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ABSTRACT

Thenewcommunicationparadigmestablishedbysocialmediaalongwithitsgrowingpopularityin
recentyearscontributedtoattractanincreasinginterestofseveralresearchfields.Onesuchresearch
fieldisthefieldofeventdetectioninsocialmedia.Thecontributionofthisarticleistoimplement
asystemtodetectnewsworthyeventsinTwitter.Theproposedpipelinefirstsplitsthetweetsinto
segments.Thesesegmentsarethenranked.Thetopksegmentsinthisrankingarethengrouped
together.Finally,theresultingcandidateeventsarefilteredinordertoretainonlythoserelatedtoreal-
worldnewsworthyevents.Theimplementedsystemwastestedwiththreemonthsofdata,representing
atotalof4,770,636tweetswritteninPortuguese.Intermsofperformance,theproposedapproach
achievedanoverallprecisionof88%andarecallof38%.
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INTRODUCTION

SocialMediaserviceshavebecomeaverypopularmediumofcommunicationandusersusethese
servicesforvariousdifferentreasons.InthecaseofTwitter,amicrobloggingservice,themainreasons
foundare(Java,Song,Finin,&Tseng,2007):dailychatter,conversations,sharinginformationand
reportingnews.Microbloggingservicesinparticularhavebecomeverypopularduetotheirportability,
immediacyandeaseofuse,allowinguserstorespondandspreadinformationmorerapidly(Atefeh
&Khreich,2015).Thepopularityandrealtimenatureoftheseservicesandthefactthatthedata
generatedreflectaspectsofreal-worldsocietiesandispubliclyavailablehaveattractedtheattention
ofresearchersinseveralfields(Madani,Boussaid,&Zegour,2014;Nicolaos,Ioannis,&Dimitrios,
2016).OnesuchfieldisthefieldofeventdetectioninSocialMedia.

EventdetectioninSocialMediahasmanypotentialapplications,someofwhichwithsignificant
social impact suchas in thedetectionofnaturaldisastersand to identifyand trackdiseasesand
epidemics(Madanietal.,2014).Anotherrelevantapplicationcanbefoundinthedetectionofnews
topicsandeventsofinterestornewsworthy,asreal-worldeventsareoftendiscussedbyusersinthese
servicesbeforetheyareevenreportedintraditionalMedia(Papadopoulos,Corney,&Aiello,2014;
Sakaki,Okazaki,&Matsuo,2010;VanCanneytetal.,2014).Theseserviceshoweverpresentsome
challenges,someofwhichareinherittotheirdesignandusage(Atefeh&Khreich,2015).Inthe
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caseofTwitter,theuseofinformalandabbreviatedwords,thefrequentoccurrenceofspellingand
grammaticalerrors,datasparsenessandlackofcontextduetotheshortlengthofthemessages,are
justafewexamplesofthesechallenges.Thediversityandnatureofthetopicsdiscussedmayalso
poseadditionalchallenges,morespecificallyinthecaseofeventdetection,asmostofthesetopics
areoflittleinterest(e.g.dailychatter).Theeventdetectionprocessmustthereforebeabletofilter
outthesetopicsinordertoretainonlythosepotentiallyrelatedtoeventsofinterest.

Thegoalofthisworkandalsoitsmaincontributionistheimplementationofafullyfunctional
systeminordertodetectnewsworthyeventsusingtweets,thatis,anyreal-worldeventofsufficient
interesttothegeneralpublicinordertobereportedbytheMedia.Toachievethisgoalasimilar
methodologyalreadyproposedintheliterature,namelyTwevent(C.Li,Sun,&Datta,2012)isused
asthebaseoftheimplementation.Theeventdetectionpipelineproposedconsistsofthefollowing
steps:firstthetweetsaresegmentedintoasetofnon-overlappingsegments(i.e.n-grams).These
segmentsarethenrankedaccordingtoaweightingscheme.OnlythetopKsegmentsareretained
forfurtherprocessing,thusobtainingtheeventsegments.AvariantoftheJarvis-Patrickclustering
algorithmisthenusedinordertoclustertheseeventsegmentsintocandidateeventclusters.Finally,
thesecandidateeventclustersarefilteredinordertoretainonlythoserelatedtorealworldeventsof
interest.ThisfilteringstepisperformedbyaRandomForestmodel.

Also,inordertotrytoimprovetheperformanceoftheproposedsystem,thispipelineisfurther
enrichedincomparisontothebasemethodology,namelyconcerningitssecondstep(obtainingthe
eventsegments)anditslaststep(filterthecandidateeventclusters).Concerningthesecondstep,
afurtherenrichmentoftheweightingschemeusedtorankthesegmentsisproposedbyleveraging
Wikipedia as an additional factor in its computation. This proposal attempts to favor segments
accordingtotheirpotentialnewsworthiness,byfurtherboostingthemupintherankingrelativelyto
morecommonlyusedandlessinformativesegments,asthelattermaytendtodominatethetopofthis
ranking.Regardingthelaststep,5differentmodelsweretestedinordertoassesstheirapplicabilityto
performthefinalfilteringstep.Thevariousfeaturesusedtotrainthesemodelswerealsostudiedin
termsoftheirinterrelationships(i.e.correlation)andrelevanceandanewengineeredfeaturenamely,
rprob(theprobabilitythatacandidateeventisinfactrelatedtoarealworldeventofinterest)was
alsointroduced.Finally,theimplementationofthesystemwasvalidatedusingthreemonthsofdata,
correspondingto4,770,636tweetscreatedinPortugalandmostlywritteninthePortugueselanguage.

BACKGROUND

EventdetectioninSocialMediahasbeenthefocusofmuchresearchandmanydifferentapproaches
havebeenproposedinordertosolvethistask.TvPulse(Vilaça,Antunes,&Gomes,2015)aimsto
detectTVhighlightsusingTwitterandpubliclyavailableElectronicProgrammingGuides(EPGs).
Toachievethis,semanticprofilesarecreatedforthePortugueselanguageandinformationrelated
totheTVprogramsiscollectedfromEPGsandprocessed.Thesesemanticprofilesarethenusedto
identifythemostrepresentativetweetsashighlightsofaTVprogram.

Hotstream(Phuvipadawat&Murata,2010)aimstocollet,group,rankandtrackbreakingnews
inTwitter.Forthispurposetweetsarefilteredbyhashtags(e.g.#breakingnews)orkeywords(e.g.
breakingnews)oftenusedbyuserstoannotatebreakingnews.Tweetsarethengroupedtogether
accordingtoasimilaritymeasurecomputedusingTF-IDFalongwithaboostfactorobtainedviathe
useofaNamedEntityRecognizer(NER).

In(Popescu,Pennacchiotti,&Paranjpe,2011)amethodisproposedtoautomaticallydetectevents
involvingknownentitiesfromTwitter.Asetoftweetscreatedoveraperiodoftimeandreferring
thetargetentityiscollected.TheGradientBoostedDecisionTreesframeworkisthenusedtodecide
whetherthissnapshotdescribesacentraleventinvolvingthetargetentityornot.

