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Abstract

The acquisitionof terminologyfor particulardomainshaslong beena significantproblemin Natural
LanguageProcessingequiring a greatdeal of manualeffort. In orderto provide terminologistswith
powerful tools for the creation,the maintenanceand the upgradeof terminologicaldatacollections,
we presenthe SENTA softwarethatretrieves, from naturally occurringtext, terminologicallyrelevant
multiword lexical units. SENTA is a statisticalsystemthat conjugates new associatiormeasurébased
ontheconcepiof normalisedexpectationthe Mutual Expectationwith anew acquisitionprocesdased
on an algorithmof local maxima,the LocalMaxs.The resultsobtainedby applying SENTA to the IJS-
ELAN Slovene-Englistparallel corpusstressthe extraction of a greatproportionof terms,with 74%
precisionon average Moreover, by conductingfurther experimentswe shav thatthe averageprecision
ratecanbedrasticallyimproved up to 82% benefitingfrom the multidomainstructureof the IJS-ELAN
Slovene-Englistparallelcorpus.

1 Intr oduction

The acquisition of terminology for particular domainshas long been a significant prob-
lem in Lexicographyrequiring a greatdeal of manualeffort. In orderto provide terminol-
ogists with powerful tools for the creation,the maintenanceand the upgradeof termino-
logical data collections,three main stratgjies have emepged from the researchcommunity
Linguistic [Dagan1994 [Bourigault199q, statistical[Church/Hanks1990] [Dunning1993
[Smadjal993 [Shimohatal 997]andhybridlinguistic-statisticabystemgJusteson/Kat1993
[Daille 1995 [Heid 1999]have beenproposedn orderto extractterminologicallyrelevantmul-
tiword lexical unitsfrom text corpora.

However, linguistic approaches;ombinedor not with statisticalmeasurespresentwo major
dravbacks First, by reducingthe searchingspaceto groupsof wordsthatcorrespondiniquely
to particularsyntacticpatterngmainly regular nounphrasesAdj+Noun, Noun+Nounetc ...),
suchsystemslonotdealwith agreatproportionof terms.Consequentlytermslik e “ vitaminC”,
“supplyand demand, “comeinto effect’, “GettingStarted or “half a teaspoot areunlikely
to be extracted.Secondthe definition of syntacticalconstraintgequiresadjustment$rom one
languagdo anotherandfrom onedomainto anothelfHabert/Jacquemi®998]thuspreventing
suchsystemgo be widely used.On the otherhand,purely statisticalmethodsare more flex-
ible beingdomainandlanguagendependenasthey useplain text corporaandonly require
theinformationappearingn texts. However, the systemgresentedofar in theliteraturealso
emphasiséwo major dravbacks.First, by relying on the ad hoc establishmenof globalasso-
ciation measurdghresholdssuchsystemsare proneto error. Secondmostof themonly allow
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theacquisitionof binaryassociationghusrequiringbootstrappingechniquesto acquiremulti-
word lexical unitswith morethantwo words.Unfortunately suchtechniquesave shovn their
limitationsastheir retrieval resultsmainly dependon theidentificationof suitable2-gramgi.e.
groupsof two words)for theinitiation of theiterative process.

In orderto overcomethe drawvbackshighlighted by previous statisticalmethods,we present
the SENTA software(Softwarefor the Extractionof N-ary Textual Associationsjhatretrieves,
from naturallyoccurringtext, terminologicallyrelevant contiguousandnon-contiguousnulti-
word lexical units. SENTA avoidsthedefinitionof globalthresholdsanddoesnotrequireboot-
strappingtechniquesasit conjugatesa new associatiormeasurebasedon the conceptof nor-
malisedexpectationthe Mutual ExpectationDias etal. 1999, with a new acquisitionprocess
basedn analgorithmof local maxima,the LocalMaxs[Silvaetal. 1999. Theresultsobtained
by applyingSENTA to thelJS-ELAN Slovene-Englistparallelcorpusstresgheextractionof a
greatproportionof terms,with 74% precisionon average By leadingfurther experimentswe
show thatthe averageprecisionratecanbe drasticallyimprovedup to 82% benefitingfrom the
multidomainstructureof the IJS-ELAN Slovene-Englistparallelcorpus.

