Example-basedermExtractionfor Minority LanguagesA
case-studyn Ladin’

Oliver Streiter Daniel Zielinski, IsabellaTiesandLeonhardvoltmer
EURAC, Viale Druso1, Bolzano,ltaly
http://www.eurac.edu/bistro
{ostreiter;dzielinski;ities;l@ltmer} @eurac.edu

February25,2003

Abstract

This papertacklesthe problem of Term Extraction
(TE) for Minority languages.We shav that TE can
berealized,evenif computerizedanguageesources
aresparse.We proposean example-base@pproach,
which draws the knowledgeof how atermis formed
from arelatively small setof exampleterms. For the
Ladin of Val Ghardenawhich we usein our experi-
mentstheexample-basedpproachoutperformssim-
ple statisticalapproacheso TE.

1 Intr oduction

Electroniclinguistic corporaarenovadayscrucialfor
ary kind of scientificenterpriserelatedto language.
Projectsin languagedocumentationljnguistic analy-
sisandsoftwaredevelopmentall requirethe creation
andexploitation of spolen andwritten languagecor
pora. Amongthe differenttechniquedor corpusex-
ploitation, the automaticextractionof terms(TE) has
becomesubjectto intensestudies. The aim of TE is
to automatizethe first working-stepsin the creation
of terminologicaldatafor specificsub-languages.
TE is a centraltopic for the terminologicalwork
atEURAC. Thiswork aimsatthedescriptionpreser
vationandcreationof legal andadministratie termi-
nologyfor theGermarandLadin speakingninorities
in South-TWrol. Thecreatederminologicaldatahave
to provide an up-to-dataunambiguousndcoherent
lexis for conceptsof specificsubjectareag(e.g. law,
administration) For minority languagesthe creation

*Theresearctdescribedn this article hasbeenpartially sup-
portedby theregion Trentino/Alto-Adigein theframeawvork of the
projectTerminol@ia Ladina

of terminologicaldatais animportantmeasuren lan-
guagepreseration.

In this paperwe focuson TE for small minority
languagestaking as examplethe differentidioms of
Ladin spolen and written in the Dolomites. In the
following section(Section2) we shortly introduce
TermLad a projectaboutLadin terminology andil-
lustratesomeof theproblemsin computationatermi-
nology onemay encountewhendealingwith minor-
ity languagesin Section3 we will introducethe ba-
sic notionsunderlyingmodernapproachet TE. We
thenexplaintheunithood-problenandthetermhood-
problemand presentdifferenttechniqueshow to ap-
proachtheseproblems(Section3.2). In Section3.3
we give anintroductionto standardevaluationtech-
niquesfor TE.

In afurtherstepwe critically review theseapproaches
with respectto their applicability to minority lan-
guages.In Section4 we review the few pastexper
imentsrelatedto TE for lessspolen languages.In
Section4.1we introduceanexample-basedpproach
to TE andprovide finally experimentaldatacompar
ing the proposedapproacho thosecitedin thelitera-
ture (Section4.2).

2 Ladin Terminology

In 1989Ladin hasrecevedofficial statusn thelLadin
valleys of Badiaand Ghardenandin 1993in Val di
FassasSincethen,legal documenthave beenwritten
in Ladin. Still, theusageof Ladinis hamperedy ter-
minologicalinsecurity Our suney in themunicipali-
tiesconfirmedthat public officials encountedifficul-
tieswith thetranslationof regulationsandordinances
from Italian. The main problemis lexical in nature
andreflectsalack of elaboratecdministratie termi-
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nology Thisgapcannotbebridgedwith theavailable
Ladin dictionariesas thesefeaturefew legal terms.
Thereforeparaphrasesnd quasi-synoyms are fre-
guentlyused.The subjecffieldswhich mosturgently
requirean elaboratederminologyaretown planning
andbuilding, accountang financeandpropertylaw.

