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Abstract

This paperpresentsan approachto acquireknowledge
from Wikipedia categoriesand the category network.
Many Wikipediacategorieshavecomplex nameswhich
re�ect humanclassi�cation and organizing instances,
andthusencodeknowledgeaboutclassattributes,tax-
onomic and other semanticrelations. We decodethe
namesandreferbackto thenetwork to inducerelations
betweenconceptsin Wikipedia representedthrough
pagesor categories. The category structureallows us
to propagatearelationdetectedbetweenconstituentsof
acategorynameto numerousconceptlinks. Theresults
of theprocessareevaluatedagainstResearchCycanda
subsetalsoby humanjudges. The resultssupportthe
ideathatWikipediacategorynamesarea rich sourceof
usefulandaccurateknowledge.

Intr oduction
Whenpeopleunderstandlanguage,lexical, commonsense
andworld knowledgeall comeinto play. While acquiring
lexical knowledgeandmakingit availablein machineread-
able form is a feasibletask – examplesinclude WordNet
(Fellbaum,1998), machinereadabledictionariesand con-
cordancesfrom corpora(Kilgarriff et al., 2004)– common
senseandworld knowledgeon a scalelarge enoughto be
usefulfor naturallanguageprocessing(NLP) still eludesus.
Current trendsin knowledgeacquisitionaim at collecting
“bite-sized”pieces– simplefactsexpressedasrelations– in
the questof gettingcloserto gatheringmorecomplex rep-
resentations(Schubert,2006). The approachesrangefrom
human-basedcontributions to fully automaticmethodsto
mine knowledge from texts. Most automaticapproaches
startwith seedconceptsor patterns,or mine for instances
of aprespeci�edsetof relations.

We join theseefforts in betweenthe two extremes,by
mining for knowledgein Wikipediacategoriesandthe cat-
egory network. Contributors to a Wikipedia pageare en-
couragedto link this pageto theexisting category network,
andto createnew categoriesasnecessary. Fromthisprocess
hasemerged a “folksonomy” – a collaborative organizing
backbone.The category namesre�ect our intuitions about
classi�cation andorganization: BOOKS BY GENRE covers
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CHILDREN' S BOOKS, REFERENCE WORKS, TEXTBOOKS,
NOVELS (BY GENRE), and so on, NEWSPAPERS PUB-
LISHED BY NEWSQUEST covers EVENING TIMES, THE
OXFORD TIMES andothers1. We developmethodsthatau-
tomaticallydecodethesestringsanddeterminetherelations,
classesandattributesthey encode.We inducenumerousin-
stancesof the relationsdetectedbetweenconstituentsof a
category nameusingthe category network. The quality of
the informationextractedis assessedagainstResearchCyc,
thelargest(manuallycreated)knowledgeresourceavailable,
andasubsetthroughmanualevaluation.

Thenovelty of ourknowledgeacquisitionapproachis that
we focuson very small fragmentsthat encodea variety of
humanknowledgeaboutconceptsand relations,and then
propagate this knowledge by traversing the category net-
work downward, toward the pages. We regard eachcate-
gory nameasa repositoryof knowledge,that we cangain
accessto directly by decodingthe patternsin this string.
Using the category network we are able to propagate the
informationextractedfrom a category name,andmultiply
the relationsextractedby �nding their instances.Theeval-
uation shows that this approachleadsto the extraction of
high quality relations,more numerousand more qualita-
tive thanwhat we would get by mining for the samerela-
tions in the Wikipedia articlesusingpatterns,asit is com-
monly donein text-basedrelationextraction(Hearst,1992;
Berland& Charniak,1999;Zhao& Grishman,2005).

This researchcomplementsthetypeof work describedin
Ponzetto& Strube(2007), wherethe category network is
transformedinto a taxonomy. We now replacenodesin this
taxonomythathaveanorganizationalpurposewith concepts
andrelationsthatre�ect semanticandassociative links.

Wikipedia CategoryNamesand Network
To organizeWikipediafor easyaccessto pages,contributors
are given guidelinesfor categorizing articles and naming
new categories2. Many categories– ALBUMS BY ARTIST,

1We useSans Serif for patternsand words, italics for rela-
tions,SMALL CAPS for Wikipediacategoriesandpages,andBOL D
SM AL L CAPS for concepts.

