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What is Global Media Monitoring? 
(some general claims)

ÅCollecting and understanding data from as many as possible media 
across the world

ÅMedia generally includes:
ÅMain stream media ςhigh quality, small size

ÅBlogosphere ςmedium quality, medium size

ÅSocial-media (micro blogs) ςlow quality, big size

ÅMedia is optimized mainly for human consumption and only slightly 
(like RSS standard) for machine consumption

ÅIn general, we would like to see what is happening in society along 
many dimensions (to prevent filtered bubbles)



Where ML can help in media monitoring?
ÅΧƻƴ ŀƭƭ ƭŜǾŜƭǎ ςfrom data cleaning to causality modeling

ÅSome of the ML challenges in online media processing:
ÅTransforming ugly HTML into a clean text document (+meta data)

ÅLinguistic and Semantic annotation of textual content

ÅFact & Relation & Infobox extraction

ÅCross-lingual linking and categorization of news stories

ÅIdentification of events (micro-clusters of reports about the same physical events)

ÅModelling information propagation with barriers (language, culture, time-ȊƻƴŜΣ Χύ

ÅModelling news bias
Ådimensions like topic, language, geography, political orientation, source, sentiment, time, 

attention and some other contextual features

ÅConstruction of storylines (related event sequences)

ÅLearning causal templates from event sequences & event prediction

ÅReasoning ςextracting non-explicit facts about news
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Introduction



What questions we’ll try to answer?

ÅWhere to get global media data?

ÅWhat is extractable from media documents?

ÅHow to connect information across languages?

ÅWhat is an event?

ÅHow to approach diversity in news reporting?

ÅHow to visualize global event dynamics?



Systems/Demos used within the presentation

ÅNewsFeed(http://newsfeed.ijs.si/)
ÅNews and social media crawler

ÅWikifier (http://wikifier.org/ )
ÅLanguage and Semantic annotation

ÅXLing (http://xling.ijs.si/
ÅCross-lingual document linking and categorization

ÅEvent Registry (http://eventregistry.org/)
ÅEvent detection and topic tracking

http://newsfeed.ijs.si/
http://enrycher.ijs.si/
http://xling.ijs.si/
http://eventregistry.org/


The overall goal

ÅThe goal is to establish a real-time system
ÅΧǘƻ ŎƻƭƭŜŎǘ Řŀǘŀ ŦǊƻƳ Ǝƭƻōŀƭ ƳŜŘƛŀ ƛƴ ǊŜŀƭ-time

ÅΧǘƻ ƛŘŜƴǘƛŦȅ ŜǾŜƴǘǎ ŀƴŘ ǘǊŀŎƪ ŜǾƻƭǾƛƴƎ ǘƻǇƛŎǎ

ÅΧǘƻ ŀǎǎƛƎƴ ǎǘŀōƭŜ ƛŘŜƴǘƛŦƛŜǊǎ ǘƻ ŜǾŜƴǘǎ

ÅΧǘƻ ƛŘŜƴǘƛŦȅ ŜǾŜƴǘǎ ŀŎǊƻǎǎ ƭŀƴƎǳŀƎŜǎ

ÅΧǘƻ ŘŜǘŜŎǘ ŘƛǾŜǊǎƛǘȅ ƻŦ ǊŜǇƻǊǘƛƴƎ ŀƭƻƴƎ ǎŜǾŜǊŀƭ ŘƛƳŜƴǎƛƻƴǎ

ÅΧǘƻ ǇǊƻǾƛŘŜ ǊƛŎƘ ŜȄǇƭƻǊŀǘƻǊȅ ǾƛǎǳŀƭƛȊŀǘƛƻƴǎ

ÅΧǘƻ provide interoperable data export
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Collecting Media Data
http://newsfeed.ijs.si/

http://newsfeed.ijs.si/


Where to get references to news publishers?
ÅGood start is Wikipedia list of newspapers:
Åhttp:// en.wikipedia.org/wiki/Lists_of_newspapers

http://en.wikipedia.org/wiki/Lists_of_newspapers


From a newspaper home-page to an article
http://www.nytimes.com/ HTML

RSS Feed
(list of articles)

