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Abstract

Wetakethecategorysystemin Wikipediaasaconceptualnet-
work. We labelthesemanticrelationsbetweencategoriesus-
ing methodsbasedonconnectivity in thenetwork andlexico-
syntacticmatching.As a resultwe areableto derive a large
scaletaxonomycontaininga large amountof subsumption,
i.e. isa, relations. We evaluatethe quality of the createdre-
sourceby comparingit with ResearchCyc,oneof thelargest
manuallyannotatedontologies,aswell ascomputingseman-
tic similarity betweenwordsin benchmarkingdatasets.

Intr oduction
Theavailability of largecoverage,machinereadableknowl-
edgeis a crucial themefor Arti�cial Intelligence. While
advancestowards robust statisticalinferencemethods(cf.
e.g.Domingoset al. (2006)andPunyakanoket al. (2006))
will certainlyimprovethecomputationalmodelingof intelli-
gence,webelieve thatcrucialadvanceswill alsocomefrom
rediscoveringthedeploymentof largeknowledgebases.

Creatingknowledgebases,however, isexpensiveandthey
are time-consumingto maintain. In addition, most of the
existing knowledgebasesaredomaindependentor have a
limited andarbitrarycoverage– Cyc (Lenat& Guha,1990)
and WordNet (Fellbaum,1998) being notableexceptions.
The �eld of ontology learningdealswith theseproblems
by taking textual input and transformingit into a taxon-
omy or a properontology. However, the learnedontolo-
gies are small and mostly domaindependent,and evalua-
tionshaverevealedaratherpoorperformance(seeBuitelaar
etal. (2005)for anextensive overview).

We try to overcomesuchproblemsby relying on a wide
coverageonlineencyclopediadevelopedby a largenumber
of users,namelyWikipedia. We usesemi-structuredinput
by takingthecategory systemin Wikipediaasa conceptual
network. This provides us with pairs of relatedconcepts
whosesemanticrelation is unspeci�ed. The taskof creat-
ing a subsumptionhierarchy thenboils down to distinguish
betweenisa andnotisarelations.We usemethodsbasedon
connectivity in thenetwork andlexico-syntacticpatternsto
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label the relationsbetweencategories. As a resultwe are
ableto derive a largescaletaxonomy.

Moti vation
Arguments for the necessity of symbolically encoded
knowledgefor AI dateback at least to McCarthy (1959).
Suchneedhasbecomeclearerthroughoutthe last decades,
asit becameobvious that AI sub�elds suchasinformation
retrieval,knowledgemanagement,andnaturallanguagepro-
cessing(NLP) all pro�t from machineaccessibleknowl-
edge(seeCimianoet al. (2005)for a broadermotivation).
E.g., from a computationallinguistics perspective, knowl-
edgebasesfor NLP applicationsshouldbe:

� domainindependent, i.e. have a largecoverage,in partic-
ularat theinstancelevel;

� up-to-date, in orderto processcurrentinformation;

� multilingual, in orderto processinformationin alanguage
independentfashion.

The Wikipedia categorization system satis�es all these
points.Unfortunately, theWikipediacategoriesdo not form
a taxonomywith a fully-�edged subsumptionhierarchy, but
only a thematicallyorganizedthesaurus.As anexample,the
category CAPITALS IN ASIA1 is categorizedin the upper
category CAPITALS (isa), whereasa category suchasPHI-
LOSOPHY is categorizedunderABSTRACTION andBELIEF
(deals-with?) aswell asHUMANITIES (isa) andSCIENCE
(isa). Anotherexampleis a pagesuchas EUROPEAN MI-
CROSTATES which belongsto thecategoriesEUROPE (are-
located-in) andM ICROSTATES (isa).

RelatedWork
There is a large body of work concernedwith acquiring
knowledgefor AI andNLP applications.Many NLP com-
ponentscanget alongwith ratherunstructured,associative
knowledgeasprovidedby thecooccurenceof wordsin large
corpora, e.g., distributional similarity (Church & Hanks,

1We useSans Serif for words and queries,CAPITALS for
WikipediapagesandSMALL CAPS for Wikipediacategories.



