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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

1 INTRODUCTION

Periodicalpublicationsepresenarich andrecurrensourceof knowl-
edgeon bothcurrentandhistoricalevents. The Lydia projectseekgo
build arelationalmodelof people,places,andotherentitiesthrough
naturallanguagegorocessingf news sourcesandthe statisticalanaly-
sis of entity frequenciesand co-locations. We encouragehe reader
to visit our website (http://wwwtextmap.com to seeour analysisof
recentnews obtainedfrom over 500daily online news sources.

Lydiatracksthe occurrencesf hundredof thousandslifferenten-
tities arisingin thesenews sourcesAn exciting consequencef thisis
thatwe canestablishregionalbiasesn the news, by analyzingtherel-
ative frequeng thatentitiesarementionedn differentnews sources.
We canreportthe resultsof our analysisthroughdatamapsre ecting
theinterestin a givenentity asafunctionof location.

Typical datamapf interestare presentedn Figures1-3. The
datamapfor New York governor Geoge Pataki focuseson his home
statebut alsoexhibits a secondaryconcentrationin lowa. Thisis ex-
plainableby Pataki's presidentiabmbitionsandthesigni canceof the
lowa Caucusesthe rst testof the U.S. presidentiaprimary season.
The mapfor PhoenixSun's basletball star Steve Nashre ects home
town faninterestin both his currentand previous (Dallas Mavericks)
teams. Datamapof geographicalocationsalsoshav interestingbi-
ases.News interestin Mexico s signi cantly heavier aroundthe U.S.
Mexico border particularlyin southernTexas. Washington,DC re-
ects nationalinterestin its capitol city, with strongerconcentrations
centeredn the District of Columbia(re ecting local interest)andthe
Stateof Washingtor(re ecting naturallanguagerocessingrtifactsin
resolvingcity reference$rom statereferences)National gures such
asVice PresidenDick Cheng shaw little regionalbias,while former
internationalmovie starArnold Schwarzenggeris today primarily a
Californiastatepolitical gure.

It is the geographicabiasamongprimary nens sourceswhich per
mits us to constructmapsof relative interestin particular entities.
Thesebiasesare illustratedin Table 1, which presentsigni cantly
over-representedntitiesin eachof three major American nevspa-
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SanFranciscaChronicle ChicagoTribune Miami Herald
Entity Score Entity Score Entity Score
WuksachiLodge 24:39 Steve McMichael 24:38 EstadogJnidos 16:49
BradFitzpatrick 2439 ChicagoTribune 2320 Broward 14:65
GoldenGatePark 15:29 RichardJ. Daley 15:89 DwyaneWade 13:60
BayArea 12:03 White Sox 13:86 Miami-DadeCounty 12:48
SanFranciscoCA 1020 OzzieGuillen 10:42 Marlins 1155
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 abore expec-
tation. Theseover-representeéntitiesincludelocal political andbusi-
ness gures (e.g. Brad Fitzpatrick of LiveJournalandtelevision star
OprahWinfreg basedn SanFranciscaandChicago respectiely), lo-
cal sports gures/teams(e.g. Steve McMichael and DwayneWade),
andevenlocal dialect(e.g. EstadodJnidosin hearily CubanMiami).

Notethatthesesourcebiasese ect interestin the primarylocation
the given paper However, the setof U.S. citieswith spiderableonline
daily newspaperss surprisinglysmall, so sophisticateanodelingand
analysidgs neededo interpolatethis datathroughouthe United States.
Our contritutionsin this paperare:

News Souce and Coverage Analysis— We discusghebasicme-
chanicsof large-scalenews acquisitionand analysis,including
spideringand duplicatedocumentidenti cation. We visualiza-
tion techniquego demonstratéon news sourcesaredistributed
aroundthe country We do not discussthe detailsof our entity
extraction/ NLP analysiswhich hasbeenpreviously presented
in [8,9,10].

Souce-In uence Modeling for Entity Analysis— Interpolating
entity distributionsfrom roughly 500differentnevspaperdo re-
ect relative interestover the entireUnited Statesequiressome
sophisticatednodeling. In this paper we presentthe detailsof

our news source-in uencenodel. This modelis basedon com-
putinganappropriatesphereof in uence for eachgivennewspa-
per, asa function of its circulation,location,andthe population
distribution of the United States We alsodescribeour modelfor

allocatingthe relative contritution of all nevs sourcesn uenc-

ing eachlocation.