Tedas(R.Li,Lei,Khadiwala,&Chang,2012) isanotherTwitterbasedeventdetectionand
analysissystemthataimstodetectneweventswithaspecialfocusonthedetectionofCrimeand
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DisasterrelatedEvents(CDE).Toachievethis,spatialandtemporalmetainformationisextracted
fromtweetsandthenindexedbyatextsearchengine.Thisindexcanthenbeusedtoretrievereal
timeCDEsoransweranalyticalqueries.

Morerecently(Alsaedi,Burnap,&Rana,2017)proposesaneventdetectionframeworktodetect
largeandrelatedsmallerscaleevents,withaspecialfocusonthedetectionofdisruptiveevents.A
NaïveBayesclassifierisusedtofilteroutnon-eventrelatedtweetsandretainonlythoseassociated
withlarge-scaleevents.Anonlineclusteringalgorithmisthenusedtoclusterthesetweetsinorder
toobtainthesmaller-scaleevents.Thetopicsdiscussedintheseclustersarethensummarizedand
representedbytheirmostrepresentativepostsortheirtopterms.TemporalTermFrequency–Inverse
DocumentFrequencyisproposedinordertocomputeasummaryofthesetopterms.

In(Chang,2018)aSocialNetworkAnalysisPlatform(SNAP)isproposedviatheimplementation
ofaSocialNetworkAPI.ThedevelopedAPIintendstofacilitatetheextractionandprocessingof
Facebookgenerateddataaswellasthevisualizationoftheresultsobtained.Thisplatformcanbe
used forvariouspurposes suchas aCustomerRelationshipManagement system (CRM)or as a
ManagementInformationSystem(MIS)forexampleandcanbeextendedtomanyotherusecases
such as to perform sentiment analysis and event detection. This framework can also be used to
analyzeanddescribethenetworksestablishedbetweentheusersintermsoftrust,influenceandtheir
interrelationshipsaswellasthestrengthoftheserelationships.

Contrarytothesystemsjustpresented,thesystemproposedinthisworkaimstodetectallkinds
ofeventsprovidedtheyarenewsworthyanddoesnottargetanyspecificentityortypeofevent.Also,
theframeworkdevelopedinthisworkisveryspecifictoeventdetectionanddoesnottakeintoaccount
thenetworksestablishedbetweentheusersintermsoftherelationshipstheycreate.

Morecloselyrelatedtothiswork,Twevent(C.Li,Sun,etal.,2012)isproposedasasegmentbased
eventdetectionframework.Tweetsarefirstsplitintosegments(i.e.n-gramspotentiallyrepresenting
semanticunits).ThesesegmentsarethenrankedusingaweightingschemeandthetopKoftheseare
groupedtogetheraccordingtotheirsimilarityusingavariantoftheJarvis-Patrickclusteringalgorithm.
Theresultingcandidateeventsarefilteredaccordingtotheirnewsworthinessscoresinordertoretain
onlythoseconsideredtoberelatedtoreal-worldevents.Wikipediaisleveragedtocomputethese
scoresandauserspecifiedthresholdisusedtoderivethefilteringdecision.

The system implemented in this work proposes Wikipedia as an additional factor in the
computationof theweightingschemeused to rank the segments.This isdone inorder toboost
segments further up in the ranking according to their potential newsworthiness and counter the
possibledominanceofmorecommonuseonesduetotheirgreaterusersupport.AtrainedRandom
Forestmodelisalsousedtofilterthecandidateeventsasopposedtousingauserdefinedthreshold.
Byusingsuchamodelitisexpectedtobettercapturethedistinctivefeaturesthatrelateacandidate
eventtoareal-worldnewsworthyeventandthereforeobtainbetterresultsintermsofaccuracy.

FRED(Qin,Zhang,Zhang,&Zheng,2013)furtherexpandsTweventbyconsideringthreetypes
offeaturesrepresentingthestatistical,socialandtextualinformationrelatedtothecandidateevents
obtainedandthenusingthesefeaturestotrainaSVMmodeltoperformthefilteringstep.Thiswork
usesasubsetoftheseproposedfeaturesandstudiestheirinterrelationshipsandrelevanceinorderto
trytooptimizethetrainingprocess.Inthisregardanewengineeredfeatureisalsoproposed.Also,a
RandomForestmodelwasusedasitobtainedthebestresultsoutofthe5differentmodelsassessed.

SySTEM IMPLEMENTATION

Thepurposeofthisworkistoimplementaneventdetectionsystemusingtweetstodetectnewsworthy
events.Suchaneventcouldbeanyreal-worldeventofsufficientinteresttothegeneralpublicinorder
tobereportedintheMedia(e.g.newspapers,onlinenews).Sports(e.g.afootballgame),political
(e.g.elections)ormusicalevents(e.g.summerconcerts)areexamplesofsuchevents.Thedetection
oftheseeventsshouldbeconductedindependentlyintimewindowstoffixedsize(e.g.aday).
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Intermsofitsarchitecture,depictedinFigure1,thesystemiscomprisedofthreemainblocks:
the Event Detection Pipeline (EDP), the Precomputed Values Infrastructure (PVI) and the Data
SourceInfrastructure(DSI).Thepurposeoftheseblocksisasfollows:theEDPblockiscomposed
offourmaincomponentsnamedrespectively:TweetSegmentation,EventSegmentDetection,Event
SegmentClusteringandEventFiltering.Thesecomponentscomposetheeventdetectionpipeline
usedtodetecteventsineachtimewindowt.ThePVIblockisresponsibleforthecomputationand
storageoftheprecomputedvaluesrequiredbythesystemsothattheycanbeeasilylookeduplater
on.Thesevaluesare:theSegmentProbabilities(toperformsemanticmeaningfulnesslookups),the
SegmentFrequencyProbabilities(todetectburstysegments)andtheWikipediaAnchorProbabilities
(toperformnewsworthinesslookups).Lastly,theDSIblockisresponsibleforthepre-processing
ofthedataset(i.e.thetweets)usedtoperformtheeventdetectionaswellasforitsstorageinan
appropriateformatforlatereaseofaccessandretrieval.Amoredetaileddescriptionofeachofthese
blocksispresentednext.

Event Detection Pipeline
Tweet Segmentation Component
Thegoalof thiscomponent is topartitiona tweet intoasetofnon-overlappingandconsecutive
segments,thesocalledtweetsegmentsproposedin(C.Li,Weng,etal.,2012).Asegmentissimilar
toann-graminmeaningexceptthatwhenreferringtoasegmentitisalsoimpliedthatthesen-grams
couldpossiblyrefertosemanticallymeaningfulunitssuchasentities(e.g.thenameofapersonor
aplace)orcollocations(wordsfrequentlyusedtogether).Cristiano Ronaldo(afamousPortuguese
footballplayer)andFigueira da Foz(acity)areexamplesofsegments.Forthepurposeofevent
detectionthesesegmentsconveymoreinformationthantheirconstituentcomponentswhentaken
separately. As an example the segment Cristiano Ronaldo conveys more information than just
CristianoorRonaldo.

