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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 strategies: match
result analysisand trimmed result analysis. The
non-taxonomicrelationshipscome from domain-
specific texts with the analysis of lexical co-
occurrencestatistics;basedon WordSpaceto rep-
resentlexical itemsaccordingto how semantically
closethey are to oneanother. We have donecase
studiesin the field of law. The empirical results
show usthatourenvironmentcansupporta userin
constructingdomainontologies.

1 Intr oduction
Although ontologieshave beenso popularin many applica-
tion areas,we still facetheproblemthat it takesmany costs
to build upthemby hand.In particular, sincedomainontolo-
gieshave thesensesspecificto applicationdomains,human
expertshave to makehugeefforts with constructingthemen-
tirely by hand.

In orderto reducethe costs,automaticor semi-automatic
methodshave been proposedusing knowledge engineer-
ing techniquesand natural languageprocessingones (cf.
Ontosaurus[Swartoutet. al. 1996]). The authorshave also
developeda domain ontology refinementsupportenviron-
ment called LODE[Kurematsuand Yamaguchi1997] and
a domain ontology rapid developmentenvironment called
DODDLE[Sekiuchiet. al. 1998], usingmachinereadable
dictionaries.However, theseenvironmentsfacilitatethecon-
structionof justahierarchicallystructuredsetof domaincon-
cepts,in otherwords,taxonomicconceptualrelationships.

As domainontologieshave beenappliedto widespreadar-
eas,suchasknowledgesharing,knowledgereuse,software
agentsand information integration, we needsoftwareenvi-
ronmentsthatsupporta humanexpert in constructingthedo-
mainontologieswith notonly taxonomicconceptualrelation-
shipsbut alsonon-taxonomicones. In order to develop the
environments,it seemsto bebetterthatweputtogethertwoor

moretechniquessucha knowledgeengineering,naturallan-
guageprocessing,machinelearninganddataengineering,as
seenin theworkshoponontologylearningin ECAI2000(e.g.
[MaedcheandStaab2000]).

Here in this paper, we extend DODDLE into DODDLE
II that acquiresboth taxonomicandnon-taxonomicconcep-
tual relationships,exploiting WordNet[Fellbaum1998] and
domain-specifictexts with the automaticanalysisof lexical
co-occurrencestatistics,basedon WordSpacethat has the
ideathatapairof termswith highfrequency onco-occurrence
statisticscan have non-taxonomicconceptualrelationships.
Furthermore,we evaluatehow DODDLE II works in the
field of law, theContractsfor theInternationalSaleof Goods
(CISG).Theempiricalresultsshow us thatDODDLE II can
supporta law expertin constructingdomainontologies.

2 DODDLE II: A Domain Ontology Rapid
DevelopmentEnvir onment

Figure1 showsanoverview of DODDLE II: a domainontol-
ogy rapid developmentenvironment that hasthe following
two components:taxonomicrelationshipacquisitionmod-
ule usingWordNetandnon-taxonomicrelationshiplearning
moduleusingdomain-specifictexts. A setof domaintermsis
givento DODDLE II.

The taxonomicrelationshipacquisitionmoduledoesspell
matchbetweenthe input domaintermsand WordNet. The
spell matchlinks thesetermsto WordNet. Thus the initial
modelfrom the spell matchresultsis a hierarchicallystruc-
turedsetof all thenodeson thepathfrom thesetermsto the
rootof WordNet.However theinitial modelhasunnecessary
internalterms(nodes)notto contributeto keepingtopological
relationshipsamongmatchednodes,suchasparent-childre-
lationshipandsiblingrelationship.Sowecantrim theunnec-
essaryinternalnodesfrom the initial model into a trimmed
model,asshown in Figure2 process.In orderto refinethe
trimmedmodel,we have the following two strategies in the
interactionwith a user: matchresult analysisand trimmed
resultanalysisthatwill bedescribedlater.

The non-taxonomicrelationshiplearningmoduleextracts
thepairsof termsthatshouldberelatedby somerelationship
from domain-specifictexts, analyzinglexical co-occurrence
statistics,basedon WordSpacethat is a multi-dimensional,
real-valuedvector spacewherethe cosineof the anglebe-
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Figure1: DODDLE II overview

� � � � � � � � � � � � � � �
� � � � � � � � � � � �
� � � � � � � � � �   ¡ ¢ £ �

¤ ¥ ¥ ¦ § ¨ ¨ ©

Figure2: TrimmingProcess

tweentwo vectorsis a continuousmeasureof their semantic
relatedness.Thusthepairsof termsextractedfrom domain-
specifictexts arethe candidatesfor non-taxonomicrelation-
ships. Thusputting togethertaxonomicandnon-taxonomic
relationships,we cangetconceptspecificationtemplatesfor
theinput domainterms,althoughtherelationshipsshouldbe
identifiedin theinteractionwith a humanexpert.

