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Abstract

Wetakethecateyory systemnin Wikipediaasaconceptuahet-

work. We labelthe semantiaelationsbetweercateyoriesus-

ing methodsasedn connectity in thenetwork andlexico-

syntacticmatching.As aresultwe areableto derive alarge

scaletaxonomycontaininga large amountof subsumption
i.e. isa, relations. We evaluatethe quality of the createdre-

sourceby comparingit with ResearchCymneof the largest
manuallyannotatedntologiesaswell ascomputingseman-
tic similarity betweerwordsin benchmarkinglatasets.

)

Intr oduction

Theavailability of large coverage machinereadableknowl-
edgeis a crucial themefor Arti cial Intelligence. While
adwancestowards robust statisticalinferencemethods(cf.
e.g.Domingoset al. (2006)andPuryakanoket al. (2006))
will certainlyimprovethecomputationamodelingof intelli-
gencewe believe thatcrucialadvanceswill alsocomefrom
rediscaeringthe deploymentof large knowledgebases.

Creatingknowledgebaseshowever, is expensve andthey
are time-consumingo maintain. In addition, mostof the
existing knowledgebasesare domaindependenbr have a
limited andarbitrarycoverage- Cyc (Lenat& Guha,1990)
and WordNet (Fellbaum,1998) being notable exceptions.
The eld of ontology learning dealswith theseproblems
by taking textual input and transformingit into a taxon-
omy or a properontology However, the learnedontolo-
gies are small and mostly domain dependentand evalua-
tionshave revealedaratherpoorperformancéseeBuitelaar
etal. (2005)for anextensie overview).

We try to overcomesuchproblemsby relying on a wide
coverageonline eng/clopediadevelopedby a large number
of users,namelyWikipedia. We usesemi-structurednput
by takingthe cateyory systemin Wikipediaasa conceptual
network. This provides us with pairs of relatedconcepts
whosesemanticrelationis unspeci ed. The task of creat-
ing a subsumptiorhierarcly thenboils down to distinguish
betweerisa andnotisarelations.We usemethodshasedon
connectvity in the network andlexico-syntacticpatterngto
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label the relationsbetweencateyories. As a resultwe are
ableto derive alarge scaletaxonomy

Moti vation

Arguments for the necessity of symbolically encoded
knowledgefor Al dateback at leastto McCarthy (1959).
Suchneedhasbecomeclearerthroughoutthe lastdecades,
asit becameohviousthat Al sub elds suchasinformation
retrieval, knowledgemanagemengndnaturallanguagero-
cessing(NLP) all prot from machineaccessibleknowl-
edge(seeCimianoet al. (2005)for a broadermotivation).
E.g., from a computationalinguistics perspectie, knowl-
edgebasedor NLP applicationsshouldbe:

domainindependent.e. have alarge coveragejn partic-
ularattheinstancdevel,

up-to-datein orderto procesgurrentinformation;

multilingual, in orderto processnformationin alanguage
independentashion.

The Wikipedia cateyorization system satis es all these
points. Unfortunately the Wikipedia cateyoriesdo notform

ataxonomywith afully- edged subsumptiorhierarcly, but

only athematicallyorganizedthesaurusAs anexample the
catgyory CAPITALS IN AsIAl is categorizedin the upper
catgyory CAPITALS (isa), whereasa catgyory suchasPHI-

LOSOPHY is cateyorizedunderABSTRACTION andBELIEF

(deals-witl?) aswell asHUMANITIES (isa) and SCIENCE

(isa). Anotherexampleis a pagesuchas EUROPEAN MI-

CROSTATES which belongsto the catgyoriesEUROPE (are-

located-ir) andM ICROSTATES (isa).

RelatedWork

Thereis a large body of work concernedwith acquiring
knowledgefor Al andNLP applications.Many NLP com-
ponentscangetalongwith ratherunstructuredassociatie
knowledgeasprovidedby thecooccurencef wordsin large
corpora, e.g., distributional similarity (Church & Hanks,

lWe use Sans Serif for words and queries, CAPITALS for
WikipediapagesandSMALL CAPs for Wikipediacateyories.



1990;Lee, 1999; Weeds& Weir, 2005, inter alia) andvec-
tor spacemodels(Schitze,1998). Suchunlabeledrelations
betweenwords proved to be as useful for disambiguating
syntacticandsemanticanalysesasthe manuallyassembled
knowledgeprovided by WordNet.

