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Geo-Tagging News Stories Using 
Contextual Modelling
Md Sadek Ferdous, University of Southampton, Southampton, United Kingdom

Soumyadeb Chowdhury, Singapore Institute of Technology, Singapore, Singapore

Joemon M Jose, University of Glasgow, Scotland, United Kingdom

ABSTRACT

Withtheever-increasingpopularityofLocation-basedServices,geo-taggingadocument-theprocess
ofidentifyinggeographiclocations(toponyms)inthedocument-hasgainedmuchattentioninrecent
years.Therehavebeenseveralapproachesproposedinthisregardandsomeofthemhavereportedto
achievehigherlevelofaccuracy.Theexistingapproachesperformwellatthecityorcountrylevel,
unfortunately,theperformancedegradesduringgeo-taggingatthestreet/localitylevelforaspecific
city.Moreover,thesegeo-taggingapproachesfailcompletelyintheabsenceofaplacementionedin
adocument.Inthispaper,analgorithmispresentedtoaddressthesetwolimitationsbyintroducing
amodelofcontextswithrespecttoanewsstory.Thealgorithmevolvesaroundtheideathatanews
storycanbegeo-taggednotonlyusingplace(s)foundinthenews,butalsousingcertainaspectsofits
context.Animplementationoftheproposedapproachispresentedanditsperformanceisevaluated
onauniquedatasetwherefindingssuggestanimprovementoverexistingapproaches.

KeywoRdS
Contextual Modelling, Evaluation, Geo-Tagging, Information Retrieval, Text Mining

INTRodUCTIoN

With the ever-increasing popularity of Location-based Services, geo-tagging a document - the
processofidentifyinggeographiclocations(toponyms)inthedocument-hasgainedmuchattention
inrecentyears.Insuchservices,geographiclocationsactasthegluethatbindtogetherdisparate
documentsets(suchastextualcontents,imagesandvideos)frommultipledatasources.Devicesthat
producemultimediadocumentssuchasimagesandvideosareequippedwiththecapabilitytohave
additionalsensors(GPSsensors)thatcangeo-tagtherelateddocumentwithgeographicinformation
suchaslatitudeandlongitudeandtherespectiveinformationisstoredinametadataalongwiththe
correspondingdocument.Webservicesthataccumulatesuchdocuments(e.g.YouTubeandFlickr)
canretrievesuchinformationautomatically.Inaddition,suchservicesallowanyusertomanuallytag
anymultimediadocumentwithgeographiclocationsincasesthedocumentsarenotgeo-taggedby
theircapturingdevices.Unfortunately,thegeo-taggingprocedureisrathercumbersomefortextual
documentsandgenerallyreliesonmanualhumaninput.Therehavebeenseveralworkstoaddress
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thislimitationandsomeofthemhavereportedtoachievehighlevelofaccuracyasreportedin(Ding,
2000),(Amitay,2004),(Garbin,2005),(Lieberman,2007),(Andogah,2012)and(Ignazio,2014).

Aspartofalarge-scaleproject,wehavebeencollectingnewsstoriesaboutacountryfromthe
country-specificRSSfeedofdifferentonlinenewswebsitesonadailybasisforaroundayear.The
mainideaistoaggregatethisdatasetwithothermodesofpublicdatasuchassocialmediapostsfrom
Twitter;multimediadatafromimagesharingwebsitessuchasFlickranddatafromwearablesensors
suchaslifeloggersandGPStrackerstocreateauniquemulti-modal(textualaswellasmultimedia)
setofdataaboutaparticulargeographiclocation.Thiswillencodeexperiencesfrommultipleuser
perspectivesandhasenormouspotentialinexploitingforpublicbenefit.Oneofthecorechallenges
fordealingwithsuchheterogeneoussetofdataistodefinetheparametersthatcanbeusedtolink
themtogetherfordifferentuse-casescenarios.Amongseveralparameters,thespatio-temporalattribute
pairisthesimplestofchoicesduetotheiromni-presenceinallourdatasetsexceptinnewsstories.

Newsstories,mostlytextual,areequippedwithatemporalattribute(intheformofatimestamp)to
highlightthetimeanddateofpublication,however,lackanyaccompanyingmetadatatopublicisethe
spatialattribute,eventhougheverynewsgenerallyhasageographicfocusinit(Andogah,2012).The
lackofanyspatialattributemakesitachallengingtasktogeo-taganewsstoryinanautomaticfashion.
Togeo-tagourcollectionofnewsstories,wehavebeenlookingforpubliclyavailablegeo-tagging
APIs.CLAVIN(CLAVIN,2016)andCLIFF(Ignazio,2014)and(CLIFF,2015)aretwosuchAPIs.

AfterutilisingCLAVINandCLIFFoverasubsetofournewsdataset,wehavenoticed the
followingshortcomings:

• Theyfailtogeo-tagadocumentintheabsenceofdirectmentionsofalocation;and
• Theyfailtocreateanassociationbetweenafine-grainedlocationandacityincasesaTextual

documenthasbeengeo-tagged.

Whatwemeanbyafine-grainedlocationisatthegranularityofastreetoralocalityinacity.
AnexampleofalocalityisChelseainLondonandanexampleofastreetisKing’sRoadinLondon,
UK.Withoutaproperassociationbetweensuchfine-grainedlocationsandacity,itopensupthedoor
fordisambiguity,sincemanycitiesmaysharethesamenameforalocalityorastreet.Thereasonfor
ourinterestinsuchfine-grainedlocationsisthatitallowsustolinksuchnewswithotherdatasets,
especiallylifelogsandGPStrails,whicharesupplementedwithsuchfine-grainedgeo-information.

Inthispaperweinvestigatethewaystheabovementionedproblemscanberectified.Especially,
weinvestigatehowamathematicalmodelofcontextwithrespecttoanewsstorycanbedeveloped
andhowsuchamodelcanberelatedwithamathematicalmodelofgeo-tagginganditsalgorithmic
implementationtorectifysuchproblems.

Inparticular,weseekanswerstothefollowingresearchquestions:

[RQ-1]:Canwedevelopamathematicalmodelofcontextrelatedtonewsstoriesandrelatewitha
mathematicalmodelofgeo-tagging?

[RQ-2]:Canweexploitthenewscontextmodeltogeo-tagnewsintheabsenceofdirectmentions?
[RQ-3]:Canweexploitthenewscontextmodeltogeo-tagnewsatstreetgranularitylevelconsidering

thedisambiguitythatmayoccur?

Withthisintroduction,thepaperisorganisedasfollows.WedescribetherelatedworkinSection:
RELATEDWORK.Section:GEO-TAGGINGMODELLINGintroducesourmathematicalmodel
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of context and geo-tagging for a news story. In Section: IMPLEMENTATION, we discuss our
implementationalongwiththealgorithmthatutilisesourmodelofcontextforgeo-tagginganewsstory.
WedescribeourevaluationprocedureinSection:EVALUATIONandpresenttheresultsinSection:
RESULT.Weanswerourresearchquestions,discusstheadvantagesandhighlightthelimitationsof
theproposedapproachinSection:DISCUSSION.WeconcludeinSection:CONCLUSION.

ReLATed woRK

Oneoftheearliestworksongeo-taggingtextualwebresourceswasreportedin(Ding,2000)wherethe
authorsintroducedheuristictechniquesforautomaticallydetectingthegeographicalscope(s)within
theresource.Thetechniquesreliedontheanalysisoftextualcontentsandexaminingthegeographical
distributionofhyperlinkswithintheresources.Anevaluationoftheirreportwascarriedoutover
150webresourcesandmorethan75%precisionandrecallwasreported.Finally,ageo-awaresearch
enginewasdevelopedusingtheirproposedapproachtoshowthesuitabilityoftheirapproach.The
authorsmainlyfocusedonthecitylevelgranularityanditwasnotinvestigatediftheapproachwould
besuitableforstreet/localitylevelgranularity.