Figure 1. Architecture of the system
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Inordertoachievethisinanefficientway,asegmentationalgorithmwasimplementedusing
dynamicprogramming.Thiswasachievedbyfirstconsideringeachofthen-gramsasanodeand
thenlinkingthesenodestogetherbydirectededgesaccordingtothepositioninwhichtheyoccurin
thetext,thereforecomposingaDirectedAcyclicGraph(DAG).Anexampleofthisisdepictedin
Figure2,wherethetweet“the cat is fast”isshown,decomposedintoallofitspossiblen-gramsup
toorder3(n={1, 2, 3},i.e.unigrams,bigramsandtrigrams).

Moreformally,givenaDAGG=(V, E)whereVdenotesthesetofverticesornodesoftheDAG
andE the set of its edges, twomore special nodesnamed start andend are defined and linked
accordinglytotheothernodes,seeFigure2.Theoptimumsegmentationcanthereforebesolvedas
themaximumcostpathsearchbetweenthenodestartandthenodeend,wherethecostCost(ei)of
eachdirectededgeei∈ Elinkingverticesuandv(i.e.u,v ∈ V)iscalculatedusingEquation1,which
denotesthemeasureofthecohesivenessofasegment.Inthecaseofthespecialnodesstartandend,
theircostissettozero.Thepseudocodeoftheiterativecostcomputationalgorithmisdepictedbelow.

Cost(start)=0
forvϵV\{start}inlinearizedorder
Cost(v)=maxuϵ{incomingedgesofv}(Cost(u)+C(v))

C s L s e S SCP s
Q s( ) = ( ) ( )( )( )* *  (1)

InEquation1depictedabove, L s( ) isafunctionusedtogivemoderatepreferencetolonger
segments,seeEquation2,Q s( ) istheprobabilitythatsegmentsappearsasananchortextinthe
Wikipediaarticlesthatcontainit(i.e.WikipediaAnchorProbability)andSCP(s),computedasshown
in Equation 3 is the Symmetric Conditional Probability proposed in (Silva & Lopes, 1999).
Furthermore,S standsforthesigmoidfunction,Pr .( ) denotesthepriorprobabilityofsegments
andPr(w1…wi)standsforthepriorprobabilityofthesegmentcomposedbythesetofwordsw1…wi.

L s

s

s
s

s

( ) =
−

>

=











�
,�� �

����������,���������

1
1

1 1

 (2)

SCP s
log

Pr s

n
w w w w

i

n

i i n
( ) =

( )

−
…( ) …( )






=

−

+∑
�

Pr Pr

2

1

1

1 1

1
1







>,�� �

�����������������������������������

s 1

�������������������������� ,����������log Pr s s( )( ) =







1







 (3)

Event Segment Detection Component
Thegoalofthiscomponentistorankthetweetsegmentsaccordingtoaweightscheme.Thisranking
isthenleveragedinordertoselectonlythetopK,alsocalledeventsegments,forfurtherprocessing
asitwouldbecomputationallyexpensivetoprocessthefullsetofsegmentsfoundinatimewindow
t(e.g.duetothepotentiallyhugenumberoftweetspostedinasingleday).InTwevent,thebase
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systemconsideredfortheimplementation,thisweightwbiscomputedforeachofthetweetsegments
accordingtoEquation4,wherePb(s,t)denotestheburstyprobabilityofsegmentsintimewindowt
andiscomputedasshowninEquation5andus,tdenotestheusersupportofthatsamesegment(i.e.
thenumberofuniqueusersthatpostedtweetscontainingsegmentsintimewindowt).Thelogofthe
usersupportofthesegmentsus,tisintendedtoratehigherintherankingthesegmentsmorebursty
andwithahigheruserfrequencywhilealsoallowingforthemoreburstysegmentswithamoderate
usersupporttoberankedhigherthantheremainingones.
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InEquation5depictedabove,E s t N p
t s

|
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,theprobabilityofobservingfrequency
f
s t,

ofsegmentsintimewindowt,seeEquation6.

P f N p N p p
s t t s t s s
( ) ~ ,
,
� = ℵ −( )( )1  (6)

Inpracticeandduringthetestingphaseofthesystem,usingthisrankingscheme,itwashowever
detectedthatthepositionofthesegmentsintherankseemedtobemostlydominatedbytheiruser
supportasdepictedinTable1,wherethetop10rankedsegmentsfortworandomlychosendaysare
listedtopdownaccordingtotheirpositionintherank(i.e.thefirstelementinthelistisranked1,
thesecondisranked2,andsoon),alongwiththecountsfortheirusersupport(thecolumnsonthe
right).Swearwordswereelidedfromthelistingandaredenotedwiththe_symbolinstead.

Figure 2. Representation of a tweet as a linearized DAG
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AsitcanbeseenaboveinTable1,therankingpositionsofthesegmentsseemtofollowthesame
patternforthetwodepicteddays(i.e.segmentswithagreaterusersupportarerankedhigher).The
onlynoticeableexceptiontothispatternoccursonthe14thandishighlightedusingthe*symbol.
Thisissomewhatexpectableconsideringthatcommonlyusedwordsareingeneralboostedbytheir
usuallygreaterusersupportus,t.Furthermorenoneofthesegmentslistedisofparticularinterestin
termsoftheinformationitcanpotentiallyconveytotheeventdetectionprocess.Consideringthat
fromtheseonlythetopKareretainedforfurtherprocessing,thiswouldmeanthatmanyinformative
segmentswouldbeexcludedfromfurtheranalysisinfavorofmorecommonlyusedones.Interms
oftweetanalysisthiscanbecomeevenmoreproblematicasmuchofthetopicsdiscussedareabout
personalandtrivialmatters(i.e.heavyuseofcommonwords).

