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Abstract
The acquisitionof terminologyfor particulardomainshaslong beena significantproblemin Natural
LanguageProcessingrequiringa greatdealof manualeffort. In order to provide terminologistswith
powerful tools for the creation,the maintenanceand the upgradeof terminologicaldatacollections,
we presentthe SENTA softwarethat retrieves,from naturallyoccurringtext, terminologicallyrelevant
multiword lexical units.SENTA is a statisticalsystemthatconjugatesa new associationmeasurebased
on theconceptof normalisedexpectation,theMutualExpectation,with anew acquisitionprocessbased
on analgorithmof local maxima,theLocalMaxs.Theresultsobtainedby applyingSENTA to the IJS-
ELAN Slovene-Englishparallelcorpusstressthe extractionof a greatproportionof terms,with 74%
precisionon average.Moreover, by conductingfurtherexperiments,we show thattheaverageprecision
ratecanbedrasticallyimprovedup to 82%benefitingfrom themultidomainstructureof theIJS-ELAN
Slovene-Englishparallelcorpus.

1 Intr oduction
The acquisition of terminology for particular domainshas long been a significant prob-
lem in Lexicographyrequiring a greatdeal of manualeffort. In order to provide terminol-
ogists with powerful tools for the creation,the maintenanceand the upgradeof termino-
logical data collections,three main strategies have emerged from the researchcommunity.
Linguistic [Dagan1994] [Bourigault1996], statistical[Church/Hanks1990] [Dunning1993]
[Smadja1993] [Shimohata1997]andhybridlinguistic-statisticalsystems[Justeson/Katz1993]
[Daille 1995] [Heid 1999]havebeenproposedin orderto extractterminologicallyrelevantmul-
tiword lexical unitsfrom text corpora.

However, linguistic approaches,combinedor not with statisticalmeasures,presenttwo major
drawbacks.First,by reducingthesearchingspaceto groupsof wordsthatcorresponduniquely
to particularsyntacticpatterns(mainly regularnounphrases:Adj+Noun, Noun+Nounetc ...),
suchsystemsdonotdealwith agreatproportionof terms.Consequently, termslike“vitaminC”,
“supplyanddemand”, “comeinto effect”, “GettingStarted” or “half a teaspoon” areunlikely
to beextracted.Second,thedefinitionof syntacticalconstraintsrequiresadjustmentsfrom one
languageto anotherandfrom onedomainto another[Habert/Jacquemin1998]thuspreventing
suchsystemsto be widely used.On the otherhand,purely statisticalmethodsaremoreflex-
ible beingdomainand languageindependentas they useplain text corporaandonly require
the informationappearingin texts.However, thesystemspresentedsofar in the literaturealso
emphasisetwo majordrawbacks.First, by relying on thead hocestablishmentof globalasso-
ciation measurethresholdssuchsystemsareproneto error. Second,mostof themonly allow
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theacquisitionof binaryassociationsthusrequiringbootstrappingtechniques1 to acquiremulti-
word lexical unitswith morethantwo words.Unfortunately, suchtechniqueshave shown their
limitationsastheir retrieval resultsmainlydependontheidentificationof suitable2-grams(i.e.
groupsof two words)for theinitiation of theiterativeprocess.

In order to overcomethe drawbackshighlightedby previous statisticalmethods,we present
theSENTA software(Softwarefor theExtractionof N-aryTextualAssociations)thatretrieves,
from naturallyoccurringtext, terminologicallyrelevantcontiguousandnon-contiguousmulti-
word lexical units.SENTA avoidsthedefinitionof globalthresholdsanddoesnot requireboot-
strappingtechniquesasit conjugatesa new associationmeasurebasedon the conceptof nor-
malisedexpectation,theMutual Expectation[Diaset al. 1999], with a new acquisitionprocess
basedonanalgorithmof localmaxima,theLocalMaxs[Silvaet al. 1999]. Theresultsobtained
by applyingSENTA to theIJS-ELANSlovene-Englishparallelcorpusstresstheextractionof a
greatproportionof terms,with 74%precisionon average.By leadingfurtherexperiments,we
show thattheaverageprecisionratecanbedrasticallyimprovedup to 82%benefitingfrom the
multidomainstructureof theIJS-ELANSlovene-Englishparallelcorpus.

