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Réesune - Abstract

Cettecommunicatiortraitele problemedel’extractiondetermespourleslanguegninoritaires.
Nous présentonsine méthodebafe sur desexemplesqui fonctionnemémesi les ressources
linguistiguedigitalessontrares.Notre méthodesebasesurmodcelesdetermesgéréresa partir
d’'un nombrelimit & determesd’exemple.Lesrésultatobtenuspourle Ladin du Val Gherdena
sontmeilleursqueceuxdesapprochestatistiquesimplesal'extractiondetermes.

This papertacklesthe problemof Term Extraction(TE) for Minority languages.We shav

that TE canbe realized,evenif computerizedanguageresourcesre sparse.We proposean

example-basedpproachyhich dravstheknowledgeof how atermis formedfrom arelatively

small setof exampleterms. For the Ladin of Val Gardenawhich we usein our experiments,
theexample-basedpproacloutperformssimplestatisticalapproacheso TE.
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1 Intr oduction

Minority Language$ave few spealers,few native linguistsandevenfewer computationalin-
guists. If thoselanguage$ave a writing system they often may not have strict writing rules.
They alwayslack adequateorporaandfinancialsupport.Undersuchconditionswhich arethe
approache$o be followed? Statisticalapproachesf corpuslinguisticsneedlarge amountsof
languageesourcesRule-base@pproache¢for taggingandparsing)requireexpensve skilled
workers. Technologytransferfrom otherlanguage®ftenfails if designedspecificallyfor one
languageor languagdamily. Thisis the casefor shallov NLP techniquesvhich make implicit
assumptionsiboutthe language.Therefore example-basedpproacheseemto be promising.
Requiredarearelatively smallnumberof specificexampleswvhich canbecreatedy ary natve
spealer.

Among the mostbasicneedsof a minority languagefiguresthe creationand managemenof
terminology This is the situationfor the differentidioms of Ladin spolken andwritten in the
Dolomites(Italy). In 1989Ladin hasreceved official statusin the Ladin valleys of Badiaand
Gardenandin 1993in Val di FassaSincethen,legal documenthave beenwrittenin Ladin.

Termextractionhelpscreatingterminologyfrom texts. We will seenow whatthis taskimplies,
what solutionsthe scientific literature proposesand how our example-basedpproachrates
amongsthem:In Section2 we describenodernapproachew TE by referencdo theunithood-
problemandthe termhood-problemin Section2.3 we describeevaluationtechniquedor TE.

In Section3 we review the pastexperimentsn thefield andproposen Section3.1anexample-
basedapproacho TE andrelatedthis approactto thosecitedin theliterature(Section3.2) !

2 Term extraction
2.1 Definitions

TE is anoperationwhich takesasinput a documeni@andproducesasoutputa list of termcan-
didateg({7T'C'}). Termcandidatesarewordsor phrasesvhich arepotentialtermsof the subject
arearepresentedby theinput document.Traditionally, TE is seenasintersectionof two prob-

lems. TheUnithoodProblemis thetaskto seleclanguageunitsfrom a setof word combination
(e.g. redcar but notis very). The TermhoodProblemon the otherhanddescribeghe taskto

selectfrom a setof word combinationthosecombinationswvhich fulfill the requirement®of a

term(e.g.redpepperbut notredcar). More oftenthannot, the unithoodproblemis solvedfirst

andthe outputTCsarechecledfor their term-statugthetermhood-problem).

2.2 Approaches

Approachedo TE canbe classifiedaccordingto the knowledgeusedaslinguistic or statistic
approachesThey maybe combinedn hybrid approaches orderto join the strongaspectof

! Abbreviationsusedin the paper: TC == Term candidateT’C F == Frequeng of TC in a givendocument;
DF == DocumentFrequeny, the numberof documentsith TC; I DF == InvertedDocument-requeng = Dl—F;
{TC} == Setof term candidates{T'} == Term collection== unorderedsetof terms; {T'}4,. == Subsetof T
belongingto onespecificdocumentT'C € {T'} ==TC is aterm;{T'C'} N {T'} 40 == setof correctTCs; #{...}
== Thecardinalityof a set.
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Tablel: Approachego TE, anoverview.