Visualization Techniquesfor Data Maps — The engineeringof
our spatialnews analysissystemrequireda variety of decisions
concerningvisualizationtechniqueswhich may be of indepen-
dentinterest.

IdentifyinglnterestingDatamaps- Our systems capableof con-
structingdatamapdgor thousand®f differententitieson a daily
basis— far morethancanbe exhaustvely viewed by ary human
obserer. Many datamapsreuninterestingn thatthey shav no
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Fig. 1. Entity datamaps for New York Governor George Pataki (I) and Dallas/Phoenix basketball star Steve Nash (r).
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Fig. 2. Datamaps for two geographic entities, namely Mexico and Washington, DC.
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Fig. 3. Datamaps for Vice President Dick Cheney (I) and California Governor Arnold Schwarzenegger (r).
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regional bias. ldentifying the mostinterestingdatamapdor vi-
sualinspectionrequiresthe developmentof statisticalmethods
for evaluatinggeographicabias.

We proposea total of ve different discriminationfunctions,
eacha variantof two basicmethods,namelyvarianceanalysis
andconnected-componehtstograms We presenthe resultsof

computationaéxperimentghatdemonstratéhat,while all meth-
odscansuccessfullydistinguishspatially-interestingntity maps
fromthoseof unbiasecentitiesandrandomdistributions,thebest
in practiceappeato betheweightedvarianceandmaximumgap
discriminators.

1.1 Previous Work

Our work lies at the intersectionof modelingand visualization. We
startwith grossgeographidnformationaboutnews contentcentered
aroundselectnewvspaperocations,and attemptto modeland predict
the spatiallevel of interestthroughoutcreatethe exactdata. This dif-
fers from mary datamapapplicationse.g. [13], whereone seeksto
smoothor interpolatedatato make it theinformationeasierto visual-
ize. News-speci cmodelinglie atthefoundationof our work.

Thereis anenormouditeratureon tting andanalysif geographic
data. This work is not directly applicableto usbecaus€1) our focus
is on largerscaleaspectof news processingand modeling,and (2)
relatively simpleapproachesvork well enoughfor usnow.

Still, we give a brief sunwey of this literature. Tufte [18] givesan
overview of the principlesof visualizingdata. Statisticalgeographic
mapsarestudiedin depthin [16], including spatialstatisticalmeth-
odssuchasspatial auto correlation We expecthoth geographically-
biasedand unbiasedmapsboth to have high spatialautocorrelation,
a result of our modeling and the natureof news. Comprehensi
overviews of map layout, color, and all aspectof map creationare
coveredin Brewer [2], who statesthat sequentialcoloring schemes
shouldrely onlightnessasthe primary methodof contrast.

Fuentes[4] discussesnethodsfor interpolatingspatialprocesses,
and modelsfor spatial correlations. This methodsutilize the vari-
ogram, a model which assumeghe varianceis determinedonly by
the distancebetweertwo points. A nearesheighbormethodfor esti-
matingthevariogramis givenin [19]. Kriging is anotheprocessised
for interpolatingspatialdata [17]. Mitchell [12] givesan overvien
of spatialanalysis,describingstatisticsfor measuringcontinuousge-
ographicdata. We believe the phenomenave arestudyingto be con-
tinuous, or at leastpiecavise continuous. Signi cance statisticsfor
spatialprocessesomparean obsened datasetto randomdata,and
determineif a given processs random. Methodssuchasthe local
G-Statisticexist for clusteringcontinuousspatialdata.

Fotheringhamet. al. discusQuantitatve Geographyn [3]. They
discussspatialregressiortechniquesstatisticalspatialinference and
spatialmodeling.

Miller andHan [11] give framewvorks andalgorithmsfor datamin-
ing taskson spatialand geographicatiatabasesThey focuson rep-
resentationrule mining, clustering,outlier detection,and otherdata
mining tasks. Considerablevork hasbeendoneon smoothingalgo-
rithmsto helpvisualizedata,includinghead-banginga median-based
smoother)13, 5], splines,surlacemodeling,andwavelettransforms.
Smoothingalgorithmsstartwith precisedatapoints(for instancepre-
cisesoil measurementadeat particularlocations)andthenseekto
interpolatewhereno measurementseretakenand Iter outnoise.

