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Abstract

Here is discussedhow to constructdomain on-

tologieswith both taxonomicand non-taxonomic
conceptualrelationships, exploiting a machine-
readabledictionary (MRD) and domain-specific
texts. The taxonomic relationshipscome from

WordNet in the interaction with a domain ex-

pert, using the following two stratgies: match
result analysisand trimmed result analysis. The

non-taxonomicrelationshipscome from domain-
specific texts with the analysis of lexical co-

occurrencestatistics;basedon WordSpaceo rep-

resentlexical itemsaccordingto how semantically
closethey areto oneanother We have donecase
studiesin the field of law. The empirical results
shav usthatour ervironmentcansupporta userin

constructingdomainontologies.

1 Intr oduction

Although ontologieshave beenso popularin mary applica-
tion areaswe still facethe problemthatit takesmary costs
to build upthemby hand.In particulay sincedomainontolo-
gieshave the sensespecificto applicationdomains,human
expertshave to makehugeefforts with constructinghemen-
tirely by hand.

In orderto reducethe costs,automaticor semi-automatic
methods have been proposedusing knowledge engineer
ing techniquesand natural languageprocessingones (cf.
OntosaurukSwartoutet. al. 1996). The authorshave also
developeda domain ontology refinementsupportenviron-
ment called LODE[Kurematsuand Yamaguchi1997 and
a domain ontology rapid developmentervironment called
DODDLE[Sekiuchiet. al. 1998, using machinereadable
dictionaries.However, theseervironmentsfacilitate the con-
structionof justahierarchicallystructuredsetof domaincon-
cepts,in otherwords,taxonomicconceptuatelationships.

As domainontologieshave beenappliedto widespreadr
eas,suchasknowledgesharing,knowvledgereuse,software
agentsand information integration, we needsoftwareervi-
ronmentghatsupporta humanexpertin constructinghedo-
mainontologieswith notonly taxonomicconceptuatelation-
shipsbut also non-taxonomicones. In orderto develop the
ervironmentsjt seemdo bebetterthatwe puttogethettwo or

moretechniquesucha knowledgeengineeringnaturallan-
guageprocessingmachinelearninganddataengineeringas
seerin theworkshoponontologylearningin ECAI2000(e.g.
[MaedcheandStaab2000).

Herein this paper we extend DODDLE into DODDLE
Il that acquireshoth taxonomicand non-taxonomicconcep-
tual relationships exploiting WordNe{Fellbaum1994 and
domain-specifidexts with the automaticanalysisof lexical
co-occurrencestatistics,basedon WordSpacethat hasthe
ideathata pair of termswith highfrequeng onco-occurrence
statisticscan have non-taxonomicconceptualelationships.
Furthermore,we evaluatehow DODDLE Il works in the
field of law, the Contractgor the InternationalSaleof Goods
(CISG).The empiricalresultsshav usthat DODDLE Il can
supportalaw expertin constructingdomainontologies.

2 DODDLE II: A Domain Ontology Rapid
DevelopmentEnvironment

Figurel shovs anoverview of DODDLE Il: adomainontol-
ogy rapid developmentenvironmentthat hasthe following
two components:taxonomicrelationshipacquisitionmod-
ule usingWordNetand non-taxonomiaelationshiplearning
moduleusingdomain-specifitexts. A setof domaintermsis
givento DODDLE .

The taxonomicrelationshipacquisitionmoduledoesspell
matchbetweenthe input domaintermsand WordNet. The
spell matchlinks thesetermsto WordNet. Thusthe initial
modelfrom the spell matchresultsis a hierarchicallystruc-
turedsetof all the nodeson the pathfrom thesetermsto the
root of WordNet. However the initial modelhasunnecessary
internalterms(nodeshotto contributeto keepingopological
relationshipsamongmatchedhodes suchas parent-childre-
lationshipandsibling relationship.Sowe cantrim theunnec-
essaryinternal nodesfrom the initial modelinto a trimmed
model,asshowvn in Figure2 process.In orderto refinethe
trimmedmodel, we have the following two stratgiesin the
interactionwith a user: matchresultanalysisand trimmed
resultanalysishatwill bedescribedater.