Linguistic | methods | publications |
intrinsic POS-tagging,chunking (Bourigault& Jacquemin1999)
stop-words (Merkel & Mikael, 2000)
extrinsic | syntagmatic || full parsing (Arppe, 1995;Soininenetal., 1999)
paradigmatic| termvariation (Jacqueminl1999)
| Statistical | methods | publications |
intrinsic mutualinformation (Church& Hanks,1989)
likelihoodratio (Hongetal., 2001)
extrinsic | syntagmatic | nc-value (Maynard& Ananiadou,1999)
entropy (Merkel & Mikael, 2000)
paradigmatic| c-value (Nakagava, 2001)
to document | weirdness (Brekke etal., 1996)

complementarpapproachesAnother orthogonal classificatiordescribegpproacheso TE as

intrinsicrelatve to the TC (e.g. morphologicainformation)or extrinsic relatve to the TC. The

extrinsic approachmaybe syntagmatige.g. syntactic,contetual information)or paradigmatic
(e.g.relationsamongZl’'C'sand{T}).

Linguistic approachesmake useof morphological,syntacticor semantianformationimple-
mentedin language-specifiprograms.lts mainaim s to identify languageunits. For reasons
of efficiency andaccurag, assumptionsn how termsareformedareweavedinto thelinguistic
analysis.Theseassumptionsnayreferto thenumberof wordsto be combined specialsuffixes
or part of speechrequirements.Morphologicalanalyzerspart-of-speechaggersand parsers
are usedfor this type of analysis. A list of stop-words, e.g. wordsthat might not occurin a
specificpositionof a TC (beginning, middle,end)maybe usedin additionto othercriteria.

Statistical approacheso TE arebasednthedetectionof oneor morelexical unitsin special-
izeddocumentwith a frequeng-derivedvaluehigherthana giventhreshold.They areuseful
both for extracting single-word and multi-word units. The assumptions that documentsare
characterizethy therepeatediseof certainlexical unitsor morpho-syntacticonstructionsWe
discusonly the moreelementaryneasures.

(1) Frequeng of occurrenceThe morefrequentlya lexical unit appearsn a givendocument
the morelikely it is that this unit hasa specialfunction or meaning. Yet extracting TCs just

by frequeng would alsorenderfrequentlyappearingcombinationsof functionwordsasTCs.

Evenin combinationwith a filter for certainmorpho-syntactigatternsthis approachis not

alwayssatistictory

A secondassumptions thatlinguistic expressionsvhich characterize documentarefrequent
within adocumenbut infrequentacrosdifferentdocumentsOnemeasurdo capturethisidea
is TRIDF (Equation2 in Annex), widely usedin informationretrieval. It dividesthe TCF,,

the frequeng of occurrenceof TC,, in the document,by the documentfrequeny DF,, i.e.

the numberof otherdocumentsvhich containTC,,. The sameassumptioris expressedn the
weirdness-ratiq Equation3)which usesrelative frequenciedor TF and IDF (Brekke et al.,

1996).

The main problemwith frequeng-basedapproachess thatthey maywork well for one-word
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units, but do no scaleup for two- or three-word units. If the TE-approachwhatever it may
be, is basedon a sampleof 10.000words, an extensionto two-word units would requirea
100.000.000vord samplein orderto obtainequally goodresults. For the treatmentof tree-
word units, 10.000® = 1.000.000.000.000 wordswould berequired.This problemis known as
sparse-datproblemandis presentin all measuresvhich involve the frequeng of the TC as
undividedunit, e.g.thejoint probability.

Thefrequeng of a TC is onetype of associatiormeasuresAssociationmeasuresireusedto
ratethe correlationof word pairs. Thesemeasuresanbederivedfrom the contingencytable of
theword pair (A,B) (Tah 6). Thecontingeng tablecontainghe obsenedfrequencie®f (A,B),
(A,notB), (notA,B) and(notA,notB),marked hereasO;; ...0,. If theoccurrencesf (A,B),
(A,notB) ...areindependenttheir expectedfrequenciesreestimatedrom the productof the
maminal sums.ThesearestoredasE}; ... Foy. Lexical associatioomeasuresreformulasthat
relatetheobseredfrequencie®) to theexpectedrequeny E undertheassumptiorthatA and
B areindependentThesimplefrequeng correspondso O+ in thistable.

Mutual Information(MI) (Equationd4) measureshe associatiorbetweerntwo units. This mea-
sureis usedfrequentlyin corpuslinguistics, even thoughit works badly for low-frequeny
events.The MI canbe definedasthe probability of the joint occurrenceof w; andws,, divided
by the productof the probabilitiesof the singularoccurrenceslf two wordsoccuronceside
by sidein a onehundredwordscorpus,they geta Ml of ~ log,(100). On the otherhand,if
they co-occurtwice, they geta Ml of ~ log,(50). This shows thatthe probability of the joint
singularoccurrencénasbeenrudelyoverestimated.