In 2001 EURAC has launched a project to
promote Ladin juridical and administratie ter
minology ~ The primary goal of the TermLad
project is to describefrequently used administra-
tive terms and to make them publicly available
in form of the juridical online data-baseBISTRO
(http://www.eurac.edu/bistro)

The projectstartedirom delicateconditions:The
useof Ladin asanofficial languagés very recentand
few electronicdocumentsareavailable. The existing
documentareof differentquality andunequallydis-
tributedacrosdifferentidioms andsubjectareas At
first, the EURAC collectedexisting electroniclegal
texts with the supportof thelocal administratiorand
Spell, the centerfor the planningand elaborationof
a standard_adin, andcreateda fragmentaryand un-
balancedcorpusin thethreeLadinidioms Ghardena,
BadiaandFassa.ln orderto extractfrom thesetexts
theunderlyingacceptederminology we investigated
the possibility to supportterminographersvith a TE
tool, which is only built on a seed-listof termsand
someadditional ,non-relatedexts.

3 Term extraction

3.1 Definitions

TE is an operationwhich takes as input a docu-
mentandproducesasoutputalist of termcandidates
({TC}). Termcandidatesrewordsor phrasesvhich
arepotentialtermsof the subjectarearepresentethy
theinputdocument.TE is still a semi-automatipro-
cedureand requiresa manualconfirmationor rejec-
tion for eachT'C.

Traditionally the problemof TE is seenasfind-
ing the intersectionof possiblelanguageunits (the
unithoodproblem)andpossibleterms(the termhood
problem)[c.f. CCEBVPO0]. The Unithood Problem
describeghetaskto selectfrom a setof word combi-
nationthosecombinationsvhich form languageunits
(e.g.redcar but notis very). The TermhoodProblem
on the other handdescribeghe taskto selectfrom
a setof word combinationthosecombinationfulfill
the requirementof a term (e.g. red pepperbut not

Tablel: A list of abbreviationsusedin the paper

TC Termcandidate

TCF Frequeng of TC in a
givendocument

DF Document  Frequeny,
the numberof documents
containingTC

IDF Inverted Document Fre-
queny = 2=

{TcC} Setof termcandidates

{T} Term collection == un-
orderedsetof terms

{T} doe Subsetof T' belongingto
onespecificdocument

TC € {T} TC isaterm

{TC} N{T}40. | setof correctTCs

#{...} Thecardinalityof a set

MI Mutual Information

redcar). Theseproblemsmay be tackledseparately
More often thannot, the unithoodproblemis solved

first andthe output TCs of the filter are checled for

their term-statugthe termhood-problem)lt is possi-
ble however, to startwith the termhood-problenand
checkthe TCswith respecto their unithood.For rea-
sonsof an efficient processingpften the maximum
numberof filter criteria for unithood and termhood
arecombinedwithin thefirst processingstep.

3.2 Approaches

Approachego TE canbe classifiedaccordingto the
knowledgeusedaslinguistic or statisticapproaches.
All of theseapproachesnay be combinedin hybrid
approachem orderto join thestrongaspect®f com-
plementaryapproachesAnother orthogonalclassi-
fication describesapproacheso TE asintrinsic rel-
ative to the TC (e.g. morphologicalinformation) or
extrinsic relative to the TC. The extrinsic approach
may be syntagmatide.g. syntactic,contectual infor-
mation) or paradigmatige.g. relationsamongTC's
and{T?}).

3.2.1 Linguistic Approaches

Linguistic approachesnake use of morphological,
syntactic or semanticinformation implementedin
language-specifiprograms.lts mainaim is to iden-
tify languageunits. For reasonsof efficiengy and
accurayg, assumption®n how termsare formedare
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Table2: Linguistic approacheto TE, anoverview.

linguistic approaches

| methods | publications
intrinsic POS-tagging,chunking [BJ99
stop-words [MNA94, MMO0O]
extrinsic | syntagmatic || full parsing [Arp95, SVT99,Hei99? ]
paradigmatic|| termvariation [SW99, Jac99

weaved into the linguistic analysis. Theseassump-
tions may refer to the numberof wordsto be com-
bined,specialsufixesor partof speechrequirements.
Morphologicalanalyzerspart-of-speectiaggersand
parsersareusedfor this typeof analysis.