The non-taxonomiaelationshiplearningmodule extracts
the pairsof termsthatshouldberelatedby somerelationship
from domain-specifidexts, analyzinglexical co-occurrence
statistics,basedon WordSpacehat is a multi-dimensional,
real-valuedvector spacewherethe cosineof the angle be-
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tweentwo vectorsis a continuousmeasureof their semantic
relatednessThusthe pairsof termsextractedfrom domain-
specifictexts arethe candidategor non-taxonomiaelation-
ships. Thus putting togethertaxonomicand non-taxonomic
relationshipswe canget conceptspecificatiortemplatesor
theinput domainterms,althoughthe relationshipshouldbe
identifiedin theinteractionwith a humanexpert.

3 TaxonomicRelationship Acquisition

After gettingthe trimmed model, TRA modulerefinesit in
theinteractionwith a domainexpert,usingthefollowing two
stratgies: matchresultanalysisandtrimmedresultanalysis.
Lookingatthetrimmedmodel,it turnsoutthatit is divided
into a PAB (a PAth includingonly Bestspell-matchedhodes)
and a STM (a Sub-Tree that includes best spell-matched
nodesand other nodesand so should be Moved) basedon
thedistribution of best-matchediodes.On onehand,a PAB
is a paththatincludesonly best-matchedodesthat have the
sensegoodfor given domainspecificity Becauseall nodes
have alreadybeenadjustedo thedomainin PABs, PABs can
staytherein thetrimmedmodel.Ontheotherhand,aSTM is
sucha sub-treethatan internalnodeis a root andthe subor
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Figure3: MatchResultAnalysis

dinatesareonly best-matchediodes.Becausenternalnodes
have not beenconfirmedto have the sensegoodfor a given
domain,a STM canbe moved in the trimmedmodel. Thus
DODDLE Il identifiesPABs andSTMsin thetrimmedmodel
automaticallyandthensupportsa userin constructinga con-
ceptualhierarchyby moving STMs. Figure3 illustratesthe
above-mentionednatchresultanalysis.

In orderto refinethetrimmedmodel, DODDLE Il canuse
trim result analysisas well as matchresultanalysis. Tak-
ing somesibling nodeswith the sameparentnode theremay
bemary differencesaboutthe numberof trimmednodesbe-
tweenthemandtheparentode.Whensuchabig differences
comesup on asub-tredn thetrimmedmodel,it may be bet-
terto changethe structureof the sub-tree. DODDLE Il asks
theuserif the sub-treeshouldbereconstructedr not. Based
on empiricalanalysis the sub-treeswith two or morediffer-
encesmay be reconstructed Figure4 illustratesthe above-
mentionedrimmedresultanalysis.

Finally DODDLE Il completegaxonomicrelationshipsof
theinput domaintermswith hand-madedditionalmodifica-
tion from theuser



A A A
/ T\ Trimming m Reconstructing/'1
— —
B C B C D B C
D
N\
D
Figure4: TrimmedResultAnalysis
Texts (4-gram array) Texts (4-gram array) Texts (4-gram vector array) ﬁ
BEBET LGREERR LBEERE e W W
£RERE R IERERBE sl = o
fififfifs.. fififrfifs .. RREAF. b= W W
— — — ‘WordNet synset
callocation scope context scope | ————
fi_ o f2 - fa
fi
fa 4—gram vector
: —
fa

Collocation Matrix

Figure5: ConstructionFlow of WordSpace

4 Non-TaxonomicRelationship Learning

Non-taxonomicRelationshipLearning almost comesfrom
WordSpacEMarti and Schutzg, which derives lexical co-
occurrenceinformation from a large text corpusandis a
multi-dimensionvector space(a set of vectors). The inner
productbetweentwo word vectorsworks asthe measureof
their semantiaelatednesswhentwo wordsinner productis
beyond someupperbound,they arepromisingto have some
non-taxonomigelationshipbetweerthem.