An influential work for geo-tagging web documents was presented in (Amitay, 2004). The
paperdescribedadataminingapproachutilisingagazetteer (anatlasenlisting thenamesof all
places)tolocateplacesmentionedwithinthedocumentaswellastodeterminethegeographicfocus,
representingthebroaderlocalitysuchascitiesorstates,ofthedocument.Theauthorsalsodiscussed
mechanismstoresolvetwotypesofambiguities:geo/non-geoandgeo/geo.Thefirstambiguitydepicts
thescenarioswhenalocationnameissimilartoanynon-geographicname,e.g.Turkey,whereasthe
secondambiguity(geo/geo)illustratesthescenarioswhenplacesindifferentcountriessharethesame
name,e.g.London,EnglandandLondon,Canada.Basedontheevaluationover600webpages,the
authorsreportedaprecisionof82%forindividualgeo-tagsandaprecisionof91%indeterminingthe
geographicfocusofthenews.Theirpaperalsodidnotinvestigateiftheapproachwouldbesuitable
forstreet/localitylevelgranularity.

Oneofthemajorchallengesingeo-taggingadocumentistohandledisambiguity.Inthisregard,
theauthorsin(Garbin,2005)presentedanapproachbasedonunsupervisedmachinelearningby
aggregating twopublicly available gazetteers. At first, ambiguous locations weredisambiguated
automaticallybyapplyingpreferenceheuristicswhichactedasatrainingdatasetforthemachine
learner.Next,themachinelearnerwasusedtodisambiguateambiguouslocationsfromotherdata.
Theirresultoftheirapproachwascomparedwithahuman-annotatednewscorpuscontaining7,739
documentswith78.5%precision.

Liebermanet.al.presentedaSpatio-TextualsearchenginecalledSTEWARDwhichisasystem
forgeo-tagging,determininggeographicfocus,querying,andvisualisinggeographiclocationsin
textdocumentsin(Lieberman,2007).Theauthorsutilisedadocumenttaggertoextractpotential
referencesoflocationswhicharethenresolvedtogeographiclocationsusingtwogazetteers.Toresolve
disambiguity,theyformulatedanalgorithmcalledPairStrengthAlgorithm.Thealgorithmutilisedthe
frequencycountofambiguouslocations,theirdistancewithinthedocument,theirgeodesicdistance
andtheirpopulations.Thedocumentdistanceisameasurementofoffsetbetweenapairoflocations
fromthestartofthedocument.AnalgorithmcalledContext-AwareRelevancyDetermination(CARD)
wasformulatedtodeterminethefocusofthedocument.Then,theproposedapproachwasapplied
todesignanddevelopasystemthatvisualisesthedocumentontoamapallowingdocumentretrieval
basedonspatio-textualqueries.Toresolvedisambiguity,wehaveadoptedasimilarapproachas
documentdistanceforcalculatingthedistancebetweenacitynameandstreetname(calledvicinity
scoreinourapproach,seeSection:IMPLEMENTATION)mentionedinthenews.

WiththeassumptionthateverysingledocumentinanIR(InformationRetrieval)Systemandthe
querytoretrievesuchdocumentsfromthesystemhasageographicfocus,Andogahet.al.presented
anapproachfordetermininggeographicscopeofadocument(Andogah,2012).Then, thescope



International Journal of Information Retrieval Research
Volume 7 • Issue 4 • October-December 2017

53

hadbeenutilisedfortoponymresolution,relevancerankingandqueryexpansion.Thegeographic
scopewasdeterminedbyextractingnamedentitiesusingaNamedEntityRecognizer(NER)tool.
Especially, theyexploited thehierarchicalstructureof thenamedplacesandpeople,particularly
politicalandgovernmentleaders,todeterminethescopeofthedocument.Then,theyemployeda
heuristicalgorithmforresolvingambiguity.Finally,theauthorsdescribedhowtheirapproachcould
beusedforqueryexpansionandrelevanceranking.Anevaluationwascarriedoveradatasetcalled
TR-CoNLLcontaining946documents (Leidner, 2006).They reportedanaccuracyof79%over
manuallyannotatedarticlesfromthedatasetforgeographicresolutionaswellasanaccuracyof
71%-80%overmanuallyannotatedarticlesfortoponymresolution.

A recent work on geo-tagging the news article was presented in (Ignazio, 2014) where the
authorsextendedanexistinggeo-taggingAPIcalledCLAVIN(CLAVIN,2016)byapplyingafew
heuristicsbasedonthemethoddescribedin(Amitay,2004).Theirapproachdeterminedthefocusof
anewsarticleaswellasallplacesmentionedinthearticle.Theyreported95%accuracyoverasmall
manuallyannotateddatasetof75newsand90%-91%accuracyindeterminingfocusatthecountry
levelusingseparate10,000samplesfromtheNewYorkTimesAnnotatedCorpus(Sandhaus,2008)
andReutersRCV-1Corpusrespectively(Sandhaus,2004).

ThereareseveralcommercialAPIsavailableforgeo-taggingtextualdocumentssuchasnews
stories,e.g.OpenCalais(OpenCalais,2016),Placespotter(Placespotter,2016)andGeoTag(GeoTag,
2016),however,wehavebeenlookingforpubliclyavailableAPIssothattheycanbeextendedto
meet our requirements. We have found two such APIs, namely, CLAVIN (CLAVIN, 2016) and
CLIFF(CLIFF,2016).Betweenthesetwo,CLIFFisbasedonCLAVINandhasextendedCLAVIN’s
capability.Moreover,ithasbeenreportedtoachievebetterperformancethanCLAVINin(Ignazio,
2014). Therefore, we have selected CLIFF for our experiment. CLIFF utilises Stanford NER
(StanfordNER,2016)toextractnamedentitiesandthenappliesafewheuristicstogeo-tagthenews
andtodetermineitsgeographicfocus.EventhoughCLIFFcanidentifyastreet/locality,itdoesnot
associateastreetwithacity.Inaddition,alltheworksdiscussedabovemainlyfocusedeitherona
countryoracitylevelanddidnotinvestigateiftheirapproachwouldbesuitableforstreetorlocality
levelgeo-tagging.Furthermore,theirapproachwouldfailintheabsenceofdirectmentionsoflocations.

Havingbeeninspiredbytheworkof(Lieberman,2007)and(Ignazio,2014),wewouldliketo
investigateifthementionedshortcomingscanbehandledandtheeffectivenessofgeo-taggingcanbe
improvedbyintroducingandexploitingamathematicalmodelofcontextandgeo-tagginginrelation
toanewsstory.Toourknowledge,thisisthefirstattempttoformaliseacontextwithrespecttoa
newsstoryandthentoapplythatcontextforgeo-taggingnewsstories.

Geo-TAGGING ModeLLING

Inthissection,wedefineourmathematicalmodelofcontextofanewsstory.Atfirst,wedefinethe
termContext.Next,wedefineamodelofspatiallocationinformation.Finally,werelatecontextual
informationwithspatial location informationbyformallydefining theprocessofgeocodingand
geo-tagging.