3 TaxonomicRelationshipAcquisition
After getting the trimmedmodel,TRA modulerefinesit in
theinteractionwith a domainexpert,usingthefollowing two
strategies:matchresultanalysisandtrimmedresultanalysis.

Lookingat thetrimmedmodel,it turnsout thatit is divided
into aPAB (a PAth includingonly Bestspell-matchednodes)
and a STM (a Sub-Tree that includesbest spell-matched
nodesand other nodesand so shouldbe Moved) basedon
thedistribution of best-matchednodes.On onehand,a PAB
is a paththat includesonly best-matchednodesthathave the
sensesgoodfor given domainspecificity. Becauseall nodes
have alreadybeenadjustedto thedomainin PABs, PABs can
staytherein thetrimmedmodel.Ontheotherhand,aSTM is
sucha sub-treethatan internalnodeis a root andthesubor-

ª « « ¬

­ ® ¯ ° ± ² ° ³ ´ ® µ ¶ · ¸ ¹
º » ¼ ½ ¾ » ¿ À Á Â Ã ½
Ä Å Æ
Ç È ÉÊ Ë Ì ÍÎ Ï Ð Ñ Ê Ë Ì ÍÎ Ï Ð Ñ

Ê Ë Ì ÍÎ Ï Ð Ñ

Ò Ó Ô ÕÖ × Ø Ù

Figure3: MatchResultAnalysis

dinatesareonly best-matchednodes.Becauseinternalnodes
have not beenconfirmedto have thesensesgoodfor a given
domain,a STM canbe moved in the trimmedmodel. Thus
DODDLE II identifiesPABs andSTMsin thetrimmedmodel
automaticallyandthensupportsa userin constructinga con-
ceptualhierarchyby moving STMs. Figure3 illustratesthe
above-mentionedmatchresultanalysis.

In orderto refinethetrimmedmodel,DODDLE II canuse
trim result analysisas well as matchresult analysis. Tak-
ing somesiblingnodeswith thesameparentnode,theremay
bemany differencesaboutthenumberof trimmednodesbe-
tweenthemandtheparentnode.Whensuchabig differences
comesup on a sub-treein thetrimmedmodel,it maybebet-
ter to changethestructureof thesub-tree.DODDLE II asks
theuserif thesub-treeshouldbereconstructedor not. Based
on empiricalanalysis,thesub-treeswith two or morediffer-
encesmay be reconstructed.Figure4 illustratesthe above-
mentionedtrimmedresultanalysis.

Finally DODDLE II completestaxonomicrelationshipsof
theinput domaintermswith hand-madeadditionalmodifica-
tion from theuser.
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Figure4: TrimmedResultAnalysis
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Figure5: ConstructionFlow of WordSpace

4 Non-TaxonomicRelationshipLearning
Non-taxonomicRelationshipLearning almost comesfrom
WordSpace[Marti and Schutze], which derives lexical co-
occurrenceinformation from a large text corpusand is a
multi-dimensionvector space(a set of vectors). The inner
productbetweentwo word vectorsworks asthe measureof
their semanticrelatedness.Whentwo wordsinnerproductis
beyond someupperbound,they arepromisingto have some
non-taxonomicrelationshipbetweenthem.

4.1 Construction of WordSpace
WordSpaceis constructedasshown in (Figure5).

1. extraction of high-fr equency4-grams Sinceletter-by-
letter co-occurrenceinformation becomestoo much and so
often irrelevant, we take term-by-termco-occurrenceinfor-
mation in four words (4-gram)as the primitive to makeup
co-occurrencematrixusefulto representcontext of atext. We
takehighfrequency 4-gramsin orderto makeupWordSpace.

2. construction of collocation matrix A collocationma-
trix is constructedin order to comparethe context of two
4-grams. Element ��� � ¡ in this matrix is the numberof 4-
gramf � which comesup just before4-gramf ¡ (calledcollo-
cationarea). Thecollocationmatrix countshow many other
4-gramscomeup beforethe target 4-gram. Eachcolumnof
thismatrix is the4-gramvectorof the4-gramf.

3. construction of context vectors A context vectorrepre-
sentscontext of a word or phrasein a text. A sumof 4-gram
vectorsaroundappearanceplaceof a word or phrase(called
context area) is a context vectorof a word or phrasein the
place.

4. construction of word vectors A wordvectoris asumof
context vectorsat all appearanceplacesof a word or phrase
within texts, andcanbe expressedwith the follow formula.
Here,¢¤£¦¥¨§ is a vectorrepresentationof a word or phrase¥ ,© £ª¥¨§ is appearanceplacesof a word or phrase¥ in a text,
and «¬£®­¯§ is a 4-gramvectorof a 4-gram ­ . A setof vector¢°£ª¥¨§ is WordSpace.

