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Abstract

We describea purely confidence-basedeo-
graphictem disambiguatiorsystemthat cru-
cially relies on the notion of “positive” and
“negative” context andmethodsfor combining
confidence-basedlisambiguationwith mea-
suresof relevanceto a users query.

1 Intr oduction

Many guestionsaboutgeographicterm disambiguation
arestandardlyhandledn a statisticalframework: for ex-
ample,we canaskthat, in the absencef contetual in-
formation,with what probability doesthe word Madison
referto a person(e.g. JamesMadison), an organization
(e.g. MadisonGuaranty Savngs and Loar), or a place
(e.g. Madison,Wiscansin), andif no otherdisambigua-
tion alternatve exists,we canexpectthesethreenumbers
to sumto 1 (i.e. behae like probabilities).

However, there are mary other questionswhere a
strictly probability-basedramework is less appropriate.
In particular muchof theinformationthatcouldbe used
to disambigiate spatial referencesin natural language
text is strongl non-localin characterandaswe increase
the amountof this backgroundinformation, eventually
we reachthe point whenthe amountof training dataper
parameters solow thatthereis norepeatablexperiment
to baseprobabilitieson.

In suchcases; probabilities” are effectively usedasa
stand-infor whatis really our confidencen onejudgment
or another In this paperwe describesomeof the meth-
odsusedin a purely confidence-basedeayraphicterm
disambiguatiorsystenthatcrucially relieson the notion
of “positive” and“negative” context.

Far moreinformationis cortainedin unstructuredext
(suchasthe Web and messagéraffic) than in structured
databasesso automaticallyprocessingambiguousgeo-
graphicreferenceaunlocksa large amountof informa-
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Figure 1. MetaCartaGeographicText Searchinterface,
shaving queryresultsranked andplottedon a map.

tion. Adding spatialdimensimsto the documentearch
systemsequresnew algorithmsfor determiningherele-

vanceof documentsWe describenethodgor combining
confidence-basedisambiguatiorwith measuresf rele-

vanceto ausers query

It hasbecomeclear after several decadef artificial
intelligenceresearchthat automatedyeneral naturallan-
guageunderstandings not feasibleyet. However, we
have beenable to make progressby restrictingour ef-
fort to the well-defineddomainof geographicconcepts,
usingstatstical methodson extremelylarge corpora. To
copewith billions of documentswe have built fastal-
gorithmsfor extracting and disambigudhg geographic



Figure 2: Thedistribution of occurrence®f a termcan
identify geographicareasthatit is relevantto. This ex-
ampleshaws thedistribution of theword winein Europe.

informationandfastdatabaselgorithmsspecificallyfor
informationwhich hasa spatal component.

One form of information retrieval madepossibleby
extracting geogaphic meaningin large corporais geo-
graphictext search Usersarepresenteavith aninterface
containingatradional text searcHform combinedwith a
map. They canzoomin on areasof the world thatare of
interest,andresultsof textual queriesare plottedon the
map(Figurel). Otherforms of dataexplorationarealso
madepossible,suchasexploring the spatialdensitypat-
ternof documentsatisfyingatextual query(Figure?2).

In Section2 we explore challengesof finding geo-
graphicmeaningin naturallanguagetexts and give e-
amplesof typical ambiguities.In Section3 we introduce
someof our methodsfor determininggeographianean-
ing in naturallanguage.In Section4 we describesome
of the methodsof determininggeographianeaningdur-
ing real-timeprocessingln Section5 we describesome
of our training methods.In Section6 we describemeth-
odsfor combiningconfidence-basedisanbiguationwith
measuresf relevanceto auser's query

2 Challengesof finding geographic
meaningin natural languagetext

Like otherreferencesn naturallanguageext, geographic
referencesre often highly underspecifiedand ambigu-
ous. To take an extremeexample,whenencounteringa
referenceo Al Hamra, thetaskis to determinewhich of
the65 placesn theworld with thatnameis beingreferred
to, or evenwhethera placeis beingreferredto at all, for
thephrasealsomeangedin Arabic. The sameappliesto
the morethantwo dozenUS towns namedMadison In
fact, the majority of referencego placesare ambiguous
in thisway.

