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Multilingual keyword patterns

Patterns for unknown disease comprise:

mysterious+disease

unidentified+disease

неизвестн%+инфекц%

новый+смертельный+вирус

непозната+болест

未知的疾病
ناشناس+یبماری

etc.

Boolean operators (AND, OR, NOT) and proximity 



Italian - German

English - French

Spanish - Portuguese



Real-time monitoring

I. Examples of past public health events:

 Dengue

 EHEC (Escherichia coli)

 Avian flu

 MERS 2012 (Middle East respiratory syndrome-related coronavirus)

 Ebola

 Covid-19

II. Live presentation: EMM, MEDISYS, Twitter monitoring



Real-time monitoring

I. Europe Media Monitor (EMM) / MEDISYS

 News

 Official websites (Ministries of Health, Public Health Agencies, etc.)

II. Dashboards based on Twitter Enterprise API

 hashtags #COVID, users @UNODC, keywords

 Analysis of shared links

III. Media Analyser Toolkit (MAT)

 Unverified sources



Example 1 Dengue on Madeira Island

Early alerting via Portuguese media (October 2012)







Example 2 EHEC outbreak in Germany

Early alerting via German media (May 2011)

Tracking of a known outbreak with high reporting:

clustering

analysis by country



countries mentioned in the text

statistics on E.coli-country combinations 
in comparison to 14-day average values

daily number of articles concerning E. coli

Screenshot of MedISys on 26th of May 2011



Number of articles in the E. coli category that also mention one of the countries 

Luxembourg (LU), Sweden (SE), France (FR), Russia (RU), Spain (ES) and Germany (DE)



Number of articles in the E.coli category that also mention one of the entities Robert Koch Institute, 

Commissioner John Dalli, European Commission, ECDC and EFSA.



Articles per day (shown in orange) and cases of EHEC-gastroenteritis (shown in black) in the 
period 1st of May 2011 till 4th of July 2011 (data taken from Robert Koch Institute 2011 and 
Linge et al.  2011). 

The media attention reached its peak on 2nd of June with over 2000 articles per day.



Example 3 Avian flu

Chinese language support





Example 4 MERS / NCoV since 2012

Twitter support





Twitter analysis

We collect and score URLs which are mentioned frequently in the tweets, 
relevant to an event using several criteria:

- Number of retweets

- Number of times the URL was mentioned in a conversation thread

- Number of times the URL started a conversation thread

- URL from video and photo sharing services, blogs, Facebook, or URL to 
images and video, are scored higher





Usefulness of Twitter data

Twitter data can be used to give additional information on 

events extracted from traditional media:

- additional sources that we don’t cover (yet)

- news items which are often cited

- social media items which are often cited





Example 5 Ebola in West-Africa

Events in March 2014:

14/3 Une étrange fièvre fait 8 morts à Macenta

=> triggered UnknownDisease

18/3 Mystery hemorrhagic fever kills 23 in Guinea 

=> triggered EbolaHemorrhagicFever



Our Hotel => 4 km





• First signal picked up at 03:14 UTC on the 31st of December 2019

• Number of articles started to grow since human-to-human transmission was 

confirmed: up to 2 Coronavirus-related articles per second in April 2020

• Used to monitor each stage of the pandemics and measures taken by countries: 

travel and trade restrictions, importing of cases in countries, local transmission, 

lockdown and deconfinement measures, impact on specific groups or populations

COVID-19 crisis





Publicly available dashboard (official WHO map material)

https://portal.who.int/eios-bigscreenmap/



• Clustering

• Filtering

• Geolocating

Dealing with the Covid-19 infodemic



Misinformation can lead to tangible, often 
immediate consequences





Trend analysis



Broad range of Covid-19 narratives

Downplaying the pandemic

Fearmongering

Authoritarianism and dystopia (freedom, censorship), corona demonstrations

Criticism of national authorities

Anti-EU narratives

Anti-WHO narratives

Anti-lockdown 

Anti-facemask

Anti-vax (linking to ongoing vaccination hesitancy movements)

Health-related claims (miracle cures, etc.)

Anti-immigrant and anti-muslim narratives

Conspiracy theories (origin of the virus, Bill Gates, George Soros, etc.)



Emotion analysis of disinformation

A deeper look into narratives driven 

by emotion classes



Propagation of narratives



• Source: PEW Research Center, 2018
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• Machine learning for building classifiers (WHO, JRC and AWS)

• Monitoring Twitter channels & hashtags

• Better Geolocation (e.g. Korean, Nepali language)

Enhancing early warning and monitoring 
mis/disinformation

Emotion analysis

Network analysis

Propagation of narratives





Thank you

Get in touch with us:
JRC-DISINFO@ec.europa.eu
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