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Spatial Analysis of News Sources

Andrew Mehler, Yunfan Bao, Xin Li, Yue Wang, and Steven Skiena

Abstract — People in different places talk about different things. This interest distribution is re�ected by the newspaper articles
circulated in a particular area. We use data from our large-scale newspaper analysis system (Lydia) to make entity datamaps, a
spatial visualization of the interest in a given named entity. Our goal is to identify entities which display regional biases. We develop
a model of estimating the frequency of reference of an entity in any given city from the reference frequency centered in surrounding
cities, and techniques for evaluating the spatial signi�cance of this distribution.

Index Terms —GIS, Geographic Visualization, Text and Document Visualization, Information analytics, WWW data visualization,
Spidering, Newspapers
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1 INTRODUCTION

Periodicalpublicationsrepresentarich andrecurrentsourceof knowl-
edgeon bothcurrentandhistoricalevents.TheLydia projectseeksto
build a relationalmodelof people,places,andotherentitiesthrough
naturallanguageprocessingof news sourcesandthestatisticalanaly-
sis of entity frequenciesandco-locations.We encouragethe reader
to visit our website(http://www.textmap.com) to seeour analysisof
recentnews obtainedfrom over 500daily onlinenews sources.

Lydia trackstheoccurrencesof hundredsof thousandsdifferenten-
titiesarisingin thesenewssources.An exciting consequenceof this is
thatwecanestablishregionalbiasesin thenews,by analyzingtherel-
ative frequency thatentitiesarementionedin differentnews sources.
We canreporttheresultsof our analysisthroughdatamapsre�ecting
theinterestin a givenentityasa functionof location.

Typical datamapsof interestare presentedin Figures1-3. The
datamapfor New York governorGeorge Pataki focuseson his home
statebut alsoexhibits a secondaryconcentrationin Iowa. This is ex-
plainableby Pataki'spresidentialambitionsandthesigni�canceof the
Iowa Caucuses,the �rst testof the U.S. presidentialprimary season.
The mapfor PhoenixSun's basketball starSteve Nashre�ects home
town fan interestin bothhis currentandprevious (DallasMavericks)
teams.Datamapsof geographicallocationsalsoshow interestingbi-
ases.News interestin Mexico is signi�cantly heavier aroundtheU.S.
Mexico border, particularly in southernTexas. Washington,DC re-
�ects nationalinterestin its capitolcity, with strongerconcentrations
centeredin theDistrict of Columbia(re�ecting local interest)andthe
Stateof Washington(re�ecting naturallanguageprocessingartifactsin
resolvingcity referencesfrom statereferences).National�gures such
asVice PresidentDick Cheney show little regionalbias,while former
internationalmovie starArnold Schwarzeneggeris todayprimarily a
Californiastatepolitical �gure.

It is thegeographicalbiasamongprimarynews sourceswhich per-
mits us to constructmapsof relative interest in particular entities.
Thesebiasesare illustrated in Table 1, which presentsigni�cantly
over-representedentities in eachof three major Americannewspa-

� Andrew Mehleris with theDepartmentof ComputerScience, StonyBrook
University, E-mail: mehler@cs.sunysb.edu

� YunfanBaois with theDepartmentof ComputerScience, StonyBrook
University, E-mail: ybao@cs.sunysb.edu

� Xin Li is with theDepartmentof ComputerScience, StonyBrook
University, E-mail: xinli@cs.sunysb.edu

� YueWangis with theDepartmentof ComputerScience, StonyBrook
University, E-mail: yuewang@cs.sunysb.edu

� StevenSkienais with theDepartmentof ComputerScience, StonyBrook
University, E-mail: skiena@cs.sunysb.edu

Manuscriptreceived31March 2006;accepted1 August2006;postedonline6
November2006.
For informationonobtainingreprintsof thisarticle, pleasesende-mailto:
tvcg@computer.org.