A list of stop-words, e.g. wordsthat might not
occurin a specificpositionof a TC (beginning, mid-
dle, end) may be usedaloneas a shallav linguistic
criterionor in additionto othercriteria.

3.2.2 Statistical Approaches

In this sectiorwe briefly explainthebasicideabehind
usingstatisticsor TE andintroducesomeof themost
frequentlyemployed statisticalmeasures.

Statisticalapproacheso TE arebasedon the de-
tectionof oneor morelexical unitsin specializedioc-
umentswith a frequeng-derived value higher than
a giventhreshold. They areusefulboth for extract-
ing single-word and multi-word units. The assump-
tion underlyingtheseapproachess that specialized
documentsare characterizedy the repeateduse of
certain lexical units or morpho-syntacticconstruc-
tions. Contrary to common-languagaelocuments,
mono-referentialityand avoidanceof synoryms pre-
vail over linguistic elegance. Statisticalinformation
that can be computed,basedon theseassumptions,
are the frequeng of a TC andits partsin a given
corpus, the frequenyg of this TC as part of other
longer TCs andthe length of the TC-string (number
of words,numberof characters)We discussonly the
moreelementaryneasures.

(1) Frequeng of occurrenceThe easiestvay to
calculatetheimportanceof lexical unitsin acorpusis
counting. The morefrequentlya lexical unit appears
in the corpusthe more likely it is that this unit has
a specialfunction or meaningin a given specialized
document. In part this might be true, but trying to
extract TCsjust by frequeng would alsoidentify fre-
guentlyappearingcombinationsof functionwordsas

TCs. Evenif usedin combinatiorwith afilter for cer
tain morpho-syntactigatterns,this approachis not
alwayssatishctory

The frequenyg of occurrencecan be improved
when expressedas TF.IDF. This measure,widely
usedfor the purposeof informationretrieval, divides
theT CF,, thefrequeng of occurrencef T'C, in the
documentpy the documentrequeny DF,, i.e. the
numberof otherdocumentsvhich containT'C,,.. The
underlyingassumptioris that linguistic expressions
which characterizea documentarefrequentwithin a
documentout infrequentacrosddifferentdocuments.
The sameassumptioris expressedn the weirdness-
ratio which usesrelative frequenciedor TF andIDF
[c.f. BMA9E)).

TCF,
TF.IDF, = 1
Y DF, @)
TCF,
weirdnessratio, = #[{)7;70} 2
::ln doc;

The main problem with frequeng-based ap-
proachesds that they may work well for one-word
units, but do no scaleup for two- or three-vord units.
If the TE-approachwhatever it may be, is basedon
a sampleof 10.000words, an extensionto two-word
unitswould requirea 100.000.00@vord sampléen or-
derto obtainequallygoodresults. For the treatment
of tree-word units, 10.000> = 1.000.000.000.000
words would be required. This problemis known
assparse-datproblemandis presenin all measures
which involve the frequeng of the TC asundiided
unit, e.g.thejoint probability If calculationof theDF
includesthe documentfrom which TE starts,which
is not correctfor hypothesigesting,DF of mosttwo-
andtreeword unitswill have thevalue 1. If the oc-
currencen thedocumenis notincluded,DF will be
0 in mostcases.However, eachof thesevaluesis a
badestimate.