2 Ar chitectureof SENTA

SENTA takesasinput a text corpusthatis neitherlemmatisednormorpho-syntacticallytagged
norprunedwith listsof stop-words.Thisdecisionmaybecontroversialbut it is basedontheidea
that the generalinformationappearingin texts shouldbe enoughto extract multiword lexical
units (i.e. recurrentsequencesof words that co-occurmore often than expectedby chance).
Indeed,accordingto [Justeson/Katz1993], themoreasequenceof wordsis fixed(i.e. thelessit
acceptsmorphologicalandsyntacticaltransformations),themorelikely it is amultiwordlexical
unit.Basedonthisassumption,webelievethatmultiwordlexical unitsaresufficiently fixedand
recurrentsequencesof wordsto proposethatthey shouldberetrievedwithouttheintroductionof
furtherlinguistic information.Furthermore,enhancingtext corporawith linguistic information
impliestheintroductionof constraintsthatarenot previously containedin texts (i.e. definition
of part of speechtag set,definition of the lemmatisationprocess,error rate due to deficient
morpho-syntactictaggingetc...).As a consequence,we optednot to modify the input text and
work on all the informationcontainedinsidethecorpus.However, we arealsoawarethat this
claim maynot standsostronglyfor morphologicallyrich languages(like Germanor Slovene)
for which theabsoluteminimumof linguistic pre-processingis lemmatisation.

Theglobalarchitectureof SENTA is designedaroundfour sequentialsteps.First,SENTA per-
formsthetransformationof theinput text into a setof n-gramdatabases(ann-gramis a vector
of n wordsindexedby their positions).Indeed,a greatdealof appliedworks in lexicography
evidencethatmostof thelexical relationsassociatewordsseparatedby atmostfiveotherwords
[Sinclair 1974]. So,beinga multiword lexical unit a specificlexical relation,it canbedefined
in termsof structureasa specificcontiguousor non-contiguous2 n-gramin a six wordswide
window (i.e. threewordsto the left of a word underconsiderationandthreeon its right hand
side).Onenon-contiguous3-gramandonecontiguous3-gramarerespectively shown in the
first two rowsof Table(1), takingascurrentinput thefollowing sentenceandGeneral (i.e. w1)
theword understudy:3
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Linux Installationis coveredby theGNUGeneral PublicLicense.

w1 Position12 w2 Position13 w3

General -2 the +2 License
General +1 Public +2 License

Table1: Two 3-gramscontainingGeneral

As notationis concernedthenon-contiguous3-grampresentedin thefirst row of Table(1)may
be characterizedby oneof the following expressionswherea gap(i.e.“_____”)embodiesthe
setof all theoccurrencesin thecorpusthatfulfil thefreespace:

the_____General_____License (1)�
General-2 the+2 License� (2)

Similarly, thecontiguous3-gramof thesecondrow maybecharacterisedbyoneof thefollowing
equivalentexpressions.

GeneralPublicLicense (3)�
General+1 Public+2 License� (4)

Generically, we will denotean n-gramasthe following array[ w1 p12 w2 p13 w3 . . . p1n wn ]
wherep1i denotesthesigneddistancethatseparatesword wi from word w1 for i � 2 ��������� n.

Then,SENTA respectively calculatesthefrequency andtheMutualExpectationof eachunique
n-gram.Finally, in thefourth andfinal step,SENTA appliestheLocalMaxsalgorithmin order
to electthemultiwordlexical unit candidatesfrom thesetof all valuedn-grams.In sectionthree
andfour, we rigorouslydefinetheMutual ExpectationandtheLocalMaxsalgorithm.