SanFranciscoChronicle ChicagoTribune Miami Herald

Entity Score Entity Score Entity Score

WuksachiLodge 24:39 Steve McMichael 24:38 EstadosUnidos 16:49

BradFitzpatrick 24:39 ChicagoTribune 23:20 Broward 14:65

GoldenGatePark 15:29 RichardJ.Daley 15:89 DwyaneWade 13:60

BayArea 12:03 White Sox 13:86 Miami-DadeCounty 12:48

SanFrancisco,CA 10:20 OzzieGuillen 10:42 Marlins 11:55

Giants 4:66 OprahWinfrey 10:39 AdamKidan 11:08

Table 1. Overrepresented Entities in Three Major U.S. Newspapers

pers,as scoredby the numberof standarddeviations above expec-
tation.Theseover-representedentitiesincludelocalpolitical andbusi-
ness�gures (e.g. Brad Fitzpatrick of LiveJournalandtelevision star
OprahWinfree, basedin SanFranciscoandChicago,respectively), lo-
cal sports�gures/teams(e.g. Steve McMichael andDwayneWade),
andevenlocaldialect(e.g.EstadosUnidosin heavily CubanMiami).

Notethatthesesourcebiasesre�ect interestin theprimarylocation
thegivenpaper. However, thesetof U.S.citieswith spiderableonline
daily newspapersis surprisinglysmall,sosophisticatedmodelingand
analysisis neededto interpolatethisdatathroughouttheUnitedStates.
Ourcontributionsin thispaperare:

� NewsSourceandCoverage Analysis– We discussthebasicme-
chanicsof large-scalenews acquisitionandanalysis,including
spideringandduplicatedocumentidenti�cation. We visualiza-
tion techniquesto demonstratehow news sourcesaredistributed
aroundthe country. We do not discussthe detailsof our entity
extraction/ NLP analysis,which hasbeenpreviously presented
in [8, 9, 10].

� Source-In�uenceModeling for Entity Analysis– Interpolating
entitydistributionsfrom roughly500differentnewspapersto re-
�ect relative interestover theentireUnitedStatesrequiressome
sophisticatedmodeling. In this paper, we presentthedetailsof
our news source-in�uencemodel. This modelis basedon com-
putinganappropriatesphereof in�uence for eachgivennewspa-
per, asa functionof its circulation,location,andthepopulation
distributionof theUnitedStates.Wealsodescribeourmodelfor
allocatingtherelative contribution of all news sourcesin�uenc-
ing eachlocation.

� VisualizationTechniquesfor Data Maps – The engineeringof
our spatialnews analysissystemrequireda varietyof decisions
concerningvisualizationtechniques,which may beof indepen-
dentinterest.

� IdentifyingInterestingDatamaps– Oursystemis capableof con-
structingdatamapsfor thousandsof differententitieson a daily
basis– far morethancanbeexhaustively viewedby any human
observer. Many datamapsareuninterestingin thatthey show no
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Fig. 1. Entity datamaps for New York Governor George Pataki (l) and Dallas/Phoenix basketball star Steve Nash (r).

Fig. 2. Datamaps for two geographic entities, namely Mexico and Washington, DC.

Fig. 3. Datamaps for Vice President Dick Cheney (l) and California Governor Arnold Schwarzenegger (r).
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regional bias. Identifying the mostinterestingdatamapsfor vi-
sual inspectionrequiresthe developmentof statisticalmethods
for evaluatinggeographicalbias.

We proposea total of � ve different discriminationfunctions,
eacha variantof two basicmethods,namelyvarianceanalysis
andconnected-componenthistograms.We presenttheresultsof
computationalexperimentsthatdemonstratethat,while all meth-
odscansuccessfullydistinguishspatially-interestingentitymaps
from thoseof unbiasedentitiesandrandomdistributions,thebest
in practiceappearto betheweightedvarianceandmaximumgap
discriminators.