Wikipediacanbeleveragedinordertoattenuatethisissue.Morespecifically,segmentsareboosted
accordingtotheirWikipediaanchorprobability.Thismeansthatsegmentsappearingmoreoftenas
anchors(i.e.linkstootherarticles)inWikipediaandthereforealsomorelikelytobeinformativein
termsofeventdetection,willpotentiallybeboostedupintherank.Thisinturnwouldsomewhat
countertheapparentdominancecausedbytheusersupportofthesegmentsalreadydiscussed.The
newproposedweightingschemeisdepictedinEquation7,whereQ(s)denotestheWikipediaanchor
probabilityofsegments.Table1presentsthelistofthetop10rankedsegmentscomputedforthe
sametwodaysasbeforeusingtherevisedweightscheme.Asitcanbeseen(rightsideofthetable)
thetoprankingnolongerseemstobedominatedbytheusersupport.Also,someofthesegments
listedsuchasneymar(footballplayer),brasil (country),david luiz(footballplayer)andmeo arena
(musicalfestival)seemtobeclearlymoreinformative.

w s t P s t u e
b b s t

Q s
, , * log( ) *

,( ) = ( ) ( )  (7)

Also,consideringthespecificityofTwitter(e.g.thelimitimposedtoitsposts,useofinformal
language,etc),itistobeexpectedthatinmanycasesthesameentitymaybereferredtoinseveral
differentforms.OnesuchexampleistheuseofalongerformsuchasCristiano Ronaldotoreferto
aspecificpersonorjustashortenedformsuchasRonaldoorCristianotorefertothatsameperson.
Giventhatlongersegmentsarepreferred(moreinformative)overshorterones,thismeansthatthe
shortersegmentsmaybedroppedoutduringtherankingoperationduetotheirlowerranking(inthe

Table 1. Top 10 ranked segments (original weighting on the left, revised weighting scheme on the right)

06-14-2015 06-24-2015 06-14-2015 06-24-2015

amanha 1750 es 1614 neymar 247 ganda 310

ver 1714 sei 1402 brasil 305 sdds 191

vai 1420 sempre 1388 portugal 516 ask.fm 17

dormir 1328 bue 1228 davidluiz 39 cristianoaraujo 39

_ 1186 melhor 1228 peru 76 es 1614

assim 1108 mim 1152 mase 128 bue 1228

tempo 1055 acho 1118 colombia 59 sei 1402

exame* 994 ti 1102 meoarena 39 sempre 1388

fds* 979 aqui 1042 portugues 230 bora 184

ta* 1082 nunca 909 amanha 1750 melhor 1228
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exampleabovethesegmentsCristiano Ronaldo,RonaldoandCristianoarepossiblycompetingwith
eachotherforapositionontheranking).

Thedownsideeffectofthisandcontinuingwiththepreviousexample,isthatifonlythesegment
Cristiano Ronaldoisretainedforfurtherprocessing,allthecontext(.e.thetweetsassociatedtothe
segment)relativetotheothertwosegmentsiscompletelylost,possiblyhinderingtheeventdetection
processasthiscontextisnottakenintoaccount.Inordertotrytopreventthis,aftertheselectionof
thetopKsegmentstoretainforfurtherprocessing,allunigramscontainedintheKsegmentsoforder
n>1(i.e.bigramsandtrigrams)thatweredroppedoutareaddedbacktotheranking.Intheprevious
examplethismeansthatifthesegmentCristiano Ronaldowasretainedforfurtherprocessing,both
segmentsRonaldoandCristianowillalsobeaddedbacktobefurtherprocessedincasetheywere
droppedout.Thistriestomaximizethecontextrelatedtothesameentityandalsopossiblyrelated
tothesameeventinordertohelptheeventdetectionprocess.

Event Segment Clustering Component
Thegoalofthiscomponentistoclusterrelatedeventsegmentsintocandidateevents.Tocompute
thesecandidateevents,avariantoftheJarvis-Patrickclusteringalgorithm,whichtakesonlythek
parameter into account (i.e. the number of nearest neighbors to examine for each point) was
implemented.Thisclusteringalgorithmwaschosenbecauseitisanon-iterativealgorithmandtherefore
moreefficient,astheclusterscanbecomputedinasinglepassandalsobecauseitisdeterministic,
meaningthatthesameresultswillbeobtainedeverytime(Jarvis&Patrick,1973).Thesimilarity
measure sim s s

t a b
,( ) usedtoclustertheeventsegmentsiscomputedasdepictedinEquation8.

Toperformthiscomputation,timewindowtisfurthersub-dividedintoMsub-timewindowst
= {t1,…,tM}. For each of these sub-time windows the similarity between segment s

a
 and s

b
 is

computedbyleveragingthecontextinwhichtheyappear(i.e.thetweetscontainingthesegment).
Thisisachievedbyconcatenatingallthetweetspostedinsub-timewindowtmcontainingsegmentsi
intoapseudodocument � ,T s m

t i( ) ,whichisfurtherconvertedtotheTF-IDFschemeandthencompute

thecosinesimilarity sim T s m T s m
t a t b
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, see Equation 9, where
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Event Filtering Component
Thegoalofthiscomponentistoperformthefinalfilteringstepinordertofilterthecandidateevents
obtainedinthepreviousstepandfromtheseretainonlythoserelatedtoreal-worldnewsworthyevents,
alsoreferredtoasrealevents.Aclassificationmodelwasusedinordertoperformthisfilteringstep.
Theexpectationwasthatagoodsetofrepresentativefeatures,extractedfromthecandidateevents
obtained,couldbeleveragedinordertotrainthismodel.Forthispurpose5differentmodelswere
assessed.
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Concerningthefeaturesused,theseconsistofasubsetofthefeaturesproposedin(Qinetal.,
2013)andextractedfromthecandidateeventse,namely:seg,edge,wiki,sim,df,udf,rt,men,rep,
url,taganddup,seeTable2.Anewengineeredfeaturerprob(i.e.theprobabilitythatcandidateevent
e isarealevent)isalsoproposed.Thisfeatureiscomputedasfollows:theK-NearestNeighbors
(KNN)algorithmisfirstfittedovertheannotatedtrainingdataset.Foreachsample(candidateevent
cluster),its5nearestneighborsarethenusedinordertocomputethisprobability,seeEquation10,
wherewidenotestheweightofclassiforcandidateeventeiandiscomputedasdepictedinEquation
11.Thedistanceusedwastheeuclideandistance,denotedas ist e e

i k
,( ) .ykdenotesthelabel(class)

ofthenearestneighborcandidateeventclusterekandcantakethevalue1(class1)todenotethe
positiveclass(i.e.thecandidateeventekisassociatedwitharealworldnewsworthyevent)or0(class
0)todenoteotherwise.Thisfeaturewasintroducedinordertotrytoleveragehighlylocalinformation
(thatobtainedfromthe5closestclustersintermsoftheirsimilaritywiththetargetcluster)intothe
filteringprocess.

rprob e
w

w wi( ) = +
1

0 1

 (10)
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TheimportanceofthesefeatureswasthenassessedusingaRandomForestClassifierensemble,
seeFigure3.Fourofthesefeatureswerefoundtobemorediscriminativethentherest,specifically:
rprob,tag,wikiandsim.Theleastdiscriminativefeaturesfoundwerert(percentageoftweetsthatare
retweets)anddup(percentageofduplicatedunigramsfoundamongstthoserepresentingthecluster).
Intermsofcorrelation,thepair(seg,edge)presentsanalmostperfectcorrelation(0.996)aswell
asthepair(df,udf)(0.93)andthepair(rep,men)(0.95).Asomewhatstrongcorrelationalsoexists
betweenthepairs(seg,df)(0.73),(seg,udf)(0.72),(edge,df)(0.75)and(edge,udf)(0.74).Thepair
(url,tag)presentsamoremoderatecorrelation(0.51).