Article to be retrieved

http://www.nytimes.com/


Example: news publishers from Rio de Janeiro

General News Media

ÅAgencia O Globo - agency 

ÅCorreio do Brasil - newspaper

ÅDestak - newspaper

ÅExtra Rio de Janeiro - newspaper

ÅGlobo News - TV

Å Ilha Noticias - newspaper

ÅJornal Cidadania - newspaper

ÅJornal da Barra - newspaper

ÅJornal do Brasil - newspaper

ÅO Dia Rio de Janeiro - newspaper

ÅO Globo - newspaper

ÅPosto Seis - newspaper

ÅPovo do Rio - newspaper

ÅTribuna da Imprensa - newspaper

Business Media

Å Jornal do Commercio - newspaper

ÅMonitor Mercantil - newspaper

Entertainment Media

ÅCanal Brasil - TV

ÅCanal USA - TV

Å Fox Life South America - TV

ÅMultishow - TV

ÅPiaui Magazine - magazine

ÅRede Globo - TV

Å TV Brasil - TV

Sports Media

ÅDiario Lance - newspaper

Å Jornal dos Sports - newspaper

ÅSportv - TV

Å TV Esporte Interativo - TV 

Society Media

Å Folha Universal - newspaper



Collecting global media data

ÅData collection service News-Feed
Åhttp://newsfeed.ijs.si/
ÅΧŎǊŀǿƭƛƴƎ Ǝƭƻōŀƭ Ƴŀƛƴ-stream and social media

ÅMonitoring 
Å~140k main-stream publishers (RSS feeds+specialfeeds)
Å~250k most influential blogs (RSS feeds)
Åfree Twitter feed

ÅData volume: ~350k articles & blogs per day (+5M tweets)

ÅLanguages: eng(50%), ger(10%), spa (8%), fra (5%)

http://newsfeed.ijs.si/


Downloading the news stream (1/2)

ÅThe stream is accessible at http://newsfeed.ijs.si/stream/

ÅTo download the whole stream continuously, you can use the python 
script (http:// newsfeed.ijs.si/http2fs.py) 

ÅThe script does the following: 

http://newsfeed.ijs.si/stream/
http://newsfeed.ijs.si/http2fs.py


Downloading the news 
stream (2/2)
ÅNews Stream Contents and Format
ÅThe root element, <article-set>, contains zero 

or more articles in the following XML format: 

ÅΧƳƻǊŜ ŘŜǘŀƛƭǎΥ
ÅMitja Trampus, Blaz Novak: The Internals Of 

An Aggregated Web News Feed. Proceedings 
of 15th Multiconferenceon Information 
Society 2012 (IS-2012). [PDF]

http://ailab.ijs.si/dunja/SiKDD2012/Papers/Trampus_Newsfeed.pdf


Document Enrichment
http://enrycher.ijs.si/

http://enrycher.ijs.si/


What can extracted from a document?
ÅLexical level
ÅTokenizationςŜȄǘǊŀŎǘƛƴƎ ǘƻƪŜƴǎ ŦǊƻƳ ŀ ŘƻŎǳƳŜƴǘ όǿƻǊŘǎΣ ǎŜǇŀǊŀǘƻǊǎΣ Χύ
ÅSentence splittingςset of sentences to be further processed

ÅLinguistic level
ÅPart-of-SpeechςŀǎǎƛƎƴƛƴƎ ǿƻǊŘ ǘȅǇŜǎ όƴƻǳƴǎΣ ǾŜǊōǎΣ ŀŘƧŜŎǘƛǾŜǎΣ Χύ
ÅDeep Parsingςconstructing parse trees from sentences
ÅTriple extractionςsubject-predicate-object triple extraction
ÅName entity extractionςidentifying names of people, places, organizations

ÅSemantic level
ÅCo-reference resolutionςreplacing pronouns with corresponding names; 

merging different surface forms of names into single entity
ÅSemantic labelingςassigning semantic identifiers to names (e.g. 