1.1 Previous Work

Our work lies at the intersectionof modelingandvisualization. We
startwith grossgeographicinformationaboutnews contentcentered
aroundselectnewspaperlocations,andattemptto modelandpredict
thespatiallevel of interestthroughoutcreatetheexactdata.This dif-
fers from many datamapapplicationse.g. [13], whereoneseeksto
smoothor interpolatedatato make it theinformationeasierto visual-
ize. News-speci�cmodelinglie at thefoundationof our work.

Thereis anenormousliteratureon�tting andanalysisof geographic
data.This work is not directly applicableto usbecause(1) our focus
is on larger-scaleaspectsof news processingandmodeling,and(2)
relatively simpleapproacheswork well enoughfor usnow.

Still, we give a brief survey of this literature. Tufte [18] givesan
overview of the principlesof visualizingdata. Statisticalgeographic
mapsarestudiedin depthin [16], including spatialstatisticalmeth-
odssuchasspatialautocorrelation. We expectbothgeographically-
biasedandunbiasedmapsboth to have high spatialautocorrelation,
a result of our modeling and the natureof news. Comprehensive
overviews of map layout, color, andall aspectsof mapcreationare
coveredin Brewer [2], who statesthat sequentialcoloring schemes
shouldrely on lightnessastheprimarymethodof contrast.

Fuentes[4] discussesmethodsfor interpolatingspatialprocesses,
and modelsfor spatialcorrelations. This methodsutilize the vari-
ogram, a model which assumesthe varianceis determinedonly by
thedistancebetweentwo points. A nearestneighbormethodfor esti-
matingthevariogramis givenin [19]. Kriging is anotherprocessused
for interpolatingspatialdata [17]. Mitchell [12] givesan overview
of spatialanalysis,describingstatisticsfor measuringcontinuousge-
ographicdata.We believe thephenomenawe arestudyingto becon-
tinuous,or at leastpiecewise continuous. Signi�cance statisticsfor
spatialprocessescomparean observed dataset to randomdata,and
determineif a given processis random. Methodssuchas the local
G-Statisticexist for clusteringcontinuousspatialdata.

Fotheringham,et. al. discussQuantitative Geographyin [3]. They
discussspatialregressiontechniques,statisticalspatialinference,and
spatialmodeling.

Miller andHan [11] give frameworksandalgorithmsfor datamin-
ing taskson spatialandgeographicaldatabases.They focuson rep-
resentation,rule mining, clustering,outlier detection,andotherdata
mining tasks. Considerablework hasbeendoneon smoothingalgo-
rithmsto helpvisualizedata,includinghead-banging(amedian-based
smoother)[13, 5], splines,surfacemodeling,andwavelet transforms.
Smoothingalgorithmsstartwith precisedatapoints(for instance,pre-
cisesoil measurementsmadeat particularlocations)andthenseekto
interpolatewhereno measurementsweretakenand�lter outnoise.

Lydia is thefront-endanalysissystemwe employ in this projectto
doentityextractiononournewspapersources.An in-depthdiscussion
on the architectureof the Lydia natural languageprocessing(NLP)
pipelinecanbe found in [10]. Lydia hasbeenadaptedto work on a
varietyof othertext sources,includingasblogs[9], andservedasthe
basisfor a questionansweringsystemdiscussedin [8].

2 TEXT ACQUISITION AND ANALYSIS

Thedatafor our analysiscomefrom U.S.newspaperwebsites.In this
section,we describethe mechanicsof acquiringrepresentative news
text throughspideringandduplicatearticledetectionbeforereporting
ananalysisof thecoveragebreadthof our news sampling.

2.1 Text Acquisition / Spidering

Our text is acquiredfrom online newspapersourcesby spideringthe
websites.A spideris a programthatattemptsto crawl anentireweb
domain,anddownloadall the web-pages.It would clearly be infea-
sible for us to build customspidersfor eachof theroughly800daily
newspapersin theUnitedStatesandapproximately300daily English
languagenewspapersoverseas.Instead,we developeda universalspi-
der that downloadsall the pagesfrom a newspaperwebsite,extracts
all new articles,andnormalizesthemto remove source-speci�cfor-
mattingandartifacts.