3 The Mutual Expectation Measure

In orderto evaluatethedegreeof rigidity existingbetweenwordscontainedin ann-gram,vari-
ousmathematicalmodelshavebeenproposedin theliterature.However, mostof themonlyeval-
uatethedegreeof cohesivenesswithin 2-gramsanddonotgeneralisefor thecauseof n individ-
ual words [Church/Hanks1990] [Gale1991], [Dunning1993] [Smadja1993] [Smadja1996]
[Shimohata1997]. As a consequence,thesemathematicalmodelsonly allow the acquisition
of binaryassociationsandbootstrappingtechniqueshave to beappliedto acquireassociations
with morethantwo words.Unfortunately, suchtechniqueshaveshown their limitationsastheir
retrieval resultsmainly dependon theidentificationof suitable2-gramsfor theinitiation of the
iterative process.Moreover, their lack of generalisationhasleadresearchersto testassociation
measuresonplainwordpairs(i.e. functionwordslikedeterminantsandprepositionsareconsid-
eredasstop-words)in orderto evaluatethecohesivenessbetweenwordslike in [Daille 1995].
So,we introducea new associationmeasure,theMutual Expectation(ME) [Dias et al. 1999] ,
basedon theconceptof normalisedexpectation(NE) thatevaluatesthedegreebetweenwords
containedin ann-gram4.
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3.1 NormalisedExpectation

By definition,multiword lexical unitsarerecurrentgroupsof wordsthat co-occurmoreoften
thanexpectedby chance.Basedon this assumption,we definetheNE of ann-gramastheav-
erageexpectationof occurringoneword in agivenpositionknowing theoccurenceof theother
n � 1 wordsalsoconstrainedby their positions.Thebasicideaof theNormalizedExpectation
is to evaluatethecost,in termsof cohesiveness,of the lossof oneword in an n-gram.So the
morecohesiveagroupof wordsis, thatis thelessit acceptsthelossof oneof its componennts,
thehigherits NormalisedExpectationwill be.

Expectationto occurtheword Knowing thegapped3-grams
General

�
_____+1 Public+2 License�

Public
�
General +1 _____+2 License�

License
�
General +1 Public+2 _____�

Table2: ExpectationsandNormalisedExpectation

For example,theaverageexpectationof the3-gram[General +1 Public +2 License]musttake
into accountall theexpectationspresentedin Table(2) thatcorrespondto thelossof oneword
of the3-gramat a time.Thustheaverageexpectationof the3-grammusttake into accountthe
expectationof occurringthe word “License” after “General Public”, but alsothe expectation
of “Public” linking together“General” and“License” andfinally, theexpectationof theoccur-
renceof aneventX � x knowing thataneventY � y standsasillustratedin Equation(1) where
p 	 X � x � Y � y
 is thejoint discretedensityfunctionbetweenthetwo randomvariablesX, Yand
p 	 Y � y
 is themarginaldiscretedensityfunctionof thevariableY.

p 	 X � x �Y � y
�� p 	 X � x � Y � y

p 	 Y � y
 (1)

Equation1: Conditionalprobability

As eachword of thetext corpuscanbemappedto a discreterandomvariablein a givenproba-
bility space5, thedefinitionof theconditionalprobabilitycanbeappliedin orderto measurethe
expectationof theoccurenceof onewordin agivenpositionknowing theoccurenceof theother
n-1 wordsalsoconstrainedby their positions.However this definitiondoesnot accommodate
then-gramlengthfactor. For example,Table(2)clearlypointsatthreepossibleconditionalprob-
abilitiesfor a3-gram.Naturally, ann-gramis associatedto n possibleconditionalprobabilities.
It is clearthattheconditionalprobabilitydefinitionneedsto benormalisedin orderto take into
accountall theconditionalprobabilitiesinvolvedby ann-gram.In orderto explain thisprocess,
let’s considerthefollowing n-gram[w1 p12 w2. . . p1i wi . . . p1n wn]. Theextractionof oneword
at a time from thegenericn-gramgivesrise to theoccurenceof any of then eventsshown in
table(3) wheretheunderline(i.e. “_____”) denotesthemissingword from then-gram.
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	 n � 1
 -gram missingword�
_____w2 p23 w3. . . p2i wi . . . p2n wn � w1�
w1 _____p13 w3. . . p1i wi . . . p1n wn � w2