2http://en.wikipedia.org/wiki/Wikipedia:Categorization
http://en.wikipedia.org/wiki/Wikipedia:Naming_
conventions_(categories)



Category type Categoryname Pattern Relations
explicit relation QUEEN (BAND) X members FREDDY M ERCURY memberof QUEEN (BAND)

MEMBERS members of X BRI AN M AY memberof QUEEN (BAND) ...
explicit relation MOVIES X [VBN IN] Y ANNI E HAL L directedby WOODY AL L EN

DIRECTED BY ANNI E HAL L isa M OVI E
WOODY ALLEN DECONSTRUCTI NG HARRY directedby WOODY AL L EN

DECONSTRUCTI NG HARRY isa M OVI E ...
partlyexplicit V ILLAGES IN X [IN] Y SI ETHEN locatedin BRANDENBURG
relation BRANDENBURG SI ETHEN isa V I L L AGE ...
implicit relation M IXED X Y M I XED M ARTI AL ARTS R TEL EVI SI ON PROGRAM S

MARTIAL ARTS TAPOUT (TV SERI ES) R M I XED M ARTI AL ARTS
TELEVISION PROGRAMS TAPOUT (TV SERI ES) isa TEL EVI SI ON PROGRAM ...

classattribute ALBUMS BY ARTIST X by Y ARTI ST attribute of AL BUM
M I L ES DAVI S isa ARTI ST
BI G FUN isa AL BUM ...

Table1: Examplesof informationencodedin categorynamesandtheknowledgeweextract

V ILLAGES IN BRANDENBURG, MEMBERS OF THE EURO-
PEAN PARLIAMENT – donotcorrespondto thetypeof lexi-
cal conceptswewouldexpectto encounterin texts. Instead,
they captureinstancesof humanclassi�cationandrelations
thatwe canuseasa sourceof information. We identify the
following typesof category namesbasedon the typeof in-
formationthey encode:

explicit relation categories: This is thecasefor categories
that overtly indicate a relation such as memberof –
e.g. MEMBERS OF THE EUROPEAN PARLIAMENT – or
causedby – A IRPLANE CRASHES CAUSED BY PILOT
ERROR. Thesecondtypeof explicit relationcanbeiden-
ti�ed by searchingfor a [VBN IN]3 pattern.

partly explicit relation categories: Prepositions,although
sometimesambiguous,arestrongindicatorsof semantic
relations(Lauer, 1995). in for example,may indicatea
spatialrelation– asin V ILLAGES IN BRANDENBURG –
or a temporalone– CONFLICTS IN 2000. Suchambigu-
oussituationscanberesolvedusingnamedentity typein-
formation,or if this in notavailable,Wikipedia'scategory
network: supercategoriesof BRANDENBURG (GEOGRA-
PHY) and 2000 (CENTURIES, YEARS) indicate which
typeof relationthecategoryencodes.

implicit relation categories: Categorieswhosenamesare
complex nouncompoundsdocapturerelations,but donot
give explicit indicatorsof what the relationis. Thecate-
gory M IXED MARTIAL ARTS TELEVISION PROGRAMS,
for example,hastwo noun phrasecomponents,M I XED
M ARTI AL ARTS andTEL EVI SI ON PROGRAM S. There-
lation encodedin this category is the relation between
M I XED M ARTI AL ARTS andTEL EVI SI ON PROGRAM S
– for example,topic.

classattrib ute categories: Categories with the namefol-
lowing the patternX by Y – e.g. ALBUMS BY ARTISTS
– show a groupingof instancesof classX by attribute

3VBN is thepartof speechfor participlesandIN is thepartof
speechfor prepositionsin thePennTreebankset(Santorini,1990).
Wedelimit POSpatternswith squarebrackets.

Y. This indicatesgeneralizations(all pageslisted under
thiscategorycanbegeneralizedto X ) andclassattributes
(Y ).

Oncewe decodethe informationcapturedin a category
name,we can usethe category network to propagate this
information. Categories, such as ALBUMS BY ARTIST,
arefurther speci�ed with moredetailedsubcategories(e.g.
M ILES DAVIS ALBUMS, U2 ALBUMS, QUEEN (BAND) AL-
BUMS), andareultimatelylinkedto pagescorrespondingto
speci�c albums.Table1 presentsanoverview of theknowl-
edgeweextractfor eachcategory type.