LOD/DBpedia/Freebase) including disambiguation
ÅTopic classificationςassigning topic categories to a document (e.g. DMoz)
ÅSummarizationςassigning importance to parts of a document
ÅFact extractionςextracting relevant facts from a document



Enrycher (http://enrycher.ijs.si/)
Plain text

Text 
Enrichment

Diego Maradona Semantics:
owl:sameAs: http://dbpedia.org/resource/Diego_Maradona
owl:sameAs: http://sw.opencyc.org/concept/Mx4rvofERZwpEbGdrcN5Y29ycA
rdf:type: http://dbpedia.org/class/yago/ArgentinaInternationalFootballers
rdf:type: http://dbpedia.org/class/yago/ArgentineExpatriatesInItaly
rdf:type: http://dbpedia.org/class/yago/ArgentineFootballManagers
rdf:type: http://dbpedia.org/class/yago/ArgentineFootballers

Robbie Keane Semantics:
owl:sameAs: http://dbpedia.org/resource/Robbie_Keane
rdf:type: http://dbpedia.org/class/yago/CoventryCityF.C.Players
rdf:type: http://dbpedia.org/class/yago/ExpatriateFootballPlayersInItaly
rdf:type: http:// dbpedia.org/class/yago/F.C.InternazionaleMilanoPlayers

Extracted graphof triples from text

άEnrycherέ ƛǎ ŀǾŀƛƭŀōƭŜ ŀǎ 
as a web-service generating
Semantic Graph, LOD links, 
Entities, Keywords, Categories,
Text Summarization, Sentiment

http://enrycher.ijs.si/
http://dbpedia.org/resource/Diego_Maradona
http://sw.opencyc.org/concept/Mx4rvofERZwpEbGdrcN5Y29ycA
http://dbpedia.org/class/yago/ArgentinaInternationalFootballers
http://dbpedia.org/class/yago/ArgentineExpatriatesInItaly
http://dbpedia.org/class/yago/ArgentineFootballManagers
http://dbpedia.org/class/yago/ArgentineFootballers
http://dbpedia.org/resource/Robbie_Keane
http://dbpedia.org/class/yago/CoventryCityF.C.Players
http://dbpedia.org/class/yago/ExpatriateFootballPlayersInItaly
http://dbpedia.org/class/yago/F.C.InternazionaleMilanoPlayers


Enrycher 
Architecture

ÅEnrycheris a web service consisting 
ƻŦ ŀ ǎŜǘ ƻŦ ƛƴǘŜǊƭƛƴƪŜŘ ƳƻŘǳƭŜǎΧ

ÅΧŎƻǾŜǊƛƴƎ ƭŜȄƛŎŀƭΣ ƭƛƴƎǳƛǎǘƛŎ ŀƴŘ 
semantic annotations

ÅΧŜȄǇƻǊǘƛƴƎ Řŀǘŀ ƛƴ ·a[ ƻǊ w5C

ÅTo execute the service, one should 
send an HTTP POST request, with 
the raw text in the body:
Åcurl - d ´Enrycher was 

developed at JSI, a 
research institute in 
Ljubljana. Ljubljana is 
the capital of Slovenia.µ 
http:// enrycher.ijs.si/run

Plain text

Annotated document



Anaphora resolution (1)

ÅWe want to link pronouns with their references
ÅWe assume that pronouns refer only to named entities
ÅA difficult problem
ÅExamples of difficult sentences:

Å¢ƻƳ ǿǊƻǘŜ ŀ ƭŜǘǘŜǊ ǘƻ .ƛƭƭΦ IŜ ǘƻƭŘ ƘƛƳ Χ 
ÅOne passenger in King's car said they had been drinking liquor..
ÅΧ

ÅWe link only 5 different pronouns: ƘŜ όƘƛǎΣ ƘƛƳΣ ƘƛƳǎŜƭŦύ Σ ǎƘŜ όƘŜǊΣΧύΣ L όƳŜΣΧύΣ ǘƘŜȅ 
όǘƘŜƳΣΧύ andwho
ÅResolution procedure:
ÅFor each pronoun search backward (and forward) in text to find candidate name entities of correct 

type
ÅScore each candidate name entity

ÅScore is based on distance from pronoun, part of speech, other parser information (proper name, name 
ƻŦ ǘƘŜ ŎƻǳƴǘȅύΣ Χ

ÅPick a named entity with the best score

He refers to different person than him



Anaphora resolution (2)

Å Common mistakes:
Å Quoted speech: WƻƘƴ ǎŀƛŘΥ άIŜ ƛǎ ǎƛŎƪΦέ

Å .ǳǘΥ άI hope so," he replies after a pause.