1990;Lee,1999;Weeds& Weir, 2005,inter alia) andvec-
tor spacemodels(Scḧutze,1998).Suchunlabeledrelations
betweenwords proved to be as useful for disambiguating
syntacticandsemanticanalysesasthemanuallyassembled
knowledgeprovidedby WordNet.

However, the availability of reliablepreprocessingcom-
ponentslike POS taggers,syntacticand semanticparsers
allows the �eld to move towardshigher level tasks,such
asquestionanswering,textual entailment,or completedi-
aloguesystemswhich requireto understandlanguage.This
letsresearchersfocus(again) on taxonomicandontological
resources.ThemanuallyconstructedCycontologyprovides
a large amountof domainindependentknowledge. How-
ever, Cyccannot(andis notintendedto) copewith mostspe-
ci�c domainsandcurrentevents.Theemerging �eld of on-
tologylearningtriesto overcometheseproblemsby learning
(mostly)domaindependentontologiesfrom scratch.How-
ever, the generatedontologiesare relatively small and the
resultsratherpoor (e.g.,Cimianoet al. (2005)reportanF-
measureof about33% with regard to an existing ontology
of lessthan300 concepts).It seemsto be morepromising
to extendexisting resourcessuchasCyc (Matuszeket al.,
2005)or WordNet(Snow etal.,2006).Theexamplesshown
in theseworks, however, seemto indicatethat the exten-
sion takes placemainly with respectto namedentities,a
taskwhich is arguablynotasdif�cult ascreatingacomplete
(domain-)ontologyfrom scratch.

Anotherapproachfor building largeknowledgebasesre-
lies on input by volunteers,i.e.,on collaborationamongthe
usersof anontology(Richardson& Domingos,2003).How-
ever, the currentstatusof the OpenMind and MindPixel
projects2 doesindicatethat they are largely academicen-
terprises.Similar to the SemanticWeb (Berners-Leeet al.,
2001),whereusersaresupposedto explicitly de�ne these-
manticsof the contentsof web pages,they may be hin-
deredby toohighanentrancebarrier. In contrast,Wikipedia
andits categorizationsystemfeaturea low entrancebarrier
achieving quality by collaboration. In Strube& Ponzetto
(2006) we proposedto take the Wikipedia categorization
systemasasemanticnetwork whichservedasbasisfor com-
puting the semanticrelatednessof words. In the present
work we develop this ideaa stepfurther by automatically
assigningisa andnotisalabelsto relationsbetweenthecat-
egories.Thatwayweareableto computethesemanticsim-
ilarity betweenwordsinsteadof their relatedness.

Methods
SinceMay 2004Wikipediaallows for structuredaccessby
meansof categories3. The categoriesform a graphwhich
can be taken to representa conceptualnetwork with un-
speci�edsemanticrelations(Strube& Ponzetto,2006).We
presenthereour methodsto derive isa andnotisarelations
from thesegenericlinks.

2www.openmind.org andwww.mindpixel.com
3Wikipedia can be downloaded at http://download.

wikimedia.org . In our experimentswe use the English
Wikipediadatabasedumpfrom 25 September2006.This includes
1,403,207articles,99%of whicharecategorized.

Categorynetwork cleanup(1)
We startwith the full categorizationnetwork consistingof
165,744category nodeswith 349,263direct links between
them. We �rst clean the network from meta-categories
usedfor encyclopediamanagement,e.g. the categoriesun-
der WIK IPEDIA ADMINISTRATION. Sincethis category is
connectedto many contentbearingcategories,we cannot
remove this portion of the graphentirely. We remove in-
steadall thosenodeswhoselabelscontainany of the fol-
lowing strings: wikipedia, wikiprojects, lists, mediawiki,
template, user, portal, categories, articles, pages. This
leaves127,325categoriesand267,707links still to bepro-
cessed.

