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Abstract

We describea purely confidence-basedgeo-
graphicterm disambiguationsystemthat cru-
cially relies on the notion of “positive” and
“negative” context andmethodsfor combining
confidence-baseddisambiguationwith mea-
suresof relevanceto auser’s query.

1 Intr oduction

Many questionsaboutgeographicterm disambiguation
arestandardlyhandledin a statisticalframework: for ex-
ample,we canaskthat, in the absenceof contextual in-
formation,with whatprobabilitydoestheword Madison
refer to a person(e.g. JamesMadison), an organization
(e.g. MadisonGuaranty Savings and Loan), or a place
(e.g. Madison,Wisconsin), andif no otherdisambigua-
tion alternative exists,wecanexpectthesethreenumbers
to sumto 1 (i.e. behave likeprobabilities).

However, there are many other questionswhere a
strictly probability-basedframework is less appropriate.
In particular, muchof theinformationthatcouldbeused
to disambiguate spatial referencesin natural language
text is strongly non-localin character, andaswe increase
the amountof this backgroundinformation, eventually
we reachthepoint whentheamountof trainingdataper
parameterissolow thatthereis norepeatableexperiment
to baseprobabilitieson.

In suchcases,“probabilities” areeffectively usedasa
stand-infor whatis reallyourconfidencein onejudgment
or another. In this paperwe describesomeof themeth-
ods usedin a purely confidence-basedgeographicterm
disambiguationsystemthatcrucially relieson thenotion
of “positive” and“negative” context.

Far moreinformationis containedin unstructuredtext
(suchastheWebandmessagetraffic) than in structured
databases,so automaticallyprocessingambiguousgeo-
graphic referencesunlocksa large amountof informa-

Figure1: MetaCartaGeographicText Searchinterface,
showing queryresultsrankedandplottedonamap.

tion. Adding spatialdimensions to thedocumentsearch
systemsrequiresnew algorithmsfor determiningtherele-
vanceof documents.Wedescribemethodsfor combining
confidence-baseddisambiguationwith measuresof rele-
vanceto auser’s query.

It hasbecomeclearafter several decadesof artificial
intelligenceresearchthatautomatedgeneralnaturallan-
guageunderstandingis not feasibleyet. However, we
have beenable to make progressby restrictingour ef-
fort to the well-defineddomainof geographicconcepts,
usingstatisticalmethodson extremelylargecorpora.To
copewith billions of documents,we have built fast al-
gorithms for extracting and disambiguating geographic



Figure2: The distribution of occurrencesof a term can
identify geographicareasthat it is relevant to. This ex-
ampleshowsthedistributionof theword wine in Europe.

informationandfastdatabasealgorithmsspecificallyfor
informationwhichhasaspatial component.

One form of information retrieval madepossibleby
extracting geographic meaningin large corporais geo-
graphictext search.Usersarepresentedwith aninterface
containingatraditional text searchform combinedwith a
map.They canzoomin on areasof theworld thatareof
interest,andresultsof textual queriesareplottedon the
map(Figure1). Otherformsof dataexplorationarealso
madepossible,suchasexploring thespatialdensitypat-
ternof documentssatisfyinga textualquery(Figure2).

In Section2 we explore challengesof finding geo-
graphicmeaningin natural languagetexts andgive ex-
amplesof typical ambiguities.In Section3 we introduce
someof our methodsfor determininggeographicmean-
ing in naturallanguage.In Section4 we describesome
of themethodsof determininggeographicmeaningdur-
ing real-timeprocessing.In Section5 we describesome
of our trainingmethods.In Section6 we describemeth-
odsfor combiningconfidence-baseddisambiguationwith
measuresof relevanceto auser’s query.

2 Challengesof finding geographic
meaningin natural languagetext

Likeotherreferencesin naturallanguagetext, geographic
referencesareoften highly under-specifiedandambigu-
ous. To take an extremeexample,whenencounteringa
referenceto Al Hamra, thetaskis to determinewhich of
the65placesin theworld with thatnameis beingreferred
to, or evenwhethera placeis beingreferredto at all, for
thephrasealsomeansred in Arabic. Thesameappliesto
the morethantwo dozenUS towns namedMadison. In
fact, the majority of referencesto placesareambiguous
in thisway.