However, the availability of reliable preprocessingom-
ponentslike POS taggers,syntacticand semanticparsers
allows the eld to move towards higher level tasks, such
as questionanswering textual entailment,or completedi-
aloguesystemawhich requireto undestandlanguage This
letsresearcherfocus(again) on taxonomicandontological
resourcesThemanuallyconstructedCyc ontologyprovides
a large amountof domainindependenknowledge. How-
ever, Cyccannot(andis notintendedo) copewith mostspe-
ci ¢ domainsandcurrentevents. Theemeging eld of on-
tologylearningtriesto overcometheseproblemsby learning
(mostly) domaindependenbntologiesfrom scratch. How-
ever, the generatedntologiesare relatively small and the
resultsratherpoor (e.g.,Cimianoet al. (2005)reportan F-
measureof about33% with regard to an existing ontology
of lessthan 300 concepts).It seemdo be more promising
to extend existing resourcesuchas Cyc (Matuszeket al.,
2005)or WordNet(Snaw etal.,2006). Theexamplesshavn
in theseworks, however, seemto indicate that the exten-
sion takes place mainly with respectto namedentities, a
taskwhichis aguablynotasdif cult ascreatingacomplete
(domain-)ontologyfrom scratch.

Anotherapproactor building large knowledgebasege-
lies oninput by volunteersj.e., on collaborationramongthe
usersof anontology(Richardsor& Domingos2003).How-
ever, the currentstatusof the OpenMind and MindPixel
projecté doesindicatethat they are largely academicen-
terprises. Similar to the SemantidAeb (Berners-Leeet al.,
2001),whereusersaresupposedo explicitly de ne these-
manticsof the contentsof web pages,they may be hin-
deredby too highanentrancéarrier In contrastWikipedia
andits cateyorizationsystemfeaturea low entrancebarrier
achieving quality by collaboration. In Strube& Ponzetto
(2006) we proposedto take the Wikipedia cateyorization
systemasasemantimetwork which senedasbasisfor com-
puting the semanticrelatednes®f words. In the present
work we develop this idea a stepfurther by automatically
assigningsa andnotisalabelsto relationsbetweerthe cat-
egories.Thatway we areableto computethe semanticsim-
ilarity betweenwordsinsteadof theirrelatedness.

Methods

SinceMay 2004 Wikipedia allows for structuredaccessy
meansof categories’. The categoriesform a graphwhich
can be taken to representa conceptualnetwork with un-
speci ed semantiaelations(Strube& Ponzetto2006). We
presenthereour methodsto derive isa and notisarelations
from thesegenericlinks.

Zwww.openmind.org  andwww.mindpixel.com

SWikipedia can be downloaded at http://download.
wikimedia.org In our experimentswe use the English
Wikipediadatabaselumpfrom 25 Septembe006. This includes
1,403,207articles,99% of which arecateyorized.

Category network cleanup (1)

We startwith the full cateyorizationnetwork consistingof

165,744catgyory nodeswith 349,263direct links between
them. We rst cleanthe network from meta-catgories
usedfor eng/clopediamanagements.g.the cateyoriesun-
der WIKIPEDIA ADMINISTRATION. Sincethis cateory is

connectedo mary contentbearingcatejories, we cannot
remove this portion of the graphentirely We remove in-

steadall thosenodeswhoselabelscontainary of the fol-

lowing strings: wikipedia, wikiprojects, lists, mediawiki,

template, user, portal, categories, articles, pages. This
leaves127,325catayoriesand267,707links still to be pro-
cessed.

Re nement link identi cation (2)

The next preprocessingtepincludesidentifying so-called
re nementlinks. Wikipedia userstend to organize mary

cateory pairsusingpatternssuchasy x andx BY z (e.g.
MiLES DAVIS ALBUMS andALBUMS BY ARTIST). We la-

bel thesepatternsas expressingis-re ned-by semanticre-
lations betweencateyories. While theselinks could be in

principleassigned full isasemanticsthey representneta-
catgorizationrelations,i.e., their sole purposeis to better
structureand simplify the cateyorizationnetwork. We take
all catggoriescontainingby in the nameandlabel all links

with their subcatgorieswith anis-re ned-byrelation. This
labels54,504catayory links andleaves213,203relationsto

beanalyzed.

Syntax-basedmethods(3)

The rst setof processingnethodgo labelrelationshetween
catgjoriesasisa is basedon string matchingof syntactic
componentsf the catgyory labels.