Re�nement link identi�cation (2)
The next preprocessingstepincludesidentifying so-called
re�nement links. Wikipedia userstend to organizemany
category pairsusingpatternssuchasY X andX BY Z (e.g.
M ILES DAVIS ALBUMS andALBUMS BY ARTIST). We la-
bel thesepatternsas expressingis-re�ned-by semanticre-
lations betweencategories. While theselinks could be in
principleassigneda full isa semantics,they representmeta-
categorizationrelations,i.e., their solepurposeis to better
structureandsimplify thecategorizationnetwork. We take
all categoriescontainingby in the nameandlabel all links
with their subcategorieswith anis-re�ned-byrelation. This
labels54,504category links andleaves213,203relationsto
beanalyzed.

Syntax-basedmethods(3)
The�rst setof processingmethodsto labelrelationsbetween
categoriesas isa is basedon string matchingof syntactic
componentsof thecategory labels.

Head matching. The �rst method labels pairs of cate-
goriessharingthe samelexical head,e.g. BRITISH COM-
PUTER SCIENTISTS isa COMPUTER SCIENTISTS. Weparse
thecategory labelsusingtheStanfordparser(Klein & Man-
ning,2003). Sincewe parsemostlyNP fragments,we con-
strain the output of the head �nding algorithm (Collins,
1999) to return a lexical headlabeledas either a noun or
a 3rd personsingularpresentverb (this is to tolerateerrors
whereplural noun headshave beenwrongly identi�ed as
verbs). In addition,we modify thehead�nding rulesto re-
turn both nounsfor NP coordinations(e.g.both buildings
and infrastructures for BUILDINGS AND INFRASTRUC-
TURES IN JAPAN). Finally, we labelacategory link asisa if
the two categoriessharethesameheadlemma,asgivenby
a �nite-statemorphologicalanalyzer(Minnenetal., 2001).

Modi�er matching. We next label category pairsasnot-
isa in casethe stemof the lexical headof oneof the cate-
gories,asgivenby thePorterstemmer(Porter, 1980),occurs
in non-headpositionin theothercategory. This is to ruleout
thematiccategorizationlinks suchas CRIME COMICS and
CRIME or ISLAMIC MYSTICISM andISLAM.

Both methodsachieve a good coverageby identifying re-
spectively 72,663isarelationsby headmatchingand37,999
notisarelationsby modi�er matching.



1. NP2,?(suchasjlikej, especially)NP* NP1
a stimulantsuch ascaffeine

2. suchNP2asNP* NP1
such stimulantsascaffeine

3. NP1NP* (andjorj,like)otherNP2
caffeineandotherstimulants

4. NP1, oneof det pl NP2
caffeine, oneof thestimulants

5. NP1, det sgNP2rel pron
caffeine, a stimulantwhich

6. NP2likeNP* NP1
stimulantslikecaffeine

1. NP2'sNP1
car'sengine

2. NP1in NP2
enginein thecar

3. NP2with NP1
a car with anengine

4. NP2contain(sjedjing) NP1
a car containinganengine

5. NP1of NP2
theengineof thecar

6. NP1are?usedin NP2
enginesusedin cars

7. NP2ha(sjvejd) NP1
a car hasanengine

Figure1: Patternsfor isaandnotisaDetection

Connectivity-basedmethods(4)
Thenext setof methodsemployedreliesonthestructureand
connectivity of thecategorizationnetwork.

Instance categorization. Suchaneket al. (2007) show
thatinstance-ofrelationsin Wikipediabetweenentities(de-
noted by pages)and classes(denotedby categories) can
be found heuristicallywith high accuracy by determining
whetherthe headof the pagecategory is plural, e.g. AL-
BERT EINSTEIN belongsto theNATURALIZED CITIZENS
OF THE UNITED STATES category. Weapplythis ideato isa
relationidenti�cation asfollows. For eachcategoryc,

1. we �nd the page titled as the category or its lemma,
for instancethepageMICROSOFTfor thecategory M I-
CROSOFT;

2. we then collect all the page's categories whoselexical
headis apluralnounCP = f c1; c2; : : : cn g;

3. for eachc's supercategory sc, we label the relation be-
tweenc andsc as isa, if the headlemmaof sc matches
theheadlemmaof at leastonecategorycp 2 CP.