Ourspidersarebuilt aroundthepopularprogramwget [6] with the
correctparameters;regulatingtherecursiondepth(two levelssuf�ces
for mostnewspapers),useridenti�cation (via cookies),andwait time
(for politeness,weneverhit awebsitemorethanoncepersecond).The
news sourcesaredividedby time zone,with many (at least30) news-
papersspideredin parallelacrossa givenzone.Eachdownloadstarts
at 12:30AMlocal time. Eachnewspapertakesabout20-80minutesto
download,with a raw downloadsizeof 40-130MB.

2.2 Duplicate Ar tic le Identi�cation

An interestingissuewe facedconcernedidentifying duplicateand
near-duplicatenews articles. Repeatedinstancesof given news arti-
cles can skew the signi�cance of our spatial trendsanalysis,so we
needeliminateduplicatearticlesbeforesubsequentprocessing.Dupli-
catearticlesappearbothasthe resultof syndicationandthe fact that
old articlesareoftenleft ona websiteandgetrepeatedlyspidered.

Schleimeret al.[14] describea clever solution to this problemin
the context of plagiarismdetection.By comparinghashcodeson all
overlappingwindows of lengthw appearingin thedocuments,we can
identify whenever two documentsshareacommonsequenceof length
w, althoughat thecostof an index at leastthesizeof thedocuments
themselves. However, the index sizecanbesubstantiallyreducedby
a factorof p with little lossof detectionaccuracy by only keepingthe
codeswhich arecongruentto 0 mod p. This will resultin a different
numberof codesfor different documents,however. We discovered
little loss of detectionwill happenif we selectthe c smallestcodes
congruentto 0 modp for eacharticle.TheKarp-Rabinstringmatching
algorithm[7] proposesan incrementalhashcodesuchthat all codes
canbecomputedin lineartime.

Throughexperimentation,we discoveredthat taking the10 small-
est hashesof windows of size 150 charactersthat are congruentto
0 mod100gives(1) a goodsub-samplingof thepossiblehashesin a
document,(2) a reasonableprobabilitythatif two articlesareneardu-
plicates,thenthey will collide on at leasttwo of thesehashesand(3)
a reasonableprobability that if two articlesareunique,thenthey will
not collide on morethanoneof thesehashes.Our experimentalset
of 3;583newspaperdaysresultedin a totalof 253;523uniquearticles
with 185;398exactduplicatesand8;874nearduplicates.

2.3 News Coverage Anal ysis

Every local newspaperhasa readershipcenteredaroundthe city in
which it is located.Thesizeof thesphere of in�uencearounda given
paperis a function of (1) its readership(naturally measuredby cir-
culationor a proxy suchasweb hits) and(2) geographicpopulation
density. Details of our in�uence analysiswill be presentedin Sec-
tion 3, but herewe discussits consequenceson samplingdensityand
potentialfor multi-sourceintegration.

We have attemptedto spidersall of the roughly 800 daily U.S.
newspaperswe areawareof throughauthoritative websources.Many
newspaperwebsitesarenolongeractiveor arehighly seasonal(partic-
ularly schoolnewspaperswhich ceaseactivity for summerandother
breakperiods).Others(primarilysmalllimited circulationpapers)em-
ploy robot.txt�les or evenblock IP addressto preventusfrom spider-
ing them. The upshotis that we get occasionalspideringdatafrom
roughly600onlinenewspapers,however onany givendayonly about
500sourcesareactive.

We canuseour modelof in�uence to visualizethecoverageof the
sourceswe spider. Figure 4(l) presentsa datamapwherea city's heat
is a functionof thenumberof newspapersit is in�uencedby. We get
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signi�cant coveragethroughouttheentirecountry, exceptingisolated
borderlocationsaroundMaine, Minnesota,andTexas. The regions
coveredby morethantensourcesareemphasizedin thebinarymapof
Figure 4(r). Many of theseareasaresurprisinglyscatteredaroundthe
country, re�ecting intensecompetitionamongsmall papersin many
localmarkets.