Humanbeingshave aremarkableability to derive use-

ful informationfrom ambiguousandunderspecifiedref-
erenceausingreal-world knowledgeand experience by
deriving fuzzy rulesfrom experienceandknowing when
to apply them. MetaCaré imitates this processusing
combinationsof heuristicsand datamining. For exam-
ple, when encounteng a mentionof Al Hamra, a hu-
mananalystmay noticethatthe restof the documents
focusedon a region of Oman Evenif thereis no men-
tion of Omanitself, amentionof theneaby placeSafilin
the samedocumentmalesit likely thatthe Al Hamra in
Omanis referredto. Eventhoughthereis anothermlace
namedSafilin Iran, the towns of Safiland Al Hamra in
Omanarecloseto eachother while thereis no Al Hamra
closeto Safil,Iran.

People also apply real-world knowledge gained in
other contets: they know, for example, that a refer
enceto aplacecalledMadison in theabsence®f a state,
is more likely to refer to Madison, Wisconsinthan the
smallerMadison,lowa; andthey know thatJamesMadi-
sonandthe Madisonfamily do not referto placesat all.
Similarly they know that Ishihara doesnot refer to a
place,eventhoughthereis a Japanestown of thatname,
if a governmentministernamedishihara is beingmen-
tioned.

Moreover, muchof the informationpeopleuseto dis-
ambiguatereferencess not containedwithin the docu-
mentitself, but is in the form of experiencegainedfrom
readingmary other documents. When encounteringa
name,peoplehave variousassociationsvith the usesof
this namethey have seerbefore,andhave aroughideaof
how oftenit referredto places.

3 Methodsfor determining geographic
meaningin natural language

MetaCartahasbeenableto imitate mary aspectof this
common-sensprocesdecausef thewell-defined Jow-
dimensionalspaceof geographicconcepts. We begin
with a gazettee containingseveral million name-point
andnameregion pairs,andtheenclosureelationshipbe-
tweenregions and points. A given namen may refer
to several pointsor regions,or referto a nongeographic
concept.To dealwith ambiguity for every potentialref-
erenceof anamen to a point p, we estimatec(p, n), the
confidencehatn really refersto p. Therelevanceof the
documentto eachmentionedlocation mustalso be de-
termined,in orderto presenthe resultsthat best satisfy
theneedfor bothcorrectnesandrelevanceto aquery as
describedn Section6.

Thereare two main phasef processingnvolvedin
the extraction of geographt information: training on
large corpora,andreal-timeprocessingf adocument.

In order to index large volumesof documets in a
reasonabldime, documentsnustbe processedt a rate



of at leasta hundreddocumentsper secondon a sin-
gle workstation. This constrant affects the choice of
heuristicsused. Someof the methodsof determining
geographianeaningduring real-timeprocessingare de-
scribedin Sectior4.

Thetraining phaserequiressomeseedsystemcapable
of extractingthe geographidnformation or, in the limit-
ing case somemarually ground@& documentsThequal-
ity of training dependson the quality of the seed,so as
thesystenfor thereal-timeprocessingf documerd im-
proves, we iteratethe training process.Somedetails of
thetraining processredescibedin Section5.

4 Real-time processingof documents

4.1 Identifying candidateplaces

When processinga document,we begin by identifying
potentiallygeographiaeferencesFor each,we identify
all known candidatedor the meaningof that reference.
For example, a referenceto 'Madison’ can potentially
meanary of 22 pointswith tha name,or noneof them.

The main sourceof geographiaeferencesare names
from the high-quaity MetaCartagazetteer See(Axel-
rod, 2003)for the processof building and updatingthis
gazetteer The procedureusedto obtain realisticinitial
confidencesassociatedvith the gazetteemames is de-
scribedin Section5.1.

We mertion someof the alternatve sourcesof poten-
tially geographiaeferencesere. We have cagabilities
allowing to matchUS postaladdresseandpassthemto
third-party geolocaibn software producinga coordinate
for theaddress.

Coordinates such as 38°01" 10.5"N
121°44' 48.8"W or 56.51°N 25. 86°E are
matched. We match some of JINTACCS (Depart-
ment of the Army, 1990) messagetraffic formats
such as 163940N 1062920E (means 16°39'40"N
106°29'20"E).