Table3: Statisticapproacheto TE, anoverview.

statisticapproaches

| methods | publications
intrinsic mutualinformation | [CH89]
likelihoodratio [HFHO1]

extrinsic | syntagmatic || nc-value [MA99, MAOQO, PLO1,DHJ9q

entroy [MMOO0]
paradigmatic|| c-value [NakO]]
to document | weirdness [BMA96]

Table4: The contingenyg tableof obsered frequen-
ciesO1 ...09 for theword pair (A,B).
| lwo=B|w#B[ Y |

w1 =A | On O12 Ry
wy £ A || On O22 Ry
(= (G [C [N ]

Table5: Thecontingenyg tableof estimatedrequen-
ciesFy; ... Ey underindependencassumption.

| [wo=B [w#B |
wy=A| By = B | By = Bl
wy £ A || By = B0 | By, = Fxla

Thefrequenyg of a TC is onepossiblevariantof
associationmeasuresAssociationrmeasuresreused
to rate the correlationof word pairs. Thesemea-
surescanbederivedfrom thecontingencytableof the
word pair (A,B). The contingeng table containsthe
obsenred frequenciesof (A,B), (A,notB), (notA,B)
and (notA,notB), marked here as Oq; ...09. If
the occurrencef (A,B), (A,notB) ...areindepen-
dent, their expectedfrequenciesare estimatedfrom
the productof themamginal sums.Thesearestoredas
FE11 ... FE9. Lexical associatioimeasureareformu-
las thatrelatethe obsered frequencie€) to the ex-
pectedfrequeny E undertheassumptiorthatA and
B areindependentFromthefactthatthefrequengy is
definedasO, we seethatthefrequenyg includesthe
cell of thecontingeng tablemostdifficult to estimate
(for n > 1) andnoneof theothercellswhich allow to
relativize the obseredfrequeng.

TheMutual Informationasassociatiomeasureas
definedas:

_9u
Eqq

Mutual Information (M) is usedfrequentlyin
corpus linguistics to calculate the associationbe-
tweentwo lexical units, evenif this measuredoesnt
work very well for low-frequenyg events. The Ml
canbe equallydefinedasthe probability of the joint
occurrenceof w; and ws, divided by the product
of the probabilitiesof the singularoccurrences. If
two wordsoccuroncesideby sidein a onehundred
words corpus,they geta Ml of ~ log2(100). On
the other hand, if they co-occurtwice, they get a
Ml of ~ log2(50). This shavs that the probability
of the joint singular occurrencehas been rudely
overestimated.

MI 3)

Anotherproblemwith frequeng-basedneasures
is thatthey mayrank TCscorrectlyif they containthe
samenumberof words,but rank TCs of morewords
toolow ortoohigh. Actually, mary measurearesim-
ply notdefinedfor measuringheassociatiofetween
morethantwo words.If wewouldbeforcedto create
aMl-measuregor 3-word units, this could be defined
as, startingfrom a three-dimensionatontingenyg ta-
ble:

MTI4 By (4)
A singular3-word expressionin a 100 word cor
puswould consequentlyeceve the Ml of ~ 10.000!
Actually, most measuresre simply not definedfor
measuringthe associationbetweenmore than two
words.
Other moreappropriataneasurearee.g.the y?-
measurethe ¢-score andthe likelihood ratios: The



x2-measurdor dependencdoesnt assumeaormally
distributed probabilities.y? is definedas:

=Y

)

Frequenciesshould be 5 or higherin order to

apply the chi?-measures.The t-scoreand the log-

likelihood ratio are better suited for low-frequeng
dataandaredefinedas:

(0ij — Eij)?

i )

On — En
t — score = ——— 6
o (6)
log — likelihood = 2 Z O;j * 1092(%) (7
»

ij J

Note,thatthelikelihood-ratiois moreappropriate
for sparsalatathanthe y2-measurelt is however not
definedif w; or w; appearsonly in the pair (w;,w;)
[Daig4]. *

To sumup, all frequeng-basedechniquesssign
anumericalvalueto setsof words. Thesenumerical
valuesallow to extractandrank TCs andto exclude
TCsbelaw a certainthreshold. The unit-hoodprob-
lemis not properlyaddressedor two reasonsFirst,
the measurds applicableonly to n-word sequences
with afixedn, e.g. n = 2. Secondlyword associa-
tionsdo not respectphraseboundariesie. they may
identify partsof a phraseor associationsslook at,
whereat belongsto thefollowing PR