Contextual Information
Theterm“Context”(alsoknownascontextualinformation)hasbeenpopularisedfromthedomain
ofContext-awareservices.Interestingly,whatthetermContextmeansinhighlydebatedandithas
beendefinedinnumerousways.SchilitandTheimerusedthetermcontext-awareforthefirsttime
in(Schilit,1994)wheretheydescribedcontextsaslocations,identitiesofnearbypeople,objectsand
changestothoseobjects.Similarly,Ryanetal.regardedcontextsastheuser’slocation,environment,
identityandtime(Ryan,1997).Hulletal.representcontextsasdifferentaspectsofthecurrentsituation
(Hull,1997).Oneofthemostaccurateandwidely-useddefinitionsisgivenbyAbowdetal.wherea
contexthasbeendescribedas“anyinformationthatcanbeusedtocharacterizethesituationofentities
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(i.e.,whetheraperson,placeorobject)thatareconsideredrelevanttotheinteractionbetweenauser
andanapplication,includingtheuserandtheapplicationthemselves”(Abowd,1999).

InthedomainofInformationRetrieval,acontextisusedtodefinethestateofauser(includingthe
user’sspatio-temporalattributes,interests,previousretrievalhistoriesandsoon)andsuchinformation
canbeusedasaknowledgebaseinordertoachievehigheraccuracyduringinformationretrieval
(Gross,2002).Interestingly,inaninformationretrievalsystemwhichmainlydealswithnewsstories
(asinours),howanewsstoryisstructuredcanoffervaluableinsights,whichcanbesupplemented
withthecontextofausertoachievehighlyaccurateretrievalresults.

Anewsstoryoutlinesafactualstorybyanswering5corequestionsofwho,what,where,when
andwhy(Errico,1997).Oftheseanswers,theanswerofwhohighlightsthenamedentitiessuchas
peopleororganisationsmentionedinthenewswhereastheanswersofwhenandwherehighlightthe
temporalandaspatiallocationinformationrespectivelyregardingthenews.Theanswersofwhatand
whyrepresentthecontentsofthenewsandcanbeusedtoclassifythenews.Thecombinedanswers
ofthesequestionsessentiallydefinethestateofanews,muchlikethewayacontextdefinesthestate
ofauser.Thismotivatesustodefinethecontextofanewsinthefollowingway:

Definition 1:Thecontextofanewsstoryconsistsofthenamedentitiesandthetemporalandaspatial
locationinformationmentionedinthenewsaswellasthecategoriesdepictingtheclassification
ofthenews(seeFigure1).

Itisimportanttounderstandthatthelocationinformationinsuchacontextmerelyrepresents
anaspatiallocationallydescriptivetext,usuallyidentifiedbyaNamedEntityRecognizer(NER)and
hence,isnotavalidspatialrepresentationofalocation.

Figure 1. Modelling contexts of a news
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Mathematically,letP denotethesetofpeople, LN denotethesetofaspatiallocationnames,
T denotethesingletonsetdepictingatimestampandO denotethesetoforganisations.Then,the
contextofanewscanbedefinedusingthefollowingset:

INFO P LN T OCONTEXT = ∪ ∪ ∪ 

where,P P⊆ , LN LN⊆ andO O⊆ .

Spatial Location Modelling
Aspatiallocationdescribesthephysicallocationofalocationnameandisrepresentedusinggeospatial
coordinatessuchaslatitudeandlongitude(Research,2016).Tomodelaspatiallocation,weassume
atreestructurewheretheworldistherootofthetreeandallcountriesintheworldisitsfirstlevel
children.Acountryisassumedtobedividedindifferentcitiesconsistingofroads,localitiesand
postcodes.Themodelispresentedbelow.

LetC denotethesetofallcountriesintheworldandCITYc denotethesetofallcitiesina
country c C∈ .Wedefinethesetofallroadsin city CITYc∈ ofacountry c with Rcity .Each
countrydefinesitsownformatofapostcode.Withoutspecifyingwhatthatformatis,weassumethat
apostcodeisassignedtoacollectionofoneormoreroadswithinaspecificcity.Wedenotetheset
ofpostcodeswithPCcity forcity CITYc∈ .Torelateapostcodewiththecorrespondingroads,we
definethefollowingfunction.

Definition 2:Let pcToRoads PC P Rcity city: → ( ) bethefunctionthatreturnsthesetofroads

whicharepartofthatpostcodein city CITYc∈ .

Inversely,wecandefineanotherfunctioncalled, roadToPC whichgivenaninputofaroad
willreturnthepostcodeofthatroad.Formally:

Definition 3:Let roadToPC R PCcity city: → bethefunctionthatreturnsthepostcodeofthat
roadin city CITYc∈ .

Forexample,ifweassumethatthepostcode p PCcity∈ isassignedforroads r1 , r2 and r3 in
the city CITYc∈ ,then:

pcToRoads p r r r( ) = { }1 2 3
, , 

roadToPC r p roadToPC r p and roadToPC r p
1 2 3( ) = ( ) = ( ) =,    

Anexampleofaroadalongwithitspostcodeis176King’sRoad(depictingtheroad),SW34UP
(depictingthepostcode)incityLondon,UK.

Next,wedefinealocalityasthecollectionofseveralpostcodeswithinacityanddenotetheset
of localitieswithinacityas LOCcity .Likeabove,wedefinethefollowingfunctionstorelatea
postcodewithalocalitywithinacity.
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Definition 4:LetlocToPC LOC P PCcity city: ( )→ bethefunctionthatreturnsthesetofpostcodes
whicharepartofthatlocalityin city CITYc∈ .

Definition 5:Let pcToLoc PC LOCcity city: → bethefunctionthatreturnsthelocalityofthat
postcodein city CITYc∈ .

Forexample,ifweassumethatalocalityloc LOCcity∈ consistsof p1 , p2 and p3 postcodes
in city CITYc∈ ,then:

locToPC loc p p p( ) = { }1 2 3
, , 

pcToLoc p loc pcToLoc p loc and pcToLoc p loc
1 2 3( ) = ( ) = ( ) =,    

AnexampleofalocalityinLondon,UKisChelseaconsistingofseveralpostcodesandoneof
itspostcodesisSW34UP.Itmayhappenthatforacountryorevenforacityinacountrythereisno
definedlocality.Insuchcases,thelocalitysetforthatcity LOCcity( ) willrepresentanemptyset.

Finally,wedefinealocationasanorderedpairconsistingofaroad,alocality,apostcode,acity
andacountry.Formally,thesetoflocationsforacity city CITYc∈ incountry c C∈ isdenoted
as Lcity andisdefinedas:

L r loc pc city ccity = ( ){ }, , , , 

where:

r R loc LOC pc PC city CITY and c Ccity city city c∈ ∈ ∈ ∈ ∈, , ,     

Anexampleofanelementofthelocationsetcanbegivenasfollows:

l r pcToLoc roadToPC r roadToPC r city c= ( )( ) ( )( )1 1 1
, , , , 

where l Lcity∈ , roadToPC r1( )  resolves the rode to the corresponding postcode and

pcToLoc roadToPC r1( )( )  resolves the road to the postcode which is then resolved to the
correspondinglocality.Anexampleofalocationwherealocalityisdefinedis:176King’sRoad,
Chelsea,SW34UP,London,UK.Anotherexampleofalocationwherealocalityisnotdefinedis:
29EthelbertRoad,CT13NF,Canterbury,UKwhereCanterburyisacity,notalocality,intheUK.

Then,wecandefinethesetoflocationsforacountryc C∈ astheunionofthelocationsetfor
allcitiesinthatcountryandtheuniversallocationset(denotedasL )canbedefinedastheunionof
thelocationsetofallcountriesintheworld.Formally:

L L city CITY and L L c CC city c C= ∪ ∈ = ∪ ∈{ | } { | }  
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Theremayexistdifferentwaysaspatialinformationcanberepresented.Inthispaper,weassume
thataspatialinformationisrepresentedusingalocationasdefinedaboveandageographiccoordinate
asdefinednext.