Å ¢ƻƳ ǿǊƻǘŜ ŀ ƭŜǘǘŜǊ ǘƻ .ƛƭƭΦ IŜ ǘƻƭŘ ƘƛƳ Χ

Å The relationship between active volcanoes and the communities that surround them is not 
always confrontational.

Å Jordan's King Hussein and Yasser Arafat's open sympathy for Iraq has strained their relations 
with the U.S.

Å The most fatal case is when we wrongly resolve first occurrence of a pronoun 
and then follow many sentences using only the pronoun to refer to a person

Error: him == Tom

Error: he == John

We donôt link them

Canôt link their

he == I



Anaphora resolution evaluation

ÅWe manually labeled 91 articles
ÅContaining 1506 pronouns

Å1024 (68%) pronouns are he, she, I, they, who
ÅWe try to link all of them

ÅhǘƘŜǊ пун όон҈ύ ǇǊƻƴƻǳƴǎ ŀǊŜΥ ƛǘΣ ȅƻǳΣ ǿŜΣ ǿƘŀǘΣ Χ



Anaphora resolution evaluation

Pronoun Frequency Frequency [%] Accuracy [%]

He 681 45.22 86.9

They 244 16.20 67.2

It 204 13.55

I 64 4.25 82.8

You 50 3.32

We 44 2.92

That 44 2.92

What 27 1.79

She 24 1.59 62.5

This 22 1.46

Who 11 0.73 63.6

é

Total 1506 100 81.2

Accuracy on 5 selected 81.2% (55.2% if counting all pronouns)



Cross-linguality
http://xling.ijs.si/

http://xling.ijs.si/


ÅCross-linguality is a set of functions on how to transfer information 
across the languages
ÅΧƘŀǾƛƴƎ ǘƘƛǎΣ ǿŜ Ŏŀƴ ǘǊŀŎƪ ƛƴŦƻǊƳŀǘƛƻƴ ƛƴŘŜǇŜƴŘŜƴǘ ƻŦ ǘƘŜ ƭŀƴƎǳŀƎŜ ōƻǊŘŜǊǎ

ÅMachine Translation is expensive and slow, so the goal is to avoid machine 
translation to gain speed and scale

ÅThe key building block is the function for comparing and 
categorization of documents in different languages
Åhttp://XLing.ijs.siis an open web service to bridge information across 100 

languages

Cross-linguality
How to operate in many languages?

http://xling.ijs.si/


Languages covered by XLing
(top 100 Wikipedia languages)



XLing (http://XLing.ijs.si)
service for comparingand categorization of documents across 100 languages

Chinese
Text

English
Text

Automatically
Extracted
Keywords

Automatically
Extracted
Keywords

Similarity
Between Two
Documents

Selection
Of 100
Languages

http://xling.ijs.si/


Example: Cross-lingual News Recommendation

ÅWhat local media (e.g. 
German) is writing about 
the topic we are reading 
in English?

ÅUsual fear of publishers: 
are users we are sending 
away coming back?
ÅΧŜǾŀƭǳŀǘƛƻƴ ǎƘƻǿǎ ǘƘŜȅ 

all come back



Example: Social Media Recommendation
(http://aidemo.ijs.si/xlike/hsdemo/)

ÅUsual problem publishers have what and when to publish to which 
social media channel? 
ÅΧǘƘŜ ŘŜƳƻ ǎƘƻǿǎ ǿƘŀǘ .ƭƻƻƳōŜǊƎ ŀǊǘƛŎƭŜǎ ǎƘƻǳƭŘ ōŜ ǘƘŜ Ƴƻǎǘ ǊŜƭŜǾŀƴǘ 
ōŀǎŜŘ ƻƴ ǿƘŀǘ ƛǎ Ƴƻǎǘ ΨǇƻǇǳƭŀǊΩ ƛƴ ŀ ǇŀǊǘƛŎǳƭŀǊ ƎŜƻƎǊŀǇƘƛŎŀƭ ŀǊŜŀ

http://aidemo.ijs.si/xlike/hsdemo/


News Reporting Bias
http://aidemo.ijs.si/diversinews/

http://aidemo.ijs.si/diversinews/


News Reporting Bias example



Detecting News Reporting Bias

ÅThe task: 
ÅGiven a news story, are we able to say from which news source it came?