2 Architecture of SENTA

SENTA takesasinput atext corpusthatis neitherlemmatisechor morpho-syntacticallyagged
norprunedwith lists of stop-words.Thisdecisionrmaybecontroversialbutit is basedntheidea
that the generalinformationappearingn texts shouldbe enoughto extract multiword lexical

units (i.e. recurrentsequencesf words that co-occurmore often than expectedby chance).
Indeedaccordingo [Justeson/Kati1993, themoreasequencef wordsis fixed(i.e. thelessit

acceptsnorphologicabndsyntacticatransformationsthemorelik ely it is amultiwordlexical

unit. Basedon thisassumptionwe believe thatmultiword lexical unitsaresuficiently fixedand
recurrensequencesf wordsto proposehatthey shouldberetrievedwithouttheintroductionof

furtherlinguistic information.Furthermoregenhancingext corporawith linguistic information
impliestheintroductionof constraintghatarenot previously containedn texts (i.e. definition
of part of speechtag set, definition of the lemmatisationprocessgerror rate dueto deficient
morpho-syntacti¢aggingetc...).As a consequenceye optednot to modify theinput text and
work on all theinformationcontainednsidethe corpus.However, we arealsoawarethatthis

claim may not standso stronglyfor morphologicallyrich languageglike Germanor Slovene)
for which the absoluteminimumoof linguistic pre-processing lemmatisation.

Theglobalarchitectureof SENTA is designedaroundfour sequentiabteps First, SENTA per

formsthetransformatiorof theinputtext into a setof n-gramdatabase&nn-gramis a vector
of n wordsindexed by their positions).Indeed,a greatdeal of appliedworksin lexicography
evidencethatmostof thelexical relationsassociatevordsseparatetby at mostfive otherwords
[Sinclair 1974. So, beinga multiword lexical unit a specificlexical relation,it canbe defined
in termsof structureasa specificcontiguousor non-contiguou$ n-gramin a six wordswide

window (i.e. threewordsto the left of a word underconsideratiorandthreeon its right hand
side). One non-contiguous3-gramand one contiguous3-gramare respectrely shavn in the
first two rows of Table(1), takingascurrentinput thefollowing sentencandGeneal (i.e. wl)

theword understudy:®
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Linux Installationis covered by the GNU Geneanl Public License

W1 Position;» Wo Positioms W3
Geneanl -2 the +2 License
Geneanl +1 Public +2 License

Tablel: Two 3-gramscontainingGeneal

As notationis concernedhe non-contiguous-grampresentedn thefirst row of Table(1)may
be characterizedby oneof the following expressionsvherea gap(i.e.” ")embodieghe
setof all theoccurrences the corpusthatfulfil thefreespace:

the General License (1)
[General2 the+2 Licensé (2)

Similarly, thecontiguous3-gramof thesecondow maybecharacterisetly oneof thefollowing
eguvalentexpressions.

GeneralPublicLicense (3)
[Generak1 Public+2 Licenseé (4)

Generically we will denotean n-gramasthe following array[ w1 pi2 Wo p13 W3 ... P1n Wh ]
wherep;; denoteghesigneddistancehatseparates/ord w; fromwordw; fori=2,...,n.

Then,SENTA respectiely calculateghefrequeng andthe Mutual Expectatiorof eachunique
n-gram.Finally, in thefourth andfinal step,SENTA appliesthe LocalMaxsalgorithmin order
to electthemultiwordlexical unit candidatesrom the setof all valuedn-gramsn sectionthree
andfour, we rigorouslydefinethe Mutual Expectatiorandthe LocalMaxsalgorithm.