Taking this analysis into account the features rt and dup were dropped due to their lower
importance,aswellasthefeaturesseg,repanddfduetotheirhighcorrelationwithotherfeatures.This
wasdoneinordertotrytosimplifythemodel(preventoverfitting)ononehandandtotrytoremove
anyadverseeffectduetohighcorrelationbetweenthefeatures.Theremainingfeatures,specifically
edge,wiki,sim,udf,men,url,tagandrprobwerethenusedinordertotrainthefilteringmodels.

Inordertochoosethemostsuitablemodelforthefilteringstep,5differentmodelswereassessed,
specifically:SupportVectorMachines(SVM),BoostedTreeswithXGBoost(Chen&Guestrin,2016),
NaïveBayes(Gaussian),RandomForestandLogisticRegression.TheScikit-Learnimplementations
ofthesewereused(Pedregosaetal.,2011).Thehyperparametersofthemodelsweretunedusing
Grid-Searchandtheresultingmodelsweretrainedusingcrossvalidationandtested.Asthetraining
datasetusedwashighlyunbalanced(atotalof1,664candidateeventclusterswithonly67ofthese
pertainingtoclass1),themodelsweretrainedandassessedusingboththeunbalanceddatasetaswell
asamorebalancedversionofthetrainingdataset(atotalof335samplesusingallofthe67samples
representingclass1i.e.a80/20ratio).

Thetestresultsobtainedforclass1only,intermsofprecision,recall,F1-scoreandtheArea
UndertheReceiverOperatingCharacteristicCurve(ROCAUC),aredepictedinTable3(theresults
obtainedusingthebalancedversionofthedatasetarepresentedonthetoprow).Weighs,ascomputed
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continued on following page

Table 2. List of candidate features used to train the 5 models assessed

Feature Description Formula

seg Averagenumberofsegmentsofcandidateevente.Gset(t)denotesthe
setofcandidateeventse’computedintimewindowt,Sedenotestheset
ofsegmentsofeand|Se|thenumberofthesesegments.

S

S
e

e Gset t e
max (| |)
′ ′
∈ ( )

edge Averagenumberofedgesofe.Eedenotesthesetofedgesofeand|Ee|
thenumberoftheseedges. E

E
e

e Gset t e
max ( )

'′ ∈ ( )

wiki Averagenewsworthinessofe.
s

S

e

e Q s

S
=∑ ( )

1

sim Averagesimilarityoftheedgesofe.gdenotesanedgeand

sim s s
t a b

,( ) iscomputedasshowninEquation8,wheresaandsb
denotethetwosegmentslinkedbyedgeg.

g

E

t a b

e

e sim s s

E
=∑ ( )
1

,

df Percentageoftweetsrelatedtoerelativetoalltweetscreatedintime

windowt,N
t

.T(e)denotesthesetoftweetscontainingeventsegments
ofeintimewindowt.

T e

N
t

( )

udf Percentageofusersrelatedtoe(i.e.usersthatpostedtweetscontaining
atleastonesegmentofSeanddenotedasU(e))relativetothenumberof
usersUtwhopostedtweetsintimewindowt.

U e

U
t

( )

rt
Percentageoftweetsthatareretweetse.T rt( ) denotesthesubsetof
tweetsfromT(e)thatareretweets.

T rt

T e

( )
( )

men
Percentageoftweetswithusermentionsine.  T men( ) denotesthe
subsetoftweetsfromT(e)thatcontainusermentions.

| ( |T men

T e( )
rep

Percentageoftweetsthatarerepliesine.  T rep( ) denotesthesubset
oftweetsfromT(e)thatarereplies.

T rep

T e

( )
( )

url
Percentageoftweetscontainingurllinksine.  T url( ) denotesthe
subsetoftweetsfromT(e)thatcontainurllinks.

T url

T e

( )
( )

tag
Percentageoftweetscontaininghashtagsine.  T tag( ) denotesthe
subsetoftweetsfromT(e)thatcontainhashtags.

T tag

T e

( )
( )
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bytheclass_weightfunctionprovidedbyScikit-Learnwerealsousedinordertotrytoattenuatethe
imbalancednatureofthedataset.Themodelsthatperformedthebestinbothversionsofthedataset
weretheRandomForestmodelandtheXGBoostmodel.TheSVMmodelontheotherhandperformed
relativelywellonthebalancedversionbutpoorlyontheunbalancedone.NaïveBayesandLogistic
Regressionperformedtheworst.Table4presentsthedetailedresultsfortheRandomForestandfor
theXGBoostmodelsobtainedontheunbalancedversionofthedataset.

Precomputed Values Infrastructure
Segment Probabilities
The segment’s prior probabilities, denoted by Pr(.) in Equation 3 are used during the tweet
segmentationphaseinordertotrytoobtainsemanticallymeaningfulunits.Thetweetspostedduring
2015wereusedinordertoderivethesevaluesasshowninEquation12,asthesearenotprovided
forthePortugueselanguagebyanyonlineservice.C(w1…wn)denotesthecountsofthen-gramw1…
wnwhileNdenotesthetotalnumberofn-gramsofthesameorderasn-gramw1…wnasfoundinthe
corpus.Intotal25,952,065n-gramsalongwiththeirpre-computedprobabilitieswerestoredina
Redisinstance.

Pr w w
C w w

Nn

n

1

1…( ) =
…( )

�  (12)

Wikipedia Anchor Probabilities
TheWikipediaanchorprobabilities,denotedasQ(s)inEquation1areusedbothduringthetweet
segmentationphaseandtheeventsegmentdetectionphasetoderivethenewsworthinessofsegments.
InordertocomputetheseprobabilitiesthelatestPortugueseWikipediadump(i.e.theptwiki-latest-
pages-articles.xml.bz2,02-Aug-2018)wasused.Equation13depictsthiscomputationwithA s( ) 
denotingthenumberofWikipediaarticleswheresegmentsappearsasananchorandN thetotal
numberofarticlescontainings.Onlytextcontainedinsideanchorblocksencodedas[[.]]inthedump
file and excluding images was considered as a potential anchor text candidate. Redirect and
disambiguationpageswerealsoleftoutandnotprocessed.Thelongestformtodesignatetheanchors
wasalwayspreferred (e.g. in [[mm|millimeter]]millimeterwaschosen).Thiswasdonewith the
intuitionthatalongersegmenttendstobemoredescriptive.Intotal305,992anchordesignationsup
ton-gramsoforder3werepersistedtoaRedisinstance.