Lydiais thefront-endanalysissystenmwe emplgy in this projectto
do entity extractionon our newvspapeisourcesAn in-depthdiscussion
on the architectureof the Lydia naturallanguageprocessingNLP)
pipelinecanbe foundin [10]. Lydia hasbeenadaptedo work on a
variety of othertext sourcesjncludingasblogs[9], andsenedasthe
basisfor a questionansweringsystemdiscussedh [8].

2 TEXT ACQUISITION AND ANALYSIS

Thedatafor our analysiscomefrom U.S. newspapemvebsites.in this
section,we describethe mechanicof acquiringrepresentate news
text throughspideringandduplicatearticle detectionbeforereporting
ananalysisof the coveragebreadthof our news sampling.

2.1 Text Acquisition / Spidering

Our text is acquiredfrom online newspapersourceshy spideringthe
websites.A spideris a programthat attemptsto crawl anentireweb
domain,anddownloadall the web-pages.It would clearly be infea-
siblefor usto build customspidersfor eachof the roughly 800 daily
newspapersn the United Statesandapproximately300daily English
languagenewspaperoverseaslnstead we developeda universalspi-
der that downloadsall the pagesfrom a newspaperwebsite,extracts
all new articles,and normalizesthemto remove source-speci cfor-
mattingandartifacts.

Our spidersarebuilt aroundthe popularprogramwget [6] with the
correctparametersiegulatingthe recursiondepth(two levels sufces
for mostnewspapers)useridenti cation (via cookies),andwait time
(for politenesswe never hit awebsitemorethanoncepersecond) The
news sourcesaredivided by time zone,with mary (atleast30) news-
papersspideredn parallelacrossa given zone.Eachdownloadstarts
at12:30AM local time. Eachnewspapetakesabout20-80minutesto
download,with araw downloadsizeof 40-130MB.

2.2 Duplicate Article Identi cation

An interestingissuewe faced concerneddentifying duplicate and
nearduplicatenews articles. Repeatednstancesof given news arti-
cles can skew the signi cance of our spatialtrendsanalysis,so we
needeliminateduplicatearticlesbeforesubsequergrocessingDupli-
catearticlesappeaboth asthe resultof syndicationandthe factthat
old articlesareoftenleft on awebsiteandgetrepeatedlyspidered.

Schleimeret al.[14] describea clever solution to this problemin
the context of plagiarismdetection.By comparinghashcodeson all
overlappingwindows of lengthw appearingn the documentsye can
identify wheneer two documentsharea commonsequencef length
w, althoughat the costof anindex at leastthe sizeof the documents
themseles. However, the index size canbe substantiallyreducedoy
afactorof p with little lossof detectiomaccurag by only keepingthe
codeswhich arecongruento 0 mod p. Thiswill resultin a different
numberof codesfor differentdocumentshowever. We discosered
little loss of detectionwill happenif we selectthe ¢ smallestcodes
congruento 0 mod p for eacharticle. TheKarp-Rabinstringmatching
algorithm[7] proposesan incrementahashcodesuchthatall codes
canbecomputedn lineartime.

Throughexperimentationwe discoveredthattaking the 10 small-
est hashesof windows of size 150 characterdhat are congruentto
0 mod100gives(1) a goodsub-samplingf the possiblehashesn a
document(2) areasonabl@robabilitythatif two articlesareneardu-
plicates,thenthey will collide on atleasttwo of thesehashesand(3)
areasonabl@robability thatif two articlesare unique,thenthey will
not collide on more than one of thesehashes.Our experimentalset
of 3;583newspapeidaysresultedn atotal of 253 523 uniquearticles
with 185 398 exactduplicatesand8; 874 nearduplicates.

2.3 News Coverage Analysis

Every local newspaperhasa readershipcenteredaroundthe city in
whichit is located.The sizeof the sphee of in uence arounda given
paperis a function of (1) its readershignaturally measuredy cir-
culationor a proxy suchasweb hits) and (2) geographigopulation
density Detailsof our in uence analysiswill be presentedn Sec-
tion 3, but herewe discussits consequencesn samplingdensityand
potentialfor multi-sourceintegration.