Extracting Knowledgefr om the Wikipedia
Categoriesand CategoryNetwork

We processWikipedia category namesto obtain semantic
relationsand classattributes,as discussedin the previous
section,andthenpropagatetheserelationsbasedon thecat-
egory network. In the following we describein detail the
phasesof theknowledgeextractionprocess.

1. Identify the dominant constituent. In categorynames
thatmatchspeci�c patternssuchasmembers of X, X [VBN
IN] Y, X [IN] Y, the dominantconstituentis identi�ed as
X . For complex nouncompoundcategorieswe extract the
dominantconstituentfrom thephraseconstituentsof thecat-
egorynamewith analgorithmsimilar to headidenti�cation.

Example:CHAIRMEN FOR THE COUNTY COUNCILS OF
NORWAY hasthreeconstituents:chairmen, county coun-
cils, Norway, with thedominatingconstituentchairmen.

2. Extract relations. We �rst gatherthe pagesf Pi g cat-
egorizedundercurrentcategory C4, andthenaddrelations
accordingto thecategorynametype:

4A category is not further expandedif it hasa homonymous
page. The reasonis that a category can cover a wide variety of
aspectsrelatedto the conceptit represents,whereasthe pageis
very speci�c. E.g.,ROME hasassubcategoriesANCIENT ROME,
CULTURE OF ROME, EDUCATION IN ROME, HISTORY OF ROME,
etc.



explicit relation categories1: Certainwordsimply a rela-
tionship,suchasmember, president, CEO. Whensuch
a word is encounteredin a category nameit indicates
that the pageslinked to this category correspondto con-
ceptsthatcanbe linkedthroughthis relationto theorga-
nization/group/...mentionedin the category name. For
now we focuson thememberrelation,andfor members
of X or X members categories,add relationsPi mem-
ber of X.

explicit relation categories2: For X [VBN IN] Y cate-
gories,addrelationsPi [VBN IN] Y andPi isa X.

partly explicit relation categories: For X [IN] Y cate-
gories,determinetherelationR betweenX andY based
on the preposition[IN] andsupercategoriesof X andY.
Weuserulesthatrely onGenx ; Geny – thenamedentity
type(if it is informative) or thegeneralizationsof X and
Y in thecategorynetwork –, suchas:

² if Genx is person or people, andGeny is organiza-
tion or group, therelationassignedis memberof;

² if Geny is location or geography, the relation as-
signedis spatial. Oncea spatialrelation is detected,
speci�cationscan be madebasedon the connecting
preposition(e.g. locatedin for prepositionin, etc.).
To facilitatetheevaluationprocess,all spatialrelations
detectedarelabeledspatial.

Add therelationsPi isa X andPi R Y.

implicit relation categories: For category namesthat are
complex nouncompounds,we usethe parsetree to ex-
tract all embeddedphrases(NP, PP, VP, ADJP, ADVP).
An exampleis presentedin Figure1.

NP

NNSJJ 

artsmartial

NP

NN NNSJJ

NP

NP

mixed television programs

C1 C2

Figure1: Exampleof parsetreefor acategoryname.

Eachembeddedphraseis consideredasa constituentCj
of the category name(C1 = mixed martial arts, C2 =
television programs). EachCj is dominatedby another
constituentCD

j , accordingto thesyntacticstructureof the
category name(in our example,C2 = CD

1 ). The con-
stituentwhichcorrespondsto thephraseheadis thedom-
inantconstituentof thecategory name,andis denotedby
CD (C2 is alsoCD in theabove example).
Figure2 shows therelationsinducedfor this typeof cate-
gories.Theprocessis detailedbelow.