3 The Mutual Expectation Measure

In orderto evaluatethe degreeof rigidity existing betweenvordscontainedn ann-gram,vari-
ousmathematicainodelshave beenproposedn theliterature However, mostof themonly eval-
uatethedegreeof cohesvenessvithin 2-gramsanddo not generalisdor the causeof n individ-
ual words [Church/Hanksl99Q [Gale1991], [Dunning1993] [Smadjal993 [Smadjal99q
[Shimohatal997]. As a consequencehesemathematicaimodelsonly allow the acquisition
of binary associationsindbootstrappingechniquesave to be appliedto acquireassociations
with morethantwo words.Unfortunately suchtechniqueiave shavn their limitationsastheir
retrieval resultsmainly dependon theidentificationof suitable2-gramsfor the initiation of the
iterative processMoreover, their lack of generalisatiohasleadresearchert testassociation
measuresn plainword pairs(i.e. functionwordslik e determinantandprepositiongareconsid-
eredasstop-words)in orderto evaluatethe cohesvenesdetweenwordslike in [Daille 1995.
So,we introducea new associatiormeasurethe Mutual Expectation(ME) [Diasetal. 1999 ,
basedon the conceptof normalisedexpectation(NE) that evaluateshe degreebetweenwords
containedn ann-grant-.
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3.1 Normalised Expectation

By definition, multiword lexical units arerecurrentgroupsof wordsthat co-occurmore often
thanexpectedby chance Basedon this assumptionye definethe NE of ann-gramasthe av-
erageexpectationof occurringonewordin agivenpositionknowing the occurencef the other
n— 1 wordsalsoconstrainedy their positions.The basicideaof the NormalizedExpectation
is to evaluatethe cost,in termsof cohesvenesspf the lossof oneword in an n-gram.Sothe
morecohesve a groupof wordsis, thatis thelessit acceptshelossof oneof its componennts,
thehigherits NormalisedExpectatiorwill be.

Expectatiorto occurtheword | Knowing the gapped-grams
Geneal [ +1 Public +2 License]
Public [ Genenl +1 +2 License]|

License [ Geneal +1 Public +2

Table2: ExpectationandNormalisedExpectation

For example,the averageexpectationof the 3-gram[Geneal +1 Public +2 License]musttake
into accountall the expectationgresentedn Table(2) thatcorrespondo thelossof oneword

of the 3-gramat atime. Thusthe averageexpectationof the 3-grammusttake into accountthe
expectationof occurringthe word “Licensé after “Genearl Public’, but alsothe expectation
of “Public’ linking together‘Genearl” and“Licensé andfinally, the expectationof the occur

renceof aneventX = x knowing thataneventY = y standsasillustratedin Equation(1) where
p(X = x,Y =Yy) isthejoint discretedensityfunctionbetweerthetwo randomvariablesX, Y and
p(Y =Yy) is themamginal discretedensityfunctionof thevariableY.

pX=xY =Yy)

px =xy =y) = P

1)

Equationl: Conditionalprobability

As eachword of thetext corpuscanbe mappedo a discreterandomvariablein a givenproba-
bility space, thedefinitionof the conditionalprobabilitycanbeappliedin orderto measure¢he
expectatiorof theoccurencef onewordin agivenpositionknowing theoccurencef theother
n-1 wordsalsoconstrainedy their positions.However this definition doesnot accommodate
then-gramlengthfactor For example,Table(2)clearlypointsatthreepossibleconditionalprob-
abilitiesfor a 3-gram.Naturally, ann-gramis associatetio n possibleconditionalprobabilities.
It is clearthatthe conditionalprobability definitionneedgo benormalisedn orderto take into
accountall the conditionalprobabilitiesinvolvedby ann-gram.In orderto explain this process,
let's considerthefollowing n-gram[wy p12 Wo... P1i Wi. .. P1n Wp]. Theextractionof oneword
at a time from the genericn-gramgivesrise to the occurenceof ary of the n eventsshown in
table(3) wheretheunderline(i.e. “ ") denoteghe missingword from the n-gram.
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(n—1)-gram missingword
[ W P23Ws... Poi Wi... Pon Wh | Wy
[ wy P13 Wa. .. P1i Wi. .. Pin Wn | W)