For instance,from thepageMICROSOFTbeingcategorized
into COMPANIES LISTED ON NASDAQ, we collect evi-
dencethatMicrosoft is a company andaccordinglycatego-
rize asisa the links betweenM ICROSOFT andCOMPUTER
AND VIDEO GAME COMPANIES. The ideais to collectev-
idencefrom the instancedescribingtheconceptandpropa-
gatesuchevidenceto thedescribedconceptitself.

Redundant categorization. This methodlabelspairs of
categorieswhichhaveat leastonepagein common.If users
redundantlycategorizeby assigningtwo directly connected
categoriesto apage,they oftenmarkby implicaturethepage
asbeinganinstanceof two differentcategoryconceptswith
differentgranularities,e.g.ETHYL CARBAMATE is both
anAMIDE(S) andanORGANIC COMPOUND(S). Assuming
thatthepageis aninstanceof bothconceptualcategories,we
canconcludeby transitivity that onecategory is subsumed
by theother, i.e. AMIDES isa ORGANIC COMPOUNDS.

The connectivity-basedmethodsprovide positive isa links

in caseswhererelationsareunlikely to befoundin freetext.
Using instancecategorizationandredundantcategorization
we �nd 9,890and11,087isa relations,respectively.

Lexico-syntacticbasedmethods(5)

After applying methods(1-4) we are left with 81,564un-
classi�ed relations.We next apply lexico-syntacticpatterns
to sentencesin large text corporato identify isa relations
(Hearst,1992; Caraballo,1999). In order to reducethe
amountof unclassi�edrelationsand to increasethe preci-
sion of the isa patternswe also apply patternsto identify
notisa relations. We assumethat patternsusedfor iden-
tifying meronymic relations (Berland & Charniak,1999;
Girju et al., 2006)indicatethat therelationis not an isa re-
lation. The text corporausedfor this stepare the English
Wikipedia(5� 108 words)andtheTipstercorpus(2:5� 108

words;Harman& Liberman(1993)).In thepatternsfor de-
tectingisaandnotisarelations(Figure1) NP1representsthe
hyponym, NP2thehypernym, i.e., we want to retrieve NP1
isaNP2; NP* representszeroor morecoordinatedNPs.

To improve the recall of applyingthesepatterns,we use
only thelexical headof thecategorieswhich werenot iden-
ti�ed asnamedentities.That is, if thelexical headof a cat-
egory is identi�ed by a NamedEntity Recognizer(Finkel
et al., 2005)asbelongingto a namedentity, e.g.Brands in
YUM ! BRANDS, weusethefull categoryname,elsewesim-
ply usethe head,e.g.albums in M ILES DAVIS ALBUMS.
In order to ensureprecisionin applying the patterns,both
the Wikipedia andTipstercorporawerepreprocessedby a
pipelineconsistingof a trigram-basedstatisticalPOStagger
(Brants,2000)anda SVM-basedchunker (Kudoh& Mat-
sumoto,2000),to identify nounphrases(NPs).

Thepatternsareusedto provideevidencefor semanticre-
lationsemploying a majority voting strategy. We positively
labelacategorypairwith isa in casethenumberof matches
of positive patternsis greaterthan the numberof matches
of negative ones. In addition,we usethe patternsto �lter
the isa relationscreatedby theconnectivity-basedmethods
(4). This is due to instancecategorizationand redundant
categorizationgiving resultswhich arenot alwaysreliable,



e.g.weincorrectly�nd thatCONSONANTS isa PHONETICS.
We usethe samemajority voting scheme,except that this
time we markasnotisathosepairswith a numberof nega-
tive matchesgreaterthanthenumberof positive ones.This
ensuresbetterprecisionby leaving the recall basicallyun-
changed.Thesemethodscreate15,055isa relationsand�l-
terout3,277previously identi�ed positive links.