Head matching. The rst method labels pairs of cate-
goriessharingthe samelexical head,e.g. BRITISH COM-
PUTER SCIENTISTS isa COMPUTER SCIENTISTS. We parse
thecateyory labelsusingthe Stanfordparser(Klein & Man-
ning, 2003). Sincewe parsemostly NP fragmentswe con-
strain the output of the head nding algorithm (Collins,
1999)to return a lexical headlabeledas eithera nounor
a 3rd personsingularpresentverb (this is to tolerateerrors
where plural noun headshave beenwrongly identi ed as
verbs). In addition,we modify the head nding rulesto re-
turn both nounsfor NP coordinationge.g. both buildings
and infrastructures for BUILDINGS AND INFRASTRUC-
TURES IN JAPAN). Finally, we labela cateyory link asisaif
thetwo cateyoriessharethe sameheadlemma,asgiven by
a nite-state morphologicaknalyzerMinnenetal., 2001).

Modi er matching. We next label cateyory pairsasnot-
isa in casethe stemof the lexical headof one of the cate-
gories,asgivenby thePorterstemmeiPorter 1980),0ccurs
in non-headgositionin theothercateyory. Thisis to rule out
thematiccateyorizationlinks suchas cRIME comics and
CRIME Or ISLAMIC MY STICISM andISLAM.

Both methodsachiere a good coverageby identifying re-
spectvely 72,663isarelationsby headmatchingand37,999
notisarelationsby modi er matching.



1. NP2,?(suchaglikej, especiallyNP* NP1
a stimulantsud ascaffeine

2. suchNP2asNP* NP1
sud stimulantsascaffeine

3. NP1NP* (andorj,like) otherNP2
caffeineandotherstimulants

4. NP1, oneof detpl NP2
caffeine oneof thestimulants

5. NP1, detsgNP2rel_pron
caffeine a stimulantwhich

6. NP2like NP* NP1
stimulantdike caffeine

1. NP2ZsNP1
car'sengine

2. NP1lin NP2
enginein thecar

3. NP2with NP1
acar with anengine

4. NP2contain($eding) NP1
a car containingan engine

5. NP1lof NP2
theengineof thecar

6. NPlare?usedin NP2
engineusedin cars

7. NP2ha(§vejid) NP1
acar hasanengine

Figurel: Patternsfor isaandnotisaDetection

Connectivity-basedmethods(4)

Thenext setof methodemployedreliesonthestructureand
connectiity of thecateyorizationnetwork.

Instance categorization. Suchaneket al. (2007) shav

thatinstance-ofrelationsin Wikipediabetweerentities(de-
noted by pages)and classes(denotedby cateyories) can
be found heuristically with high accurag by determining
whetherthe headof the pagecateyory is plural, e.g. AL-

BERT EINSTEIN belongsto the NATURALIZED CITIZENS
OF THE UNITED STATES cateyory. We applythisideatoisa
relationidenti cation asfollows. For eachcateyory c,

1. we nd the pagetitled as the catgory or its lemma,
for instancethe pageMICROSOFTfor the category M1-
CROSOFT;

2. we then collect all the pages cateyories whoselexical
headis apluralnounCP = fcy;C;:::¢nQ;

3. for eachc's supercatgory sc, we label the relation be-
tweenc andsc asisa, if the headlemmaof sc matches
theheadlemmaof atleastonecategorycp2 CP.

Forinstancefrom thepageMICROSOFTbeingcatejorized
into COMPANIES LISTED ON NASDAQ, we collect evi-

dencethat Microsoftis a compaly andaccordinglycatego-
rize asisa the links betweenM1CROSOFT and COMPUTER

AND VIDEO GAME COMPANIES. Theideais to collectev-

idencefrom the instancedescribingthe conceptand propa-
gatesuchevidenceto thedescribedconcepitself.

Redundant categorization. This methodlabels pairs of
catgorieswhich have atleastonepagein common.If users
redundantlycateyorize by assigningwo directly connected
catgoriesto apage they oftenmarkby implicaturethepage
asbeinganinstanceof two differentcateyory conceptswvith
differentgranularitiese.g. ETHYL CARBAMATE is both
anAMIDE(S) andan ORGANIC COMPOUND(S). Assuming
thatthe pageis aninstanceof bothconceptuatateyories,we
canconcludeby transitvity that one category is subsumed
by theother i.e. AMIDES isa ORGANIC COMPOUNDS.

The connectiity-basedmethodsprovide positive isa links

in casesvhererelationsareunlikely to befoundin freetext.
Using instancecateyorizationandredundantategorization
we nd 9,890and11,087isarelations respectiely.