Another problemwith frequeng-basedmeasuress thatthey may rank TCs correctlyif they
containthe samenumberof words,but rank TCs of morewordstoo low or too high. Actually,
mary measuresre simply not definedfor measuringhe associatiorbetweenmore thantwo
words. If we would be forcedto createa MI-measurefor 3-word units, this could be defined
as, startingfrom a three-dimensionatontingeng tableasin Equation5. A singular3-word
expressiornn a 100word corpuswould consequentlyeceve the M1 of ~ 10.000!

Other moreappropriataneasurearee.g.the y2-measurethet-score andthelik elihoodratios:
They2-measurdor dependencéEquation6) doesnt assumaormallydistributedprobabilities.
Frequencieshouldbe5 or higherin orderto applythechi?-measuresThet-score(Equation?)
andthe log-likelihoodratio (Equation8) are bettersuitedfor low-frequeng data. The latter
howeveris not definedif w; or w; appear®nly in the pair (w;,w;) (Daille, 1994).2

To sumup, all frequeng-basedechniquesssigranumericalvalueto setsof wordsto rank TCs
andto excludeTCsbelow acertainthreshold.The unit-hoodproblemis not properlyaddressed
for two reasonsFirst, the measuras applicableonly to n-word sequencewith afixedn, e.g.
n = 2. Secondlyword associationslo not respectphraseboundariesje. they may identify
partsof a phraseor associationgslook at, whereat belongsto the following PP

Anotherstatisticalapproachaimsat the identificationof boundarieof TCs. If the boundaries
aredefinedasthe first andlast word of a TC andthe words preceedingand following them,
this approachs suitablefor TCs of variablelength, without requiring larger corporafor the
identificationof longerTCs. If boundariesredefinedastheentireTC andthewordspreceeding
andfollowing it, the problemof sparsedatareappearsThe boundaryis classicallygaugedvia

2Mostword associatiomeasureareimplementedn the Perl-moduleN-gram StatisticsPackage which canbe
freely downloadedrom CPAN.
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the entropy, but arny associatiormeasurecould be usedto locatea boundarytherewherelow
associationarefound.

2.3 Evaluation

Although muchof the usefulnes®f TE dependsn the way how TE programsareintegrated
into the terminographes working ervironment,approacheso TE arefrequentlyevaluatedin
termsof recall, precision meanandtherankedrecall.

Therecall describeshe capacityto identify all termscontainedn a documentlt is definedas
thenumberof correctlyidentified TCsdivided by the numberof termsin thetext. With arecall
of 80%,20% of thetermsremainundetected.

The precisiondescribeghe accurag with which wordsandphrasesreclassifiedasterms. If

the terminographehasto discardmary TCs, the precisionis low. The precisionis defined
asthe numberof correctlyidentified TCs divided by the numberof all proposedl' Cs. With a
precisionof 80%,20% of the TCsarenotterms.

High valuesof recall oftenimply low precisionscoresand vice versa. Thereforerecall and
precisionarefrequentlycombinednto the harmonicmean

TE mayproducefor amedium-sizedext mary thousandg Csandit is importantto rankthem.
We usetherankedrecall asa further evaluationcriterion. If we definer; astherankof theith

TC|TC € {{TC} N{T}4.} thentherankedrecallis definedin Equationl: In alist of 37'C's

with thesecondandthird TC' € {T} 4., therankedrecallis % =0.6.

3 TE for Minority Languages

(Brekke et al., 1996) explore the potentialof the weirdnesgatio for TE for small languages,
taking Norwegian asan example. They usea 10.000word specialisttext anda 100.000word
generallanguagecorpus. Following the limitations of this measurepnly one-word units are
extractedandranked. For languagesvhich almostexclusively usecompoundingor term for-
mation, this methodmay be adequate.For analyticallanguagesthis methodleaves out too
mary termsaswe demonstratdelon. Theweirdness-ratitnasalsobeenappliedin (Ahmad&
Davies, 1994),in this caseto Welsh, with the specialisttext andthe generallanguagecorpus
having eachthe sizeof 100.000words.