Ageographiccoordinateconsistsofalatitudeandlongitude.Wedenotethesetoflatitudesas
LAT andthesetoflongitudesasLON .Formally,ageographiccoordinateisdenotedasCOORD 
andisdefinedasanorderedpairoflatitudeandlongitude:

COORD lat lan lat LAT and lon LON= ( ) ∈ ∈{ , | }  

Wedenotethesetofspatialinformationas INFOSPATIAL anddefineitasanorderedpairof
locationandcoordinatesinthefollowingway:

INFO Bcoord B L and coord COORDSPATIAL = ( ) ∈ ∈{ , | }  

Geocoding and Geo-Tagging Modelling

Torelatecontextualinformation INFOCONTEXT( ) withspatialinformation INFOSPATIAL( ) ,we
definetheconceptofgeocoding.In(Goldberg,2008),Geocodingisdefinedas:“theactoftransforming
aspatiallocationallydescriptivetextintoavalidspatialrepresentationusingapredefinedprocess”.
Formally,wedefinethegeocodingprocessasafunctionasfollows:

Definition 6:Let geocoding C INFO T INFOCONTEXT SPATIAL: ( \ )× → bethefunctionthat,
giventheinputsofacountryandanycontextualinformationexceptatimestamp,returnsthe
spatialinformationforthatcontextwithinthatcountry.

Thecountryintheinputofthe geocoding functionisusedtorestrictthegeographic
focusontoaspecificcountryandisutilisedbythegeocodingservicessuchasGeocode.Farm
API(Geocode,2016).

AsmentionedinSection1,ageo-taggingprocessidentifieslocationswithinadocument.This
ismerelyaninformalambiguousdefinitionasalocationinformationcanbeaspatial(asdefinedin
INFOSPATIAL orspatial(asdefinedin INFOCONTEXT ).Arigorousformaldefinition,hence,should
eliminatesuchambiguity.Furthermore,toresonatewiththescopeofthispaper,wemainlyfocuson
geo-taggingnewsstories.Withthisgoalinmind,wedefinethegeo-taggingprocessforanewsstory
asafunctioninthefollowingwaywhereN isthesetofnewsstories:

Definition 7:Letgeo tagging N C P INFOnews SPATIAL− × →: ( ) bethefunctionthat,giventhe
inputsofanewsandacountry,returnsthesetofspatiallocationinformationwhichareidentified
inthatnewsandlocatedwithinthatcountry.

AsinDefinition6,thecountryinputinthe geo taggingnews− functionisusedtorestrictthe
geographicfocusontoaspecificcountry.

SUMMARy

Ourmodelofgeo-tagginganewsstoryissummarisedinFigure2.Inessence,ourmodelconsistsof
differentatomicsets(P ,LN ,O ,R ,PC andsoon)andcombinedsets( Lcity , INFOCONTEXT ,
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INFOSPATIAL andsoon)whichareusedtorepresentdifferententities,attributesandgeographical
properties.Forexample, INFOCONTEXT encodesthenotionofcontextualinformationwithrespect
toanewsstorywhereas INFOSPATIAL representsaspatiallocationofacitywithinacountryalong
with its coordinates.Themodel alsoconsistsofdifferent functions thatdefine the inter-relation
betweenthespecifiedsetsusingmathematicalfunctions.Amongalldefinedfunctions,geocoding 
andgeo taggingnews− areofparticularinterest.Thegeocoding functionillustratestheconcept
ofconvertingacontextintoaspatiallocationsconsistingofthecorrespondingcoordinates.Onthe
otherhandthe geo taggingnews− functionillustratestheconceptoftagginganewswithaspatial
informationandprovidesapowerfulabstractionthathidesawaytheinternalgeocodingprocess.

These twofunctions, in reality,provide theblue-print fordevelopingalgorithms thatcanbe
utilisedtoimplementanimprovedgeo-tagger.Inthenextsection,weelaboratehowwehaveachieved
thesegoals.

IMPLeMeNTATIoN

Toutilisethemodelofcontext,anapplication,calledGeo-Tagger,hasbeendesignedandimplemented.
Theapplicationutilisesanalgorithm,calledGeo-Taggingalgorithm(seebelow),whichrevolves
aroundtheideathatthereareotheraspectsofacontext,apartfromalocation,thatcanbeusedto
geo-taganews.Especially,weseektoexploitinformationregardingorganisationsfoundinanews
storyforgeo-taggingthestory.Insuch,ourideagoesbeyondthetechniquesutilisedbyexisting
geo-taggingtoolssuchasCLAVINandCLIFFwhereonlylocationinformationwasexploitedfor
geo-tagging.Otheraspectsofacontextsuchaspeopleandtimestamphavenotbeenconsideredfor
ourcurrentimplementation.Thisisbecauseatimestamphasnogeographiclocationassociatedwith

Figure 2. Geo-tagging model
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it.Furthermore,eventhoughpeople,particularlypoliticalleaders,havebeenexploitedingeo-tagging
anewsin(Andogah,2012),wearguethatthisisquitetrickyandcanbesusceptibletoerrors,since
thelocationofapersonisnotstationary.

The architecture of the Geo-Tagger is illustrated in Figure 3. The application relies on the
followingcomponents:

• TheStanfordNamedEntityRecognizer (NER),which isused toextractnamedentitiesand
aspatial location information such as locations, persons and organisations within a news
(StanfordNER,2016)representingthesetofcontextualinformation INFOCONTEXT( ) ;

• Geocode.FarmRESTAPI(Geocode,2016),whichhasbeenusedtogeocodeanamedentity
(consideredasanimplementationofthe geocoding function);

• Adatabasefromwhereanewstoryisretrievedandtowheretheresultaftergeo-taggingthe
newsisstored;

• Aninputfilecontainingboundingboxcoordinatesofthecorrespondinggeographiclocation;and
• TwoalgorithmscalledGeo-TaggingAlgorithmandAmbiguityResolutionAlgorithm(ARAin

short)describedbelow.

Sinceournewscollection(denotedas N )primarilyconsistsofnewsstoriesfromaspecific
country,themainfocusoftheGeo-Taggeristoidentifylocationswithinthatcountry.Thebounding
boxcoordinatesspecifiedintheinputfileisusedtofilteroutanyotherlocationsoutsideofthis
boundingbox.Inthisway,theboundingboxcoordinatesintheinputfileactsasthegeographicfocus
specifiedbytheuserandrepresentsacountry c C∈ cforthe geo taggingnews− function.This
isincontrastwithanyexistingapproachwherethegeographicalfocusisdetectedautomatically.The
advantageofourapproachwillbediscussedinSection:Advantages.

Theflowforgeo-tagginganewsstoryisasfollows.TheuseroftheGeo-Taggerinputsthe
requiredboundingboxcoordinatesintotheinputfile.Anewsisfetchedfromthedatabaseand
ispassedintotheGeo-Taggingalgorithm(Algorithm1)alongwiththeinputfile.Thealgorithm
processesthefileandoutputsthelocationsalongwiththeircoordinates.Thisinformationisthen
storedbackintothedatabasewithareferenceofthenews,indicatingthatthecorrespondingnews
hasbeengeo-tagged.