. . . . . .�
w1. . . p1  i � 1� w  i � 1� _____p1  i � 1� w  i � 1� . . . p1n wn � wi

. . . . . .�
w1. . . p1i wi . . . p1  n � 1� w  n � 1� _____� wn

Table3: 	 n � 1
 -gramsandmissingwords

So, eachevent may be associatedwith a respective conditionalprobability that evaluatesthe
expectationof themissingword to occurknowing its corresponding	 n � 1
 -gram.Then con-
ditional probabilitiesareintroducedin Equation(2) thatevaluatesthecostof thelossof all the
otherwordsof then-gram:

p 	 w1 � �w2 ����� p2iwi ����� p2nwn ��
�� p 	 �w1 ����� p1iwi ����� p1nwn ��

p 	 �w2 ����� p2iwi ����� p2nwn ��
 i � 1 ��������� n (2)

Equation2: ConditionalProbabilityfor thefirst word of then-gram

p 	 w1 � �w1 ����� p1  i � 1� w  i � 1� p1  i � 1� w  i � 1� ����� p1nwn ��
�� p 	 �w1 ����� p1iwi ����� p1nwn ��

p 	 �w1 ����� p1  i � 1� w  i � 1� p1  i � 1� w  i � 1� ����� p1nwn ��


(3)

Equation3: ConditionalProbabilityfor theotherwordsof then-gram

Theanalysisof Equation(2) andEquation(3) highlightsthefactthatthenumeratorsremainun-
changedfrom oneprobabilityto another. Only thedenominatorschange.So,in orderto perform
asharpnormalisation,it is convenientto evaluatethecentreof gravity of thedenominatorsthus
defininganaverageeventcalledtheFair Pointof Expectation(FPE).BasicallytheFPEis the
arithmeticmeanof thedenominatorsof all theconditionalprobabilitiesembodiedby Equation
(2) andEquation(3).Theoretically, theFair Pointof Expectationis thearithmeticmeanof then
joint probabilities6 of the 	 n � 1
 -gramscontainedin ann-gramandit is definedin Equation(4)
wherethe“ ˆ ” correspondsto a conventioncommonlyusedin Algebrathatconsistsin writing
a “ ˆ ” on thetopof theomittedtermsof a givensuccessionindexedfrom 2 to n.

FPE 	 �w1 ����� p1iwi ����� p1nwn ��
�� p 	 �w1 ����� p1iwi ����� p1nwn ��

1
n � p 	 �w2 ����� p2iwi ����� p2nwn ��
�� ∑n

i � 2 p 	 �w1 ����� p̂1iŵi ����� p1nwn ��
��
(4)

Equation4: Fair Pointof Expectation
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Hencethe normalisationof the conditionalprobability is realisedby the introductionof the
Fair Pointof Expectationinto thegeneraldefinitionof theconditionalprobability. The result-
ing measureis called the NormalisedExpectationand it is proposedas a “f air” conditional
probability. TheNormalisedExpectationis definedin Equation(5).

NE 	 �w1 ����� p1iwi ����� p1nwn ��
�� p 	 �w1 ����� p1iwi ����� p1nwn ��

FPE 	 �w1 ����� p1iwi ����� p1nwn ��
 (5)

Equation5: NormalisedExpectation

3.2 Mutual Expectation

[Justeson/Katz1993] and[Daille 1995] haveshown in their studiesthatfrequency is oneof the
mostrelevantstatisticsto identify multiword termswith specificsyntacticalpatterns.Thestud-
ies madeby [Frantzi/Ananiadou1996] in the context of extractionof interruptedcollocations
alsoassessthat the relative frequency is an importantclue for the retrieval process.Fromthis
assumption,we deducethat betweentwo word n-gramswith the sameNormalisedExpecta-
tion, themostfrequentword n-gramis morelikely to bea relevantmultiword lexical unit. So,
the Mutual Expectationbetweenn wordsis definedin Equation(6) basedon the Normalised
Expectationandtherelative frequency.