We have attemptedto spidersall of the roughly 800 daily U.S.
newspapersve areawareof throughauthoritatve web sourcesMary
newspapemebsitesarenolongeractive or arehighly seasonglpartic-
ularly schoolnewspaperswvhich ceaseactivity for summerandother
breakperiods).Others(primarily smalllimited circulationpaperspm-
ploy robot.txt les or evenblock IP addresgo preventusfrom spider
ing them. The upshotis that we get occasionakpideringdatafrom
roughly 6000online nevspapershowever on ary givendayonly about
500sourcesareactive.

We canuseour modelof in uence to visualizethe coverageof the
sourceswe spider Figure 4(l) presenta datamapvherea city's heat
is a function of the numberof newvspaperst is in uenced by. We get
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signi cant coveragethroughoutthe entire country exceptingisolated
borderlocationsaroundMaine, Minnesota,and Texas. The regions
coveredby morethantensourcesareemphasizeih the binarymapof
Figure 4(r). Many of theseareasaresurprisinglyscatteregroundthe
country re ecting intensecompetitionamongsmall papersin mary
local marlets.

Figure 5 measureshe relative raw volume of text thatin uence
residentsof eachlocation. The nationalmediacentersof California

Total Word Volume

Frequency
max:1.000000

B
Copyright () 2005 The Resarch Foundation of State University of Mew York, hitp:/vaw.textmap com mir:0.000000

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

andNew York aresigni cantly over-representetly this measure.

3 SOURCE-INFLUENCE MODELING

Theheatary givenentity e generate agivenlocationsis afunction
of its frequenyg of referenceof e in eachof the newspaperghathave
in uence overthatcity. Therelative frequeny of entity ein thesource
s is givenby

reference@;s) |

heate:s) = & referencel®;s)

@)

Thuseachheatvalueis from 0 to 1, giving the frequeng of refer
enceto theparticularentity. A heatvalueof 0:05impliesthattheentity
is referencedncefor every 20 entity reference®ver the universeof
all entities. The heatof anentity is arelative measure Areasof high
news volumemayboastmoreabsoluteeferenceso agivenentity, but
thepopularity(heat)is determinedy its frequencyof reference.

3.1 Estimating Source In uence

Any analysisinvolving both the New York Timesand Ithaca Times
mustcapturethein uencerelationbetweera news sourceandaloca-
tion. Thisin uence relationmusttake into accounthe distancefrom
the sourcelocation, the circulation of the source,and otherrelevant
features.

Constructinghisin uence functionformsthebasisof our datamap
model. The radiusof in uence of a nens sourcedependon the cir-
culationof the newspaperandthe populationof nearbycities. Cities
inside of this circle will be in uenced an amountdependingon their
distancerom the center;with maximumin uence atthe nevspapers
location. Thisis capturedn theequation

n
influencés;c) =

if distancds;c) > radiusof in uence of s
else

0

f(distances;c)) max-in uencgs)
wheref is somedecayfunction. When f is linear, thein uence of a
newspapercanbethoughtof asaconecenteredatthenevspaperwith
heightthe maximume-in uence,and basethe circle of in uence. Of
courseotherdecayfunctionscanalsobejusti ed. Citieslying outside
this circle will receve zeroin uence from the given source. Circles
associatedvith coastalcities will have a larger radiusbecausehere

is no populationwherethereis water The populationcoveredis still
whatthe modelpredicts.

The maximumin uence of a newvspapersourceis a combination
of variouscirculationandrankingstatisticsof the source.In particu-
lar, we usea weightedcombinationof Alexa's reachpermillion web
traf ¢ analysis(www.alexa.og) andthe weekdayaveragecirculation
of thenewspaper Togetherthey estimatethe numberof readergboth
online and paper)of the newvspaper We estimatethe online reader
ship by multiplying the Alexa reachper million by the populationof
theU.S.in millions. We estimatethe radiusof in uence supportedy
a given printedcirculationthroughan estimateof the frequeng with
which peoplesubscribeto nevspapers. We model that 10% of the
populationcoveredby the radiusof in uence shouldequalthe read-
ershipestimate. This parametemwas anecdotallychosen,and seems
reasonable.

3.2 Integrating Multiple Sources

Oncethein uence function of eachsourcehasbeende ned, the heat
atalocationcanbe calculatedby a weightedaverageof thereference
frequeng of theentityin thesourceweightedby thesourcesn uence
onthelocation.