Humanbeingshave aremarkableability to deriveuse-

ful informationfrom ambiguousandunder-specifiedref-
erencesusingreal-world knowledgeandexperience,by
deriving fuzzy rulesfrom experienceandknowing when
to apply them. MetaCarta imitates this processusing
combinationsof heuristicsanddatamining. For exam-
ple, when encountering a mentionof Al Hamra, a hu-
mananalystmay noticethat the restof the documentis
focusedon a region of Oman. Even if thereis no men-
tion of Omanitself, amentionof thenearby placeSafilin
thesamedocumentmakesit likely that theAl Hamra in
Omanis referredto. Even thoughthereis anotherplace
namedSafil in Iran, the towns of Safil andAl Hamra in
Omanarecloseto eachother, while thereis noAl Hamra
closeto Safil,Iran.

People also apply real-world knowledge gained in
other contexts: they know, for example, that a refer-
enceto a placecalledMadison, in theabsenceof a state,
is more likely to refer to Madison,Wisconsinthan the
smallerMadison,Iowa; andthey know thatJamesMadi-
sonandtheMadisonfamily do not refer to placesat all.
Similarly they know that Ishihara doesnot refer to a
place,eventhoughthereis aJapanesetown of thatname,
if a governmentministernamedIshihara is beingmen-
tioned.

Moreover, muchof the informationpeopleuseto dis-
ambiguatereferencesis not containedwithin the docu-
mentitself, but is in the form of experiencegainedfrom
readingmany other documents. When encounteringa
name,peoplehave variousassociationswith the usesof
thisnamethey haveseenbefore,andhave aroughideaof
how oftenit referredto places.

3 Methods for determining geographic
meaningin natural language

MetaCartahasbeenableto imitatemany aspectsof this
common-senseprocessbecauseof thewell-defined,low-
dimensionalspaceof geographicconcepts. We begin
with a gazetteer containingseveral million name-point
andname-regionpairs,andtheenclosurerelationshipbe-
tweenregions and points. A given namen may refer
to severalpointsor regions,or refer to a non-geographic
concept.To dealwith ambiguity, for every potentialref-
erenceof a namen to a point p, we estimatec(p, n), the
confidencethatn really refersto p. Therelevanceof the
documentto eachmentionedlocation must also be de-
termined,in order to presentthe resultsthat best satisfy
theneedfor bothcorrectnessandrelevanceto aquery, as
describedin Section6.

Thereare two main phasesof processinginvolved in
the extraction of geographic information: training on
largecorpora,andreal-timeprocessingof adocument.

In order to index large volumesof documents in a
reasonabletime, documentsmustbe processedat a rate



of at least a hundreddocumentsper secondon a sin-
gle workstation. This constraint affects the choice of
heuristicsused. Someof the methodsof determining
geographicmeaningduring real-timeprocessingarede-
scribedin Section4.

Thetrainingphaserequiressomeseedsystemcapable
of extractingthegeographicinformation or, in the limit-
ing case,somemanually grounded documents.Thequal-
ity of training dependson the quality of the seed,so as
thesystemfor thereal-timeprocessingof documents im-
proves,we iteratethe training process.Somedetails of
thetrainingprocessaredescribedin Section5.

4 Real-timeprocessingof documents

4.1 Identifying candidateplaces

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

The main sourceof geographicreferencesarenames
from the high-quality MetaCartagazetteer. See(Axel-
rod, 2003)for the processof building andupdatingthis
gazetteer. The procedureusedto obtain realistic initial
confidencesassociatedwith the gazetteernames is de-
scribedin Section5.1.

We mention someof thealternative sourcesof poten-
tially geographicreferenceshere. We have capabilities
allowing to matchUS postaladdressesandpassthemto
third-partygeolocation softwareproducinga 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,
anddisambiguatedusinglocalandnon-local information
within thedocument.