ME 	 �w1 ����� p1iwi ����� p1nwn ��
�� p 	 �w1 ����� p1iwi ����� p1nwn ��
�� NE 	 �w1 ����� p1iwi ����� p1nwn ��
 (6)

Equation6: MutualExpectation

4 The LocalMaxs Algorithm
Mostof theapproachesproposedin theliteraturebasethierselectionprocessonglobalassocia-
tion measurethresholds[Church/Hanks1990] [Smadja1993][Daille 1995] [Shimohata1997].
This is definedby theunderlyingconceptthatthereexistsa limit valueof theassociationmea-
surethatallows to decidewhetherann-gramis amultiword lexical unit or not.However, these
thresholdsareproneto errorasthey dependon experimentation.Moreover, they highlight evi-
dentflexibility constraintsasthey have to bere-tunedwhenthetype,thesize,thedomainand
thelanguageof thedocumentchange.TheLocalMaxsalgorithm[Silvaetal. 1999] proposesa
moreflexible andfine-tunedappoachfor the electionof multiword lexical units as it focuses
on the identificationof local maximaof the associationmeasurevalues.Specifically, the Lo-
calMaxsselectsmultiword lexical units from thesetof all thevaluedword n-gramsbasedon
two assumptions.First theassociationmeasuresshow thatthemorecohesivea groupof words
is, thehigherits scorewill be.Second,multiword lexical unitsarelocalizedassociatedgroups
of words.So,we maydeducethata word n-gramis a multiword lexical unit if its association
measurevalueis higheror equalthantheassociationvalueof all its subgroupsof 	 n � 1
 words
andif it is strictly higherthantheassociationmeasurevaluesof all its super-groupsof 	 n � 1

words.7 So,let assocbeanassociationmeasure,W ann-gram,Ωn � 1 thesetof all the 	 n � 1
 -
gramscontainedin W, Ωn� 1 thesetof all the 	 n � 1
 -gramscontainingW, andsizeofa function
thatreturnsthenumberof wordsof ann-gram,theLocalMaxsis definedasfollows:
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�
x � Ωn � 1 � � y � Ωn� 1 W is aMultiwordLexical Unit if

	 sizeof	 W 
�� 2 � assoc	 W 
! assoc	 y
�
#"
	 sizeof	 W 
%$� 2 � assoc	 W 
'& assoc	 x
(� assoc	 W 
) assoc	 y
�


5 Resultsof SENTA for the IJS-ELAN Corpus

We presentan experimentmadewith SENTA over the IJS-ELAN Slovene-Englishparallel
corpus8 In thispaper, wewill focusontheresultsobtainedwith four sub-corporathatdealwith
differentdomainsandvary in size:Vino (EC CouncilRegulation,69 Kwords),Vade(Vademe-
cumchemistry, 24Kwords),Ligs (Linux InstallationGuide,173Kwords),Usta(Constitutionof
the Republicof Slovenia,20 Kwords).Contiguousandnon-contiguousterminologicallyrele-
vantmultiwordlexical unitshavebeenextractedwith 74%precisiononaverage.Wepresentthe
measureof Precision(numberof extractedterms/numberof extractedmultiword lexical units)
andthenumberof termsthathavebeenextractedfor eachsub-corpusin Table(4).

Vino Vade Ligs Usta
% Precision 71.55 81.12 74.64 70.76

Numberof extractedterms 383 377 1832 310
Table4: Resultsof theSENTA software

In orderto measuretheprecision,wetookadvantageof thebilingualstructureof theIJS-ELAN
corpusanddecidedto definea term asa label that refersto a uniqueconceptandwhich has
a uniquetranslation9. Thuswe have basedour evaluationon a broadersensethanprevious
evaluations,consideringthat termsmaynot only embodyspecificNounPhrasestructures.For
instance,we believe that expressionslike “comeinto force” or “GettingStarted” canbe con-
sideredtermsas they refer to uniqueconceptsthat are translatedin a uniqueway, although
someauthorswould prefer to classify theseasNoun+Verb collocationsand idioms. For the
contiguouscase,theresultsshow thatbase-termstogetherwith termsobtainedfrom overcom-
positionandco-ordinationhavebeenextracted10 . Correspondingly, mostof thenon-contiguous
terminologicallyrelevantmultiword lexical unitsaretermsobtainedfrom modification11 . We
illustratetheresultsobtainedfor thesub-corporaunderanalysisin AppendixA.

