
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 Figure 2. Network Architecture 

 
We assessed the algorithm based on a six-fold cross-validation. For the cross-validation we 

split up the gold standard training corpus of 3,000 articles into six chunks of 500 articles. 

We then used five chunks to train the network and the remaining chunk to test the trained 

network. In a repetitive way, this procedure was employed until all the chunks were tested.  

The aggregated results for all languages—English, French, German, Romanian and 

Spanish—showed that this LSTM architecture led to 88.3% accurate classifications. In 

addition, we checked the dispersion of the errors across all confusion matrices of all 

validation runs in all languages. Also, this test showed that the confusion matrices across all 

languages and all test chunks were similar without significant outliers. Still, as usual, with 

these kinds of machine learning procedure, the out-sample performance needs to be 

continuously monitored by sampling inspections and probably refinements. 

 

News Negativity 

The negativity time series simply measures the negativity (fraction of negative news) of the 

news over all periods under observation. Its calculus is based on Equation (7). The 

advantage of having sentiment indices over time is that these indices can be directly 

compared to the other indicators. 

 

𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑖𝑡𝑦𝑡 =  (
𝑁𝑡

𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑁𝑡
𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

+ 𝑁𝑡
𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒)     (7) 

 

 



Correlation Analysis 

To carry out the correlation analysis, we used the ordinary least squares (OLS) estimator, as 

displayed in Equation (8).  

 

𝑦 = 𝛽0 + 𝐼𝑑𝑥𝑡𝛽1 + 𝜀              (8) 

 

Where 𝐼𝑑𝑥𝑡 is the index data of Equation (7).  

However, as there were heteroscedasticity and autocorrelations in our time series and 

creating different models for different countries did not represent a feasible approach, we 

used Newey-West standard errors to address the OLS estimator-related issues. All 

correlation analyses were conducted on the first differences and on stationary series. 

 

Results 

The descriptive statistics from the data sources (Table 1) show that the media reporting on 

the COVID-19 pandemic was unprecedented in the past. A comparison to the studies of 

Onete et al. (2018) and Starosta, Budz and Krutwig (2019a) that analysed the sentiments and 

the coverage of the most important topics between 2009 and 2019 showed that there was no 

topic that could reach either the coverage, or the negativity of the COVID-19 media 

reporting. This is also in line with Aslam et al. (2020) findings that emphasize high 

emotional scores with negative polarity of over a half of the 141,208 analysed headlines on 

COVID-19 of global English news sources. 

We further approach the results of our study from an individual perspective, focusing on 

each analysed country, afterwards comparing the results across countries. 

Figure 3 gives an overview of the main analysis of this study for the case of Germany. It 

shows the share of COVID-19 news on all news (left y-axis) in relation to COVID-19 cases, 

COVID-19 deaths, Google Trends and the news negativity (right y-axis). 



 

Figure 3. Covid-19 Reporting in Relation to Covid-19 Data and Google Trends for 

Germany 

As the figure shows, the media coverage of COVID-19 news and the news negativity did 

barely react to the actual figures associated with the COVID-19 pandemic, especially in 

terms of cases and deaths. Also between May and September, when the number of weekly 

cases and deaths were very low, the media kept reporting with an unprecedented coverage 

of COVID-19. The lowest coverage—during the summer months after the first COVID-19 

wave—in the week of 22.06.2020 still had a share of 24.6% of COVID-19-related news. 

While this was a low point in the COVID-19 pandemic, it was still a number unreached by 

any other topic before. This leads to the finding that the media coverage and its negativity 

barely correlate with the COVID-19 cases or COVID-19 deaths (Compare with Table 2). 

This creates a gap between the perceived reality (created by the media) and the factual 

reality outlined in the WHO data on COVID-19 cases and deaths. This detachment of the 

media reporting from the actual development in the reality characterizes an Infodemic—an 

excessive overreporting detached from available data. This directly leads to the finding how 

people react to the media and the facts. As expected and analysed by many researchers 

(McCombs and Shaw, 1972; Scheufele and Tewksbury, 2007; Tan and Weaver, 2007; 

Maurer, 2017; Birkland, 2018; Guo, 2019; Sciarini and Tresch, 2019 and many more), the 

public reaction was not based on the WHO facts but rather on the perceived reality in the 

online mass media. While we could not find any strong correlation between the media 

reporting and the WHO data on COVID-19, we found moderate and strong correlations 



between the media reporting and the Google Trends. The findings hold for all countries 

(Compare Table 2). 