Lexico-syntactichasedmethods(5)

After applying methods(1-4) we are left with 81,564un-

classi edrelations.We next apply lexico-syntacticpatterns
to sentencesdn large text corporato identify isa relations
(Hearst, 1992; Caraballo,1999). In orderto reducethe
amountof unclassi edrelationsandto increasethe preci-
sion of the isa patternswe also apply patternsto identify

notisa relations. We assumethat patternsusedfor iden-
tifying merorymic relations (Berland & Charniak, 1999;
Girju etal., 2006)indicatethattherelationis notanisare-

lation. The text corporausedfor this steparethe English
Wikipedia(5 10° words)andtheTipstercorpus(2:5 10°

words;Harman& Liberman(1993)).In the patterndor de-
tectingisaandnotisarelations(Figurel) NP1lrepresentthe
hyporym, NP2the hyperrym, i.e., we wantto retrieve NP1
isaNP2 NP* representzeroor morecoordinated\Ps.

To improve the recall of applyingthesepatternswe use
only thelexical headof the categorieswhichwerenotiden-
tied asnamedentities. Thatis, if thelexical headof a cat-
egory is identi ed by a NamedEntity Recognizen(Finkel
etal., 2005)ashelongingto a namedentity, e.g.Brands in
Y um! BRANDS, we usethefull category name elsewe sim-
ply usethe head,e.g.albums in MILES DAVIS ALBUMS.
In orderto ensureprecisionin applying the patterns,both
the Wikipedia and Tipster corporawere preprocessedy a
pipelineconsistingof atrigram-basedtatisticalPOStagger
(Brants,2000) anda SVM-basedchunler (Kudoh & Mat-
sumoto,2000),to identify nounphrasegNPs).

Thepatternsareusedto provide evidencefor semantiae-
lationsemploying a majority voting strategy. We positively
labelacateyory pairwith isain casethe numberof matches
of positive patternsis greaterthanthe numberof matches
of negative ones. In addition, we usethe patternsto lIter
theisa relationscreatedby the connectvity-basedmethods
(4). This is dueto instancecategorizationand redundant
catgyorizationgiving resultswhich are not alwaysreliable,



e.g.weincorrectly nd that CONSONANTS isa PHONETICS.
We usethe samemajority voting scheme exceptthat this
time we mark asnotisathosepairswith a numberof nega-
tive matchegyreaterthanthe numberof positive ones.This
ensuredetterprecisionby leaving the recall basicallyun-
changedThesemethodscreatel5,055isarelationsand I-
terout 3,277previously identi ed positive links.

Infer ence-basednethods(6)

Thelastsetof methodspropagtethe previously foundrela-
tions by meansof multiple inheritanceandtransitiity. We
rst propagteall isarelationsto thosesuperclassewhose
headlemmamatcheghe headlemmaof a previously iden-
ti ed isasuperclassk.g.,oncewe foundthat M1CROSOFT

isaCOMPANIESLISTED IN NASDAQ we caninfer alsothat
MICROSOFT isa MULTINATIONAL COMPANIES.

We then propagte all isa links to those superclasses
which are connectedhrougha path found along the pre-
viously discoveredsubsumptiorhierarcly. E.g., giventhat
FRUIT isa CROPS andCROPS isa EDIBLE PLANTS, we can
infer thatFRUITS isa EDIBLE PLANTS.

Evaluation

We evaluatethe coverageand quality of the semanticrela-
tionsextractedautomatically This is becausehe sizeof the
inducedtaxonomyis very large — up to 105,418generated
isa semantidinks — andalsoto avoid ary biasin the evalu-
ationmethod.

Comparisonwith ReseachCyc

We rst computethe amountof isa relationswe correctly
extractedby comparingwith ResearchCyt the research
versionof the Cyc knowledgebase(Lenat& Guha,1990)
including (as of version1.0) more than 300,000concepts
and 3 millions assertions.For eachcategory pair, we rst
map eachcategory to its Cyc conceptusing Cyc's internal
lexeme-to-conceptenotationamapper Conceptsarefound
by queryingthe full categyory label (e.g. Alan Turing). In
caseno matchingconcepis found,we fall backto querying
its lexical head(hardware for IBM hardware).