However, Sentaalsoextractsterminologicallyirrelevantmultiwordlexical unitsthataremainly
functionalassociations:“of course”, “ fromthe”, “of the”, “aswell as”, “ in order to”, “ like the”,
“has been”, “may be”, “as a result of”. So, it si necessaryto subdivide the resultsinto two
categories:terminologicallyrelevant vs. non-relevant. [Heid 1999] proposesdifferentcriteria
(dependingon the linguistic structureof theunits) in orderto filter thecandidatesets,relative
frequency, pre-definedlists of generalverbsor adjectives.However, usingpre-definedlists of
general-purposeunitsrequiresdeterminingdomain-dependentfrom domain-independentunits,
which is not straightforward.As a consequence,we proposea differentcriterionbasedon the
multidomainstructureof theIJS-ELANcorpus.In orderto decidewhetheramultiword lexical
unit is terminologicallyrelevantor not, we simply constrainit to occurin only onedomainor
relateddomain.So,if thesamemultiwordlexical unit occursat leastin two differentdomains,it
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is consideredasterminologicallyirrelevant.Technically, for eachoneof thefour corporaunder
study, we identified its multiword lexical units that werecontainedin the setof all the units
extractedfrom all thesub-corporathatdealwith a differentdomain.For example,in orderto
identify the terminologicallyrelevantmultiword lexical unitscontainedin Ligs, we processed
theintersectionbetweenthesetof themultiwordlexical unitsextractedfrom Ligs andtheunion
of all the setsof multiword lexical units extractedfrom all the14 remainingsub-corpora.So,
all theunitscontainedin theintersectionwerenotconsideredfor terminologicalpurposes.This
experimentshows that theaverageprecisionrateis drasticallyimprovedup to 82%asa great
proportionof domain-independentunits canbe identified.In parallelthe numberof extracted
termsremainsalmostunchanged.Wepresenttheresultsin Table(5). Theslight lossin recall is
mainly dueto theEcmrcorpus(SlovenianEconomicMirror, 239Kwords)thatcontainsterms
usedin otherdomains.For examplethe following termshave beenidentifedas irrelevant by
theexperimentasthey occurat thesametime in a particulardomainandin theEcmrcorpus:
“humanbeing”, “natural resources”, “TheRepublicof Slovenia”, “serviceprovider”. However,
theglobalresultsshow thatSENTA largely benefitsfrom themultidomainstructureof theIJS-
ELAN corpusfor thespecifictaskof termextraction.

Vino Vade Ligs Usta
% Precision 79.29 89.76 80.14 79.64

Numberof extractedterms 377 371 1829 308
Table5: Resultsof themultidomainexperiment

6 Conclusion

SENTA (Softwarefor theExtractionof N-aryTextualAssociations)retrieves,formnaturallyoc-
curringtext, terminologicallyrelevantcontiguousandnon-contiguousmultiword lexical units.
As it conjugatesa new associationmeasure,the Mutual Expectation,with a new acquisition
process,theLocalMaxsalgorithm,SENTA avoidsthedefinitionof global thresholdsbasedon
experimentationanddoesnot requierebootstrappingtechniques.The resultsobtainedby ap-
plying SENTA to theIJS-ELANSlovene-Englishparallelcorpusstresstheextractionof agreat
proportionof terms,with 74% precisionon average.However, by benefitingfrom the mul-
tidomainstructureof the IJS-ELAN corpus,we show that the averageprecisionrate canbe
drasticallyimproved up to 82% without significantly loosing in recall. However, in order to
separatedomain-dependentfrom domain-independentmultiword lexical units, we are aware
thatbetterresultscanbeobtainedby usingtheoreticallydefinedlanguagemodels,suchasthe
onesintroducedby [Kromer2000] and[Gotoh/Reginalds2000].
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Notes
1First, relevant2-gramsareretrievedfrom thecorpus.Then,n-ary associationsmaybeidentifiedby

(1) gatheringoverlapping2-gramsor (2) by markingtheextracted2-gramsassinglewordsin thetext and
re-runningthesystemto searchfor new 2-gramsandendingfinally whennomore2-gramsareidentified.