1. addrelationsPi isa CD ;
2. form pairs(Cj , CD ) for all Cj for which CD

j = CD

– form constituentpairs in which the �rst constituent
is dominatedby themaindominantconstituent.Deter-
minetherelationCj R CD (detailedbelow);

TELEVISION PROGRAMS
MIXED MARTIAL ARTS

R = 

isa

isa

topic topic

topic

TAPOUT (TV SERIES) THE ULTIMATE FIGHTER

MIXED MARTIAL ARTS TELEVISION PROGRAMS

isa

isa

C1 C2

Figure2: Exampleof relationsinducedafterextractingcom-
ponentsof categoryname.

3. addrelationsPi R Cj .
Propagating the relation R from the category con-
stituentsto the pagesfollows the rule: if H j isa Cy

H1 H2 ... Hn

CyCx

R

R
R

R
isa isa isa

andCy R Cx =) H j R Cx ,

Finding the relation betweenone pair, (Cx , Cy ) means
automatically �nding the relation between numerous
(H j ,Cx ) pairs.

3. Extract classattrib utesand attrib ute values. For cat-
egorieswith namesthat matchX by Y, we identify X asa
classandY asanattribute.

Categorieswith this patternusually have subcategories
thatfurthergroupthepages,accordingto valuesof theclass
attribute. For example,ALBUMS BY ARTIST hassubcate-
goriesM ILES DAVIS ALBUMS, THE BEATLES ALBUMS,
.... We then identify the valueof the attribute in the sub-
category names.In many cases,like theexamplepresented
in Figure3, X appearsin the subcategory name– albums
by artist ! Miles Davisalbums. It is theneasyto identify
theattributevalue(Miles Davis for artist), andwe addthe
relationM I L ES DAVI S isa ARTI ST, asshown in Figure3.

artist artist

ALBUMS BY ARTIST

MILES DAVIS ALBUMS

BIG FUN KIND OF BLUE IN A SILENT WAY

ALBUMS ARTIST

BIG FUN KIND OF BLUE IN A SILENT WAY

MILES DAVIS
isa isa

isa
isa

artist

Figure3: Relationsinferredfrom “by” categories

Not all situationsfollow thepatternsdescribedabove: the
category HEADS OF GOVERNMENT BY COUNTRY is anex-
ample.Subcategoriesof this category includePRIME MIN-
ISTERS OF CANADA , CHANCELLORS OF GERMANY. In
thissituationwestartprocessingtheattribute�rst (Y ):



Category type # categories # relationsextracted Evaluation
P manual\ manual[

explicit relations 3,450 86,649
causedby, basedin, written by, ... 2,152 43,938 - 94.37% 96.38%
memberof 1,298 42,711 24%(25) 95.56% 97.17%

partly explicit and implicit relation
categories

98,855 9,751,748

isa 3,400,243 44.57%(6,250) 76.4% 84%
spatial 3,201,125 39.69%(1,325) 87.09% 97.98%

Table2: Extractedrelationsandevaluationresults

² if theattributeisacategoryin Wikipedia,collectthepages
it subsumes(Pi ) aspossibleattributevalues;

² if a Pi appearsin thesubcategory name,it servesascon-
�rmation thatthis is apossibleattributevalueandweadd
thelink Pi isa Y,

² extract the remainderof the subcategory nameasan in-
stanceof X.

In theexampleabove, X = headsof government, Y = coun-
try. WeexpandCOUNTRY5 to all its pages,andtestwhether
any of themappearin the nameof the subcategory PRIME
MINISTERS OF CANADA. Weidentify P = Canada, andadd
the links CANADA isa COUNTRY andPRI M E M I NI STER
isa HEADS OF GOVERNM ENT.

Results
ProcessingtheWikipediacategoriesstartswith loadingthe
category network – in theform of nodesandcategory links
extractedfrom Wikipediadumps6 – and�ltering outadmin-
istrative categories(identi�ed usingkeywords,e.g. stubs,
articles, wikipedia). After this preprocessing,there are
197,667categoriesin thenetwork. Thecategory namesare
processedwith thePOStagger, parserandnamedentity rec-
ognizerdevelopedby theStanfordNLP group7.

explicit relationscategories:

VBN IN pattern: 2,152category namesmatchthis pat-
tern, and encode 101 relations (e.g. causedby,
basedin, written by).

memberpattern: 1,298membercategories.

partly explicit and implicit relationscategories: 98,855
categoriesof thesetwo typesareprocessedsimilarly to
eachother. If noneof the rules to determinethe nature
of therelationencodedin thecategory nameapplies,the
processingcontinuesas if no relation indicators were
available.

classattrib ute categories: 7,564 categories. Processing
the category namesreveals840 classeswith an average
of 2.27attributes.A sampleis presentedin Table3.