Another statisticalapproachaims at the identifi-
cation of boundarieof TCs. If the boundariesare
definedas the first and last word of a TC and the
wordspreceedingandfollowing them,this approach
is suitablefor TCsof variablelength,without requir
ing largercorporafor theidentificationof longerTCs.
This approachs equallyapplicableto low frequeng
TCs. If, however, boundariesare definedasthe en-
tire TC and the words preceedingand following it,
the problemof sparsedatareappearsThe boundary
is classicallygaugedvia the entropy, but ary associa-
tion measureouldbeusedto locateaboundarythere
wherelow associationarefound.

3.3 Evaluation

Although much of the usefulnesf TE dependson
theway how TE programsareintegratedinto theter

IMost word associationmeasuresare implementedin the
Perl-module N-gram Statistics Padkage which can be freely
downloadedfrom CPAN.

minographes working ervironment, approacheso
TE arefrequentlyevaluatedn termsof recallandpre-
cisionto which we will addheretherankedrecall as
anothercriterion[c.f. IM0Z].

The recall describeghe capacityto identify all
termscontainedin a document. It is definedasthe
numberof correctly identified TCs divided by the
numberof termsin thetext:

#HTCY N {Taoc}}
#{Td.oc}

With a recall of 80%, 20% of the termsremain
undetected.The recallis often not measuredsit is
difficult to determinethe exactsetof termsin atext.
The precision describesthe accurag with which
wordsandphrasesreclassifiedasterms. If theter
minographethasto discardmary TCs, the precision
is low. The precisionis definedasthe numberof cor
rectlyidentifiedTCsdividedby thenumberof all pro-
posedTCs.

(8)

recall =

#{{TC} N {T}doc}
#{TC}

(9)

precision =

With a precisionof 80%, 20% of the TCsarenot
terms.
As high valuesof recall often imply low precision
scoresand vice versa,recall and precisionare fre-
guentlycombinednto the harmonicmeanas:

mean — 2 x #{{TC} n {T}doc}
#{Tuoc} + #{TC}

As TE may producefor a medium-sizedtext
mary thousandsTCs, it is importantto rank them.
TCs at the top of the list shouldbe the most prob-
able terms, and TCs at the bottom the less proba-
ble terms. The betterthe TE, the more accurately
terms are separatedrom non-terms. Accordingly
we usetherankedrecall asa furtherevaluationcrite-
rion. If we definer; astherankof theith TC|T'C €
{{T'C}N{T}40c} thentherankedrecallis definedas:

(10)

25t

i Y

ranked recall =

In alist of 3T Cswith thesecondandthird TC &€

{T}doc, therankedrecallis 3% = 0.6 .



4 TE for Minority Languages

TE canbe regardedas one techniquethat is crucial
for the supportof minority languagesNevertheless,
very little researcthasbeendonein thisarea.There-
sourceghatareusuallyusedfor TE rarelyexist to the
samedggreefor minority languages Expensie cre-
ation of lingware by trainedlinguistsis often infea-
sible: Formally trainedlinguistsin the minority lan-
guagearehardto find andit may take yearsto build
suchresources.

An alternatve approachs thetransferof asystem
developedfor languageA to languageB. However,
thedifferenceamonglanguagesisoimpedeatrans-
fer betweernlanguagesE.g. Germanicand Slavonic
termsneedacompoundanalysiswhile Romancdan-
guageermsrequireananalyticanalysis.Thetransfer
of approachesr systemsfrom well-developedlan-
guagego minority languageghereforeseemsto be
limited to language®f the samelanguagefamily or
type.

[BMA96] explore the potentialof the weirdness
ratio for TE for small languagestaking Norwegian
asanexample.They usea 10.000word specialistext
anda 100.000word generalanguageorpus.For this
purposethey usea 10.000word specialisttext and
a 100.000word generallanguagecorpus. Following
the limitations of this measurepnly one-word units
areextractedandranked. For languagesvhich almost
exclusively usecompoundindor termformation,this
methodmay be adequate.For analyticallanguages,
this methodleavesouttoo mary termsaswe demon-
stratebelon. The weirdness-ratidhasalso beenap-
plied in [AD94], in this caseto Welsh,with the spe-
cialist text and the generallanguagecorpushaving
eachthe sizeof 100.000words.