ÅWe compared CNN and Aljazeera reports about the same events from 
the war in Iraq
ÅΧолл ŀƭƛƎƴŜŘ ŀǊǘƛŎƭŜǎ ŘŜǎŎǊƛōƛƴƎ ǘƘŜ ǎŀƳŜ ǎǘƻǊȅ ŦǊƻƳ ōƻǘƘ sources

ÅThe same topics are expressed in both sources with the following 
keywords:
ÅCNN with:
ÅInsurgents, Troops, Baghdad, Iran, Militant , Police, Suicide, Terrorist, United, National, 

Hussein, Alleged, Israeli,Syria, ¢ŜǊǊƻǊƛǎƳΧ

ÅAljazeera with:
ÅAttacks, Claims, Rebels, Withdrawing, Report, Fighters, President, Resistance, Occupation, 

Injured, Army,Demanded, Hit, MuslimΣ Χ



DiversiNewsiPad App (1/2)

ÅDiversiNewsiPad App is using 
newsfeed.ijs.si and 
enrycher.ijs.si services

ÅΧƛƴ ƛǘǎ ƛƴƛǘƛŀƭ ǎŎǊŜŜƴ ƛǎ ǎƘƻǿǎ 
list of current hot topics and 
current trending events

Hot Topics

Trending
Events



DiversiNewsiPad App (2/2)
ÅDiversiNewsάdiversity searchέ 

screen allows dynamic 
rerankingof articles describing 
an event along three 
dimensions:
ÅGeographyςwhere is a content 

being published from

ÅSubtopicsςwhat are subtopics 
of an event

ÅSentimentςwhat are good and 
what are bad news

ÅFor each query it provides
ÅAutomatically generated 

summary

ÅList of corresponding articles

Geography

Subtopics

Sentiment

Summary

Articles



New Bias Experiment

Å30 newspublishersselected

ÅAll articles from Dec 15th 2014 ςAug 15 2014

ÅGeneral: BBC, USA Today, Daily Mail, The Guardian, Globe and Mail, 
Huffington Post, Washington Post, CNN Europe, The Independent, 
Time, The Hindu, The Moscow Times, 

ÅBussiness related: Business Insider, Boston Business Journal, 
Economic Times, Financial Times, WSJ Blogs

ÅTech related: Gizmodo, GigaOM, The Next Web

ÅForeign: ABC.es, El Mundo, Die Welt, Stern Magazine



Dimensions of news bias to be observed

ÅAnalysis of article length differences

ÅAnalysis of grammatical differences

ÅReadability differences

ÅNewswire citations

ÅGeographical bias

ÅTopic (category) bias

ÅSpeed of reporting

ÅPredicting article news source

ÅSimilarity between news publishers



Article length 
differences



Number of 
tokens in 
articles 
per topic



Number of tokens
in article
headlines



Grammaticaldifferences
(% of adjectives in 
articles)



Grammatical 
differences
(% of adverbs in articles)



Readability differences

ÅDale-Challreadability formula.

πȟρυχω
ὨὭὪὪὭὧόὰὸύέὶὨί

ύέὶὨί
ρππ πȟπτωφ

ύέὶὨί

ίὩὲὸὩὲὧὩί

ÅFlesch-Kincaid Reading Ease 
ÅThis measure is a standard way for many US agencies for evaluating technical 

documents.

ςπφȟψσυρȟπρυ ψτȟφ



Readability in articles
(Flesch-Kincaid test)



Readability in articles
(Flesch-Kincaid test on 
Washington Post topics)



Publishers citing 
news agencies



Agencies
Citations



Geographical bias

ÅWhat events are being reported by newspublishers?



USA Today geographical coverage



ABC.es geographical coverage



“Die Welt” geographical coverage



Separability between news sources

ÅHow well we can determine which news publisher is the author of the 
article

ÅTested on pairs of news publishers

ÅUsed 10.000 articles from each news publisher

ÅRemoved a custom-built set of tokens (like huffpost, mailonline, ...)