5Wikipedia categoriesareusually in plural. Beforeextracting
thepageswe transformY to its plural form.

6Wework with theEnglishWikipediadumpfrom 2007/08/02.
7http://www- nlp.stanford.edu/software/

Class Attributes
ART country, media,nationality, origin, period, re-

gion, type
BOOK author, award, country, headof stateor gov-

ernment,ideology, nationality, publisher, series,
subject,university, writer, year

BUI L DI NG architect,area,city, community, county, coun-
try, function, grade,locality, province, region,
shape,state,territory, town

M USI CI AN band,community, ethnicity, genre,instrument,
language,nationality, region,religion,state,ter-
ritory

WORK artist, author, genre,headof stateor govern-
ment,nationality, writer, year

WRI TER area,award,ethnicity, format,genre,language,
movement,nationality, period, religion, state,
territory

Table3: Classesandattributesextractedfrom Wikipedia's
“by” categories.

Table2 shows thenumberof uniqueextractedrelationsand
evaluationresults. isa , spatial andmemberof relations
were evaluatedagainst ResearchCyc.We report the pre-
cision P 8, and in parenthesesthe numberof conceptpairs
for thatparticularrelationthatalsoappearin ResearchCyc.
Fromthefalsepositiveinstanceswerandomlyselect250for
manualannotations.For relationsextractedfrom X [VBN
IN] Y and“member”categorieswealsorandomlyselect250
for manualannotation(becausetheoverlapwith Research-
Cycfor memberof is only 25 instances).Eachrelationsub-
set is independentlyannotatedby 2 judges. We reporttwo
annotationscores– onethatcorrespondsto the intersection
\ (instancesthattheannotatorsagreearecorrect)andoneto
the union [ (instancesthat at leastoneannotatormarksas
correctlyassigned).

Analysisand Discussion
Apart from thefactthatit is easierto analyzea shortphrase
to extracta semanticrelationratherthana sentenceor even
document,analyzingcategory namesandthe category and
pagenetwork for knowledgeacquisitionhasother advan-

8PR = T P
T P + F P

TP(truepositives)is thenumberof instancesthatweretaggedwith
relationR by both our methodandResearchCyc,FP (falseposi-
tives) is the numberof instancesthat weretaggedwith R by our
methodbut notby ResearchCyc.



tagesaswell. Thecategory namesexpressvery conciselya
relationwhich mayalsoappearin thearticle,but expressed
therein a morecomplex manner. We took the42,711mem-
ber of relationsdiscovered through category nameanal-
ysis, and extractedfrom the Wikipedia article corpusthe
sentencesin which the two elementsof the pair appearto-
gether– 131,691sentences.Of these,only 1985sentences
containedthe word member. By determiningaccurately
through category nameanalysisthe semanticrelation in-
volved, we cancontribute to paraphraseanalysis:the join-
ing phrases/termsfrom the corpuscanbe consideredpara-
phrasesexpressingthediscoveredrelation.

Thehigh manualevaluationscorescon�rm our hypothe-
sis that Wikipedia category namesandstructurearea rich
andaccuratesourceof knowledge.Thelow evaluationscore
with ResearchCychastwo causes:(i) one or both of the
conceptsdo not appearwith the intendedsensein this re-
source,or (ii) the relationwe look for is not containedin
it. While useful for evaluatingisa relations(Ponzetto&
Strube,2007),evaluatingmorediverserelationtypesusing
ResearchCycis not meaningfulanymoreandshouldbe re-
placedby evaluationswithin applications.