(Daille et al., 2000) reporton two experimentswith Malagasy an Austronesiananguagen

Africa. In thefirst experiment,a statisticallanguage-independem& approach(ANA (Engue-
hard& Pantera,1994))hasbeentestedon a corpusof 25.000words. The systemhasa good
precision(about75%) but a low recall: only about240 TCs have beenextracted.In a second
experimentahybrid, linguisticandstatistical approacthasbeentestedvhich requiredthe prior

creationof a dictionaryandthe training of POS-taggerThis requiredthe creationof a dictio-

nary andthe training of POS-taggerbefore TE could start. With 819 TCs, the numberof the

extractedTCsis higherthanin the purely statisticalapproachPrecisionrates however, arenot

reported. This work documentshe difficulties of TE with non-Europeartanguages.t gives
several hints at possiblesolutionsto the questionof how linguistic approachesnay be put to

work evenin difficult circumstances.
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Table2: Simplemethoddor TE, testedndividually. Therankingof TCsis donevia TF.

| Method || #{TC} | recall | precision| mean| rankedrecall |
nomethod | 19019 | 1 0.0056 | 0.011| 0.011
punctuation|| 8023 | 1 0.0134 | 0.026| 0.0179
f-words 6289 | 0.946 | 0.016 0.033| 0.030
length 2419 | 0.9375| 0.044 0.084| 0.055
pattern 489 0.848 | 0.202 0.326| 0.388

3.1 Example-basedTE

Example-basedpproadesin NLP arecharacterizedby the factthatthe training materialis of
thesametypeasthe systems$ output. Feedingacomputemwith parsetreesto train parsing,is an
example-basedpproactio parsing.Feedingacomputemwith examplesof classifieddocuments
to classifydocumentss anexample-basedpproacto documentlassification.

Theadwantageof example-basedpproacheesverrule-base@pproachess thatnoabstractules
arerequired. As for the acquisitionof the datathis meansthat examplescanbe extractedau-
tomatically or createdmanuallyby enumeratingpositive examples.As for the representation,
no complex formalismsarerequiredto expressthe linguistic knowledge. Exceptionsandreg-
ular phenomenaanbe listed side by side. The advantageof example-base@pproachesver
statisticalapproachess thatthe systemcanstartevenfrom few trainingexamples.

Tackling TE with an example-basedpproachrequiresonly a few exampleterms,e.g. for
Englishred pepperinformationsociety Theseexamplescanbe traditionally elaboratederms
in an existing term-basethus reflectingthe propertiesof terms. In this case,the termhood
andunithoodproblemmay be treatedconjointly at the sametime. TE with an examplesetof
only nominalphrasewvill producenominalphrasegndTE with anexamplesetcontainingalso
verbalphrasewill extractalsothose.If notermsareavailable,dictionaryentriesmay suffice.
Theseentriesmaybereworked manuallyin orderto improve TE.

Somenon-xample-basefllters areusedfor experimentationThefirst filter concerndunction
words (f-words). Theseare identified automaticallyand usedto exclude TCs with function
wordsasfirst or lastword (Merkel etal., 1994). The 100wordsof the backgroundcorpuswith
the highestDF areassumedo be functionwords. A secondilter, calledpunctuationassumes
thatpunctuatiormarksarenotpartof aTC.

Example-basedlters are(1) affix term-patterng2) uppercase/laver-case(graphic)term pat-
ternsandlengthfilters. Thesecanbestbe explainedwith an example. The Ladin termtofla
decomunds transformednto the patterntfa—de—*¢ by reducingnon-functionwordsto their
lastcharacterTheuppercase/lover-casetermpatterncreatesa c for capitalizedwords,an! for

lower-casewordsandan z otherwise.Thetermtofla de comunegenerateshe graphicpattern
|—I—I.

WordsareextractedasTCsif they fit to oneaffix andonegraphicpattern,evenif comingfrom
differentexamples.Thesequencesf wordsciasadecomunecuntlamedalecomunestcwould
thenberecognizedsTC.

Thelengthof the exampletermscanbe usedto calculatea’good’ lengthof TCs. We defined
this goodlengthasthe mean(m) of the lengthof the exampleterms+3 standarddeviations.
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Table3: Combinationof simplemethoddor TE.

| Method | #{TC} | recall | precision| mean]
pattern 489 0.848]| 0.202 0.326
pattern+ punctuation|| 489 0.848| 0.202 0.326
patternt+ length 477 0.839]| 0.203 0.328
pattern+ f-words 390 0.839]| 0.248 0.386

Termswhich aretoo smallor too long arethereforefiltered out.

3.2 Experiments

The experimentsare conductedusing a text of 994 words, written in the Ladin variant that
is spoken in Val Gardena. The text describeghe by-laws of the community and contains,
accordingto amanualexamination,113terms.

In Table7 differenttypesof training materialare comparedwith respecto the effectson the
TE quality. Thetrainingmaterialcanbea list of relatedor unrelatederms,alist of dictionary
entriesor a mixture of both. Theresultsshow that,if termsareusedasexampleswe getahigh
precisionandalow recall. Usingdictionaryentriesasexamplesenhancegherecallandreduces
precision.For the experimentgo follow, the mixed methodwill beused.