4.1 Construction of WordSpace
WordSpacés constructechsshowvn in (Figureb).

1. extraction of high-frequency4-grams Sinceletterby-
letter co-occurrencenformation becomegoo much and so
often irrelevant, we take term-by-termco-occurrencenfor-
mationin four words (4-gram)as the primitive to makeup
co-occurrencenatrix usefulto representontet of atext. We

takehighfrequeng 4-gramsn orderto makeup WordSpace.

2. construction of collocation matrix A collocation ma-
trix is constructedn orderto comparethe contet of two
4-grams. Elementa; ; in this matrix is the numberof 4-
gramf; which comesup just before4-gramf; (calledcollo-
cationared). The collocationmatrix countshow mary other
4-gramscomeup beforethe taget 4-gram. Eachcolumnof
this matrix is the 4-gramvectorof the 4-gramf.

3. construction of contextvectors A contet vectorrepre-
sentscontet of aword or phrasen atext. A sumof 4-gram
vectorsaroundappearancelaceof a word or phrase(called
context are@) is a contet vectorof aword or phrasein the
place.

4. construction of word vectors A wordvectoris asumof

contet vectorsat all appearancelacesof a word or phrase
within texts, and canbe expressedvith the follow formula.

Here,(w) is avectorrepresentationf a word or phrasew,

C(w) is appearancelacesof a word or phrasew in atext,

andp(f) is a4-gramvectorof a4-gramf. A setof vector
7(w) is WordSpace.

5. construction of vector representationsof all concepts
The bestmatchedsynsetof eachinput termsin WordNetis
alreadyspecifiedanda sumof the word vectorcontainedn
thesesynsetss setto the vectorrepresentatiof a concept
correspondingo ainputterm. Theconceptabelis theinput

2. )

ieC(w) fcloseto:

e(f)) (1)

7(w) =

4.2 Constructing and Modifying Concept
SpecificationTemplates

Vector representationsf all conceptsare obtainedby con-
structing WordSpace. Similarity betweenconceptsis ob-
tained from inner productsin all the combinationof these
vectors. Then, we define certainthresholdfor this similar
ity, and a conceptpair with the similarity beyond it is ex-
tractedasa similar conceptpair. A setof the similar con-
ceptpairsbecomesonceptspecificationtemplates.Both of
conceptpairs,which meaningis similar (with taxonomicre-
lation), and which hassomethingrelevant eachother (with
non-taxonomiaelation),areextractedasconceptpairswith
context similarity in a mass. However, by usingtaxonomic
informationfrom TRA modulewith co-occurrencénforma-
tion, DODDLE Il distinguisheghe conceptpairs which hi-
erarchicallyclosesto eachotherfrom the otheras TAXON-
OoMmY.

A userconstructsa domainontology by consideringthe
relationwith eachconceptpair in the conceptspecification
templatesanddeletinganunnecessargonceptair.

DODDLE Il, domainontologyrapiddevelopmentenviron-
ment,whichreferto MRD anddomain-specifitexts, is being
implementecon Perl/Tk now. Figure6 shavs the ontology
editor (left window) andthe concepigrapheditor (right win-
dow).

5 CaseStudiesin the Field of Law

5.1 Learning TaxonomicRelationships

In order to evaluate how DODDLE is doing in practical
fields, casestudieshave beendonein a particularlaw called
Contractsfor the InternationalSale of Goods(CISG). Two
lawyers joined the casestudies. In the first casestudy in-
puttermsare46 legaltermsfrom CISG Part-11. In thesecond
casestudy they are103termsincluding generattermsin an
examplecaseandlegaltermsfrom CISGarticlesrelatedwith



Figure6: The OntologyEditor

the cases.Onelawyer did the first casestudy andthe other
lawyer did thesecond.

Tablel shavsthecasestudiesesults.Figure7 shavs how
muchis includedin final domainontology the intermediate
productsat eachDODDLE actity.