4.2 Geographicdisambiguation by local linguistic
context

Similarly to otherstatisticalNLP efforts, we usethe lo-
cal documentcontext thata potentiallygeographicname
occursin. For example,thewordscity of or mayorof pre-
cedingor thewordscommunitycollege following aname
like Madisonare strongpositive indicatorsof the geo-
graphicnatureof this name.At thesametime, thewords
Mr., Dr., or a commonfirst nameprecedingor thewords
will arrive following apotentialcity namearestrongneg-
ative indicatorsthatthename in questionis geographic.

We use the mixture of data mining proceduresde-
scribedin Section5.2 anddomainknowledgereposito-
riescontainingcontext stringssuchasfirstnamesto form
the setsof contexts we areusingandto determinetheir
strengthaspositiveandnegative indicators.

Heuristicsthen adjust the confidencecgeo(n) that n

refersto any geographiclocation(thoughnot whetherit
refersto oneof severalsynonymouslocations)according
to thenatureandstrengthof theseindicators.

Other local clues, suchas absenceof upper-caselet-
tersin thenameitself or theresemblanceof thenameto
anacronym have alsoprovenuseful to furtheradjustthe
valuesof cgeo.

The valuesof cgeo arethenmodifiedby non-localin-
formationasdescribedbelow.

4.3 Geographicdisambiguation by spatial patterns
of geographicreferencesin documents

We have found that thereis a high degreeof spatialcor-
relationin geographicreferencesthatarein textual prox-
imity. This applies not only to points that are nearby,
suchasMadisonandMil waukee,but alsoto thesituation
whenpointsareenclosedby regions,e.g. Madisonand
Wisconsin.Thiscorrelationbetween geographicandtex-
tual distanceis consideredin estimatingthe confidence
thatanamerefersto apoint.

Someof our heuristicsincreasec(p, n) basedon how
many andwhich points(andenclosingregions)aremen-
tioned in the samedocumentas n and their proximity.
We make useof the characteristics of the nearbyloca-
tions,andweighttheir influenceasa decreasingfunction
of geographicrelationshipsto p andtextual relationships
to n. c(p, n) is thenincreasedby a saturatingfunctionof
theseinfluences.

4.4 Domain knowledge: population heuristics

In addition,populationdatain thegazetteeris alsoused.
A placewith a high populationis morelikely to bemen-
tionedthana placewith a lower one. Thuswhendisam-
biguatingmultiplereferentswith thesamename,thepop-
ulationof eachis considered.Theconfidenceof aplacep

is decreasedby anamountproportionalto the logarithm
of theratio of thepopulationof p to thepopulationof all
placeswith thenamen.

4.5 Relative references

Until now wediscussedtheprocessingof stand-alonege-
ographicreferences.We alsoprocessrelative geographic
referencessuchas15 milesnortheastof Portland. This
relative referenceis resolved in correspondencewith the
disambiguationof its anchorreference,Portland. If we
decidedthat Portland refers to Portland, Oregon with
confidencec, thenwe assumethat15 milesnortheastof



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

4.6 Temporal information

While not strictly a geographic issue, we mention
here that the system also extracts temporal informa-
tion from natural languagedocuments. Currently we
recognizemilitary date/timegroup Zulu formats(Com-
binedCommunications-ElectronicsBoard,1983)suchas
301535Z AUG 01 (meansAugust30, 200115:35:00
Zulu).

5 Training

5.1 Determining the geographic significanceof
gazetteernames

The methodsfor disambiguatinggeographicterms de-
scribedabovecanalsobeexploitedat thelevel of thecor-
pus,despitethefactthatthedatausedfor trainingareun-
taggedandthereforenoisy. Sincethereal-timedocument
processingsystemis high throughput, it canbe applied
to a training corpusconsisting of a few hundredmillion
documents.

If a namen is often given a high confidenceof refer-
ring to a point p, thenn is likely to refer to p evenin the
absenceof otherevidencein the document.Thus,each
name-pointpair n, p is given aninitial confidencewhich
is the averageconfidenceassignedto an instancein the
trainingcorpus.