Figure 3. Architecture of geo-tagger application
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The geo-tagging algorithm (Algorithm 1) essentially is an implementation of the
geo taggingnews− function.Ittakesanews n N∈( ) andaboundingboxofacountry(representing
c C∈ ).Internally,itexploitsthecontextualinformationextractedfromnamedentitiesusingthe
Stanford NER representing the INFOCONTEXT  set. At the first phase, all aspatial locations
LN INFOCONTEXT⊆( ) areprocessedonebyone.Ifsuchalocationpresentsacityhavingthe

coordinates(retrievedusingtheGeocode.FarmAPI)withinthespecifiedboundingbox,thedocument
isgeo-taggedwiththelocation.Ifthelocationrepresentseitheralocalityorastreet,thenthelocation
isfedintotheARA(Algorithm2).Thisisbecausesuchalocationmayexistinmorethanonecity
withinthespecifiedboundingbox.TheARAmayreturnaproperlydisambiguatedlocationandif
so,thenewsisgeo-taggedwiththelocation.TheARAmayalsoreturnalistoflocationsindicating
thelocationsinthenewsarestillambiguous.Insuchcases,thenewsisgeo-taggedwiththelocation
alongwiththisambiguitytagandallmatchedcitiesandisstoredinthedatabase.Atthesecondphase,
allorganisations O INFOCONTEXT⊆( ) areextractedfromthenewsusingtheStanfordNER.The
coordinatesofeachorganisationisthenretrievedusingGeocode.FarmAPIandiftheyarewithinthe
boundingbox,thenewsisgeo-taggedwiththelocationoftheorganisation.

Algorithm1.Geo-taggingalgorithm

Input: a news story n N∈( ), input file (representing c C∈ )

Output: spatial locations identified in the news (a subset of INFOSPATIAL )
1:  → use Stanford NER to extract the set INFOCONTEXT( )  of named 
     entities within the news 
2:  → extract locations LN INFOCONTEXT⊆
3:loop for ln LN∈
4:     if ln  represents a city CITYc∈  then
5:          → utilise the Geocode.Farm API by passing ln  and c  
             and retrieve coordinates i INFOSPATIAL∈( )  of ln within c.
6:          → geotag n  with i
7:     else if ln∈LOCcity  or ln∈Rcity  (i.e. ln  representing a 
        locality or a road in a city) then

8:          → call ARA passing the location ln( )  and the named 
             entities INFOCONTEXT( )  as inputs and retrieve 
             coordinates i INFOSPATIAL∈( )
9:             if i null≠  then
10:                → geotag n  with i
11: end loop
12: → extract the set of organisations locations O INFOCONTEXT⊆
13: loop for o O∈
14:     →utilise the Geocode.Farm API by passing o  and c  and 
           retrieve coordinates i INFOSPATIAL∈( )  of o  within c
15:           if i null≠  then
16:               → geotag n  with i
17: end loop
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Algorithm2.Ambiguityresolutionalgorithm

Input: an aspatial location ln( ) , a news n N∈( ), named entities 
       from the news INFOCONTEXT( )  and a country c C∈
Output: a set of spatial locations i INFOSPATIAL⊆  containing either 
        one or multiple locations 
1:  → retrieve i INFOSPATIAL'⊆  the set of coordinates for ln  in c  
     using the Geocode.Farm API 
2:loop for i i∈ '
3:     if coordinates in i  belong to a city CITYc∈  then

4:          → return i  associating ln  with city
5:  else if coordinates in i  belong to different cities within 
     country c  then
6:          → extract city locations LN INFOCONTEXT⊆
7:              if only one city is found LN =( )1  then

8:                 → return i  associating ln  with city
9:              else if more than one match is found LN >( )1  then

10:                → match between cities extracted in ln  and i
11:                   if only a single match is found then
12:                      → return i  associating ln  with city
13:                   else if more than one match is found then
14:                      → determine the vicinity between ln  and 
                          the matched cities 
15:                      → choose city having the lowest vicinity score
16:                      → return i  associating ln  with city
17:                      → if more than one cities having the 
                          same vicinity score then

18:                         → store all cities in a list l1( )
19:             else if no city is found or list l1 exists then
20:                → extract O INFOCONTEXT⊆
21:                → retrieve locations for each organization 
                    using similar heuristic and return i  
                    associating ln  with city
22: end loop
23: →return l1

TheAmbiguityResolutionAlgorithm(ARA)retrievesthecoordinatesofalocationusingthe
Geocode.FarmAPI.Ifthelocation( ln LN∈ ,mainlyalocalityorastreet)isresolvedtoonlyone
cityhavingthecoordinateswithintheboundingbox,thelocationisassociatedwiththecityandthe
newsisgeo-taggedwiththelocationalongwithitscoordinates.Ifthelocationisresolvedtomore
thanone city, cities residingwithin theboundingboxare selected.Then, aspatial city locations
LN INFOCONTEXT⊆( ) fromthenewsareextractedusingtheStanfordNER.Twolistsofcities

arematched.Ifonlyonematchisfound,thelocationisassociatedwiththematchedcity.Ifmore
thanonematchisfound,thismeansthatthelocationmayresideinanyofthematchedcities.Inthe
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nextstep,avicinityscorebetweenthelocationandmatchedcitiesiscalculated.Avicinityscore
measuresthedistancebetweenthelocationandthematchedcitiesmentionedwithinthenews.The
distanceitselfismeasuredbycountingthenumberofwordsbetweenthelocationandthecity.The
intuitionisthatalocalityorastreetisgenerallymentionedalongwithitscityinthesamesentence
and/orinthesameparagraph.Thelocationisassociatedwiththecityhavingthelowestvicinityscore.
Ifmorethanonecityhasthesameorreasonablyclosevicinityscore,allofthemarestoredinalist
(called l1).Asthelastresortforambiguityresolution,allorganisationsO INFOCONTEXT⊆ are
extractedfromthenewsusingtheStanfordNER.Coordinatesforeachorganisationareretrieved
usingtheGeocode.FarmAPI.Citieshavingthecoordinateswithintheboundingboxarechosenand
arematchedagainstthecitieslistedin l1.Ifonlyonematchisfound,thelocationisassociatedwith
thecityandthenewsisgeo-taggedwiththelocation.Thereasonforthisisthatoftenanewshaving
mentionedalocalityorastreetmaydiscussaboutanorganisationfromthesamecity.However,this
maynotbealwaystrueandthusmayresultinmorethanonematch.Thismeansthatthelocationis
stillambiguousandhence,alistofambiguouslocationsisreturnedbythealgorithm.

eVALUATIoN

The studywith thehighest number evaluateddocumentswas reported in (Ignazio, 2014)which
utilisedNewYorkTimesAnnotatedCorpus(Sandhaus,2008)andReutersRCV-1Corpusrespectively
(Sandhaus,2004),bothannotatedatcountryandcitylevel.However,theevaluationwasnotconducted
forfinergranularity(e.g.street/localitylevel).Toourknowledge,thereisnopubliclyavailabledata
setwhichisannotatedatstreetorlocalitylevel.Hence,acomparativeevaluationwithsuchdatasets
wasnotperformed.Instead,wehavedesignedauserstudywithasmallerdatasetfurtherdiscussed
inSection:OurDataSetbelow.Thisdatasetwasgeo-taggedbytheGeo-Taggerapplicationandused
fortheuserstudy.Themaingoalofthestudyistodemonstratetheeffectivenessofthealgorithmas
wellastoidentifyitslimitations.Thedatasetgenerationprocedure,theuser-studyanditsprotocols
arepresentedbelow.