For our model, we discretize spaceinto roughly 25,000 U.S.
cities/tovns of all sizes. For a given C of cities, S of news sources,
andE of entities,we getfor the heatof anentity e atcity c asper:

& heates)
25

in uence(s;c)

heate;c) = 3 in uence(s; ¢) @

s2S

4  VISUALIZATION ISSUES

To renderour datamapswe usemesa/openGgraphicslibraries. We
know how to calculatethe heatat cities, and openGlwill interpolate
heatbetweercitiesif givena polygonmesh. To geta polygonmesh
from our setof cities,we usedShevchuk's C programtriangle [1, 15].
This createsa Delaung triangulationof thecities.

To getthe coloringfor the datamapswe setthe scalesuchthatthe
maximumheatvalue getsthe highestred value,andthe othervalues
arescaledinearly. Thismakestwo datamap#comparablesincethey
are on differentscales. However, usingabsolutescalesmakes most
heateffectsunobserablesinceverylow valuesareimpercevable.Our
methodensuresve will alwayshave maximumcontrastbetweerthe
highestandlowestheatvalues.

5 IDENTIFYING SIGNIFICANT DATAMAPS

Once we have the ability to calculatea large number of entity
datamapswe arefacedwith the problemof automaticallyscreening
which of theseareinterestingto look at, i.e. suggessigni cant geo-
graphicbiasvs. entitiesof uniform nationalinterest.

In this sectionwe presentmethodsfor quantifyingthe geographic
disparity of a datamap. Geographicdisparity doesnot have a pre-
cise de nition, and provesdif cult to quantify for a variety of rea-
sons.Becausehe populationdensityis highly non-uniform,therela-
tive sizesof signi cant intensityprovesmisleading.Theareacovered
by “red” and“blue” stateson the electoralmapoverstateghe degree
of red/Republicamlominancealueto their strengthin thesparselypop-
ulatedWest. The news distributionsresultingfrom our modelproves
to have large numbersof local optima. Do theserepresendistinct
regional source®f elevatedinterestor arethey modelingartifacts?

We considertwo distinct classesof methods,basedon variance
analysisandconnectedomponenainalysisrespectiely.

5.1 Variance Analysis

Statisticalvariancemeasureshe deviation of datavaluesfrom their
mean.We would expectthatdatamapshaving higherstatisticalvari-
anceof intensityvaluesmorelikely re ects regional biasesalthough
similar variancemeasuregan be derived from simple checlerboard
patterns.

We de ne two scorege ecting this measure:
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Variance — Our datamapconstructiongives us heatvaluesfor
eachof 25,374cities. For thismeasurewe computethevariance
of these25,374heatvalues.

Weighted Variance — The variancemeasurewill be biasedby

absoluteheat. If we scaleevery value on a datamapby some
constantthe variancewill alsobe scaled(by the squareof the
constant) althoughthe underlyingdistribution is essentiallythe
same. For this measureve divide the varianceby the meanof

the 25,374values.

5.2 Connected Component Analysis

Considera datamapwith very high geographidisparity If we look
atthetencitieswith the highestheatvalues we would expectthemto
be clusteredclosetogether If the datamaphasno disparity thenthe
toptencitieswill probablybescatteredll aboutthecountry Suppose
we continueto look at thetop 20, 30, 40 citiesandsoon. Datamaps
with high disparityshouldhave clustersof cities,while datamapsvith
no disparity shouldremainscattered.This motivatesthe idea of the
connectedcomponenpro le for adatamap.

Considerthe graph G on the set of cities ¢ inducedby adding
an edgebetweenevery pair of nearbycities, Thatis (c1;¢p) 2 E if
distancecy;cp) < d. We cande ne apro le for adatamagby count-
ing the numberof connecteccomponentsn G only including cities
abore a certainheatvalue. The pro les for regional gure Wayne
Gretzly and nationalterm Americaare shavn in Figure 6. We see
the regional term hasa long period of a small numberof connected
componentsgorrespondingo the high concentratiorarea.

We proposeahreedifferentfeaturef thepro les for scoringmeth-
ods:

Largest Gap — A large gap betweena connectedcomponent
changewould suggesthatthe entity is dravn from two separate
(nationalandlocal) probability distributions.

WeightedGap— This methodagainusesthe largestgap, but di-
videsthis numberby the maximumheat. Thustermsthat are
generallypopularwont be more hearily favoredasthey arein
the rst method.