[Wi. .. Pyi—1) Wi-1) P1(i+1) W(i+1)- - - Pin Wn ] Wi

[Wi... P1i Wi .. Pyn—1) W(n—1) ] Wn
Table3:(n— 1)-gramsandmissingwords

So, eachevent may be associatedvith a respectre conditionalprobability that evaluatesthe
expectationof the missingword to occurknowing its correspondingn — 1)-gram.The n con-

ditional probabilitiesareintroducedn Equation(2) thatevaluateghe costof thelossof all the
otherwordsof the n-gram:

P([W1...PLiWi ... P1nWn])
P([Wa. .. P2iW; ... PanWhn))

P(W|[Wa. .. P2iWi . .. P2nWh]) = =1,...,n 2)

Equation2: ConditionalProbabilityfor thefirst word of then-gram

P([W1... P1iWi ... P1nWn))
P([Wa.-.. P1ii—1)W(i— 1) P1(i+2)W(i+1) - - - P1nWn])
3

P(Wa|[W1 ... Pyi—1)W(i—1) Pr(i+1)W(it1) - - - PinWn]) =

Equation3: ConditionalProbabilityfor the otherwordsof then-gram

Theanalysisof Equation(2) andEquation(3) highlightsthefactthatthenumeratorsemainun-
changedrom oneprobabilityto anotherOnly thedenominatorgshangeSo,in orderto perform
asharpnormalisationit is corvenientto evaluatethe centreof gravity of thedenominatorshus
definingan averageevent calledthe Fair Pointof ExpectationFPE).Basicallythe FPEis the
arithmeticmeanof the denominator®f all the conditionalprobabilitiesembodiedy Equation
(2) andEquation(3). Theoreticallythe Fair Pointof Expectations thearithmeticmeanof then

joint probabilitie$ of the (n— 1)-gramscontainedn ann-gramandit is definedin Equation(4)

wherethe* ™" correspondso a corventioncommonlyusedin Algebrathatconsistan writing

a“"” onthetop of theomittedtermsof a givensuccessiomdexedfrom 2 to n.

P([W1...PLWi...P1nWn])

L (p(Wo...paii... ponWn]) + ST o p([Wa... Privii. .. plnwna))

FPE([Wi...P1iWi ... P1nWn]) =

Equationd: Fair Pointof Expectation
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Hencethe normalisationof the conditional probability is realisedby the introductionof the
Fair Point of Expectationinto the generaldefinition of the conditionalprobability. The result-
ing measures calledthe NormalisedExpectationandit is proposedas a “fair” conditional
probability. The NormalisedExpectationis definedin Equation(5).

P([Wi...P1W ... P1nWn])
FPE([Wi...P1iWi...P1nWh])

Equation5: NormalisedExpectation

NE ([W1...P1iWi... P1nWn]) = (5)

3.2 Mutual Expectation

[Justeson/Kat1993 and[Daille 1995 have shawn in their studieghatfrequeng is oneof the
mostrelevantstatisticsto identify multiword termswith specificsyntacticapatternsThe stud-
ies madeby [Frantzi/Ananiadoul 994 in the context of extractionof interruptedcollocations
alsoassesshatthe relative frequeng is animportantclue for the retrieval processFromthis
assumptionwe deducethat betweentwo word n-gramswith the sameNormalisedExpecta-
tion, the mostfrequentword n-gramis morelik ely to be a relevantmultiword lexical unit. So,
the Mutual Expectationbetweenn wordsis definedin Equation(6) basedon the Normalised
Expectatiorandtherelative frequeng.