Reuter data Set
Foralargescalecomparison,wecomparedthecountrylevelresultidentifiedbyGeo-Taggerwith
thereportedresultbyCLIFFusingtheReuterRCV-1Corpus(Sandhaus,2004).TheRCV-1corpus
consistsofover800,000newswhereeachnewsincludesacountrytag.Fromthiscollection,asample
of10,000newswasrandomlyselectedrepresentingourReuterdatasetwhichwerethengeo-tagged
usingCLIFFandtheGeo-Tagger.

our data Set
Ourcollection( n )ofnewsstoriesconsistsofmorethan11,000newsretrievedfromdifferentnews
websitesforaroundaperiodofoneyear,asdiscussedinSection:INTRODUCTION.Atfirst,we
haveutilisedtheCLIFFAPItogeo-tagallnewsstoriesin n generatingtwodatasets:thefirstset,
S1 ,consistingofnewsforwhichCLIFFhasfailedtogenerateanylocationandthesecondset, S2 
consistingofnewsthathavebeengeo-taggedbyCLIFF.Then,fromS1 ,wehavechosen100random
newsrepresentingourfirstevaluationdataset(denotedasEVAL SET−

100
)andfromS2 wehave

selected200randomnewsrepresentingoursecondevaluationdataset(denotedasEVAL SET−
200

).
Next, our application has been utilised to geo-tag these 300 news in EVAL SET−

100
 and

EVAL SET−
200

whicharethenusedtocarryoutthefollowinguserstudy.
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User Study
Theweb-baseduserstudyconsistedof6subjects(Female:2;Male:4;agerange:25-35years).The
subjectswererecruitedbysendinganemailto6differentresearchgroups.SinceEVAL SET−

100


and EVAL SET−
200

primarilyconsistedofnewsfromaspecificgeographiclocation,oneofthe
recruitmentconditionswasthatthesubjectneededtohavegoodfamiliarityregardingthatgeographic
location.Thiswastoensurethatthesubjectcanidentifythelocationappropriatelywithinthatspecific
regionandcanassociatethestreetwithacitywithhigherconfidence.Wereceived8responseswho
agreedtovoluntarilytakepartinourstudy.Amongthem,wechose6,sincetheothertwosubjects
havenotlivedinthatgeographiclocationformorethanayear.Thechosensubjectslivedintothat
geographiclocationformorethanthreeyears,whichensuredthattheyhavehigherfamiliaritywith
thelocation.Moreover,only2subjectswereexpertsinthefieldofIR(subjectarearesearchedinthis
paper),2wereComputingScienceresearchersand2wereconductingtheirresearchinEngineering.
Wedidnotchooseacrowdsourcedevaluationsinceitwouldbedifficulttoensurethegeographical
knowledgeoftheevaluators,whichissignificanttofulfiltheobjectiveoftheevaluation.

Inordertoevaluatetheevaluationdatasets,weassigned100newsstoriestoeachsubject,which
ensuredthateachstorywasevaluatedby2subjects.Inourstudy,eachsubjectwasgivenalinktothe
web-basedstudy,andanaccesskey.Uponaccessingthestudy,alistof100storieswasdisplayedto
them.Uponclickinganewsstory,thetitleandthenewsstorywasdisplayed,withthreequestions.
Thesubjectswereaskedtofirstreadthewholecontent.Then,theywererequiredtocompletethe
followingtasks(i.e.toanswerthequestions):

T1: Ifanysortof locationinformation(i.e.nameofacity,country,etc.)relevant to thenewsis
present in thenews story?T1helpedus togather statistics related to thenumberof stories
havingnolocationinformation.Theseresultswillbefurtherusedtoevaluatetheeffectiveness
ofourapproach,i.e.abilitytofindageo-locationintheabsenceofdirectionmentionsinastory.

T2:Ifastreetname(e.g.JamaicaStreet)oralocalityinformation(e.g.Chelsea)relevanttothenews
ispresentexplicitlyinthenews?T2gatheredstatisticsrelatedtothenumberofstorieshaving
granularlocationinformation(streetname,localityetc.).Theseresultswillbefurtherusedto
demonstratetheeffectivenessofourapproachinabsenceofdirectmentionsofastreet/locality
inastory.

T3:Thesubjectswereshownalistoflocationsgeo-taggedbyGeo-Tagger,andaskedtochoosethe
irrelevantones.T3helpedtofinderroneousgeo-taggedlocations.Theseresultswillbefurther
analysedtoidentifythelimitationoftheproposedalgorithm.

Uponcompletingalltasks,thesubjectswerecontactedtovoicetheiropinionsontherelevance
ofthelocationspresentedtothemduringthestudy.Theresultsobtainedduringthestudyandtheir
analysisalongwiththecollecteduseropinionsarediscussednext.

ReSULT

Inthissection,wepresentourevaluationresults.Atfirst,wepresenttheresultsofourstudywherethe
independentvariablesareuserresponses,CLIFFandGeo-Taggerapplicationwhereasthedependant
variablerepresentstheeffectivenessforeachindependentvariable.Then,wepresentacomparative
resultbetweenCLIFFandGeo-Taggeroverasampleof5,000newsstoriesfromRCV-1corpus.

T1 and T2
Atfirst,weanalysetheresultswithrespecttoT1andT2.Theagreementlevel(i.e.bothsubjects
havingthesameopinion)inrelationtoT1was100andforT2was98.Thedisagreementlevelin



International Journal of Information Retrieval Research
Volume 7 • Issue 4 • October-December 2017

64

thecaseofT2isattributedtothefactthatsomesubjectsconsideredahighwayzone(e.g.A390)as
apartofthestreetinformation,butothersdidnot.Wealsofoundslightdisagreementwithrespect
tolocality.Thehighagreementlevelisattributedtooursubjectdemographics(knowledgeabout
location),whichindeedmadetheresultsobtainedfromtheevaluationvalid.

ThecomparisonofCLIFF,Geo-TaggerandUserevaluationovertheevaluationdatasetwith
respecttoT1andT2ispresentedinTable1alongwiththecorrespondingstandarddeviation(SD
columninTable1)andillustratedinFigure4.From EVAL SET−

100
,theGeo-Taggerisableto

geo-tag78%ofthenewsstories.Thismeansthatfortheevaluationdatasetcomprisingof300news,
thesuccessratio(indicatingthetotalnumberofnewssuccessfullygeo-taggedwithrespectto300
news)forCLIFFis67whereasfortheGeo-Tagger,itis93%-animprovementof26%.

The results from the Geo-Tagger and the user response with respect to T1 and T2 are also
compared.Thesubjectsidentifiedlocationsin260newsoutof300(87%).Thisisduetothefactthat
subjectshavebeenabletoidentifylocationsfromthenameoforganisationsbecauseoftheirlocal
knowledge.However,theyfailedtoidentifyasmanylocationsastheGeo-Tagger(87%vs.93%)
sincetheycouldnotidentifythelocationsofsomeorganisations,e.g.primaryschools,pubs,etc.
Ontheotherhand,thesubjectsidentifiedstreets/localitiesin143newsoutof300(48%)andhence
performedbetterthanCLIFF(15%vs48%).Thisisattributedtotheirlocalgeographicalknowledge
allowingthemtoidentifymanystreetsorlocalities.However,theperformanceofthesubjectswasstill
inferiorcomparedtotheGeo-Taggerwhichidentifiedstreets/localitiesin233newsoutof300(78%).
ThereasonforthisisthattheGeo-Tagger,intheabsenceofastreet/localityname,usedthenamesof
theorganisationstoidentifystreetsorlocalities.Eventhoughthesubjectshadlocalknowledge,they
couldnotresolvethestreet/localityinformationforsomeorganisations.Inthewordsofonesubject:

Table 1. CLIFF vs. geo-tagger vs. user response

CLIFF Geo-Tagger User SD

T1:Location 67% 93% 87% 14%

T2:Street/Locality 15% 78% 48% 32%

Figure 4. Result plot for T1 and T2
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“Ididnotfindanylocationinthenews.IunderstoodthatthesystemidentifiedthelocationusingX
PrimarySchoolmentionedinthenews.However,Ihavenoideawherethisschoolis”.Anothersubject
said:“Evenifthenewsdidnothavealocation,Iwaspresentedwithlocationnames,whichseemed
relevanttothenews,forexample,containedthelocationoftheorganisationsheriffcourtpresented
inthenews.”AnotherinterestingobservationisthecomparisonofT1andT2withrespecttoGeo-
Tagger.Geo-Taggerwasablefindlocationsin93%ofnewswhereasitcouldfindstreets/localitiesin
only78%ofnews.Thereasonisthatthereweremanynewsinwhichtherewasnomentionofstreetor
localities.InmanysuchscenariosGeo-Taggerwasabletoidentifystreets/localitiesusingthelocations
oftheidentifiedorganisationsinthenews.However,thereweresituationswheretheStanfordNER
couldnotfindanyorganisationwhichresultedwithnewsnotgeo-taggedwithstreetsorlocalities.

Anon-parametricKruskal-Wallistestisusedtoexaminethesignificanceoftheresultsobtained
from the three independent groups (UserResponses,Geo-Tagger andCLIFF), in relation to the
numberofnewsstorieshavinglocationinformationinthem(T1).Thetestresultsshowedsignificant
differences χ 2

75 172 2 0 001= = <( ). , , .df p .AMann-Whitneytest(post-hoc)wasconducted
tofollowupthefindingsbyapplyingaBonferronicorrection,toreportalltheeffectsata0.016level
ofsignificance.Thiscorrectionisusedtoreducethechancesofobtainingfalse-positiveresults(type
Ierrors),whenmultiplepair-wisetestsareperformedonasinglesetofdata(especially,whenanon-
parametrictestisusedasapost-hoctest).WeperformedaBonferronicorrection,bydividingthe
criticalpvalue α =( )0 05. bythenumberofcomparisonsbeingmade(i.e.3).Thepost-hoctest

resultsshowedsignificantdifferencesbetweenallpairs p <( )0 001. ,except,UserResponsesand

Geo-Tagger ( p =( )0 018. ). Hence, the statistical test also suggests that the Geo-Tagger is
significantlyeffective(itsabilitytofindlocationsinanewsstory)thanCLIFF.

Anon-parametricKruskal-Wallistestisusedtoexaminethestatisticalsignificanceoftheresults
obtainedfromthethreeindependentgroups,inrelationtothenumberofnewsstorieshavingstreet
l o c a t i o n s  i n  t h e m  ( T 2 ) .  T h e  t e s t  r e s u l t s  s h owe d  s i g n i f i c a n t  d i f fe r e n c e s
χ 2

233 20 2 0 001= = <( ). , , .df p .AMann-Whitneytest(post-hoc)wasconductedtofollow
up the findingsbyapplyingaBonferroni correction, to report all the effects at a0.016 levelof
significance.Thepost-hoctestresultsshowedsignificantdifferencesbetweenallpairs p <( )0 001. .
TheseresultssuggestthattheGeo-Taggerissignificantlyeffective(infindingstreets/localitiesina
newsstory)thanCLIFF.

Insummary,theGeo-TaggerhaseffectivelyfoundspatiallocationsbetterthanCLIFFeven
intheabsenceofsuchinformationinanewsstoryusingourcontextualmodel(Section:GEO-
TAGGINGMODELLING).

T3
Next,weanalysetheresultswithrespecttoT3.Theagreementlevelofthesubjectsinrelationto
T3was95%.Thedifferenceinagreementlevelisattributedtothefactthatsomesubjectschose
subsetlocationsasnon-relevant,evenifthisaccuratelyrepresentedthenews.Forexample,locations
inanewsmayinclude:i)CityXandii)RoadA,CityX.Ourapproachpresentedsuchlocations
becausewewanted to show thecity level scope for anews tohelp the subjects in identifying
irrelevantstreet/locality information.Moreover, in thecaseofsportsnews(e.g. footballmatch
betweenChelseaVsArsenal,bothinLondon,UK),somesubjectsconsideredthenameoftheteams
asrelevantlocations,buttherestdidnot.Furthermore,somesubjectschoseallirrelevantoptions
andothersdidnot.Thisvariationontheagreement,webelieve,isacommonphenomenonsince
differentuserswillhavedifferentsubjectiveopinionsregardinghowalocationcanbeinferred
evenintheabsenceofadirectmention.Inadditiontheiropinionwillbeinfluenceddependingon
theirfamiliaritywithaparticularlocation.
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TheGeo-Tagger identified1118 streets/localities in300news including repetitiveentries in
manylocations,meaningastreet/localitywasfoundinmorethanonenews.Outofthese,79streets/
localitiesweretaggedasirrelevantbytheuserswhichisaround7%of1118,whichwasstatistically
insignificantaccordingtoMann-Whitneytest(p<0.001),i.e.demonstratedtheeffectivenessofthe
algorithm,indicatinganaccuracyofaround93%(seeFigure5).

Foreachstorywitherroneousstreets/localitiesidentifiedbyasubjectinT3,theresultswere
furtherexploredtofindthenatureoferrorsbythetwoexperts.Mostoftheerrorsareattributedto
thewayGeocode.FarmAPIgeocodedalocationname.Forexample,whenAmerica/Hollandorany
othercountrieswerepassedtoGeocode.FarmAPIwithafocusofacity,theAPIresolvedthename
toastreet(e.g.AmericaStreetorHollandStreet)ofthatcity.Webelievethiscanbecorrectedby
applyinganexclusionpolicythatwillexcludethenameofacountryoutsidethechosenscopeunless
thenameissucceededbyareferenceofstreet(e.g.AmericaStreet)inanews.Inaddition,theAPIalso
couldnotgeocodeafeworganisationsproperlyandresolvedtheorganisationnameintoacompletely
anotherorganisationhavingasimilarnameinanothercity.Anexampleofsuchanorganisationisa
supermarkethavingmultiplebranchesinacityorbranchesinmultiplecities.Inthewordsofanother
subject:“Sometimesthelocationwasnotcorrectfortheorganisation.BecauseIcouldseethenews
aboutcityXandcontainedthereferenceoforganisationAwhichwascompletelyresolvedtoalocation
belongingtocityZ”.Onewaytohandlethisistorestrictthescopeduringorganisationresolutionto
thecitymainlyfocusedinthenews.Weplantorectifythisprobleminfuture.

Reuter RCV-1
ThecomparativeresultispresentedinTable2.AsevidentfromTable2,Geo-Taggerperformed
slightlybetterthanCLIFF.ThisimprovementisattributedtothefactthatGeo-Taggerexploited

Figure 5. Result plot for T3

Table 2. CLIFF vs. geo-tagger using RCV-1

Method Sample Size Accuracy

CLIFF 10,000 90%

Geo-Tagger 10,000 92%
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organisations,inadditiontoaspatiallocationsandthishelpedGeo-Taggertogeo-tagnewseven
intheabsenceofdirectmentionsofaspatiallocations.TheaccuracyofGeo-Taggeralmost
resonate with the results obtained using our data set. This demonstrates the effectiveness
ofourapproachoverdifferentdata setsofnewsstories.TheaccuracyofCLIFFusingour
Reuterdatasetisslightlylowerthanwhatwasreportedin(Ignazio,2014).Theexactreason
isdifficulttoestablishsincethesampledistributionin(Ignazio,2014)andusedinthispaper
willmost likelybedifferenteventhoughtheyoriginatedfromthesamedataset.Wecould
notcomparetheeffectivenessofourapproachinfindingthestreet/localitylevelgranularity
overthis10,000datasetsincethenewsstoriesinRCV-1arenotgeo-taggedatthisgranularity
andhence it isnot reported in thispaper.Furthermore, it is important to realise that,even
thoughasmallerdata-setwasusedforcarryingoutthiscomparison,itdoesnotinvalidatethe
comparisonwhatsoeverasthesamedatasethasbeenusedforcarryingoutthecomparison
betweenCLLIFFandourapproach.

dISCUSSIoN

Inthissection,weexploretheresearchquestionsmentionedinSection:INTRODUCTION,highlight
theadvantagesofourapproachanddiscussitslimitations.