Oneof theadvantagesof themethodpresentedis thefact
that we can�nd numerousinstancesof a relationbetween
two conceptsusingthecategory network andthecategory-
pagelinks. This canbe alsoa problemif the relationde-
tectedwasincorrect.This wasespeciallytrue for “by” cat-
egories,which seemedto bea goodsourceof isa relations
aswell. Whenfor a X by Y category we addedisa links
betweenall the pagesit covers and X , this did not lead
to good results. The reasonare categories such as RO-
MANESQUE ARCHITECTURE BY COUNTRY, underwhich
arelistedcities(e.g.pageANDERLECHT undersubcategory
ROMANESQUE SITES IN BELGIUM) or particularbuildings
(e.g. pageMAINZ CATHEDRAL under subcategory RO-
MANESQUE SITES IN GERMANY).

To determinethe relationbetweentwo conceptsCi and
Cj whenno indicators(suchasprepositions)arepresentis
similar to theproblemof determiningthesemanticrelation
betweennominals(seeGirju et al. (2007)for an overview
of researchin this area). The differencebetweenthis and
otherapproachesis that we do not have a list of relations
with which to annotatethe data,nor do we uselabeledex-
amplesto learn.Weplanto adoptamethodcloserto relation
extraction(Yates& Etzioni, 2007),basedon joining terms9

foundin thecorpus(Turney & Littman,2005).

RelatedWork
Approachesto knowledgeacquisitioncanbegroupedbased
on the input used: large, unstructuredcorpora; semi-
structureddata;humanusers.

Mining for knowledgein generaltexts is quite popular,
andtheredundancy canbeusedto �lter someof thenoise.
TextRunner(Banko et al., 2007) �rst learnsfrom a small
corpussamplea model for classifying relationsof inter-
est,thenextractscandidatesfrom a largercorpuswhich are

9A joining termfor pair (X,Y) is a word sequenceW Seq that
appearsbetweenX andY in acorpus(X W SeqY).

judgedrelevantor not relevantusingthelearnedmodel.The
goodnessof the extractedrelationsis decidedbasedon the
supportfound in the corpus. From a 9 million Web page
corpus,TextRunnerextracts11.3 million tuples,of which
1 million concretetupleswith argumentscorrespondingto
real-world entitiesestimatedto be correctin proportionof
88.1%,6.8 million “abstract”tuples,with a correctnesses-
timateof 79.2%.Zhao& Grishman(2005)focuson detect-
ing speci�c relations(suchas Located-Inbetweenentities
– person,organization,facility – referredto in the text), by
usingakernelmethodwhichcombineslexical, grammatical
andcontextual data. In this supervisedlearningapproach,
thetargetsaretherelationsspeci�ed in theACE corpus.5-
fold crossvalidationsover the4,400relationsin this corpus
give a highestof 70.35%F-score.Davidov et al. (2007)ex-
tractbothconceptsandrelationsin anincrementalapproach.
Processingstartswith a small seedfor a concept,which
is expandedandusedto extract contextual information, to
generatea conceptclassandbinary relationsinvolving this
classthroughiterative clustering. The methodis evaluated
by building threeconceptclassesandtheircorrespondingre-
lations,with aprecisionrangingfrom 0.68to 0.98andrecall
from 0.51to 0.90.Theseedapproachis alsousedfor detect-
ing relationsof a speci�c type. Manuallydesignedpatterns
have beenusedto �nd isa (Hearst,1992)or meronymic re-
lations(Berland& Charniak,1999).

Currentapproachesto knowledgeacquisitionfrom human
usersaredifferentfrom theefforts of thepastwhenthebur-
denof building theresourcewasplacedon theshouldersof
asmallnumberof experts:thetaskis now distributedto nu-
merousvolunteersthroughcollaborative projectssupported
by theWeb– Cyc (Lenat& Guha,1990),OpenMindCom-
monSense(Singh,2002),Verbosity(vonAhn, 2006).