ÅUsed keywords as features, used 1.000 top ranking features

ÅLinear SVM

ÅUsed 70% articles for training, 30% for testing

ÅUse accuracy as a distance measure Ą use MDS for plotting





News
source

Keywords

Time selfie, uber, rapper, minister, researchers,Hillary, sex, party,
relationships

Washingon
post

Maryland, redskins, Georgetown, Montgomery, reelection,
capital,Arlington,officials,capitol

FOXNews Jerusalem,Christians,minister,dynasty,officials,prosecutors

Dailymail Mr, uk, centre, behavior, football, Scotland,British, premier,
Cameron

BBC Correspondents,Belfast,council,Scotland,UK,Wales,Ireland

CNN Editor, commentary, opinions, affiliate, according, London,
official,Pakistan

Sydney
Morning
Herald

Australian, Australia, Melbourne, Fairfax, Canberra, rugby,
Queensland,Brisbane,

Moscow
times

Russian,Russia,Interfax, soviet, Barack,Petersburg,Siberia,
Sergei,Kremlin,Duma,Yury,Oleg

DNAIndia Mumbai, indian, singh, Bollywood, Kapoor, cricket, crore,
Bangalore,lakh,Pune,Kumar,Tata,Gandhi



Separability on reports about Ukraine

ÅAnalyze articles reporting about Russia-Ukraine incident

ÅSelected articles
ÅMention Ukraine and Russia 

Åbetween Jan 15th, 2014 and June 1st, 2014

ÅCategorized into appropriate Dmoz category

ÅSelected publishers that reported about 500 articles





Newssource Keywords

Non-Russian
sources

troops, allies, invasion, aggression,excellency,insurgents,
investigation,defense, ethnic,seized

TheMoscow
Times

overthrow, authorities, western, election, khodorkovsky,
detained, annexation,pressure,seizure, fanning, imposed,
domestic



Similarity between news publishers regarding 
the events they cover
ÅFor each article we know the corresponding event in the Event 

Registry

ÅCompute a list of events covered by each news publisher

ÅCompute the pairwise similarity between the lists

ÅWe used cosine similarity as the similarity measure





Event Representation
http://eventregistry.org/

http://eventregistry.org/


What is an event?
(abstract description)

ÅΧƳƻǊŜ ǇǊŀŎǘƛŎŀƭ ǉǳŜǎǘƛƻƴΥ ǿƘŀǘ definition of is computationally feasible?

ÅLƴ ƎŜƴŜǊŀƭΣ ŀƴ ŜǾŜƴǘ ƛǎ ǎƻƳŜǘƘƛƴƎ ǿƘƛŎƘ άǎǘƛŎƪǎ ƻǳǘέ ŦǊƻƳ ǘƘŜ ǊŜǎǘ ƻŦ 
information in some kind of (high dimensional) data space
ÅΧŎƻǳƭŘ ōŜ ƛƴǘŜǊǇǊŜǘŜŘ ŀǎ ŀƴ άŀƴƻƳŀƭȅέ
ÅΧŘŜƴǎƛŦƛŎŀǘƛƻƴ ƻŦ Řŀǘŀ Ǉƻƛƴǘǎ όŜΦƎΦ Ƴŀƴȅ ǎƛƳƛƭŀǊ ŘƻŎǳƳŜƴǘǎύ
ÅΧǎƛƎƴƛŦƛŎŀƴǘ ŎƘŀƴƎŜ ƻŦ ŘƛǎǘǊƛōǳǘƛƻƴ όŜΦƎΦ ŀ ǘǊŜƴŘ ƻƴ ¢ǿƛǘǘŜǊύ

ÅIn practice, the event could be:
ÅA cluster od documents / change of a distribution in data
ÅDetected in an unsupervised way

ÅA fit to a pre-built model
ÅDetected in a supervised way



How to represent an event?