[DEJT0Q] reporton two experimentswith Mala-
gasy anAustronesiananguagen Africa. In thefirst
experimentastatisticalanguage-indepeedt TE ap-
proach(ANA [EP94]) hasbeentestedon a corpus
of 25.000words. The systemhasa good precision
(about 75%) but a low recall: only about240 TCs
have beenextracted. A secondexperimenttesteda
hybrid linguistic and statisticalapproach. In a sec-
ondexperimentahybrid, linguistic andstatistical ap-
proachhasbeentestedwhich requiredthe prior cre-
ation of a dictionaryandthe training of POS-tagger
This requiredthe creationof a dictionary and the
training of POS-taggerbefore TE could start. With
819 TCs, the numberof the extractedTCs is higher

thanin thepurelystatisticalipproachPrecisiorrates,
however, arenotreported.Thiswork excellentlydoc-
umentsthe difficulties of TE with non-Europeathan-
guagesPossiblesolutionsto the questiornof how lin-

guistic approachesnay be put to work evenin diffi-

cult circumstancearehintedat. It givesseveralhints
at possiblesolutionsto the questionof how linguis-

tic approachesnay be put to work evenin difficult

circumstances.

4.1 Example-basedTE

In an attemptto escapefrom the limitations of the
above outlined TE approacheswe investigatedthe
possibility of an example-basedapproachto TE.
Example-basedpproadesin NLP arecharacterized
by the fact that the training materialis of the same
typeasthe systems output. Feedinga computemwith
parsetreesin orderto train parsing,is an example-
basedapproacho parsing. Feedinga computerwith
examplesof classifieddocumentsn orderto classify
documentsis an example-basedpproachto docu-
mentclassification.

Theadwantageof example-basedpproachesver
rule-basedipproachess thatno abstractulesarere-
quired. As for the acquisitionof the datathis means
that examplescanbe extractedautomaticallyor cre-
atedmanuallyby enumeratingositive examples.As
for the representationno complex formalisms or
modelsare requiredto expressthe linguistic knowl-
edge. Exceptionsand regular phenomenacan be
listed side by side. The advantageof example-based
approachesver statisticalapproachess thatthe sys-
temcanstartevenfrom a singletrainingexample.

Tackling TE with anexample-basedpproactre-
quiresonly a few exampleterms, e.g. for English
redpepperinformationsociety Theseexamplescan
betraditionally elaboratedermsin an existing term-
base,thusreflectingthe propertiesof terms. In this
case, the termhoodand unithood problem may be
treatedconjointly atthesameime. TE with anexam-
ple setof only nominalphrasewill producenominal
phrasesand TE with an examplesetcontainingalso
verbalphrasewill extractalsothose.If notermsare
available,even dictionaryentriesmay suffice. These
entriesmay be reworked by deletingall word combi-
nationswhich do not have the structureof terms.The
TE canbepilotedby thelist of exampleterms,badre-
sultscanbeamendedtary time throughthedeletion
or editing of exampleterms.



Table6: Exampledravn from differentresourcesTermbankr Dictionaries.

| Method | #{TC} | recall | precision| mean |
termbankl225 || 299 0.7321| 0.284
dictionary 322 0.75 0.269 0.396
mixture 390 0.839 | 0.248 0.386

Beforegoinginto the detailsof this approachwe
have to mentionsomenon-ample-basedilters we
usefor experimentationThefirst filter concerngunc-
tion words (f-words). Theseareidentified automati-
cally and usedto exclude TCs with function words
in the positionof thefirst or lastword [c.f MNA94].
The 100 words with the highestDF are assumedo
be function words. A secondfilter, called punctua-
tion assumedghat punctuationmarksare not part of
aTC. All othermeasuresry to establisha similarity
betweerthelist of exampletermsandaTC. Theseare

theaffix pattern,
thegraphicpattern,

thelength.