A way to avoid noisefrom unrestrictedtext is to exploit
semi-structureddata.Kylin (Wu & Weld,2007)andthesys-
tem presentedby Nguyenet al. (2007)useWikipedia in-
foboxes– snippetsof structuredinformationabouta com-
pany, person,region,andsoon – astrainingdata,andlearn
how to �ll in similar templatesfor pagesthat do not have
suchinformation. They processthepagecontentandcom-
bineit with the�lled in templatesto learnhow to �nd such
information in Wikipedia articles. For four concepts,Wu
& Weld (2007)obtainprecisionbetween73.9%and97.3%,
andrecallbetween60.5%and95.9%.Nguyenet al. (2007)
�lter articlesentences,parseandanalyzethemfor entityde-
tectionandkeyword extraction.Theseelementsareusedto
learnhow to detectinstancesof previously seenrelations,
with 37.76%f-score. Yago (Suchaneket al., 2007) and
DBpedia(Auer et al., 2007)extractinformationspeci�cally
from Wikipedia. YagocombinesWordNet's hierarchy with
Wikipediapagesto obtaina largerandmoreinterconnected
semanticnetwork. Factsrepresentingrelationsof 14 types
areextractedfrom Wikipedia andareusedto inducemore
links in thisnetwork. Accuracy is estimatedbasedonasmall
sampleof manuallyannotatedrelationinstancesout of the
approximately5million extracted,andfallsbetween90.84§
4.28%and98.72§ 1.30%.Yagoalsoidenti�es speci�c cat-
egories that provide relational information, suchas 1975
BIRTHS, categoriesstartingwith Countries in ..., Rivers



of ..., Attractions in ...,, andexploit themasasourceof the
following relations: bornInYear, diedInYear, establishedIn,
locatedIn,writtenInYear, politicianOf, hasWonPrize. In DB-
pediathe goal is to convert Wikipedia contentinto struc-
turedknowledgeusing informationfrom Wikipedia's rela-
tional databasetables,andthestructuredinformationin in-
foboxes. The information extracted– approximately103
million RDF triples– is assumedto beaccurate.In addition
to this, they link theresultingdatabaseto otherdatasources
on the Web, suchasGeonames,MusicBrainz,US Census,
WordNet,Cyc. Ponzetto& Strube(2007)build on thecate-
gorynetwork from Wikipediaandinduceisa links basedon
several criteria: headmatching,modi�er matching,struc-
tural analysisof sharedcategoriesandpagesbetweentwo
linked categories,and patternsindicative of isa relations
andnotisa relations.The resultare105,418isa relations,
evaluatedat87.9%F-scorecomparedwith ResearchCyc(on
the85%pairsthatoverlap). Paşca (2007)processessearch
enginequeriesto obtain classattributes. The idea is that
when writing a query, usershave someelementsof a re-
lation on which they requirefurther information– suchas
sideeffectsfor classdrugs, or wing spanfor classaircraft
model. Fromextensive logsof evennoisyqueries,a weakly
supervisedsystemcan acquirelarge setsof relevant class
attributes.Similarity betweenautomaticallyrankedclassat-
tributesandmanuallyassignedcorrectnesslabel on a sam-
pleof extractedattributesfor the40classesconsideredrange
between90%precisionfor 10attributesto 76%for 50.

Conclusions

We have exploredcategory namesandcategory structurein
Wikipedia as sourcesof relationsbetweenconcepts. The
analysisandexperimentsperformedshow awealthof infor-
mationthatcanbeinducedfromtheseelements:instancesof
relations,relationtypesandclassattributes. We will re�ne
this work by testingothermethodsfor determiningthe se-
manticrelationbetweenconceptpairs,andexpandthecate-
gorynameanalysisto even�ner categorynameconstituents.

In both statisticaland semanticanalysistasksit is use-
ful to be ableto generalizea concept– to addressthe data
sparsenessissue,or to be able to cluster similar entities.
Evenwhena taxonomyis available,�nding themostappro-
priatelevel of generalizationis noteasy. Weplanto explore
in future work people's preferencesfor generalizations,as
capturedin the“by” categories.

This researchhas started from the observation that
Wikipedia categorieshave complex names,which encode
someform of humanknowledgeof organizationandclassi-
�cation. Splitting category namesinto smallerstrings,we
retrieve conceptsthatareof interestin languageprocessing,
andsalientrelationsbetweenthem.Ourgoalis to transform
Wikipedia's category network into a network of concepts
linked by a variety of semanticrelations,readyto provide
knowledgeto higherendNLP applicationssuchascorefer-
enceresolution,summarizationandquestionanswering.

Resource. Thetriplesextractedwith this methodis avail-
able on our web page (http://www.eml-research.de/nlp
/download/wikirelations.php).
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