ÅBaseline data for a news event is usually a cluster of documents
ÅΧǿƛǘƘ ǎƻƳŜ ǇǊŜǇǊƻŎŜǎǎƛƴƎ ǿŜ ŜȄǘǊŀŎǘ ƭƛƴƎǳƛǎǘƛŎ ŀƴŘ ǎŜƳŀƴǘƛŎ ŀƴƴƻǘŀǘƛƻƴǎ

ÅΧǎŜƳŀƴǘƛŎ ŀƴƴƻǘŀǘƛƻƴǎ ŀǊŜ ƭƛƴƪŜŘ ǘƻ ƻƴǘƻƭƻƎƛŜǎ ǇǊƻǾƛŘƛƴƎ Ǉƻǎǎƛōƛƭƛǘȅ ŦƻǊ 
multiresolution annotations

ÅThree levels of event representation:
ÅFeature vector event representation:
ÅΧƭƛƎƘǘ ǿŜƛƎƘǘ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ that can be easily represented as a set of feature vectors 

augmented with external ontologies ςsuitable for scalable ML analysis

ÅStructured event representation:
ÅInfoboxrepresentation (slots filling) using open schema or event taxonomy

ÅDeep event representation
ÅSemantic representation linked to a world-model (e.g. CycKBcommon sense knowledge) 
ςsuitable for reasoning and diagnostics



Feature vector event representation

ÅFeature vectors easily extractable from news documents:
ÅTopical dimensionςwhat is being talked about? (keywords)
ÅSocial dimensionςwhich entities are mentioned? (named entities)
ÅTemporal aspectςwhat is the time of an event? (temporal distribution)
ÅGeographical aspectςwhere an event is taking place? (location)
ÅPublisher aspectςwho is reporting? (publisher identifiers)
ÅSentiment/biasaspect ςemotional signals (numeric estimates)

ÅScalable Machine Learning techniques can easily deal with such 
representation
ÅΧƛƴ ά9ǾŜƴǘ wŜƎƛǎǘǊȅέ ǎȅǎǘŜƳ ǿŜ ǳǎŜ ǘƘƛǎ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ǘƻ ŘŜǎŎǊƛōŜ ŜǾŜƴǘǎ



Example of “feature vector” event representation: Event Registry “Chicago” related events

Where?
(geography)

When?
(temporal
distribution)

Who?
(named 
entities)

What?
(keyword/
topics)

Query:
ά/ƘƛŎŀƎƻέ



Structured event representation

ÅStructured event representation describes an event 
ōȅ ƛǘǎ ά9ǾŜƴǘ ¢ȅǇŜέ ŀƴŘ ŎƻǊǊŜǎǇƻƴŘƛƴƎ ƛƴŦƻǊƳŀǘƛƻƴ 
slots to be filled

Å9ǾŜƴǘ ¢ȅǇŜǎ ǎƘƻǳƭŘ ōŜ ǘŀƪŜƴ ŦǊƻƳ ά9ǾŜƴǘ ¢ŀȄƻƴƻƳȅέ

ÅΧŀǘ ǘƘƛǎ ǎǘŀƎŜ ƻŦ ŘŜǾŜƭƻǇƳŜƴǘ ǘƘƛǎ ƭŜǾŜƭ ƻŦ 
representation still requires human intervention to 
achieve high accuracy (Precision/Recall) extraction

ÅExample on the right ςWikipedia event infobox: 
Å2011 ¢ǁƘƻƪǳearthquake and tsunami



“Event Taxonomy” –preview 
to the current development



Prototype for event Infoboxextraction: 
XLikeannotation service

ÅThe goal is to build a 
system for economically 
viable extraction of 
event infoboxes
ÅΧǳǎƛƴƎ ŎǊƻǿŘ-sourcing

ÅΧŀƛƳƛƴƎ ŀǘ ƘƛƎƘ tǊŜŎƛǎƛƻƴ 
& Recall for a small cost



Event sequences & Hierarchical events

ÅOnce having events identifies and represented we can connect events 
ƛƴǘƻ άevent sequencesέ όŀƭǎƻ ŎŀƭƭŜŘ ǎǘƻǊȅ-lines)

Åά9ǾŜƴǘ sequencesέ ƛƴŎƭǳŘŜ ŜǾŜƴǘǎ ǿƘƛŎƘ ŀǊŜ supposedly related and 
constitute a larger story