Q s
A s

N
( ) = ( )

  (13)

Feature Description Formula

dup Percentageofduplicatedunigramsoutofthesegmentsofe(the
unigramswerestemmedforthispurpose).dedenotesthenumberof
duplicatedunigramsoutofthesegmentsofeanduethetotalnumberof
segmentsofethatareunigrams.

d

u
e

e

rprob Probabilitythatcandidateeventeisarealevent seeEquation10

Table 2. Continued
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Segment Frequency Probabilities
Thesegmentfrequencyprobabilities,denotedaspsandcomputedasshowninEquation14areused
intheeventsegmentdetectionphasetodetectburstysegments.Intheequationdepicted,Ntdenotes
thenumberoftweetscreatedwithintimewindowt,fs,tdenotesthefrequencyofsegmentswithin
t(i.e.thenumberoftweetscreatedintthatcontains)andLdenotesthenumberoftimewindows
tcontainingsegmentsinthecorpus(tweetscollectedin2015).Intotal6,175,302segmentsalong
withtheirpre-computedprobabilitieswerestoredinaRedisinstance.

p
L

f

Ns
t

L
s t

t

=
=
∑

1

1

* ,  (14)

SySTEM TESTING

Dataset and Experimental Setup
ThedatasetusedwascollectedfromtheTwitterSearchAPIfortheTVPulseproject(Vilaçaetal.,
2015)andconsistsofasetoftweetscreatedinPortugalandmostlywritteninthePortugueselanguage.
Twosubsetsofthisdatasetwereused:datacollectedfrom07-01-2016to09-30-2016(4,770,636
tweets)wereusedtotestthesystemanddatacollectedfrom05-14-2015to06-24-2015(3,581,466
tweets)wereusedtotune,trainandtestthefilteringmodels.Intermsofbiginternationalevents
theseperiodsweredominatedbythe2016SummerOlympics,theUEFAEURO2016andthe2015
CopaAmerica.Thesetoftweetscollectedin2015(16,550,792tweets)wasusedtocomputethe
SegmentProbabilitiesandSegmentFrequencyProbabilitiespre-computedvalues.Alltweetswere
normalizedby removing links,hashtags,usermentions,punctuation,numbers, accentuationand
characterrepetitionsandconvertingtheremainingtexttolowercase.

Figure 3. Feature importance
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Intermsoftheannotationprocess,atotalof4,630candidateeventsweremanuallyannotated
byoneoftheauthors(1,664ofthesewereusedtotune,trainandtestthefilteringmodelsandthe
remaining2,966wereusedtoderivetheperformancemetricsofthetestsperformedonthesystem).
Thegeneralannotationguidelinefollowedwasthatacandidateeventshouldonlybelabeledasreferring
toareal-worldnewsworthyeventifmostoralloftheeventsegmentsdescribingitwererelatedto
thateventandtheeventwasclearlynewsworthy.Inallothercasesitshouldbelabeledotherwise.

Thesystemwasparameterizedasfollows:thesizeStofeachtimewindowtwasfixedtobea
wholeday,thesizeSmofthesub-timewindowstmwassetto2hoursandthevaluesusedforKand
kwere√Ntand3respectively,seeTable5.Toperformtheteststhesystemwasdeployedinaguest
environmentrunningUbuntu16.04LTSwith5allocatedprocessorcores,5GBofRAMand80GB
ofdisk.VMwarePlayerwasusedasthevirtualizationsoftware.

Results
Theresultswereobtainedviathefollowingprocedure:firstthesystemwasusedinordertocompute
theeventsforthetestingperiodsconsidered.Thenboththecandidateeventscomputedbeforeand
afterthefilteringstepweremanuallyinspectedandlabeledasbeingrelatedtoreal-worldnewsworthy
eventsornot.ThiswasdoneinordertoobtainMe,thetotalnumberofcandidateeventsfoundbythe
systempriortothefilteringstepandconsideredtoberelatedtoreal-worldnewsworthyeventsand
alsotocalculatethenumberofcorrectTeandincorrectFeclassificationsrespectivelyconcerning
therealeventsobtainedbythesystemafterthefilteringstep(i.e.thefinalresult).

Thesevalueswerethenusedtoderivetheprecisionandrecallmeasuresofthesystemasshownin
Equation15andEquation16aswellastheF1-score.Candidateeventsconsideredtoberelatedtothe
samereal-worldeventwerecountedindependentlyinordertosimplifytheprocess(i.e.twocandidate

Table 3. Results obtained for the balanced (top row) and the unbalanced (bottom row) training datasets

Model Precision Recall F1-score ROC AUC

SVM 0.90 0.69 0.78 0.84

0.42 0.38 0.40 0.68

XGBoost 0.80 0.62 0.70 0.79

0.75 0.46 0.57 0.73

NaiveBayes 0.62 0.38 0.48 0.66

0.29 0.54 0.38 0.74

RandomForest 1.00 0.54 0.70 0.77

0.83 0.38 0.53 0.69

LogisticRegression 0.44 0.85 0.58 0.79

0.00 0.00 0.00 0.5

Table 4. Detailed results obtained on the unbalanced training dataset (Random Forest and XGBoost)

Model Classes Precision Recall F1-score

RandomForest 0 0.98 1.00 0.99

1 0.83 0.38 0.53

XGBoost 0 0.98 0.99 0.99

1 0.75 0.46 0.57
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eventsrelatedtothesamereal-worldeventcountastwocorrectclassificationsasopposedtojust
one).Itshouldbenotedthatconcerningthecomputationoftherecall,Meservesasanapproximation
totherealnumberofrealeventspresentinthedatasetasthisnumbercannotbefeasiblyderivedby
manualinspectionofthewholedataset.

precision
Te

Te Fe
=

+  
 (15)

recall
Te

Me
=  (16)

Table6liststheseresultsfortheperiodstested,whereeachcolumnrepresentsthefollowing:
TCE(totalcandidateevents)denotesthenumberofcandidateeventscomputedpriortothefiltering
step,MCE(Manualcandidateevents)denotesthenumberofcandidateeventsobtainedpriortothe
filteringstep, found toberelated toreal-worldnewsworthyeventsaftermanual inspection,FCE
(filteredcandidateevents)denotesthesameastheMCEcolumn,withtheexceptionthatthecandidate
eventsinspectedweretheonesobtainedafterthefilteringstep.Theresultspresentedconcernthe
performancemetricsrelativelytoclass1only,obtainedbytheRandomForestclassifiertrainedon
thebalancedversionofthetrainingdataset,asthiswasthemodelthatperformedthebest.Table7
presentsthedetailedresultsforthe2modelsthatperformedthebest(RandomForestandXGBoost).
SomeoftherealeventsidentifiedbythesystemarealsopresentedinTable8(thesegmentsare
separatedbycommas).

Intermsoftheperformanceofthesystemregardingprocessingtime,depictedinTable9,it
canbeseenthatthecomponentspresentingthebiggestbottleneckaretheEventSegmentClustering
component(ESC)andtheTweetSegmentationcomponent(TS),takinginaverage1.28minutesand
1.03minutestocomputerespectively.Theaverageprocessingtimepertimewindow(53,229tweets
onaverage)was2.32minutes.