Figure 5 measuresthe relative raw volumeof text that in�uence
residentsof eachlocation. The nationalmediacentersof California

Fig. 5. Media exposure by location as measured by volume of total
words.

andNew York aresigni�cantly over-representedby this measure.

3 SOURCE-INFLUENCE MODELING

Theheatany givenentityegeneratesin agivenlocations is afunction
of its frequency of referenceof e in eachof thenewspapersthathave
in�uenceover thatcity. Therelativefrequency of entityein thesource
si is givenby

heat(e;s) =
references(e;s)

å references(ei ;s)
: (1)

Thuseachheatvalueis from 0 to 1, giving the frequency of refer-
enceto theparticularentity. A heatvalueof 0:05impliesthattheentity
is referencedoncefor every 20 entity referencesover theuniverseof
all entities.Theheatof anentity is a relative measure.Areasof high
newsvolumemayboastmoreabsolutereferencesto agivenentity, but
thepopularity(heat)is determinedby its frequencyof reference.

3.1 Estimating Sour ce In�uence

Any analysisinvolving both the New York Timesand Ithaca Times
mustcapturethein�uencerelationbetweena news sourceanda loca-
tion. This in�uence relationmusttake into accountthedistancefrom
the sourcelocation, the circulationof the source,andother relevant
features.

Constructingthis in�uence functionformsthebasisof ourdatamap
model. The radiusof in�uence of a news sourcedependson thecir-
culationof thenewspaper, andthepopulationof nearbycities. Cities
insideof this circle will be in�uenced an amountdependingon their
distancefrom thecenter;with maximumin�uence at thenewspaper's
location.This is capturedin theequation

in f luence(s;c) =
n

0 if distance(s; c) > radiusof in�uence of s
f (distance(s; c)) � max-in�uence(s) else

where f is somedecayfunction. When f is linear, the in�uence of a
newspapercanbethoughtof asaconecenteredat thenewspaper, with
height the maximum-in�uence,andbasethe circle of in�uence. Of
courseotherdecayfunctionscanalsobejusti�ed. Citieslying outside
this circle will receive zeroin�uence from the given source.Circles
associatedwith coastalcities will have a larger radiusbecausethere

is no populationwherethereis water. Thepopulationcoveredis still
whatthemodelpredicts.

The maximumin�uence of a newspapersourceis a combination
of variouscirculationandrankingstatisticsof thesource.In particu-
lar, we usea weightedcombinationof Alexa's reachpermillion web
traf�c analysis(www.alexa.org) andtheweekdayaveragecirculation
of thenewspaper. Togetherthey estimatethenumberof readers(both
online andpaper)of the newspaper. We estimatethe online reader-
ship by multiplying theAlexa reachpermillion by thepopulationof
theU.S.in millions. Weestimatetheradiusof in�uence supportedby
a givenprintedcirculationthroughanestimateof the frequency with
which peoplesubscribeto newspapers.We model that 10% of the
populationcoveredby the radiusof in�uence shouldequalthe read-
ershipestimate.This parameterwasanecdotallychosen,andseems
reasonable.

3.2 Integrating Multiple Sour ces

Oncethein�uence functionof eachsourcehasbeende�ned, theheat
at a locationcanbecalculatedby a weightedaverageof thereference
frequency of theentityin thesource,weightedby thesourcesin�uence
on thelocation.

For our model, we discretizespaceinto roughly 25,000 U.S.
cities/towns of all sizes. For a givenC of cities, S of news sources,
andE of entities,we getfor theheatof anentitye atcity c asper:

heat(e;c) =
å
s2S

heat(e;s) � in�uence(s;c)

å
s2S

in�uence(s;c)
: (2)

4 VISUALIZATION ISSUES

To renderour datamaps,we usemesa/openGlgraphicslibraries. We
know how to calculatethe heatat cities,andopenGlwill interpolate
heatbetweencities if given a polygonmesh.To geta polygonmesh
from oursetof cities,weusedShewchuk'sC programtriangle [1, 15].
This createsa Delauney triangulationof thecities.