Generallyspeakingin constructingegal ontologies,70 %
or more supportcomesfrom DODDLE. About half part of
the final legal ontology resultsin the information extracted
form WordNet. Becausehetwo stratgiesjustimply the part
whereconcepdrift maycomeup, the partgeneratedyy them
hasjustabout30 % precisionrate. Becausahetwo stratgies
justtakesuchsyntacticafeatureasmatchedandtrimmedre-
sults, the precisionrate seemsot to be so bad. In orderto
manageoncepdrift smartly we will takeinto consideration
thestratgieswith moresemantiainformationthatis noteasy
to comeupin adwvance.

5.2 Learning Non-TaxonomicRelationships

We have donethe casestudyfor learningnon-taxonomiae-
lationshipsin the field of CISG, taking 46 legal concepts
from the abore-mentioneccasestudy A userspecifiesnon-
taxonomicrelationships,taking conceptspecificationtem-
platesfrom DODDLE Il

Constructing WordSpacefor CISG

High-frequeng 4-gramshave been extracted from CISG
(about10,000words). Duplicationshave beenremoved by

doingstandardorm conversion. Thuswe have got526 kinds
of 4-grams.In orderto avoid sparsenessf a collocationma-
trix to someexten, the extractionfrequeng of 4-gramsmust
be adjustedaccordingto the scaleof text corpus. As CISG
is comparatiely smallscale,it hasbeensetto 8 timesin this
casestudy The collocationmatrix hasbeenconstructedy

countingthe numberof each526 kinds 4-gramjust beforea
4-gramfor eachkind. Since526 kinds of 4-gramshave been
extracted the collocationmatrix have 526 dimensionsin or-

derto constructa contet vector we have calculatedhe sum
of 4-gramvectorsaroundappearancelacecircumferenceof

eachof 46 concepts.Onearticle of CISG consistsof about
1404-grams.The numberof 4-gramvectorsin contet area
hasbeensetto 60 from an experience.For eachof 46 con-

ceptsthesumof contet vectorsin all theappearancplaces
of theconceptin CISG hasbeencalculatedandthenthevec-
tor representationf the conceptdasbeenobtained.The set
of thesevectorshave beenusedasWordSpacéo extractcon-
ceptpairswith contet similarity.

Constructing and Modifying ConceptSpecification
Templates

Having calculatedthe similarity from the inner productfor
the 1035 conceptpairs that are all the combinationof 46
conceptswith the thresholdof 0.9993,we have extracted90
conceppairsandconstructedoncepspecificatiortemplates
basednthem.Figure8illustratestheconcept'assent’spec-
ification templateconstructedy the user In Figure8, "act”
and”proposal” have beenidentifiedasancestardescendant
or asibling of "assent” takingthe conceptierarchicabtruc-
turein thefirst casestudy Thustherelationshipshave been
distinguishedsthelabelof TAXONOMY. As taxonomicre-
lationshipsandnon-taxonomi@nesmay comeuptogetherin
thelist of context similarity, it is usefulto identify the taxo-
nomicrelationshipdy the conceptierarchicabktructurethat
hasalreadybeenconstructed. Given conceptspecification
templatedo a user (s)hefills thekind of relationshipsn the
templatesconceptspecificationshave beendone. Figure9
illustratesthe completespecificationof the concept’assent”
from the concepispecificatiortemplateshavn in Figure8.

assent non-mxoNomy? : Offeror
TAXONOMY . act
non-axoNoMmy? : effect
non-axoNoMY?  : Offer
non-TAXONOMY?  © Person
non-axoNoMmy? : Offeree
non-AXONOMY? Withdrawal
non-AXONOMY?  : time
TAXONOMY : proposal