DISCUSSION

Intermsoftheoverallresultsobtained,asdepictedinTable6,thesystempresentsagoodprecision
of88%butafairlylowrecallof38%.Itcanalsobeseenthatthesevaluesvarysomewhatamongst
thedifferentperiodstested.Somevariationcanalsobeobservedregardingthenumberofrealevents
manuallyidentifiedpriortothefilteringstep(thevaluesshownintheMCEcolumn),withasomewhat
noticeabledropobservedduringthethirdperiodtested,correspondingtoSeptemberwith51real
eventsidentified.Thissomewhatlownumberofrealeventsdetectedmaybeduetothesparsityof
thedatasetused(only4,770,636tweetsspanning3months).

Concerningthedifferencesobservedintheprecisionandrecallresultsobtainedforthedifferent
periodstested,onepossiblereasonmaybeduetoinsufficienttrainingdata,asnotalltypesofevents
canbecoveredandtheseinturnmaybecharacterizeddifferentlyintermsofthevaluesofthefeatures
oftherespectivecandidateeventsobtained,accordingtotheirimpactornature.Asanexampleofthis
theUEFAChampionsLeagueoreventheCopaAmerica(theeventsdominatingthetrainingdata)
maybemorerelatedtotheUEFAEURO(July)eventduetotheirsimilarnaturethentotheSummer
Olympics(August).ThisinturncouldexplainthereasonwhyJulyobtainedthebestperformance
measuresforbothprecisionandrecall.

Withrespecttothequalityoftherealeventsobtainedbythedetectionsystem,tworemarksare
noteworthy:1)thetextualrepresentationoftheseeventsiscomposedinmanycasesofreferencesto
entitiessuchaspeople(e.g.michael phelpsine1),events(e.g.supertaca europeiaine2)andfootball
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clubs(e.g.real madridine2),thatfurtherhelpdescribeandcontextualizetheevent,seeTable8and
2)someoftheseeventspresentmixedeventsorseveralwordsunrelatedtotheeventidentified(e.g.
joao souse, venezuela, caracas, tiago apolonia, estados unidos, tenis de mesa, tenis, natacao, forte, 
joao, del potrowhereatleasttwoeventsrelatedtothe2016SummerOlympicGamesappearmixed
together,namelytabletennisandswimming).

Lastly,Table10depictshowtheresultsobtainedbythesystemimplementedinthisworkcan
berelatedtotheresultsobtainedbysimilarimplementations.Overallthesystemimplementedin

Table 5. Parameterization used to test the system

Parameter Description Value

St Thesizeoftimewindowt 1day

K Thetop-kburstysegmentstoretain Nt

k Thek-nearestneighborstoconsiderforJarvis-Patrickclustering 3

Sm Thesizeofsub-timewindowtm 2hours

Table 6. Results obtained by the Random Forest classifier trained on the balanced training dataset

Period TCE MCE FCE Precision (%) Recall (%) F1 Score (%)

07-2016 1007 67 36 92 49 64

08-2016 1014 64 21 81 27 40

09-2016 945 51 23 87 39 54

Total 2966 182 80 88 38 53

Table 7. Overall results obtained by the 2 models that performed the best

Classifier Class Precision (%) Recall (%) F1 Score (%)

RandomForest 0 96 1 98

1 88 38 53

XG-Boost 0 96 99 97

1 65 35 46

Table 8. Examples of real events identified

ID Segments Event

e1 michaelphelps,natacao,phelps 2016OlympicGames

e2 sevilha,realmadrid,supertacaeuropeia,real,madrid,penalty UEFAEuropaLeaguefinal

e3 telmamonteiro,bronze,telma,medalhadebronze,medalha 2016OlympicGames,bronzemedal

e4 Benfica,golo,tobiasfigueiredo,carrillo,nacional,marca,Jonas,
marcar,rauljimenez,jogador,jimenez

Footballgame
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thisworkdetectedlessrealevents,only80,whencomparedtotheothertwosystemsandachieved
ahigherprecisionandahigherrecall.Tweventdidnotuseamodeltoperformthefilteringprocess
andthereforetherecallvalueisnotlisted.Thiscomparisonservesforthepurposeofillustrationonly,
asthedatasetsusedbythedifferentsystemswerenotthesame.

CONCLUSION

Thisworkpresentedtheimplementationofaneventdetectionsystemtodetectnewsworthyevents
usingtweets.Intermsofitsmaincontributions,Wikipediawasproposedasanadditionalfactorin
theweightingschemeusedtorankthesegments,inordertofavorthemaccordingtotheirpotential
newsworthiness.Thisproposalwasvalidatedempirically.Furthermore,5modelsweretestedinorder
toassesstheirapplicabilitytocomputetherealevents(thefilteringstep).Thefeaturesproposedto
trainthesemodelswerealsoanalyzedintermsoftheirinterrelationshipsandimportanceinorder
tooptimizethelearningprocess.Inthisregardanewengineeredfeaturerprobwasalsoproposed.
Theimplementedsystemwastestedon4,770,636tweetsmostlywritteninthePortugueselanguage.
Theprecisionobtainedwas88%witharecallof38%.Intermsofcomparisonwithsimilarsystems,
thesystemimplementedobtainedhigherprecisionandalsoahigherrecall.Futureworkwillfocus
onamorethoroughassessmentoftherealimpactofthechangeproposedtotheweighingscheme
usedtorankthesegments.Also,theresultsobtainedintermsofprecisionandrecallshallbefurther
validatedusingdataannotatedbyindependentannotators.
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Table 9. Running average times of the Event Detection Pipeline components

Total TS ESD ESC EF

2.32m 1.03m .59ms 1.28m .033ms

Table 10. Results of the various systems

System #Evs Precision Recall N. Tweets

Twevent 101 86.1% -- 4,331,937

FRED 146 83.6% 22.9% 31,097,528

This work 80 88% 38% 4,770,636



International Journal of Organizational and Collective Intelligence
Volume 9 • Issue 3 • July-September 2019

61

REFERENCES

Alsaedi,N.,Burnap,P.,&Rana,O.(2017).CanWePredictaRiot?DisruptiveEventDetectionUsingTwitter.
ACM Transactions on Internet Technology, 17(2).10.1145/2996183

Atefeh, F., & Khreich, W. (2015). A Survey of Techniques for Event Detection in Twitter. Computational 
Intelligence,31(1),132–164.doi:10.1111/coin.12017

Chang,V.(2018).Aproposedsocialnetworkanalysisplatformforbigdataanalytics.Technological Forecasting 
and Social Change, 130,57–68.10.1016/j.techfore.2017.11.002

Chen,T.,&Guestrin,C.(2016).XGBoost:AScalableTreeBoostingSystem.InProceedings of the 22nd ACM 
International Conference on Knowledge Discovery and Data Mining(pp.785–794).SanFrancisco,CA:ACM.

da Silva, J. F., & Lopes, G. P. (1999). A Local Maxima method and a Fair Dispersion Normalization for
extractingmulti-wordunitsfromcorpora.InProceedings of the 6th Meeting on the Mathematics of Language
(pp.369–381).AcademicPress.