To getthecoloringfor thedatamaps,we setthescalesuchthat the
maximumheatvaluegetsthehighestred value,andtheothervalues
arescaledlinearly. Thismakestwo datamapsincomparable,sincethey
areon differentscales.However, usingabsolutescalesmakes most
heateffectsunobservablesinceverylow valuesareimperceivable.Our
methodensureswe will alwayshave maximumcontrastbetweenthe
highestandlowestheatvalues.

5 IDENTIFYING SIGNIFICANT DATAMAPS

Once we have the ability to calculate a large number of entity
datamaps,we arefacedwith the problemof automaticallyscreening
which of theseareinterestingto look at, i.e. suggestsigni�cant geo-
graphicbiasvs. entitiesof uniformnationalinterest.

In this sectionwe presentmethodsfor quantifyingthe geographic
disparity of a datamap. Geographicdisparity doesnot have a pre-
cise de�nition, and proves dif�cult to quantify for a variety of rea-
sons.Becausethepopulationdensityis highly non-uniform,therela-
tive sizesof signi�cant intensityprovesmisleading.Theareacovered
by “red” and“blue” stateson theelectoralmapoverstatesthedegree
of red/Republicandominancedueto theirstrengthin thesparselypop-
ulatedWest. Thenews distributionsresultingfrom our modelproves
to have large numbersof local optima. Do theserepresentdistinct
regionalsourcesof elevatedinterestor arethey modelingartifacts?

We considertwo distinct classesof methods,basedon variance
analysisandconnectedcomponentanalysisrespectively.

5.1 Variance Anal ysis

Statisticalvariancemeasuresthe deviation of datavaluesfrom their
mean.Wewould expectthatdatamapsshowing higherstatisticalvari-
anceof intensityvaluesmorelikely re�ects regionalbiases,although
similar variancemeasurescanbe derived from simplecheckerboard
patterns.

Wede�ne two scoresre�ecting thismeasure:
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� Variance – Our datamapconstructiongives us heatvaluesfor
eachof 25,374cities.For thismeasure,wecomputethevariance
of these25,374heatvalues.

� WeightedVariance – The variancemeasurewill be biasedby
absoluteheat. If we scaleevery value on a datamapby some
constant,the variancewill alsobe scaled(by the squareof the
constant),althoughtheunderlyingdistribution is essentiallythe
same.For this measurewe divide the varianceby the meanof
the25,374values.

5.2 Connected Component Anal ysis

Considera datamapwith very high geographicdisparity. If we look
at thetencitieswith thehighestheatvalues,we would expectthemto
be clusteredclosetogether. If the datamaphasno disparity, thenthe
top tencitieswill probablybescatteredall aboutthecountry. Suppose
we continueto look at the top 20, 30, 40 citiesandsoon. Datamaps
with highdisparityshouldhaveclustersof cities,while datamapswith
no disparityshouldremainscattered.This motivatesthe ideaof the
connectedcomponentpro�le for a datamap.

Considerthe graph G on the set of cities c inducedby adding
an edgebetweenevery pair of nearbycities, That is (c1;c2) 2 E if
distance(c1;c2) < d. We cande�ne a pro�le for a datamapby count-
ing the numberof connectedcomponentsin G only including cities
above a certainheatvalue. The pro�les for regional �gure Wayne
Gretzky andnationalterm Americaareshown in Figure 6. We see
the regional term hasa long periodof a small numberof connected
components,correspondingto thehigh concentrationarea.

Weproposethreedifferentfeaturesof thepro�les for scoringmeth-
ods:

� Largest Gap – A large gap betweena connectedcomponent
changewould suggestthattheentity is drawn from two separate
(nationalandlocal) probabilitydistributions.