Research Questions
WithrespecttoRQ-1,wehavedevelopedamathematicalmodelofcontextforanewsstory(Section:
GEO-TAGGINGMODELLING)consistingofinformationthatanswers5corequestionsofwho,
what,where,whenandwhy.Inthisway,thecontextofanewsessentiallycharacterisesthenews,just
likethewayacontextofausercharacteriseshis/hersituation.Thisisasimpleyetpowerfulmodel
asseveralof itscomponentssuchaspeople,organisationsand locationscanbeutilisedforgeo-
taggingnewsstories.Moreover,someofitscomponentssuchaslocationandcategorycanbeeasily
expandeddependingonthegranularityofourchoice.Wehavealsoformalisedamodelofspatial
informationandhaveshownhowacontextualinformationcanberelatedwithaspatialinformation
bydevelopingamathematicalmodelofgeocodingandgeo-tagging.Ourmodel,inessence,provides
ablue-printfordevelopingalgorithmstobeutilisedforthegeo-taggingprocess.Wehavediscussed
howwehavedevelopedsuchalgorithmsutilisingourmodelthatencodethegeo-taggingprocessin
theimplementationsection.

TheeffectivenessofourmodelbecomesapparentwhenweanswertheRQ-2.Wehaveevaluated
ourgeo-taggingprocedureovertwodatasets.Thefirstdatasetconsistsof10,000newswhichhave
beenrandomlycollectedfromtheReuterRCV-1Corpusconsistingof800,000news.Theseconddata
setconsistingofaround11,000newsretrievedfromdifferentnewswebsitesforaroundaperiodof
oneyearintheUK.Theresultsofourevaluation(Section:RESULT)clearlyshowthatourmodelof
contextcanbeexploitedtogeo-tagnewsstoriesevenintheabsenceofdirectmentionsoflocations
(seeFigure1).Thisisachievedbygeo-taggingnewsstoriesnotonlywithlocations,butalsowith
otheraspectsofthecontextmodel.

AsforRQ-3,theresultsoftheevaluationalsodemonstratetheapplicabilityofexploitingdifferent
aspectsofthecontextforgeo-taggingnewsatthestreetlevel.Themainchallengeregardingthis
istodetectandresolveambiguitythatmayoccuratthisgranularity(street/locality).Ourapproach
suggeststhatitisevenpossibletoresolvelocationsatthestreetlevelevenifthereisnomentionof
astreet.Inaddition,ourapproachhasalsobeenabletoassociatestreetswithacitybothmentioned
withinanews(seeFigure5).

Advantages
Anumberofadvantagesofourapproacharehighlightedbelow:
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• Ourapproachenablesgeo-taggingnewsstoriesevenintheabsenceofdirectmentionsoflocations
byutilisingthecontextualinformation,especiallyorganisations;

• Havingtheabilitytogeo-tagnewsatthestreet/localitylevelopensuptheopportunitytointegrate
anynewscollectionswithothermulti-modaldatawhicharealreadyequippedwithsuchfine-
grainedlocationinformation.Thewholedatasetcanthenbeutilisedtocreateauniquefine-
grainedspatio-temporalretrievalsystem;

• AllowingauseroftheGeo-Taggertofixategeographicalscopeswiththehelpofanexternalinput
filewillenablehim/hertogeo-tagnewsoverthesamedatasetfordifferentscopesatdifferent
times.Unlikeanyexistingapproachthatdeterminessuchscopesautomatically,thiswillenable
ausertogeo-tagnewsby“zoomingin”,or“zoomingout”,withinageographiclocationfor
differentscenarios.Forexample,ausercanrestrictthefocustoaparticularcitywithinacountry
byusingaparticularboundingboxcoordinatesatonetimeorcanrestrictthefocusoverthe
wholecountryinanothertimeusinganotherboundingboxcoordinates.

Limitations
Themainlimitationoftheapproachistheinaccuracyofsomeofthestreet/localitylocations.As
itturnsout,mostofsuchinaccuraciesareattributedtotheexternalgeocodingAPIthatisusedto
resolvelocationnamesintogeographiccoordinates.Onepossiblewaytorectifythisproblemisto
combinetheresultsfromothergeocodingAPIssuchasGooglePlace(Google,2016)withtheresult
ofGeocode.FarmAPIandthenapplyapolicytoresolvethecorrectlocation.Weplantoincorporate
thisintoourapplicationinfuture.

Anotherlimitationisthewaytheuserstudywascarriedwithasmallerdatasetandwithasmall
numberofsubjects.Bothareattributedtothefollowingreasons:

• Thereisnopubliclyavailabledatasetgeo-taggedwiththegranularityofstreet/locality;
• Wehadtoascertainthatthesubjectshavegoodlocalknowledgewithinthegeographicalscope.

Thisruledoutthepossibilityforalarge-scalecrowd-sourcedevaluation.

CoNCLUSIoN

Inthispaper,wehavedevelopedamathematicalmodelofcontextandgeo-taggingwithrespect
tonewsstoriesandhaveexploitedthatmodeltogeo-tagnewsstoriesevenintheabsenceof
directmentionsoflocationsaswellasatthegranularityofstreet/localitylevel.Forthis,we
have incorporated our model with a geo-tagging algorithm and utilised off-the-shelf tools
andexistingGeocodingAPIs.Thedatasetgeneratedafterapplyingourapproachhasbeen
evaluatedwith6users.Inaddition,wehaveevaluatedourapproachover10,000newsfrom
theReuterdataset.Theresultsdemonstratetheeffectivenessofourapproachagainstexisting
publiclyavailableAPIs.

In future, we plan to extend the evaluation with a larger sample and subjects, once the
approachisimprovedandthentoconductanexperimentwithindependentstyledesign.Atthe
end,weaim to release thedatasetcontaining locationsat thegranularityof street/localities
to the research community for their research. As we have found that different subjects have
differentopinionsregardingafewspecificlocations(e.g.locationsregardinganorganisation),
itwillbeinterestingtoincorporateaconfidencelevelwhiletheusersevaluatetheapproach.
Then,resultscontainingaverylowconfidencelevelcanbespeciallytreatedorevenexcluded
duringtheoverallevaluation.

Theultimategoalofourapproachistointegrateournewsdatacollectionwithanarrayofmulti-
modaldatafromdifferentsocialmediasuchasFlickr,Twitter,YouTubeaswellasfromdifferent
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wearablesensorssuchaslifeloggersandGPStrackersandtodevelopalocation-basedinformation
fusionsystemwherelocations,amongotherfactors,willactasthegluetobindtogetheralldata
sets.Inthisregard,theproposedapproachwillbeanessentialingredientofthesystem.However,
webelievethattheapproachcanbeadaptedforgeo-tagginganynewsstoriesinanyotherscenarios
withlittleornofurthermodifications.
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