The matchesare then assignedinitial confidences,
anddisambiguatedsinglocal andnon-locdinformation
within thedocument.

4.2 Geographicdisambiguation by local linguistic
context

Similarly to otherstatisticalNLP efforts, we usethe lo-
cal documentontext thata potentiallygeographicame
occursin. For example thewordscity of or mayorof pre-
cedingor thewordscommunitycollege following aname
like Madisonare strong positive indicatorsof the geo-
graphicnatureof this name.At the sametime, thewords
Mr., Dr., or acommonfirst nameprecedingor the words
will arrive following a potentialcity namearestrongneg-
ative indicatorsthatthenanein questionis geographic.

We use the mixture of data mining proceduresde-
scribedin Section5.2 and domainknowledgereposito-
riescontaning context stringssuchasfirstnamego form
the setsof contets we are usingandto determinetheir
strengthaspositive andnegative indicators.

Heuristicsthen adjustthe confidencec,.,(n) thatn
refersto ary geographidocation (thoughnot whetherit
refersto oneof severalsynorymouslocations)according
to the natureandstrengthof theseindicators.

Otherlocal clues, suchas absenceof uppercaselet-
tersin the nameitself or the resemblancef the nameto
anacrorym have alsoproven usetil to further adjustthe
valuesof cgeo.

The valuesof ¢4, arethenmodifiedby non-localin-
formationasdescribedelow.

4.3 Geographicdisambiguation by spatial patterns
of geographicreferencesn documents

We have found thatthereis a high degreeof spatialcor
relationin geographiaeferenceshatarein textual prox-
imity. This applies not only to points that are nearby
suchasMadisonandMil waukee,but alsoto thesituation
whenpointsare enclosedby regions, e.g. Madisonand
Wisconsin.This correlationbetwe@ geographicandtex-
tual distanceis consideredn estimatingthe confidence
thatanamerefersto apoint

Someof our heuristicsincrease:(p, n) basedon hov
mary andwhich points(andenclosingregions)aremen-
tionedin the samedocumentasn andtheir proximity.
We make use of the charactestics of the nearbyloca-
tions,andweighttheirinfluenceasa decreasindunction
of geographiaelationshipgo p andtextual relationships
ton. ¢(p,n) is thenincreasedy a saturatingunction of
theseinfluences.

4.4 Domain knowledge: population heuristics

In addition,populationdatain the gazetteeis alsoused.
A placewith a high populationis morelikely to be men-
tionedthana placewith alower one. Thuswhendisam-
biguatingmultiple referetswith thesamename thepop-
ulationof eachis consdered.Theconfiderceof aplacep

is decreasedby an amountproportionalto the logarithm
of theratio of the populationof p to the populationof all

placeswith thenamen.

4.5 Relative references

Until now we discusedthe processingf stand-alonge-
ographicreferencesWe alsoprocesselative geographic
referencesuchas 15 milesnortheastof Portland. This
relative referencds resohedin correspondencwith the
disambiguatiorof its anchorreference Portland. If we
decidedthat Portland refersto Portland, Oregon with
confidence:, thenwe assumehat 15 miles northeastof



Portland refersto the point 15 miles northeastof Port-
land, Oregonwith confidencef (c), wheref(c) is greater
thanc, sincethe presencef awell-definedrelative refer
encesenes asanadditionallinguisticclue.

4.6 Temporal information

While not strictly a geographicissue, we mention
here that the systen also extracts temporal informa-
tion from natural languagedocumets. Currently we
recognizemilitary date/timegroup Zulu formats(Com-
binedCommunications-Electroniddoard,1983)suchas
3015357 AUG 01 (meansAugust30, 2001 15:35:00
Zulu).

5 Training

5.1 Determining the geogrghic significanceof
gazetteernames

The methodsfor disambiguatinggeographicterms de-
scribedabove canalsobeexploitedatthe level of thecor-
pus,despitethefactthatthedatausedfor trainingareun-
taggedandthereforenoisy Sincethereal-timedocument
processingsystemis high througtput, it canbe applied
to atraining corpus consistng of a few hundredmillion
documents.