5. construction of vector representationsof all concepts
The bestmatchedsynsetof eachinput termsin WordNet is
alreadyspecified,anda sumof theword vectorcontainedin
thesesynsetsis set to the vectorrepresentationof a concept
correspondingto a input term. Theconceptlabel is theinput
term.

¢¤£¦¥¨§²± �´³¶µ²·¹¸»º £ ¼ closeto � «²£ ­¯§½§ (1)

4.2 Constructing and Modifying Concept
SpecificationTemplates

Vector representationsof all conceptsare obtainedby con-
structing WordSpace. Similarity betweenconceptsis ob-
tainedfrom inner productsin all the combinationof these
vectors. Then, we definecertainthresholdfor this similar-
ity, and a conceptpair with the similarity beyond it is ex-
tractedasa similar conceptpair. A setof the similar con-
ceptpairsbecomesconceptspecificationtemplates.Both of
conceptpairs,which meaningis similar (with taxonomicre-
lation), andwhich hassomethingrelevant eachother (with
non-taxonomicrelation),areextractedasconceptpairswith
context similarity in a mass. However, by usingtaxonomic
informationfrom TRA modulewith co-occurrenceinforma-
tion, DODDLE II distinguishesthe conceptpairswhich hi-
erarchicallyclosesto eachotherfrom theotherasTAXON-
OMY.

A userconstructsa domainontology by consideringthe
relationwith eachconceptpair in the conceptspecification
templates,anddeletinganunnecessaryconceptpair.

DODDLE II, domainontologyrapiddevelopmentenviron-
ment,whichreferto MRD anddomain-specifictexts,is being
implementedon Perl/Tk now. Figure6 shows the ontology
editor(left window) andtheconceptgrapheditor (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 InternationalSaleof Goods(CISG). Two
lawyers joined the casestudies. In the first casestudy, in-
put termsare46 legal termsfrom CISGPart-II. In thesecond
casestudy, they are103 termsincludinggeneraltermsin an
examplecaseandlegal termsfrom CISGarticlesrelatedwith



Figure6: TheOntologyEditor

the cases.Onelawyer did the first casestudyandthe other
lawyer did thesecond.

Table1 shows thecasestudiesresults.Figure7 showshow
muchis includedin final domainontology the intermediate
productsat eachDODDLE activity.

Generallyspeaking,in constructinglegalontologies,70 %
or moresupportcomesfrom DODDLE. About half part of
the final legal ontology resultsin the informationextracted
form WordNet.Becausethetwo strategiesjust imply thepart
whereconceptdrift maycomeup,thepartgeneratedby them
hasjustabout30% precisionrate.Becausethetwo strategies
just takesuchsyntacticalfeatureasmatchedandtrimmedre-
sults, the precisionrateseemsnot to be so bad. In orderto
manageconceptdrift smartly, we will takeinto consideration
thestrategieswith moresemanticinformationthatis noteasy
to comeup in advance.

5.2 Learning Non-TaxonomicRelationships
We have donethecasestudyfor learningnon-taxonomicre-
lationshipsin the field of CISG, taking 46 legal concepts
from theabove-mentionedcasestudy. A userspecifiesnon-
taxonomicrelationships,taking conceptspecificationtem-
platesfrom DODDLE II

Constructing WordSpacefor CISG
High-frequency 4-gramshave been extracted from CISG
(about10,000words). Duplicationshave beenremoved by
doingstandardform conversion.Thuswehave got526kinds
of 4-grams.In orderto avoid sparsenessof a collocationma-
trix to someexten,theextractionfrequency of 4-gramsmust
be adjustedaccordingto the scaleof text corpus. As CISG
is comparatively smallscale,it hasbeensetto 8 timesin this
casestudy. The collocationmatrix hasbeenconstructedby
countingthenumberof each526kinds4-gramjust beforea
4-gramfor eachkind. Since526kindsof 4-gramshave been
extracted,thecollocationmatrix have 526dimensions.In or-
derto constructa context vector, we have calculatedthesum
of 4-gramvectorsaroundappearanceplacecircumferenceof
eachof 46 concepts.Onearticle of CISG consistsof about
1404-grams.Thenumberof 4-gramvectorsin context area
hasbeensetto 60 from an experience.For eachof 46 con-

cepts,thesumof context vectorsin all theappearanceplaces
of theconceptin CISGhasbeencalculatedandthenthevec-
tor representationof theconceptshasbeenobtained.Theset
of thesevectorshave beenusedasWordSpaceto extractcon-
ceptpairswith context 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
conceptpairsandconstructedconceptspecificationtemplates
basedonthem.Figure8 illustratestheconcept”assent”spec-
ification templateconstructedby theuser. In Figure8, ”act”
and”proposal” have beenidentifiedasancestor, descendant
or asiblingof ”assent”,takingtheconcepthierarchicalstruc-
ture in thefirst casestudy. Thusthe relationshipshave been
distinguishedasthelabelof TAXONOMY. As taxonomicre-
lationshipsandnon-taxonomiconesmaycomeuptogetherin
the list of context similarity, it is usefulto identify the taxo-
nomicrelationshipsby theconcepthierarchicalstructurethat
hasalreadybeenconstructed. Given conceptspecification
templatesto a user, (s)hefills thekind of relationshipsin the
templates,conceptspecificationshave beendone. Figure9
illustratesthecompletespecificationof theconcept”assent”
from theconceptspecificationtemplateshown in Figure8.