We evaluateonly the 85% of the pairs which have cor-
respondingconceptsn Cyc. Thesepairsare evaluatedby
gueryingCycwhethertheconceptenotedy the Wikipedia
subcatgory is eitheraninstanceof (#$isa ) or is general-
izedby (#$genls ) the conceptdenoteddy its superclass
We thentake theresultof the queryastheactual(isa or not-
isa) semanticclassfor the catgyory pair anduseit to eval-
uatethe systems response.This way we areableto com-
putestandardneasuresf precision,recallandbalanced--
measure.Table 1 shavs the resultsobtainedby taking the
syntax-baseanethods(i.e. headmatching)asbaselineand
incrementallyaugmentinghemwith differentsetsof meth-
ods,namelyourconnectvity andpatternbasednethodsAll

“http://research.cyc.com/

®Note that our de nition of isa is similar to the one found
in WordNet prior to version2.1. Thatis, we do not distinguish
hyporyms that are classedrom hyporyms that are instanceg(cf.
Miller & Hristea(2006)).

R P F1

baselingmethodsl-3) 73.7 100.0 849
+ connecwity (methodsl-4,6) 80.6 91.8 858
+ pattern-base(methodsl-3,5-6) | 84.3 915 87.7
all (methodsl-6) 89.1 86.6 879

Tablel: Comparisorwith Cyc

differencesn performancearestatisticallysigni cant atp <
0.001. We testfor statisticalsigni cance by performinga
McNemartest.

Discussionand Err or Analysis. Thesimplemethodem-
ployed for the baselinework suprisinglygoodwith perfect
precisionand someavhat satisfyingrecall. However, since
only categorieswith identical headsare connectedwe do
not createa singleinterconnectetixonomybut mary sepa-
ratetaxonomicislands.In practicewe simply nd thatHis-
TORICAL BUILDINGS areBUILDINGS. The extractedinfor-
mationis trivial.

By applyingthe connectity-basedmethodswe areable
to improve the recall considerably The dravbackis a de-
creasein precision. However, a closerlook reveals that
we now in fact createda interconnectedaxonomywhere
conceptsawith quite differentlinguistic realizationare con-
nected.We obsere the sametrendby applyingthe pattern-
basednethodsn additionto thebaseline They improve the
recallevenmore,but they alsohave a lower precision.The
bestresultsareobtainedby combiningall methods.

Becausewe did not expectsucha big drop in precision
— and only moderateimprovementover the baselinein F-
measure- we closely inspecteda randomsampleof 200
false positives, i.e., the caseswhich led to the low preci-
sion score. Threeannotatordabeledthesecasesastrue if
judgedto be in fact correctisa relations,false otherwise.
It turnedout thatabout50% of the falsepositveswerein-
deedlabeledcorrectly as isa relationsby the system,but
theserelationscould not be found in Cyc. This is dueto
(1) Cyc missingtherequiredrelations(e.g.BRIAN ENO isa
MusICIANS) or (2) missingthe requiredconceptqe.g.,we
correctly nd that BEE TRAIN isa ANIMATION STUDIOS,
but sinceCyc providesonly the TRAIN-TRANSPORTATION-
DEVICE and STUDIO conceptswe query: “is train a stu-
dio?” whichleadsto afalsepositive.

Computing semanticsimilarity using Wikipedia

In Strube & Ponzetto (2006) we proposedto use the
Wikipedia cateyorizationas a conceptuahetwork to com-
putethe semantiaelatednessf words. However, we could
not compute semanticsimilarity, becauseapproachego
measuringsemanticsimilarity thatrely on lexical resources
usepathsbasedon isarelationsonly. Theseareonly avail-
ablein thepresentwvork.

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



M&C R&G
pl  wup Ich res pl  wup Ich res
WordNet all 0.72 0.77 0.82 0.78] 0.78 0.82 0.86 0.81
i all 0.60 0.53 0.58 0.30] 0.62 0.63 0.64 0.34
Wikirelate! e issingl 0.65 0.61 0.65 041] 066 069 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
PageRanklter | non-missing| 0.72 0.79 0.78 0.68 0.70 0.79 0.7/ 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: Resultson correlationwith humanjudgement®f similarity measures

Wikipediawith the onesobtainedby usingWordNet,which
is themostwidely usedlexical taxonomyfor this task. Fol-
lowing theliteratureon semanticsimilarity, we evaluateper
formanceby takingthe Pearsomproduct-momentorrelation
coefcient r betweenthe similarity scoresand the corre-
spondinghumanjudgementsFor eachdatasetve reportthe
correlationcomputedon all pairs(all). In the caseof word
pairswhereat leastoneof thewordscould notbefoundthe
similarity scoreis setto 0. In addition,we reportthe corre-
lation scoreobtainedby disregarding suchpairscontaining
missingwords(non-missiny