If anamen is often given a high confidenceof refer
ring to apointp, thenn is likely to referto p evenin the
absencef otherevidencein the document. Thus,each
name-poinfpair n, p is given aninitial confidencewhich
is the averageconfidenceassignedo an instancein the
trainingcorpus.

This initial confidencds thenusedasa startingpoint
and modified by the other heuristicsdescribedabowe to
obtainconfidencefor a nameinstancein a specificdoc-
umentduring realtime documentprocessing.Thus the
training processs iterative.

5.2 Data mining of geograptically significant local
linguistic contexts

We currently usedatamining on taggedcorporato learn
thecortextsin whichgeographi@andnon-geographicef-

erencesoccut the words and phrase leadingup to and
trailing the namen. The taggedcorporawere obtained
usingthe Alembic tagge (Day et al., 1997). The accu-
mulatedstatisticsallow us to deternine whethera spe-
cific context is a positive or negative indicatorof aterm
beinggeographicandthe strengthof this particularindi-

cator For ary contet C, an adjustments appliedto the
confidencavhichis anonlinearfunction of the probabil-
ity of ageographiceferenceoccurringin C'in thetagged
corpus.

6 Relevance

Theadditionof geographidimensiongo informationre-
trieval meansthat in additionto the relevanceof docu-
mentsto atextual query therelevanceto the placesmen-
tionedin thosedocumentsnustalsobe consideredn or-
derto rank the documets. The two kinds of relevance,
traditionaltextual query relevanceR,, andgeorelevance
R4, mustbe propety balancedo returndocumentsele-
vantto a users query Thetraditionaltextual query rel-
evanceis obtainedusingstandardechniquegRobertson
andJones1997).

Georel@anceis basedon both the geographicconfi-
denceof the placenamesusedto placethe documentbn
the map,andthe emptasisof the placenamein the doc-
ument. Emphass is affectedby the position P,, of the
namein thedocumentandtheprominences,,. Thelatter
is afunctionof whetheiit is in thetitle or headerwhether
it is emphasizedr rendeed in a large font, and other
cluesrelatedto the naure andformattingof a document.
Thisis similarto termrelevanceheuristicsin information
retrieval (RobertsorandJones, 1997, but the patternof
emphasi®f geographiceferencess somevhatdifferent.
Thefunction thatassignghe emphasi€componenthatis
afunctionof in-documenpostion is somavhatdifferent
thanthoseusuallyused.It decreaseBom a maximumat
the beginning of the documento alow numbernearthe
endof along documentput increasesiearthe bottomof
thedocumento accounfor theincreasedelevanceof in-
formationin footers.Thefrequeng of thenamer;, in the
documents consideredn asimilarwayto standardnfor-
mationretrieval techngues(RobertsorandJanes,1997).

Emphasigs alsoa function of the numberof otherge-
ographicreferencess in thedocument.Thisis basedon
the assumptiorthata documentdoesnot have anunlim-
ited amountof relevanceto “spend” on places. Thus,a
placementionedn adocumentwith mary othersis likely
to belessrelevant. OnceemphasisE (P, By, Fy, S) is
calculatedit is multiplied by geoconfidence€’, to obtain
thegeoreleanceR,,.

We dso computeageorel@ance-like functionfor each
locationthatcouldbereferencedy adocumentlt varies
asafunctionof charactepositionin thedocumentandis
independentdf geoconfidence.

Finally, the textual quey relevanceand georeleance
are balancedas follows. The moretermsm arein the
users query the higher the weight W, we assignto the
termcomponenbdf the query;however we useafunction
W, thatsaturatesita maximalweight M (.5 < M < 1).
Thetermrelevanceweightis definedas

W (m) = .5+ mT_l(M —5)

Georel@anceand term relevance R,, are then com-
binedas(1 — Wy, (m))Ry + Wy, (m)Ry,.



7 Conclusion

The successfutleploymentof anindustrialhigh-volume
systempartially basedon the methodsdescribedhere,
evenin the absencef large amountsof taggeddata,has
shavn that mary elementsof commonsenserelatingto
geographialisambiguatiorcanbe encodedas heuristics
in aconfidence-basefdamenork.
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