Percentaye Gap— Finally we scorebasedon thelargestpercent-
age heatchangebetweera componenthange.

5.3 Results

To quantitatvely evaluateour geographicabiasmeasuresandavoid
personabiasjudgmentsasto therelative geographidisparityof heat
maps we conducteda large-scalexperimentassessingow well they
distinguishmapsof regionally-biaseantitiesfrom (1) mapsof entities
with presumediniform nationalinterestand (2) randommapsgener
atedundertwo differentmodels. In the rst model,the frequeng of
our imaginaryentity in eachnews sourceis chosenfrom a uniform
distribution, while in the secondmodelit is chosenfrom a binomial
distribution. Datamapsgeneratedinderthesemodelsare shavn in
Figure 7. The uniform model hasgreaterlocal variance,while the
binomialdistribution is moreglobally smooth(fewer extremevalues)
becausehe valuesare centerecaroundthe meanin a binomial distri-
bution.

We madetwo setsof real entity datamapgor our experiments En-
tities likely to be geographically-biasethclude United Statescities
andlocal sportsteams. Entitieslikely to have little biasinclude for-
eigncities,countrynamesnationalpolitical gures, andentertainment
terms.In total, we constructed 28unbiasedlatamapsand400biased
datamapsWe alsogeneratedetsof random-alueddatamapsa total
of 200datamapgachfor the uniform andbinomialdistributions.

Theresultsof our scoringmethodarepresentedh Tables 2 and 3.
Forall ve methodswe calculatethe mean,median,max,andmin on
eachsetfor theraw score,andfor theranks.Fromtheseexperiments,
we canconcludethatthe weightedgap methodgivesthe bestresults,
sincein generalt scorecbiasedmapshigherthanunbiasednaps,and

ROC Curves For Detecting Biased Heatmaps
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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
PercenGap 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 1.31le-2
unbiased 2.6le-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.

both higherthenrandommaps. However, even thoughthe otherfour
scoringmethodsscoredandommapsabore our biaseddatamapsthey
scorebiasedmapshigherthenthe unbiasednaps.Thusfor realmaps,
eachof the scoringmethodshassomesigni cance.

We are interestedin distinguishinggeographichias amongreal
world maps. Figure 8 shavs the ReceiverOpeiating Curve (ROC)
for classifyingthe realworld maps.We seethateachscoringmethod
is substantiallyabore the 45-deyreeline. Thusall methodsdo better
thanrandomguessing.This, coupledwith the factthat the methods
are not perfectly correlatedwith eachother(seeTable 4) leadusto
believe that a fusion method(a methodthat is a combinationof all
themethods)shoulddo evenbetter A fusionmethodcannotimprove
whenunderlyingdifferentscoringmethodsarehighly correlatedthus
effectively all sayingthe samething.

6 CONCLUSIONS

In this paper we exploredmethodsof spatiallyrepresentinghe pop-
ularity of news entities, by interpolatingover referencefrequencies
in newspapers.We have presentech modelfor generatingsuchdata
maps.Our visualizationsshav the geographigopularityof an entity,
andpossiblegeographidiases.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
PercenGap 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.

terestinggeographidias, we have developedmethodsof scoringthe
mapsusinga spatial’connectedcomponentsmethod.Our modelhas
beenimplementedn the Lydia system(www.textmap.com)and cur
rently generateshousand®f differentmapseachday.

In future work, we hopeto addnew featuresand evaluationtech-
niguesto our visualizations.We would like to investigatethe useof
differentdecayfunctionsandparameterso usein our model,andper
hapsseekbettertheoreticalor empirical justi cation for them. We
alsoseekto compareour methodsof evaluationto otherrecognized
spatialstatistics,suchasspatialautocorrelation.Otherdirectionswe
areinterestedn aremoreassociatedavith technicalaspectof our Ly-
dia system,including (1) dynamicmapsthat animatethe changesn
news sentimentover a period of time and (2) sentimentmapswhich
measurespatialbiasesn how entitiesareliked or disliked, insteadof
justhow oftenthey arementioned.
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Fig. 4. The number of different news sources in uencing each U.S. city (I), and the number of cities in uenced by more than ten sources (r).
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Fig. 7. Random Datamaps. The frequency of this imaginary entity in each source is given by a random uniform distribution, or binomial distribution