This initial confidenceis thenusedasa startingpoint
andmodifiedby the otherheuristicsdescribedabove to
obtainconfidencefor a nameinstancein a specificdoc-
umentduring real-time documentprocessing.Thus the
trainingprocessis iterative.

5.2 Data mining of geographically significant local
linguistic contexts

We currently usedatamining on taggedcorporato learn
thecontextsin whichgeographicandnon-geographicref-
erencesoccur, the wordsandphrases leadingup to and
trailing the namen. The taggedcorporawereobtained
usingthe Alembic tagger (Day et al., 1997). The accu-
mulatedstatisticsallow us to determine whethera spe-
cific context is a positive or negative indicatorof a term
beinggeographic,andthestrengthof thisparticularindi-
cator. For any context C, an adjustmentis appliedto the
confidencewhich is a nonlinearfunctionof theprobabil-
ity of ageographicreferenceoccurringin C in thetagged
corpus.

6 Relevance

Theadditionof geographicdimensionsto informationre-
trieval meansthat in addition to the relevanceof docu-
mentsto a textualquery, therelevanceto theplacesmen-
tionedin thosedocumentsmustalsobeconsideredin or-
der to rank the documents. The two kinds of relevance,
traditionaltextual query relevanceRw andgeorelevance
Rg, must beproperly balancedto returndocumentsrele-
vant to a user’s query. The traditional textual query rel-
evanceis obtainedusingstandardtechniques(Robertson
andJones,1997).

Georelevanceis basedon both the geographicconfi-
denceof theplacenamesusedto placethedocumenton
themap,andtheemphasisof theplacenamein thedoc-
ument. Emphasis is affectedby the positionPn of the
namein thedocument,andtheprominenceBn. Thelatter
is afunctionof whetherit is in thetitle or header, whether
it is emphasizedor rendered in a large font, and other
cluesrelatedto thenatureandformattingof a document.
This is similar to termrelevanceheuristicsin information
retrieval (RobertsonandJones,1997), but thepatternof
emphasisof geographicreferencesis somewhatdifferent.
Thefunction thatassignstheemphasiscomponentthatis
a functionof in-documentposition is somewhatdifferent
thanthoseusuallyused.It decreasesfrom a maximumat
thebeginningof thedocumentto a low numbernearthe
endof a long document,but increasesnearthebottomof
thedocumentto accountfor theincreasedrelevanceof in-
formationin footers.Thefrequency of thenameFn in the
documentis consideredin asimilarwaytostandardinfor-
mationretrieval techniques(RobertsonandJones,1997).

Emphasisis alsoa functionof thenumberof otherge-
ographicreferencesS in thedocument.This is basedon
theassumptionthata documentdoesnot have anunlim-
ited amountof relevanceto “spend” on places.Thus,a
placementionedin adocumentwith many othersis likely
to be lessrelevant. OnceemphasisE(Pn, Bn, Fn, S) is
calculated,it is multipliedby geoconfidenceCg to obtain
thegeorelevanceRg.

We alsocomputeageorelevance-like functionfor each
locationthatcouldbereferencedby adocument.It varies
asa functionof characterpositionin thedocumentandis
independentof geoconfidence.

Finally, the textual query relevanceandgeorelevance
are balancedas follows. The more termsm are in the
user’s query, thehigher theweightWw we assignto the
termcomponentof thequery;however weusea function
Ww thatsaturatesatamaximalweightM (.5 < M < 1).
Thetermrelevanceweightis definedas

Ww(m) = .5 +
m − 1

m
(M − .5)

Georelevanceand term relevanceRw are then com-
binedas(1 − Ww(m))Rg + Ww(m)Rw.



7 Conclusion

Thesuccessfuldeploymentof an industrialhigh-volume
systempartially basedon the methodsdescribedhere,
evenin theabsenceof largeamountsof taggeddata,has
shown that many elementsof commonsenserelatingto
geographicdisambiguationcanbeencodedasheuristics
in aconfidence-basedframework.
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