Figure8: The concepspecificatiortemplategor “assent”

assent AGENT . person
LEGAL-SEQUENCE : offer
ANTONYM : withdrawal

Figure9: Theconceptdefinitionfor "assent"with editingthetem-
plates

5.3 Resultsand Evaluation

The userwith legal knowledgehasevaluatedhow muchthe
extractionof conceptpairshasbeendoneproperly The ex-
tractedconcepipairscomeupin Table2.
Figure1l0showvsthetrade-of betweemrecisionandrecall,
changingthe thresholdof contet similarity. In gettinghigh
hit rate,coverageis small. In gettinghigh coverage hit rate
is low. Although properthresholdexists dependingn task-
domains,it is hardto setit up in advance. We have not yet
identifiedwhat relationshipexists betweentwo concepts.In
orderto do so,we needmoreinformationresources.
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Figure7: The ComponenRateof the Final DomainOntology

Tablel: The CaseStudiesResults

Thefirst Thesecond
Thenumberof X casestudy casestudy
Inputterms 46 103
SmallDT(Componenterms) 2(6) 6(25)
Nodesmatchedvith WordNet(Unmatched) 42(0) 71(4)
SalientinternalNodes(Timmednodes) 13(58) 27(83)
SmallDT integratednto atrimmedmodel(Unintegated 2(0) 5(1)
Modificationby the user(Addition) 17(5) 44(7)

Evaluationof strategyl
Evaluationof strategy2

9/29(31.0%)

7716(25.0%)
4/12(33.3%)

3/10(30.0%)

“Nodesmatchedwith WordNet” is the numberof inputtermswhich have be selectecpropersenses
in WordNetand“Unmatched”is notthecase.
The numberof suggestionsicceptedy a user/Thenumberof suggestiongenerateddy DODDLE

Figurel0: recallandprecision

6 RelatedWork

Ononehand,in thefield of ontologylearningbasedon nat-
ural languageprocessingenterednethodsHahnet.al. have
presentedhe verb-orientedmethodsthat take the relation-
shipsof averbandnounsmodifiedwith it, constructingcon-
ceptdefinitionsbasedon them(e.g. [Hahn1994). In [Faure
andNédellec1999, they extracttaxonomicrelationshipsand
sub-catgorization Frameof verbs(SF) from technicaltexts
usingmachindearningmethods They puttogethetthenouns

in two or morekindsof differentSFwith asameframe-name
andslot-nameinto oneconcept(baseclass).They alsobuild
ontologieswith only taxonomicrelationshipsby doing the
clusteringof the baseclassesAlthoughthis approactseems
to be promising,the evaluationbasedon casestudiesin the
realproblemshasnotyetbeendone.

On the otherhand,in thefield of ontologylearningbased
on datamining methods,it hasbeenpresentedo discover
non-taxonomiaelationshipsusing a generalizedassociation
rule algorithmby [Maedcheand Staab200d. They explore
a nev metricscalled RLA (RelationLearningAccurag) to
evaluatethe properabstractiorievel of relations,comparing
with the ontology manuallyconstructedoy a humanexpert.
Althoughtherearesimilar pointsbetweertheir approactand
theapproacthere,the mail goalhereis to meige andexploit
informationresourcedo supportthe constructionof domain
ontologies.

7 Conclusion

Herein this paperwe have discussedow to constructa do-
main ontologyusingexisting MRD anddomain-specifi¢ext
corpus. In orderto acquiretaxonomicrelationshipsthe fol-
lowing two strat@ies have beenproposed: matchedresult
analysisandtrimmedresultanalysis. Furthermorejn order
to learnnon-taxonomiaelationshipsthe templatesfor con-
ceptdefinition hasbeenconstructedn the basisof the co-
occurrencanformationin domain-specifidext corpus,tak-
ing the constructionof WordSpace.The templateswvork as
the prototypesof conceptdefinition. Although small-scale



Table2: Thedetail of theextractedconceptpairs

Threshold | Extractedconcepipair | Advisable | Unknown | Improper

0.9993 90 53 14 23

casestudieshave beendonein thefield of law in orderto see
how DODDLE Il is goingin interactionwith auser we must
do themin the large scaleof casestudies.We will consider
how to take WEB contentasthethird informationresources.
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