ÅCollection of interrelated events can be also organized in hierarchies 
(e.g. World Cup event consists from a series of smaller events)



An example event: Microsoft Windows 9



Similar events example: similar events to 
Microsoft Windows 9 event



Event sequence identification



Hierarchy of events



Example 
Microsoft 
hierarchy of 
events



Zoom-in Example 
Microsoft 
hierarchy of events



Event Visualization
http://eventregistry.org/

http://eventregistry.org/


Live Event tracking with http://EventRegistry.org/

http://eventregistry.org/


Event description through entities and Semantic keywords



Collection of events 
described through 
Entity relatedness



Collection of events 
described through 
trending concepts



Collection of events 
described through 
three level categorization



Events identified across languages



Collection of events 
described through 
Reporting dynamics



Collection of events 
described through 
a story-line of related events



Event Registry API



Python code to access “Event Registry”

Åhttps://github.com/gregorleban/event-registry-python

https://github.com/gregorleban/event-registry-python


Searching for events using Python

from EventRegistryimport *

er = EventRegistry()

q = QueryEvents()

# get events related to Barack Obama

q.addConcept(er.getConceptUri("Obama"))

# and are related to issues in society

q.addCategory(er.getCategoryUri("society issues"))

# and have been reported by the BBC

q.addNewsSource(er.getNewsSourceUri("bbc"))

# return event details for first 30 events

q.addRequestedResult(RequestEventsInfo(page = 0, count = 30))

# execute query and obtain results

res = er.execQuery(q)



Result of the query

ΨŜǾŜƴǘǎΩΥ ϑ ΨresultCountΩΥ мннΣ

ΨǊŜǎǳƭǘǎΩΥ ώ

{'articleCounts': {'eng': 54.0, 'total': 54.0},

'categories': [{...}], 

'concepts': [{...}, ...], 

'eventDate': '2014-08-29', 

'eventDateEnd': '', 

'multiLingInfo': { 'eng': {

ϥǘƛǘƭŜϥΥ ΦΦΦΣ ϥǎǳƳƳŀǊȅϥΥ ΧϒϒΣ 

'uri': '1211229', 'wgt': 9.0}

ϒΣ Χ

]}



Getting info for a particular event

# get information about event with ID 123

>>> q = QueryEvent("123");

# return concept labels in 3 languages

>>> q.addRequestedResult(RequestEventInfo(["eng", "spa", "slv"]))

# get 10 most central articles

>>> q.addRequestedResult(RequestEventArticles(0, 10))

# get information how articles about the event were trending

>>> q.addRequestedResult(RequestEventArticleTrend())

# get top keywords

>>> q.addRequestedResult(RequestEventKeywordAggr())

>>> eventRes= er.execQuery(q);



Searching for articles

>>> q = QueryArticles();
# articles should be from a particular time period
>>> q.setDateLimit(datetime.date(2014, 4, 16), datetime.date(2014, 4, 28))
# they should mention apple
>>> q.addKeyword("apple")
# they should also mention iphone
>>> q.addKeyword("iphone")
# get top 30 articles that match criteria
>>> q.addRequestedResult(RequestArticlesInfo(page=0, count = 30));
>>> res = er.execQuery(q)



Event Registry exports event data through API 
and RDF/Storyline ontology
ÅAPI to search and export event information
ÅExport of all the system data in JSON

ÅEvent data is exported in a structured form
ÅBBC Storyline ontology
Åhttp://www.bbc.co.uk/ontologies/storyline/2013-05-01.html

ÅSPARQL endpoint:
Åhttp://eventregistry.org/rdf/search

Åhttp://eventregistry.org/rdf/event/{eventID}
Åhttp://eventregistry.org/rdf/article/{articleD}
Åhttp://eventregistry.org/rdf/storyline/{storylineID}
ÅExample: http://eventregistry.org/rdf/event/1234

http://www.bbc.co.uk/ontologies/storyline/2013-05-01.html
http://eventregistry.org/rdf/search
http://eventregistry.org/rdf/event/{eventID}
http://eventregistry.org/rdf/article/{articleD}
http://eventregistry.org/rdf/storyline/{storylineID}
http://eventregistry.org/rdf/event/1234