Theexampletermsareusedto generatéwo types
of termpatternsy1) affix term-patternand(2) upper
case/laver-case (graphic) term patterns. Both can
bestbe explainedwith anexample. ThetermHouse
of Lords is transformednto the pattern*e—of—*g
by reducingnon-functionwordsto their last charac-
ter. Theuppercase/laver-casetermpatterncreatesa
¢ for capitalizedwords,an! for lower-casewordsand
an z otherwise. The term Houseof Lords generates
thegraphicpatternc—l—c

WordsareextractedasTCsif they fit to oneaffix
andonegraphicpatterngvenif comingfrom different
examples.The sequenc@urposeof words would re-
quirethe patterns‘e—of—*sandl—I|—I to beknown
in orderto passhisfilter.

The length of the exampletermscan be usedto
calculatea 'good’ length of TCs. We definedthis
goodlengthasthe mean(m) of thelengthof the ex-
ampleterms+3 standardleviations. Termswhichare
too smallor too long arethereforefiltered out.

4.2 Experiments

The experimentsare conductedusing a text of 994
words, written in the Ladin variantthatis spolenin
Val Ghardena.The text describeghe by-laws of the

communityand contains,accordingto a manualex-
amination,113terms.We tried to reproducehis per
fectmanualttermextractionwith differentapproaches
andtheircombination Theresultof theautomaticTE
is evaluatedin termsof recall, precision meanand
ranked recall. We shouldkeepin mind thatthe best
extractionis the onewith the highestmeanwhile the
bestrankingis the onewith the highestrankedrecall.

The TE-tool usedfor our experimentsis web-
basedool 2 that canbe freely usedfor the Ladin id-
ioms of GhardenaBadiaaswell asfor Italian, Ger
man,EnglishandFrench. Thetool canbe easilyex-
tendedto other languagesy addinga term list or
word list andsomegenerallanguageexts of the re-
spectve language.

In Table6 differenttypesof trainingmaterialare
comparedwith respecto the effectson the TE qual-
ity. Thetraining materialcanbe a list of relatedor
unrelatedterms,a list of dictionaryentriesor a mix-
ture of both. Theresultsshav that, if termsareused
as examples,we get a high precisionand a low re-
call. Usingdictionary entriesas examplesenhances
therecallandreducegrecision.For the experiments
to follow, the mixed methodwill beused.

In Table7 theresultsof differentTE methodsare
compared. Table 7 compareghe resultsof the dif-
ferent TE methods. Thefirst row, 'no method’, rep-
resentghe baseline, it extracts19019possibleTCs
and reachesthe perfectrecall of 1 with the worst
possibleprecisionfor this text, 0.0056. Assuming
thattermsneverfeaturepunctuatiormarks,only 8023
TCsareextractedwith perfectrecall. The following
two methodsexcludeall TCswith functionwordsin
first or last positionor with extremelength. This fil-
ter is not suficiently specificthough,becausdhere
arestill 20 TCsfor onetermactuallycontainedn the
inputdocument.The example-baseg@atternanethod
ontheotherhandis moreselectve thanary otherand
retainsa goodrecall(0.85).

Table8 shaws the effectontheresultswhencom-
bining differentmethods.This so-calledbagging of-

2http://www.eurac.edu/bistro



Table7: Differentsimplemethoddor 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

ten, but not necessarilyimprovesthe quality of the
TE. The example-baseghatternmethodhasa recall
of nearly85%, sothatwe startwith this methodthen
trying to improveits precision.Thecombinationwith
thefunctionwordfilter is the strictestone. It reduces
the recall only by 1% but enhanceshe precisionby
4%.