ME ([W1...P1iWi ... P1nWn]) = P([W1-. . P1iWi - .. P1nWn]) X NE ([W1... P1iWi... P1nWn]) (6)

Equation6: Mutual Expectation

4 The LocalMaxs Algorithm

Mostof theapproacheproposedn theliteraturebasethier selectiorprocesson globalassocia-
tion measuraghreshold§Church/Hanks1997Q [Smadjal993][Daille 1995 [Shimohatal997.
This is definedby the underlyingconcepthatthereexistsalimit valueof the associatiormea-
surethatallows to decidewhetherann-gramis a multiword lexical unit or not. However, these
thresholdsareproneto errorasthey dependon experimentationMoreover, they highlight evi-
dentflexibility constraintsasthey have to bere-tunedwhenthetype,the size,the domainand
thelanguageof the documenthangeThe LocalMaxsalgorithm[Silvaetal. 1999 proposes
moreflexible andfine-tunedappoachior the electionof multiword lexical units asit focuses
on the identificationof local maximaof the associatiormeasurevalues.Specifically the Lo-
calMaxsselectsmultiword lexical units from the setof all the valuedword n-gramsbasedon
two assumptiongrirst theassociatioomeasureshav thatthe morecohesve a groupof words
is, the higherits scorewill be.Secondmultiword lexical unitsarelocalizedassociate@roups
of words.So, we may deducethata word n-gramis a multiword lexical unit if its association
measurevalueis higheror equalthantheassociatiorvalueof all its subgroup®f (n— 1) words
andif it is strictly higherthanthe associatiormeasurevaluesof all its supergroupsof (n+ 1)
words! So, let assoche anassociatiormeasureyV an n-gram,Qn_1 thesetof all the (n—1)-
gramscontainedn W, Q1 thesetof all the (n+ 1)-gramscontainingWV, andsizeofa function
thatreturnsthe numberof wordsof ann-gram,the LocalMaxsis definedasfollows:
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Vx € Qn_1,Vy € Qni1 Wis aMultiword Lexical Unit if

(sizeofW) = 2 A assogW) > assogy)) vV
(sizeofW) # 2 A asso€W) > asso€x) A asso€W) > assogy))

5 Resultsof SENTA for the IJS-ELAN Corpus

We presentan experimentmadewith SENTA over the 1IJS-ELAN Slovene-Englishparallel
corpu$ In this paperwe will focusontheresultsobtainedwith four sub-corporahatdealwith
differentdomainsandvary in size:Vino (EC CouncilRegulation,69 Kwords),Vade(Vademe-
cumchemistry24 Kwords),Ligs (Linux InstallationGuide,173Kwords),Usta(Constitutionof
the Republicof Slovenia,20 Kwords).Contiguousand non-contiguougerminologicallyrele-
vantmultiword lexical unitshave beenextractedwith 74%precisionon average We presenthe
measureof Precision(numberof extractedterms/numbeof extractedmultiword lexical units)
andthenumberof termsthathave beenextractedfor eachsub-corpusn Table(4).

Vino | Vade | Ligs | Usta
% Precision 71.55| 81.12| 74.64| 70.76

Numberof extractedterms| 383 | 377 | 1832 | 310
Table4: Resultsof the SENTA software

In orderto measuréhe precisionwe took advantageof thebilingual structureof thelJS-ELAN
corpusanddecidedto definea term asa label thatrefersto a uniqueconceptandwhich has
a uniquetranslation®. Thuswe have basedour evaluationon a broadersensethan previous
evaluations consideringhattermsmay not only embodyspecificNoun PhrasestructuresFor
instancewe believe that expressiondik e “comeinto force’ or “Getting Started canbe con-
sideredtermsas they refer to unique conceptsthat are translatedn a uniqueway, although
someauthorswould preferto classify theseas Noun+\erb collocationsand idioms. For the
contiguouscase theresultsshav thatbase-termsogetherwith termsobtainedfrom overcom-
positionandco-ordinatiorhave beenextracted® . Correspondinglymostof thenon-contiguous
terminologicallyrelevantmultiword lexical units aretermsobtainedfrom modification!! . We
illustratetheresultsobtainedor the sub-corporainderanalysisn AppendixA.