Infer ence-basedmethods(6)
Thelastsetof methodspropagatethepreviously foundrela-
tionsby meansof multiple inheritanceandtransitivity. We
�rst propagateall isa relationsto thosesuperclasseswhose
headlemmamatchestheheadlemmaof a previously iden-
ti�ed isa superclass.E.g.,oncewe foundthat M ICROSOFT
isaCOMPANIES LISTED IN NASDAQ wecaninferalsothat
M ICROSOFT isa MULTINATIONAL COMPANIES.

We then propagate all isa links to those superclasses
which are connectedthrougha path found along the pre-
viously discoveredsubsumptionhierarchy. E.g.,given that
FRUIT isa CROPS andCROPS isa EDIBLE PLANTS, we can
infer thatFRUITS isa EDIBLE PLANTS.

Evaluation
We evaluatethe coverageandquality of the semanticrela-
tionsextractedautomatically. This is becausethesizeof the
inducedtaxonomyis very large – up to 105,418generated
isa semanticlinks – andalsoto avoid any biasin theevalu-
ationmethod.

Comparisonwith ResearchCyc
We �rst computethe amountof isa relationswe correctly
extractedby comparingwith ResearchCyc4, the research
versionof the Cyc knowledgebase(Lenat& Guha,1990)
including (as of version1.0) more than 300,000concepts
and3 millions assertions.For eachcategory pair, we �rst
mapeachcategory to its Cyc conceptusingCyc's internal
lexeme-to-conceptdenotationalmapper. Conceptsarefound
by queryingthe full category label (e.g.Alan Turing). In
casenomatchingconceptis found,we fall backto querying
its lexical head(hardware for IBM hardware).

We evaluateonly the 85% of the pairswhich have cor-
respondingconceptsin Cyc. Thesepairsareevaluatedby
queryingCycwhethertheconceptdenotedby theWikipedia
subcategory is eitheran instanceof (#$isa ) or is general-
izedby (#$genls ) theconceptdenotedby its superclass5.
Wethentake theresultof thequeryastheactual(isaor not-
isa) semanticclassfor the category pair anduseit to eval-
uatethe system's response.This way we areableto com-
putestandardmeasuresof precision,recallandbalancedF-
measure.Table1 shows the resultsobtainedby taking the
syntax-basedmethods(i.e. headmatching)asbaselineand
incrementallyaugmentingthemwith differentsetsof meth-
ods,namelyourconnectivity andpatternbasedmethods.All

4http://research.cyc.com/
5Note that our de�nition of isa is similar to the one found

in WordNet prior to version2.1. That is, we do not distinguish
hyponyms that areclassesfrom hyponyms that are instances(cf.
Miller & Hristea(2006)).

R P F1

baseline(methods1-3) 73.7 100.0 84.9
+ connectivity (methods1-4,6) 80.6 91.8 85.8
+ pattern-based(methods1-3,5-6) 84.3 91.5 87.7
all (methods1-6) 89.1 86.6 87.9

Table1: Comparisonwith Cyc

differencesin performancearestatisticallysigni�cant atp <
0.001. We test for statisticalsigni�cance by performinga
McNemartest.

Discussionand Err or Analysis. Thesimplemethodsem-
ployed for the baselinework suprisinglygoodwith perfect
precisionand somewhat satisfyingrecall. However, since
only categorieswith identicalheadsareconnected,we do
notcreateasingleinterconnectedtaxonomybut many sepa-
ratetaxonomicislands.In practicewesimply �nd thatHIS-
TORICAL BUILDINGS areBUILDINGS. Theextractedinfor-
mationis trivial.

By applyingtheconnectivity-basedmethodswe areable
to improve the recall considerably. The drawback is a de-
creasein precision. However, a closer look reveals that
we now in fact createda interconnectedtaxonomywhere
conceptswith quite different linguistic realizationarecon-
nected.We observe thesametrendby applyingthepattern-
basedmethodsin additionto thebaseline.They improvethe
recallevenmore,but they alsohave a lower precision.The
bestresultsareobtainedby combiningall methods.