France was the only country where the media reporting was slightly more in line with the 

actual WHO reporting. 

 

 

Figure 4. Covid-19 Reporting in Relation to Covid-19 Data and Google Trends for 

France 

Figure 4 presents an overview of the correlations in France. In France, reporting after the 

first wave of the pandemic decreased strongly in line with the COVID-19 cases and deaths. 

 

Table 2 shows the relations between the media reporting, the WHO data on COVID-19 

cases and deaths and the Google Trends searches on COVID-19-related topics, for all 

countries. The table outlines that the described characteristics of an Infodemic also hold for 

all other countries under observation and there are barely significant correlations between 

the media reporting and the COVID-19 data from the WHO, but that the reactions on 

Google Trends follow the media reporting. 

 



Table 2. Correlation among Coverage, Negativity, COVID-19 Cases, COVID-19 Deaths and 

Google Trends 
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Covid-19 Coverage 0.0222 0.1669 0.2702 < 0.01 0.7759 < 0.01 

Covid-19 Negativity 0.0297 0.1353 0.0172 0.6058 0.0167 0.1951 

DE          

Covid-19 Coverage 0.038 0.1077 0.2656 < 0.01 0.5695 < 0.01 

Covid-19 Negativity 0.0247 0.1556 0.0446 0.0901 0.3646 < 0.01 

ES          

Covid-19 Coverage 0.1339 < 0.01 0.237 < 0.01 0.6381 < 0.01 

Covid-19 Negativity 0.0237 0.9516 0.0238 0.9942 0.002 0.3451 

FR          

Covid-19 Coverage 0.0121 0.4896 0.4304 < 0.01 0.6897 < 0.01 

Covid-19 Negativity 0.016 0.5739 0.0042 0.3710 0.2015 0.0013 

RO          

Covid-19 Coverage 0.0096 0.4471 0.0406 0.1004 0.7122 < 0.01 

Covid-19 Negativity 0.0056 0.3891 0.0365 0.1123 0.2812 < 0.01 

UK          

Covid-19 Coverage 0.0986 0.0214 0.2967 < 0.01 0.6804 < 0.01 

Covid-19 Negativity 0.0246 0.1558 0.0197 0.6851 0.0584 0.0622 

Source: this study 

 

Figure 5 shows a comparison of the media coverages in all countries. While the media 

coverage of all COVID-19 news after the first wave had larger fluctuations in France, 

Romania and Switzerland, it remained almost flat, on a high level in Germany, Spain and 

the UK. Still, the correlations between all countries are strong. 



 

Figure 5. The Development of the Share of Covid-19 News 

The figure shows that the media reporting in all countries under observation remained very 

high also during the summer months when the COVID-19 cases and deaths strongly 

decreased. The large share of COVID-19-related news on all news, which is of 

unprecedented dimensions, is remarkable.  

Table 3 summarizes the share of COVID-19-related news on all news. This share is similar 

in a range between 23.3% for Germany and 30.13% for Romania, the only big exception is 

Switzerland with 8.3%. While 8.3% for Switzerland might seem low, it is still a tremendous 

amount of news compared to all other topics that were of interest to the media in the last 

decade. These large shares of COVID-19 news and the large number of 202,608 COVID-19 

news items in the sample underline the idea of overreporting and Infodemic. 

 
Table 3. Share of COVID-19 News on all News 

  CH DE ES FR RO UK 

Average Share of Covid-19 

News 0.0835 0.2333 0.2650 0.2051 0.3013 0.2453 

Source: this study 

 

Figure 6 shows a comparison of the COVID-19 negativities of all news. The negativity for 

all countries (except France) is constant or slightly decreasing over time, but the levels of 

negativity are very different across countries. 

 



 

Figure 6. The Development of the Negativity of Covid-19 News 

Table 4 shows the average negativities of the countries during the pandemic. While the 

negativity in Germany and the UK is very high with 87.9% and 94.7% of the news, 

respectively, the negativity in France, Romania, Spain and Switzerland is between 40.3% 

(for Spain) and 53.8% (for Switzerland). 