� WeightedGap– This methodagainusesthe largestgap,but di-
vides this numberby the maximumheat. Thus termsthat are
generallypopularwont be moreheavily favoredas they are in
the�rst method.

� Percentage Gap– Finally we scorebasedon thelargestpercent-
age heatchangebetweena componentchange.

5.3 Results

To quantitatively evaluateour geographicalbiasmeasures,andavoid
personalbiasjudgmentsasto therelative geographicdisparityof heat
maps,weconducteda large-scaleexperimentassessinghow well they
distinguishmapsof regionally-biasedentitiesfrom (1) mapsof entities
with presumeduniform nationalinterestand(2) randommapsgener-
atedundertwo differentmodels. In the �rst model,the frequency of
our imaginaryentity in eachnews sourceis chosenfrom a uniform
distribution, while in the secondmodel it is chosenfrom a binomial
distribution. Datamapsgeneratedunderthesemodelsare shown in
Figure 7. The uniform modelhasgreaterlocal variance,while the
binomialdistribution is moreglobally smooth(fewer extremevalues)
becausethevaluesarecenteredaroundthemeanin a binomialdistri-
bution.

We madetwo setsof realentity datamapsfor our experiments.En-
tities likely to be geographically-biasedinclude United Statescities
andlocal sportsteams.Entitieslikely to have little biasincludefor-
eigncities,countrynames,nationalpolitical �gures, andentertainment
terms.In total,weconstructed128unbiaseddatamaps,and400biased
datamaps.We alsogeneratedsetsof random-valueddatamaps,a total
of 200datamapseachfor theuniformandbinomialdistributions.

Theresultsof ourscoringmethodarepresentedin Tables2 and 3.
For all � ve methodswe calculatethemean,median,max,andmin on
eachsetfor theraw score,andfor theranks.Fromtheseexperiments,
we canconcludethat theweightedgapmethodgivesthebestresults,
sincein generalit scoredbiasedmapshigherthanunbiasedmaps,and
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Fig. 8. ROC Curves For Datamap Classi�cation

WeightedGap mean min median max
biased 0.519 0.080 0.494 0.996
unbiased 0.367 0.053 0.323 0.947
uniform 0.080 0.035 0.070 0.208
binomial 0.098 0.037 0.088 0.254
PercentGap mean min median max
biased 6.23 0.300 2.00 243.3
unbiased 2.08 0.273 1.25 18.0
uniform 7.55 0.294 1.68 967.6
binomial 2.53 0.411 2.49 4.55
Max Gap mean min median max
biased 1.66e-3 7.00e-6 5.12e-4 2.80e-2
unbiased 5.10e-4 6.00e-6 1.36e-4 9.34e-3
uniform 7.47e-2 6.55e-2 3.33e-2 2.05e-1
binomial 1.57e-3 5.19e4 1.33e-3 5.00e-3
WeightedVariance mean min median max
biased 6.60e-4 7.53e-6 2.30e-4 1.31e-2
unbiased 2.61e-4 3.50e-6 7.57e-5 3.23e-3
uniform 9.70e-2 5.58e-2 9.37e-2 1.58e-1
binomial 1.18e-3 7.56e-4 1.16e-3 1.94e-3
Variance mean min median max
biased 1.76e-7 1.80e-11 9.79e-9 9.14e-6
unbiased 9.35e-8 1.32e-12 3.36e-9 1.92e-6
uniform 3.36e-2 1.59e-2 3.22e-2 5.50e-2
binomial 8.13e-6 4.94e-6 8.00e-6 1.46e-5

Table 2. Performance of our 5 different scoring methods.

bothhigherthenrandommaps.However, even thoughtheotherfour
scoringmethodsscoredrandommapsaboveourbiaseddatamaps,they
scorebiasedmapshigherthentheunbiasedmaps.Thusfor realmaps,
eachof thescoringmethodshassomesigni�cance.