Becausewe did not expectsucha big drop in precision
– andonly moderateimprovementover the baselinein F-
measure– we closely inspecteda randomsampleof 200
falsepositives, i.e., the caseswhich led to the low preci-
sion score. Threeannotatorslabeledthesecasesas true if
judgedto be in fact correct isa relations,falseotherwise.
It turnedout that about50% of the falsepositiveswerein-
deedlabeledcorrectly as isa relationsby the system,but
theserelationscould not be found in Cyc. This is due to
(1) Cyc missingtherequiredrelations(e.g.BRIAN ENO isa
MUSICIANS) or (2) missingtherequiredconcepts(e.g.,we
correctly �nd that BEE TRAIN isa ANIMATION STUDIOS,
but sinceCycprovidesonly theTRAIN-TRANSPORTATION-
DEVICE andSTUDIO concepts,we query: “is train a stu-
dio?” which leadsto a falsepositive.

Computing semanticsimilarity usingWikipedia

In Strube & Ponzetto (2006) we proposedto use the
Wikipedia categorizationasa conceptualnetwork to com-
putethesemanticrelatednessof words.However, we could
not computesemanticsimilarity, becauseapproachesto
measuringsemanticsimilarity thatrely on lexical resources
usepathsbasedon isa relationsonly. Theseareonly avail-
ablein thepresentwork.

Weperformanextrinsicevaluationby computingseman-
tic similarity ontwo commonlyuseddatasets,namelyMiller
& Charles' (1991) list of 30 noun pairs (M&C) and the
65 word synonymity list from Rubenstein& Goodenough
(1965, R&G). We comparethe resultsobtainedby using



M&C R&G
pl wup lch r es pl wup lch r es

WordNet all 0.72 0.77 0.82 0.78 0.78 0.82 0.86 0.81
all 0.60 0.53 0.58 0.30 0.62 0.63 0.64 0.34Wikirelate!
non-missing 0.65 0.61 0.65 0.41 0.66 0.69 0.70 0.42

Wikirelate! all 0.67 0.65 0.67 0.69 0.67 0.69 0.70 0.66
isa-only non-missing 0.71 0.70 0.72 0.74 0.70 0.73 0.73 0.70

Wikirelate! all 0.68 0.74 0.73 0.62 0.67 0.74 0.73 0.58
PageRank�lter non-missing 0.72 0.79 0.78 0.68 0.70 0.79 0.77 0.63

Wikirelate! all 0.73 0.79 0.78 0.81 0.69 0.75 0.74 0.76
isa+ PageRank non-missing 0.76 0.84 0.82 0.86 0.72 0.79 0.77 0.80

Table2: Resultsoncorrelationwith humanjudgementsof similarity measures

Wikipediawith theonesobtainedby usingWordNet,which
is themostwidely usedlexical taxonomyfor this task.Fol-
lowing theliteratureonsemanticsimilarity, weevaluateper-
formanceby takingthePearsonproduct-momentcorrelation
coef�cient r betweenthe similarity scoresand the corre-
spondinghumanjudgements.For eachdatasetwereportthe
correlationcomputedon all pairs(all). In thecaseof word
pairswhereat leastoneof thewordscouldnot befoundthe
similarity scoreis setto 0. In addition,we reportthecorre-
lation scoreobtainedby disregardingsuchpairscontaining
missingwords(non-missing).

Table2 reportsthescoresobtainedby computingseman-
tic similarity in WordNetaswell asin Wikipediausingdif-
ferentscenariosandmeasures(Radaet al. (1989,pl), Wu
& Palmer(1994,wup), Leacock& Chodorow (1998, lch),
Resnik(1995,res)). We�rst takeasbaselinetheWikirelate!
methodoutlinedin Strube& Ponzetto(2006)andextendit
by �rst computingonly pathsbasedon isa relations.Since
experimentson developmentdata6 revealeda performance
improvementfarlowerthanexpected,weperformedanerror
analysis.This revealedthatmany dissimilarpairsreceiveda
scorehigherthanexpected,becauseof coarse-grainedover-
connectedcategoriescontaininga large amountof dissim-
ilar pages,e.g.mound andshore weredirectly connected
throughLANDFORMS thoughthey areindeedquitedifferent
accordingto humanjudges.