Table2 reportsthe scoresobtainedoy computingseman-
tic similarity in WordNetaswell asin Wikipedia usingdif-
ferentscenariosand measuregRadaet al. (1989, pl), Wu
& Palmer(1994,wup), Leacock& Chodorav (1998, Ich),
Resnik(1995,reg). We rst take asbaselinghe Wikirelate!
methodoutlinedin Strube& Ponzetta(2006)andextendit
by rst computingonly pathsbasedon isa relations. Since
experimentson developmentdatd revealeda performance
improvementfarlowerthanexpectedwe performedanerror
analysis.Thisrevealedthatmary dissimilarpairsreceveda
scorehigherthanexpected pecausef coarse-grainedver-
connectedcatgyoriescontaininga large amountof dissim-
ilar pages.e.g.mound andshore weredirectly connected
throughL ANDFORMS thoughthey areindeedquitedifferent
accordingo humanjudges.

A wayto modelthecateyories'connectvity is to compute
their authoritatveness,.e. we assumethat overconnected,
semanticallycoarsecategorieswill bethemostauthoritatve
ones. This can be accomplishedor instanceby comput-
ing the centralityscoresof the Wikipedia catgyories. Since
the Wikipedia cateyorizationnetwork is a directedagyclic
graph,link analysisalgorithmssuchas PageRankBrin &
Page,1998)canbeeasilyappliedto automaticallydetectand
remove thesecoarsecateyoriesfrom the catgorizationnet-
work. We take the graphgiven by all the categoriesandthe
pageghatpointto themandapplythe PageRanlkalgorithm.
PageRanlscoresarecomputedecursvely for eachcategory
vertex v by theformula

8In orderto performa blind testevaluation,we developedthe
systenmfor computingsemanticsimilarity usinga differentversion
of Wikipedia,namelythe databaselumpfrom 19 February2006.

PR(V9)
jO(v9j

whered 2 (0; 1) is adumpingfactor(we setit to the stan-
dardvalueof .85), 1 (v) is the setof nodeslinkedto v and
jO(v9)j the numberof outgoinglinks of nodev® This gives
arankingof the mostauthoritatve cateyories,which in our
casehapperto bethecatgoriesin the highestregionsof the
catgyorizationnetwork — i.e., the top-ranked cateyoriesare
FUNDAMENTAL, SOCIETY, KNOWLEDGE, PEOPLE, SCI-
ENCE, ACADEMIC DISCIPLINES andsoon.

The third experimentalsettingof Table 2 shows the re-
sults obtainedby computingrelatednessising the method
from Strube& Ponzetto(2006) and removing the top 200
highestranked PageRankcateyories. Finally, we present
resultsof usingbothisa andPageRankltering. Theresults
indicatethatusingbothisarelationsandapplyingPageRank
Itering work betterthanthe simple Wikirelate! baseline.
This is becausen both casesve areableto Iter out cate-
goriesand cateyory relationswhich decreaséhe similarity
scores,i.e. coarse-grainedateyoriesusing PageRankand
notisa(e.g. merorymic, antorymic) semantiaelations.The
two methodsareindeedcomplementarywhich is shavn by
the bestresultsbeing obtainedby applying themtogether
UsingPageRankltering togethemwith pathsincludingonly
isa relationsyields resultswhich are closeto the onesob-
tainedby usingWordNet.

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

X
PR(V)= (1 d)+d
vO21 (v)

Conclusions
We describedhe automaticcreationof alarge scaledomain
independentaxonomy We took Wikipedia's catgoriesas

"The optimal thresholdvaluewasestablishecggin by analyz-
ing performancen the developmentdata.



conceptsin a semanticnetwork and labeledthe relations
betweentheseconceptsas isa and notisa relationsby us-
ing methodsbasedon the connectvity of the network and
on applyinglexico-syntacticpatternsto very large corpora.
Both connectvity-basedmethodsand lexico-syntacticpat-
ternsensurea high recall while decreasinghe precision.
We comparedhe createdaxonomywith ResearchCyand
via semanticsimilarity measuresvith WordNet. Our Wiki-
pedia-basethxonomyprovedto becompetitve with thetwo
amguablylargestandbestdevelopedexisting ontologies.We
believe thattheseresultsarecausedy takingalreadystruc-
turedandwell-maintainedknowledgeasinput.

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