 
Table 4. Negativity of COVID-19 News 

  CH DE ES FR RO UK 

Average Negativity on 

Covid-19 0.5375 0.8796 0.4026 0.5109 0.5059 0.9468 

Source: this study 

 

Put in a nutshell, the results show that neither the media coverage nor the negativity reacted 

adequately to the WHO data on COVID-19 cases and deaths. Unfortunately, the empirical 

premise on which we based our study could not be confirmed from the data. Lower numbers 

of COVID-19 cases and deaths led neither to a lower media coverage nor to a lower 

negativity in the media. This clearly shows that the media did barely spread hope but rather 

continued to report with maximum intensity and maximum negativity. While negative news 

about the economy such as debts, wars and riots usually follow the facts (Förschler and 

Alfano, 2017; Shapiro, Sudhof and Wilson, 2017; Starosta, Budz and Krutwig,  2019b), the 

same cannot be confirmed in the case of the COVID-19 pandemic—a clear indicator for an 

Infodemic. Even more, in the case of this Infodemic, our study advocates that people reacted 



to the media and the perceived reality rather than to the facts. Further, the data outlined that 

in general media reporting during the COVID-19 pandemic was very similar among the 

countries under observation. Only rare outliers could be found as the slightly stronger 

fluctuations in the French media reporting and the much lower (but still incomparably high) 

media coverage in Switzerland. 

 

Discussion and Implications 

Media reporting on the COVID-19 pandemic has several demographic, economic, social, 

environmental, and political implications of which only a few could be captured and 

discussed in this section. 

The first and most direct implication is that the headlines that are used for COVID-19 

cannot be used for anything else. Thus, since March 2020 most other topics and headlines 

have disappeared from the European media and probably worldwide. A news coverage of 

20% to 30% on COVID-19-related topics mutes almost all other issues and important news. 

Some topics might indeed have disappeared due to the worldwide pandemic but other topics 

are surely suppressed or lost because of the COVID-19 media reporting. Schattschneider 

(1975) states, “the definition of the alternatives [the agenda] is the supreme instrument of 

power”. Moreover, ideas expressed in Tan and Weaver (2007), Birkland (2018), and 

Sciarini and Tresch (2019) prove to be true and on the political agenda in many European 

countries COVID-19 takes a large chunk of the administrative and parliamentary 

discussions. Thus, it is likely that the COVID-19 measures are not solely driven by the data 

of researchers and science but by the agenda of the online media as well. 

Another problem is that the excessive media reporting on COVID-19 is even 

counterproductive for the message that should be delivered by the media. Since March, the 

media always screamed with maximum intensity, so not much of the ardour was left to 

expand the coverage and negativity during the start of the second wave of the COVID-19 

pandemic. Thus, the appeals of the governments to pay attention to the measures or even 

new measures could hardly be communicated by the media, as there was no room for more 

intensive reporting and a crucial weapon of communication became ineffective. 

The results are already visible in many countries as many people no longer take the 

measures seriously and do not follow them or interpret them to their advantage. Teralytics 

(2020) showed that mobility in Germany did barely react to the measures and the 

authorities’ appeals during the second wave of the pandemic. According to data based on 

mobile phone providers, mobility did not decrease at all and was as high as prior to the 

pandemic. This was very different in Germany during the start of the pandemic in March 

2020 when mobility decreased drastically. According to ETH et al. (2020) the same holds 

for Switzerland. While during the first wave of the pandemic mobility strongly decreased, 

the second wave only barely affected it, despite the country reporting of a higher number of 

COVID-19 cases and deaths. An Ifop (2020) survey shows that also in France the measures 

are only accepted and obeyed by 43% of the investigated population. According to their 

survey, 57% of the respondents have already bypassed the curfew and met partners, friends 

and family. 

Finally, yet importantly, such a level of negativity in the news, as Aslam et al. (2020) argued 

in their study, might have important implications for ‘emotional well-being and economic 

perspective’. 

 

Concluding Remarks 

Our study outlines how a COVID-19 Infodemic spread across the countries of observation, 

respectively: France, Germany, Romania, Spain, Switzerland, and the UK. This Infodemic 

is to the detriment of the masses. Many other important topics are muted in the media; the 

parliaments and authorities are in constant pressure to react to the developments in the 



media while their voices find their ways less and less to the citizens, making it very difficult 

to highlight the measures or enforce new measures. It was apparent that this Infodemic 

during the summer of 2020, with smaller numbers of COVID-19 cases and deaths, proved 

counterproductive to control the second wave. We hope that the transparency that this work 

has created will raise awareness not only among the media but also among citizens, 

policymakers, governments and administrations of the importance of balanced reporting and 

adequate media coverage. This will help in the future to carry messages to this effect, 

highlighting the negative impacts of distorted media coverage. Someone who is always 

screaming will no longer be paid attention to after some time as people get accustomed to 

the noisy situation. 
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