A wayto modelthecategories'connectivity is to compute
their authoritativeness,i.e. we assumethat overconnected,
semanticallycoarsecategorieswill bethemostauthoritative
ones. This can be accomplishedfor instanceby comput-
ing thecentralityscoresof theWikipediacategories.Since
the Wikipedia categorizationnetwork is a directedacyclic
graph,link analysisalgorithmssuchasPageRank(Brin &
Page,1998)canbeeasilyappliedto automaticallydetectand
remove thesecoarsecategoriesfrom thecategorizationnet-
work. We take thegraphgivenby all thecategoriesandthe
pagesthatpoint to themandapplythePageRankalgorithm.
PageRankscoresarecomputedrecursively for eachcategory
vertex v by theformula

6In orderto performa blind testevaluation,we developedthe
systemfor computingsemanticsimilarity usinga differentversion
of Wikipedia,namelythedatabasedumpfrom 19February2006.

PR(v) = (1 � d) + d
X

v02 I (v)

PR(v0)
jO(v0)j

whered 2 (0; 1) is a dumpingfactor(we setit to thestan-
dardvalueof .85), I (v) is the setof nodeslinked to v and
jO(v0)j thenumberof outgoinglinks of nodev0. This gives
a rankingof themostauthoritative categories,which in our
casehappento bethecategoriesin thehighestregionsof the
categorizationnetwork – i.e., the top-ranked categoriesare
FUNDAMENTAL, SOCIETY, KNOWLEDGE, PEOPLE, SCI-
ENCE, ACADEMIC DISCIPLINES andsoon.

The third experimentalsettingof Table 2 shows the re-
sults obtainedby computingrelatednessusing the method
from Strube& Ponzetto(2006)andremoving the top 200
highestranked PageRankcategories7. Finally, we present
resultsof usingbothisaandPageRank�ltering. Theresults
indicatethatusingbothisarelationsandapplyingPageRank
�ltering work betterthan the simpleWikirelate! baseline.
This is becausein both caseswe areableto �lter out cate-
goriesandcategory relationswhich decreasethe similarity
scores,i.e. coarse-grainedcategoriesusingPageRank,and
notisa(e.g.meronymic, antonymic) semanticrelations.The
two methodsareindeedcomplementary, which is shown by
the bestresultsbeingobtainedby applying themtogether.
UsingPageRank�ltering togetherwith pathsincludingonly
isa relationsyields resultswhich arecloseto the onesob-
tainedby usingWordNet.

The results indicate that Wikipedia can be successfuly
usedasa taxonomyto computethe semanticsimilarity of
words. In addition,our applicationof PageRankfor �lter -
ing out coarse-grainedcategorieshighlights that, similarly
to the connectivity-basedmethodsusedto identify isa re-
lations, the internal structureof Wikipedia can be usedto
generatesemanticcontent,beingbasedon a meaningfulset
of conventionstheuserstendto adhere.

Conclusions
Wedescribedtheautomaticcreationof a largescaledomain
independenttaxonomy. We took Wikipedia's categoriesas

7Theoptimal thresholdvaluewasestablishedagain by analyz-
ing performanceon thedevelopmentdata.



conceptsin a semanticnetwork and labeledthe relations
betweentheseconceptsas isa and notisa relationsby us-
ing methodsbasedon the connectivity of the network and
on applyinglexico-syntacticpatternsto very largecorpora.
Both connectivity-basedmethodsand lexico-syntacticpat-
ternsensurea high recall while decreasingthe precision.
We comparedthecreatedtaxonomywith ResearchCycand
via semanticsimilarity measureswith WordNet. Our Wiki-
pedia-basedtaxonomyprovedtobecompetitivewith thetwo
arguablylargestandbestdevelopedexistingontologies.We
believe thattheseresultsarecausedby takingalreadystruc-
turedandwell-maintainedknowledgeasinput.

Ourwork onderiving ataxonomyis the�rst stepin creat-
ing a fully-�edged ontologybasedon Wikipedia. This will
requireto label the genericnotisarelationswith particular
onessuchashas-part, has-attribute, etc.
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