Jarvis,R.A.,&Patrick,E.A.(1973).ClusteringUsingaSimilarityMeasureBasedonSharedNearNeighbors.
IEEE Transactions on Computers,22(11),1025–1034.doi:10.1109/T-C.1973.223640

Java,A.,Song,X.,Finin,T.,&Tseng,B.(2007).WhyWeTwitter:UnderstandingMicrobloggingUsageand
Communities.InProceedings of the 9th WebKDD and 1st SNA-KDD 2007 workshop on Web mining and social 
network analysis(pp.56–65).SanJose,CA:ACM.doi:10.1145/1348549.1348556

Li,C.,Sun,A.,&Datta,A.(2012).Twevent:Segment-basedEventDetectionfromTweets.InProceedings of 
the 21st ACM International Conference on Information and Knowledge Management(pp.155–164).Maui,HI:
ACMPress.doi:10.1145/2396761.2396785

Li,C.,Weng,J.,He,Q.,Yao,Y.,Datta,A.,Sun,A.,&Lee,B.(2012).TwiNER:NamedEntityRecognition
inTargetedTwitterStream.Proceedings of the 35th Annual Special Interest Group on Information Retrieval 
Conference.doi:10.1145/2348283.2348380

Li,R.,Lei,K.H.,Khadiwala,R.,&Chang,K.C.C.(2012).TEDAS:ATwitterBasedEventDetectionand
AnalysisSystem.InProceedings of the 2012 IEEE 28th International Conference on Data Engineering(pp.
1273–1276).IEEE.doi:10.1109/ICDE.2012.125

Madani,A.,Boussaid,O.,&Zegour,D.E.(2014).What’sHappening:ASurveyofTweetsEventDetection.In
Proceedings of the Third International Conference on Communications, Computation, Networks and Technologies
(pp.16–22).Nice,France:AcademicPress.

Nicolaos,P.,Ioannis,K.,&Dimitrios,G.(2016).DetectingEventsinOnlineSocialNetworks:Definitions,
TrendsandChallenges.In.LectureNotesinComputerScience:Vol.9580.Solving Large Scale Learning Tasks. 
Challenges and Algorithms(pp.42–84).Cham:Springer;doi:10.1007/978-3-319-41706-6_2

Papadopoulos,S.,Corney,D.,&Aiello,L.M.(2014).SNOW2014DataChallenge:AssessingthePerformance
ofNewsTopicDetectionMethodsinSocialMedia.Proceedings of the SNOW 2014 Data Challenge.

Pedregosa,F.,Varoquaux,G.,Gramfort,A.,Michel,V.,Thirion,B.,Grisel,O.,&Duchesnay,É.et al.(2011).
Scikit-learn:MachineLearninginPython.Journal of Machine Learning Research,12,2825–2830.doi:10.1007/
s13398-014-0173-7.2

Phuvipadawat,S.,&Murata,T.(2010).BreakingnewsdetectionandtrackinginTwitter.In2010 IEEE/WIC/
ACM International Conference on Web Intelligence and Intelligent Agent Technology (pp.120–123). IEEE.
doi:10.1109/WI-IAT.2010.205

Popescu,A.-M.,Pennacchiotti,M.,&Paranjpe,D.(2011).ExtractingeventsandeventdescriptionsfromTwitter.
InProceedings of the 20th International Conference companion on World Wide Web(pp.105–106).Academic
Press.doi:10.1145/1963192.1963246

Qin,Y.,Zhang,Y.,Zhang,M.,&Zheng,D.(2013).Feature-RichSegment-BasedNewsEventDetectionon
Twitter.InSixth International Joint Conference on Natural Language Processing(pp.302–310).Nagoya,Japan:
AsianFederationofNaturalLanguageProcessing.

http://dx.doi.org/10.1111/coin.12017
http://dx.doi.org/10.1109/T-C.1973.223640
http://dx.doi.org/10.1145/1348549.1348556
http://dx.doi.org/10.1145/2396761.2396785
http://dx.doi.org/10.1145/2348283.2348380
http://dx.doi.org/10.1109/ICDE.2012.125
http://dx.doi.org/10.1007/978-3-319-41706-6_2
http://dx.doi.org/10.1007/s13398-014-0173-7.2
http://dx.doi.org/10.1007/s13398-014-0173-7.2
http://dx.doi.org/10.1109/WI-IAT.2010.205
http://dx.doi.org/10.1145/1963192.1963246


International Journal of Organizational and Collective Intelligence
Volume 9 • Issue 3 • July-September 2019

62

Sakaki,T.,Okazaki,M.,&Matsuo,Y.(2010).EarthquakeShakesTwitterUsers:Real-timeEventDetection
bySocialSensors.InProceedings of the 19th International Conference on World Wide Web(pp.851–860).
AcademicPress.doi:10.1145/1772690.1772777

Van Canneyt, S., Feys, M., Schockaert, S., Demeester, T., Develder, C., & Dhoedt, B. (2014). Detecting
NewsworthyTopicsinTwitter.InProceedings of the SNOW 2014 Data Challenge(pp.25–32).Seoul,South
Korea:AcademicPress.

Vilaça,A.,Antunes,M.,&Gomes,D.N.(2015).TVPulse:detectingTVhighlightsinSocialNetworks.10th 
Conference on Telecommunications.

Fernando José Fradique Duarte, Master, Informatics Engineering, University of Aveiro, graduated in Informatics 
Engineering, University of Aveiro in 2015.

Óscar Narciso Mortágua Pereir graduated in 1983 in Electronics and Telecommunications Engineering at the 
University of Aveiro (UA). Then, he devoted several years to research and development activities in several private 
companies. In 2013 he completed the doctoral program MAP-i and obtained a PhD degree in computer science. 
Since then he is an Auxiliary Professor in the Department of Electronics, Telecommunications and Informatics at 
the UA. Currently, he is also a researcher at the Telecommunications Institute in Aveiro. His main research activities 
are focused on Information Security, Big Data and IoT. He has published more than 40 papers in international 
conferences, international journals and book chapters. He has been also playing several roles in international 
conferences and journals, such as in TPC, TPC Co-Chair and Editorial Board.

Rui L. Aguiar is full Professor at the University of Aveiro where he received his PhD degree in 2001 in electrical 
engineering. He has been an adjunct professor at the INI, Carnegie Mellon University and is invited researcher 
at Universidade Federal de Uberlandia. His current research interests are centered on the implementation of 
advanced communication systems and he has more than 400 published papers. He is a member of the steering 
Board of the Networld 2020 ETP. He has served as Technical and General Chair of several conferences and is 
Associate Editor of several journals. He is a member of ACM and a senior member of IEEE.

http://dx.doi.org/10.1145/1772690.1772777