Table2 comparesheresultsof thedifferentTE methods.Thefirst row, 'no method’,represents
thebasedine. 19019TCsareextractedwith the perfectrecallof 1 andthe precisionof 0.0056.
Assumingthattermsnever featurepunctuatiormarks,only 8023TCsareextractedwith perfect
recall. Thefollowing two methodsexcludeall TCswith functionwordsin first or lastposition
or with extremelength. This filter is not sufficiently specificthough,becauseherearestill 20
TCsfor oneterm. Theexample-baseg@atternamethodon the otherhandis moreselectve than
ary otherandretainsagoodrecall (0.85).

Table 3 shaws the effect on the resultswhencombiningdifferentmethods.We startwith the
example-basedanethodandtry to improve its precision. The combinationwith the function
wordfilter reducegherecallonly by 1% but enhancesheprecisionby 4%.

Table4 givestheresultsfor theweirdness-rationethod which only extractssingle-word terms
(n = 1). With arecall of 54%, 46% of the termsremainundetected.This might still be a
good methodfor compoundinganguagesr for very fundamentaterms. Table5 shows the
resultsof the TE with Mutual Informationwith » = 2. Therecall of Mutual Informationwith
only around10% s quite low. The resultsclearly showv that free-lengthapproachesareto be
preferredover thosewith a fixed n, becausea fixed n. drasticallyreducesthe recall without
necessarilymproving the precision: The bestprecisionvalue,0.255,is yet not betterthanthe
precisionwith unrestrictedh.

Figurel, shavsthelearningcurve for example-based E with the examplescomingfrom (a) a
term-list,(b) awordlist and(c) amixtureof both. Theresultsshav aquickrisein recall. While
therecallrisescontinually the precisiondropsafterafew hundredexamples.Apparently with
moretrainingdata,no moregoodterm-modelsarelearned andthoseterm-modelsvhich cause
noiseaccumulate . The automaticidentificationandexclusionof inappropriatederm-modelds
onepossibledirectionfor our futureresearcton example-basedE.
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Table4: Extractionof 1-word TCswith theweirdnessatio.

| Method | #{TC} | recall | precision| mean| rankedrecall |
weirdnesgatio 345 0.544| 0.188 0.280| 0.363
m ™ 4 nattern 312 | 0.544|0.210 |0.303| 0.415
™ ™ 4 length 316 0.544| 0.205 0.298| 0.400
"™ + length+ pattern 302 0.544 0.215 0.308| 0.416
o4 fawords 281 0.544| 0.225 0.318| 0.367
" ™ +f-words+ pattern 250 0.544| 0.254 0.346| 0.404
"™+ f-words+ pattern+ length || 249 0.544| 0.255 0.347| 0.404

Table5: Extractionof 2-word TCswith Mutual Information.
| Method | #{TC} | recall | precision| mean| rankedrecall |
MI (2 wordterms) 807 0.098| 0.013 0.024| 0.007
MI + pattern 160 0.098| 0.063 0.074| 0.064
MI + pattern+ f-words || 69 0.098]| 0.144 0.110| 0.144

4 Conclusions

In this papemwe have shovn thatexample-basetermextractionoffersafeasibleapproacho TE
for minority languagesvhich only needdew or little resourcesA few examplesdravn from
dictionariesor otherterminologicaldataaresuficientto createterm-modelsvhich cover most
termsto be extracted. The input texts canbe very short. While otherapproachesespecially
statisticalapproachesequirelarge texts, we could extract about100 termsfrom a relatvely
smalltext of only 1.000words.

Theproposedxample-basedpproachreplacesanin-depthlinguistic analysisof theinputdoc-
ument. Due to this shallavness,the approachis proneto errorsresultingfrom surfacesimi-
larities of termsandnon-terms.In the sameway aslinguistic approacheshe example-based
approaclttanbecombinedwith sophisticatedtatisticakatingswhenlarge corporaareavailable
andwith linguistictoolslik e stemmers.

The TE tools is freely available under http://dev.eurac.edu:8080/perl/all.tge. A graphical
interfaceis provided with Bistro http://dev.eurac.edu:8080Currently we exploit within the
ProjectLogos Gaias(http://logos-gaias.themenplattform.cothg integration of the example-
baseTE toolsinto GYMN@ZILLA (Streiteretal., 2003),for the purposeof classifying,index-

ing andpedagogielaboratiorof documents.
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