Table 9 givesthe resultsfor the weirdness-ratio
method,which only extractssingle-word terms(n =
1). Table10 shaws theresultsof the TE with Mutual
Information where the numberof words is fixed to
n = 2. With our pattern-basedpproactsuchlimita-
tionsdo notexist. Therecallcolumnof table7 shavs
clearlythatonly a subsebf termsis extracted. With
arecallof 54%,46% of thetermsremainundetected.
This might still be a good methodfor compounding
languager for very fundamentakerms. The best
precisionvalue,0.255,is yet not betterthanthe pre-
cision with unrestrictedn. Therecall of Mutual In-
formationwith only around10%is quite low, sothat
an unrestrictedr is also betterthansettingn = 2.
The resultsclearly shawv that free-lengthapproaches
areto be preferredoverthosewith afixedn, because
afixedn drasticallyreducegherecallwithout neces-
sarily improving the precision.

Figurel, Figure2 andFigure3 shaw thelearning
curve for example-based E with the examplescom-
ing from (a) aterm-list, (b) aword list and(c) a mix-
ture of both. Theresultsshav a quick rise in recall.
While therecallrisescontinually the precisiondrops
afterafew hundredexamples. Apparently with more
trainingdata,no moregoodterm-modelsarelearned,
and thoseterm-modelswhich causenoise accumu-
late. The automaticidentificationand exclusion of
inappropriateterm-modelsis one possibledirection
for our futureresearcton example-basedE.

Figurel: Thelearningcurve for Example-basedE.
Theexamplesare1200termsdravn from atermbank.
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5 Conclusions

In this paperwe have shavn thatexample-baseterm
extraction offers a feasibleapproachto TE for mi-
nority languagesvhich only needsfew or little re-
sourcesA few examplesdravn from dictionariesor
otherterminologicaldataaresuficientto createerm-
modelswhich cover mosttermsto be extracted. The
texts to be processedan be very shortaswe have
shavn. While otherapproachesspeciallystatistical
approachesquirelargetexts, we couldextractabout
100termsfrom a relatively smalltext of only 1.000
words.

The proposedexample-basedpproachreplaces
anin-depthlinguistic analysisof theinputdocument.
Dueto this shallavness the approachis proneto er
rors resultingfrom surface similarities of termsand
non-terms.In the sameway aslinguistic approaches,
the example-basedpproachcan be combinedwith
sophisticatedtatisticaratingswhenlargecorporaare
available. It can also be combinedwith linguistic
toolslike stemmersf thoseareavailable.



Table8: Combinationof simplemethoddor TE. Example-basetermpatterns+ functionwordswin.

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

Table9: Extractionof 1-word TCswith the weirdnesgatio. This approachs not satisfyingandcanonly be
maminally improved.

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

Table 10: Extractionof 2-word TCs with Mutual Information. Limiting n to 2 leaves out mary terms. An
approacmotto befollowed.

| Method | #{TC} | recall | precision| mean| rankedrecall |
MI (2 wordterms) 807 0.098| 0.013 0.024| 0.007
MI + pattern 160 0.099| 0.063 0.074| 0.064
MI + pattern+ f-words || 69 0.098| 0.144 0.110| 0.144




Figure2: Thelearningcurve for Example-basedE.
Theexamplesembraceés000dictionaryentries.
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The approachis applicableto mary languages,
however, it is not language-independe Different
patternsof compounding,inflection and derivation
will certainly influencethe quality of the approach.
It mightwork betterfor Romancdanguageshanfor
Germanicor Slavonic languages. But even within
languagegroupstheremay be differences. The ap-
proachmight work betterfor Bulgarianthanfor Rus-
sian and betterfor Italian than for French. By no
meanshowever, thisimpliesafailure of the example-
basedapproach,as other kinds of easy-to-calculate
similarities betweenterms and TCs might be used
[c.f. ELRT96]. Currentlywe ernvisageto apply the
approacho otherRomanceaninority languagesThe
so-etendedTE-toolswill continueto be freeto use
underht t p: / / www. eur ac. edu/ bi stro.
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