We are interestedin distinguishinggeographicbias amongreal
world maps. Figure 8 shows the ReceiverOperating Curve (ROC)
for classifyingtherealworld maps.We seethateachscoringmethod
is substantiallyabove the45-degreeline. Thusall methodsdo better
thanrandomguessing.This, coupledwith the fact that the methods
arenot perfectlycorrelatedwith eachother(seeTable 4) leadus to
believe that a fusion method(a methodthat is a combinationof all
themethods)shoulddo evenbetter. A fusionmethodcannotimprove
whenunderlyingdifferentscoringmethodsarehighly correlated,thus
effectively all sayingthesamething.

6 CONCLUSIONS

In this paper, we exploredmethodsof spatiallyrepresentingthepop-
ularity of news entities,by interpolatingover referencefrequencies
in newspapers.We have presenteda modelfor generatingsuchdata
maps.Our visualizationsshow thegeographicpopularityof anentity,
andpossiblegeographicbiases.To helpidentify mapsthatdisplayin-
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WeightedGap mean min median max
biased 246 0 232 719
unbiased 354 21 352 867
uniform 747 450 770 927
binomial 685 408 690 925
PercentGap mean min median max
biased 437 1 459 922
unbiased 589 25 660 927
uniform 506 0 553 925
binomial 395 134 367 911
Max Gap mean min median max
biased 576 200 632 926
unbiased 728 213 784 927
uniform 100 0 100 199
binomial 432 238 439 630
WeightedVariance mean min median max
biased 609 200 623 926
unbiased 728 216 769 927
uniform 100 0 100 199
binomial 367 238 367 498
Variance mean min median max
biased 649 245 641 926
unbiased 707 410 742 927
uniform 100 0 100 199
binomial 301 200 302 402

Table 3. Rank Performance of �v e different scoring methods.

data Wei. Gap Max Gap % Gap Variance Wei. Var.
WeightedGap bias 1 0.708 0.431 0.376 0.651

unbias 1 0.722 0.856 0.621 0.738
Max Gap bias 0.708 1 0.883 0.865 0.985

unbias 0.722 1 0.966 0.910 0.931
PercentGap bias 0.431 0.883 1 0.984 0.928

unbias 0.856 0.966 1 0.877 0.934
Variance bias 0.376 0.865 0.984 1 0.919

unbias 0.621 0.910 0.877 1 0.980
WeightedVar. bias 0.651 0.984 0.928 0.919 1

unbias 0.738 0.931 0.934 0.980 1

Table 4. Pearson Correlation Coef�cients for �v e scoring methods.

terestinggeographicbias,we have developedmethodsof scoringthe
mapsusinga spatial`connectedcomponents'method.Ourmodelhas
beenimplementedin the Lydia system(www.textmap.com)andcur-
rentlygeneratesthousandsof differentmapseachday.

In future work, we hopeto addnew featuresandevaluationtech-
niquesto our visualizations.We would like to investigatethe useof
differentdecayfunctionsandparametersto usein ourmodel,andper-
hapsseekbetter theoreticalor empirical justi�cation for them. We
alsoseekto compareour methodsof evaluationto other recognized
spatialstatistics,suchasspatialautocorrelation.Otherdirectionswe
areinterestedin aremoreassociatedwith technicalaspectsof our Ly-
dia system,including (1) dynamicmapsthat animatethe changesin
news sentimentover a periodof time and(2) sentimentmapswhich
measurespatialbiasesin how entitiesarelikedor disliked,insteadof
just how oftenthey arementioned.
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MEHLER et al.: SPATIAL ANALYSIS OF NEWS SOURCES

Fig. 4. The number of different news sources in�uencing each U.S. city (l), and the number of cities in�uenced by more than ten sources (r).
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Fig. 6. Connected Component Pro�les for Wayne Gretzky and America.

Fig. 7. Random Datamaps. The frequency of this imaginary entity in each source is given by a random uniform distribution, or binomial distribution