assent non-TAXONOMY? : offeror
TAXONOMY : act
non-TAXONOMY? : effect
non-TAXONOMY? : offer
non-TAXONOMY? : person
non-TAXONOMY? : offeree
non-TAXONOMY? : withdrawal
non-TAXONOMY? : time
TAXONOMY : proposal

Figure8: Theconceptspecificationtemplatesfor “assent”

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

Figure9: Theconceptdefinitionfor ”assent”with editingthetem-
plates

5.3 Resultsand Evaluation

Theuserwith legal knowledgehasevaluatedhow muchthe
extractionof conceptpairshasbeendoneproperly. The ex-
tractedconceptpairscomeup in Table2.

Figure10showsthetrade-off betweenprecisionandrecall,
changingthe thresholdof context similarity. In gettinghigh
hit rate,coverageis small. In gettinghigh coverage,hit rate
is low. Althoughproperthresholdexists dependingon task-
domains,it is hardto set it up in advance. We have not yet
identifiedwhat relationshipexistsbetweentwo concepts.In
orderto do so,weneedmoreinformationresources.
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Figure7: TheComponentRateof theFinal DomainOntology

Table1: TheCaseStudiesResults
Thefirst Thesecond

Thenumberof X casestudy casestudy
Input terms 46 103
SmallDT(Componentterms) 2(6) 6(25)
Nodesmatchedwith WordNet(Unmatched)5 42(0) 71(4)
SalientInternalNodes(Trimmednodes) 13(58) 27(83)
SmallDT integratedinto a trimmedmodel(Unintegrated) 2(0) 5(1)
Modificationby theuser(Addition) 17(5) 44(7)

Evaluationof strategy1505 4/16(25.0%) 9/29(31.0%)
Evaluationof strategy2505 3/10(30.0%) 4/12(33.3%)

5 “Nodesmatchedwith WordNet” is thenumberof input termswhichhavebeselectedpropersenses
in WordNetand“Unmatched”is not thecase.

565 Thenumberof suggestionsacceptedby auser/Thenumberof suggestionsgeneratedby DODDLE

Figure10: recallandprecision

6 RelatedWork

On onehand,in thefield of ontologylearningbasedon nat-
ural languageprocessingcenteredmethods,Hahnet.al. have
presentedthe verb-orientedmethodsthat take the relation-
shipsof a verbandnounsmodifiedwith it, constructingcon-
ceptdefinitionsbasedon them(e.g. [Hahn1998]). In [Faure
andNédellec1999], they extracttaxonomicrelationshipsand
sub-categorizationFrameof verbs(SF) from technicaltexts
usingmachinelearningmethods.They puttogetherthenouns

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

On theotherhand,in thefield of ontologylearningbased
on datamining methods,it hasbeenpresentedto discover
non-taxonomicrelationshipsusinga generalizedassociation
rule algorithmby [MaedcheandStaab2000]. They explore
a new metricscalledRLA (RelationLearningAccuracy) to
evaluatetheproperabstractionlevel of relations,comparing
with the ontologymanuallyconstructedby a humanexpert.
Althoughtherearesimilarpointsbetweentheirapproachand
theapproachhere,themail goalhereis to mergeandexploit
informationresourcesto supportthe constructionof domain
ontologies.

7 Conclusion
Herein this paper, we have discussedhow to constructa do-
mainontologyusingexisting MRD anddomain-specifictext
corpus.In orderto acquiretaxonomicrelationships,the fol-
lowing two strategies have beenproposed:matchedresult
analysisandtrimmedresultanalysis.Furthermore,in order
to learnnon-taxonomicrelationships,the templatesfor con-
ceptdefinition hasbeenconstructedon the basisof the co-
occurrenceinformation in domain-specifictext corpus,tak-
ing the constructionof WordSpace.The templateswork as
the prototypesof conceptdefinition. Although small-scale



Table2: Thedetailof theextractedconceptpairs
Threshold Extractedconceptpair Advisable Unknown Improper

0.9993 90 53 14 23

casestudieshave beendonein thefield of law in orderto see
how DODDLE II is goingin interactionwith a user, we must
do themin the large scaleof casestudies.We will consider
how to takeWEB contentasthethird informationresources.
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