However, Sentaalsoextractsterminologicallyirrelevantmultiword lexical unitsthataremainly
functionalassociations:of cours€, “fromthe’, “of the’, “aswell as’, “in orderto”, “like the’,

“hasbeeri, “maybe’, “asa resultof’. So, it si necessaryo subdvide the resultsinto two
categyories:terminologicallyrelevant vs. non-releant. [Heid 1999] proposedifferentcriteria
(dependingon the linguistic structureof the units)in orderto filter the candidatesets,relative
frequeng, pre-definedists of generalverbsor adjectves.However, using pre-definedists of
general-purposenitsrequiresdeterminingdomain-dependeritom domain-independeninits,
which is not straightforvard. As a consequenceye proposea differentcriterion basedon the
multidomainstructureof the |IJS-ELAN corpus.In orderto decidewhethera multiword lexical
unit is terminologicallyrelevantor not, we simply constrainit to occurin only onedomainor
relateddomain.So,if thesamemultiwordlexical unit occursatleastin two differentdomainsijt
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is considereasterminologicallyirrelevant. Technically for eachoneof thefour corporaunder
study we identifiedits multiword lexical units that were containedin the setof all the units
extractedfrom all the sub-corporahat dealwith a differentdomain.For example,in orderto
identify the terminologicallyrelevant multiword lexical units containedn Ligs, we processed
theintersectiorbetweerthe setof themultiwordlexical unitsextractedfrom Ligs andtheunion
of all the setsof multiword lexical units extractedfrom all the 14 remainingsub-corporaSo,
all theunitscontainedn theintersectionwverenot consideredor terminologicalpurposesThis
experimentshavs thatthe averageprecisionrateis drasticallyimproved up to 82% asa great
proportionof domain-independeninits canbe identified.In parallelthe numberof extracted
termsremainsalmostunchangedWe presentheresultsin Table(5). Theslightlossin recallis
mainly dueto the Ecmr corpus(SlovenianEconomicMirror, 239 Kwords)that containsterms
usedin otherdomains.For examplethe following termshave beenidentifed asirrelevant by
the experimentasthey occurat the sametime in a particulardomainandin the Ecmr corpus:
“humanbeingd, “natural resouces, “TheRepublicof Slovenid, “serviceprovider’. However,
theglobalresultsshov that SENTA largely benefitsfrom the multidomainstructureof thelJS-
ELAN corpusfor the specifictaskof termextraction.

Vino | Vade | Ligs | Usta
% Precision 79.29| 89.76| 80.14| 79.64

Numberof extractedterms| 377 | 371 | 1829 | 308
Table5: Resultsof the multidomainexperiment

6 Conclusion

SENTA (Softwarefor the Extractionof N-ary Textual Associationsjetrieves,form naturallyoc-
curringtext, terminologicallyrelevantcontiguousandnon-contiguousnultiword lexical units.
As it conjugatesa new associatiormeasurethe Mutual Expectationwith a newv acquisition
processthe LocalMaxsalgorithm,SENTA avoidsthe definition of globalthresholddasedon
experimentatiorand doesnot requierebootstrappingechniquesThe resultsobtainedby ap-
plying SENTA to thelJS-ELAN Slovene-Englistparallelcorpusstresghe extractionof agreat
proportionof terms,with 74% precisionon average.However, by benefitingfrom the mul-
tidomain structureof the IJS-ELAN corpus,we shav that the averageprecisionrate can be
drasticallyimproved up to 82% without significantly loosingin recall. However, in orderto
separatedomain-dependerftom domain-independerultiword lexical units, we are awvare
thatbetterresultscanbe obtainedby usingtheoreticallydefinedlanguagenodels,suchasthe
onesintroducedoy [Kromer 200J and[Gotoh/Reinalds2000d.
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Notes

LFirst, relevant 2-gramsareretrieved from the corpus.Then,n-ary associationsnay be identifiedby
(1) gatheringoverlapping2-gramsor (2) by markingtheextracted2-gramsassinglewordsin thetext and
re-runningthesystemo searctor new 2-gramsandendingfinally whenno more2-gramsareidentified.