2Theresultspresentedin Appendix(1) assessthisassumption.

3Position12 andPosition13 arerespectively thesigneddistancesbetweenw1 andw2 andbetweenw1

andw3. Thesign“+”(“–”) is usedfor wordson theright (left) of w1.

4[Diaset al. 2000] shows that theMutual Expectationleadsto improved resultscomparingto well-
known normalisedmathematicalmodelslike the Dice coefficient [Smadja1993], the associationratio
[Church/Hanks1990], theΦ2 [Gale1991] andtheLog-likelihoodratio [Dunning1993].

5MoreDetailsabouttheprobabilityspacecanbefoundin [Dias etal. 2000].

6In thecaseof n * 2, theFPEis thearithmeticmeanof themarginal probabilities.

7It is possibleto compareassociationmeasurevaluesof vectorsof differentlengthdueto thenormal-
isationprocess.

8TheIJS-ELANcorpuscanbedownloadedathttp://nl.ijs.si/elan/.

9Thisdefinitionhasfirst beenintroducedby [Daille 1995].

10Theextractionof termsobtainedby over-compositionis a greatissuefor automaticconstructionof
thesaurus,wordsensedisambiguationandpp-attachmentproblems.

11The notions of base-terms,overcomposition,modification and co-ordination are defined in
[Daille 1995].
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EXTRACTION OF TERMINOLOGICALLY RELEVANT MULTIWORD EXPRESSIONS

A Samplesof Extracted Terms

Vino
Base-terms standard quality, flat-rate import value, ex-

ported with refunds,in termsof quantity, per
tonne, thecif, at regular intervals

Overcomposition agricultural productsfromthirdcountries,com-
monorganisationof agricultural markets

Modification derivedfromthe_____pricewherethegapcan
befulfilled with interventionor buying-in.

Co-ordination colzaandrapeseed,pricesandavailabilitiesof
products

Vade
Base-terms intestinal spasms, lidocaine hydrochloride

monohydrate, the skin, suitable for ederly
people, recipe based on hundred years of
experience

Overcomposition therapeutic agents derived from natural
sources, rhinolytic symptomatictreatmentfor
commoncold

Modification childrenabove_____years wherethegapcan
befulfilled with fiveor twelve

Co-ordination rheumatic and muscular pain relief, wounds
andbonesfractures

Ligs
Base-terms Boot Diskette, C compiler, core dump,World

Wide Web,Install via NFS,accessto a TCP/IP
network, FTP e-mail servers, Digital Equip-
mentCorporation, thekernel

Overcomposition PressTab at thebootprompt,Linux Documen-
tation ProjectHomePage, Debian/GNULinux
Packagesfile

Modification the _____environmentvariable wherethe gap
canbefulfilled with EDITOR,HOMEor PATH

Co-ordination inputandoutputfiles,inputandstandardoutput
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Usta
Base-terms Central Bank,ConstitutionalCourt, comeinto

effect, rights and obligations, for public pur-
poses,Presidentof theRepublic,local govern-
ment,theConstitution

Overcomposition adherenceto internationalagreements,princi-
plesof internationallaws,electionsfor theNa-
tional Assembly

Modification a _____of no confidencewherethegapcanbe
fulfilled with voteor motion

Co-ordination Italian and Hungarian ethnic communities,
Stateandlocal governmentbodies

In the caseof the termsthat embodya modificationstructure,the non-contiguousunit is the
generalisationof aconceptthatcanberealisedwith differentwords.A detailedanalysisof these
termsis necessaryasthey allow to determinehapaxes(i.e. multiword lexical units that occur
only oncein the text). Indeed,the instantiationof theconcepta ____of no confidencecanbe
realisedby theoccurrenceof votethatleadsto thefollowing hapax:a voteof noconfidence.
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