2Theresultspresentedn Appendix(1) assesshis assumption.

3Position;» andPosition; 3 arerespectiely the signeddistancedbetweenw; andw, andbetweenw;
andws. Thesign“+"(“=") is usedfor wordsontheright (left) of w;.

4Diasetal. 2000 shaws thatthe Mutual Expectatiorieadsto improved resultscomparingto well-
known normalisedmathematicamodelslike the Dice coeficient [Smadjal993, the associatiorratio
[Church/Hanks1990, the ®? [Gale 1997 andthe Log-likelihoodratio [Dunning1993.

SMore Detailsaboutthe probability spacecanbe foundin [Dias etal. 200Q.
61n the caseof n = 2, the FPEis the arithmeticmeanof the maginal probabilities.

/It is possibleto compareassociatiomeasure/aluesof vectorsof differentlengthdueto thenormal-
isationprocess.

8ThelJS-ELAN corpuscanbedownloadedatht t p: //nl .ijs. si/el an/.
9This definitionhasfirst beenintroducedby [Daille 1995.

10The extractionof termsobtainedoy over-compositionis a greatissuefor automaticconstructiorof
thesaurusword sensalisambiguatiorandpp-attachmenproblems.

1The notions of base-terms,overcomposition, modification and co-ordination are defined in
[Daille 1993.
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A Samplesof Extracted Terms

Vino

Base-terms

standad quality, flat-rate import value ex-
ported with refunds,in termsof quantity per
tonne thecif, at regular intervals

Overcomposition

agricultural productdromthird countriescom-
monorganisationof agricultural markets

Modification

derivedfromthe price wherethegapcan
befulfilled with interventionor buying-in

Co-ordination

colzaandrapeseedpricesandavailabilities of
products

Vade

Base-terms

intestinal spasms, lidocaine hydrochloride
monohydate, the skin, suitable for ederly
people recipe based on hunded years of
experience

Overcomposition

therapeutic agents derived from natural
souices, rhinolytic symptomatictreatmentfor
commorcold

Modification

childrenabove years wherethe gapcan
befulfilled with five or 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,accesdo a TCP/IP
network, FTP e-mail serves, Digital Equip-
mentCorporation, thekernel

Overcomposition

PressTab at the boot prompt,Linux Documen-
tation Project HomePage, Debian/GNULinux
Padkagesfile

Modification

the environmentvariable wherethe gap
canbefulfilled with EDITOR,HOME or PATH

Co-ordination

inputandoutputfiles,inputandstandad output
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Usta
Base-terms Central Bank, ConstitutionalCourt, comeinto
effect, rights and obligations, for public pur-
posesPresidentof the Republic,local govern-
ment,the Constitution
Overcomposition adheenceto international agreementsprinci-
plesof internationallaws, electionsfor the Na-
tional Assembly

Modification a of no confidencevherethe gapcanbe
fulfilled with voteor motion
Co-ordination Italian and Hungarian ethnic communities

Stateandlocal governmenbodies

In the caseof the termsthat embodya modificationstructure the non-contiguousunit is the
generalisatiof aconcepthatcanberealisedwith differentwords.A detailedanalysisof these
termsis necessarpasthey allow to determinehapaes (i.e. multiword lexical units that occur
only oncein thetext). Indeed,the instantiationof theconcepta ___ of no confidencecanbe
realisedby the occurrencef votethatleadsto thefollowing hapax:a voteof no confidence
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