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Abstract

This papertacklesthe problemof Term Extraction
(TE) for Minority languages.We show that TE can
berealized,evenif computerizedlanguageresources
aresparse.We proposeanexample-basedapproach,
which draws theknowledgeof how a termis formed
from a relatively smallsetof exampleterms.For the
Ladin of Val Ghardena,which we usein our experi-
ments,theexample-basedapproachoutperformssim-
ple statisticalapproachesto TE.

1 Intr oduction

Electroniclinguisticcorporaarenowadayscrucialfor
any kind of scientificenterpriserelatedto language.
Projectsin languagedocumentation,linguistic analy-
sisandsoftwaredevelopmentall requirethecreation
andexploitationof spokenandwritten languagecor-
pora. Among thedifferenttechniquesfor corpusex-
ploitation,theautomaticextractionof terms(TE) has
becomesubjectto intensestudies.Theaim of TE is
to automatizethe first working-stepsin the creation
of terminologicaldatafor specificsub-languages.

TE is a centraltopic for the terminologicalwork
atEURAC.Thiswork aimsat thedescription,preser-
vationandcreationof legal andadministrative termi-
nologyfor theGermanandLadinspeakingminorities
in South-Tyrol. Thecreatedterminologicaldatahave
to provide an up-to-data,unambiguousandcoherent
lexis for conceptsof specificsubjectareas(e.g. law,
administration).For minority languages,thecreation�

Theresearchdescribedin this articlehasbeenpartially sup-
portedby theregionTrentino/Alto-Adigein theframework of the
projectTerminologia Ladina.

of terminologicaldatais animportantmeasurein lan-
guagepreservation.

In this paperwe focuson TE for small minority
languages,takingasexamplethedifferentidiomsof
Ladin spoken and written in the Dolomites. In the
following section(Section2) we shortly introduce
TermLad, a projectaboutLadin terminology, andil-
lustratesomeof theproblemsin computationaltermi-
nologyonemayencounterwhendealingwith minor-
ity languages.In Section3 we will introducetheba-
sic notionsunderlyingmodernapproachesto TE. We
thenexplain theunithood-problemandthetermhood-
problemandpresentdifferenttechniqueshow to ap-
proachtheseproblems(Section3.2). In Section3.3
we give an introductionto standardevaluationtech-
niquesfor TE.
In afurtherstepwecritically review theseapproaches
with respectto their applicability to minority lan-
guages.In Section4 we review the few pastexper-
imentsrelatedto TE for lessspoken languages.In
Section4.1we introduceanexample-basedapproach
to TE andprovide finally experimentaldatacompar-
ing theproposedapproachto thosecitedin thelitera-
ture(Section4.2).

2 Ladin Terminology

In 1989Ladinhasreceivedofficial statusin theLadin
valleys of BadiaandGhardenaandin 1993in Val di
Fassa.Sincethen,legal documentshave beenwritten
in Ladin. Still, theusageof Ladin is hamperedby ter-
minologicalinsecurity. Our survey in themunicipali-
tiesconfirmedthatpublicofficials encounterdifficul-
tieswith thetranslationof regulationsandordinances
from Italian. The main problemis lexical in nature
andreflectsa lackof elaboratedadministrative termi-
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nology. Thisgapcannotbebridgedwith theavailable
Ladin dictionariesas thesefeaturefew legal terms.
Thereforeparaphrasesand quasi-synonyms are fre-
quentlyused.Thesubjectfieldswhich mosturgently
requireanelaboratedterminologyaretown planning
andbuilding, accountancy, financeandpropertylaw.

In 2001 EURAC has launched a project to
promote Ladin juridical and administrative 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).

Theprojectstartedfrom delicateconditions:The
useof Ladinasanofficial languageis veryrecentand
few electronicdocumentsareavailable. Theexisting
documentsareof differentquality andunequallydis-
tributedacrossdifferentidiomsandsubjectareas.At
first, the EURAC collectedexisting electroniclegal
texts with thesupportof thelocal administrationand
Spell, the centerfor the planningandelaborationof
a standardLadin, andcreateda fragmentaryandun-
balancedcorpusin thethreeLadin idiomsGhardena,
BadiaandFassa.In orderto extract from thesetexts
theunderlyingacceptedterminology, we investigated
thepossibility to supportterminographerswith a TE
tool, which is only built on a seed-listof termsand
someadditional,non-relatedtexts.

3 Term extraction

3.1 Definitions

TE is an operationwhich takes as input a docu-
mentandproducesasoutputa list of termcandidates
( �����
	 ). Termcandidatesarewordsor phraseswhich
arepotentialtermsof thesubjectarearepresentedby
theinput document.TE is still a semi-automaticpro-
cedureandrequiresa manualconfirmationor rejec-
tion for each��� .

Traditionally, the problemof TE is seenasfind-
ing the intersectionof possiblelanguageunits (the
unithoodproblem)andpossibleterms(the termhood
problem)[c.f. CCEBVP01]. The UnithoodProblem
describesthetaskto selectfrom asetof wordcombi-
nationthosecombinationswhichform languageunits
(e.g.redcar but not is very). TheTermhoodProblem
on the other handdescribesthe task to selectfrom
a set of word combinationthosecombinationfulfill
the requirementsof a term (e.g. red pepperbut not

Table1: A list of abbreviationsusedin thepaper.��� Termcandidate���� Frequency of TC in a
givendocument� � Document Frequency,
the numberof documents
containingTC��� � Inverted Document Fre-
quency = ���������
	 Setof termcandidates���	 Term collection == un-
orderedsetof terms���	������ Subsetof � belongingto
onespecificdocument���������	 ��� is a term�����
	�� ���	������ setof correctTCs! �#"$"$"%	 Thecardinalityof aset&'�
Mutual Information

redcar). Theseproblemsmaybetackledseparately.
More often thannot, theunithoodproblemis solved
first andthe outputTCs of the filter arechecked for
their term-status(thetermhood-problem).It is possi-
ble however, to startwith the termhood-problemand
checktheTCswith respectto theirunithood.For rea-
sonsof an efficient processing,often the maximum
numberof filter criteria for unithoodand termhood
arecombinedwithin thefirst processingstep.

3.2 Approaches

Approachesto TE canbe classifiedaccordingto the
knowledgeusedaslinguistic or statisticapproaches.
All of theseapproachesmay be combinedin hybrid
approachesin orderto join thestrongaspectsof com-
plementaryapproaches.Another, orthogonal,classi-
fication describesapproachesto TE as intrinsic rel-
ative to the TC (e.g. morphologicalinformation)or
extrinsic relative to the TC. The extrinsic approach
maybesyntagmatic(e.g. syntactic,contextual infor-
mation)or paradigmatic(e.g. relationsamong ��� s
and ���	 ).
3.2.1 Linguistic Approaches

Linguistic approachesmake use of morphological,
syntactic or semanticinformation implementedin
language-specificprograms.Its mainaim is to iden-
tify languageunits. For reasonsof efficiency and
accuracy, assumptionson how termsareformedare
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Table2: Linguisticapproachesto TE, anoverview.
linguisticapproaches

methods publications

intrinsic POS-tagging,chunking [BJ99]
stop-words [MNA94, MM00]

extrinsic syntagmatic full parsing [Arp95, SVT99,Hei99? ]
paradigmatic termvariation [SW99, Jac99]

weaved into the linguistic analysis. Theseassump-
tions may refer to the numberof words to be com-
bined,specialsuffixesor partof speechrequirements.
Morphologicalanalyzers,part-of-speechtaggersand
parsersareusedfor this typeof analysis.

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

3.2.2 Statistical Approaches

In thissectionwebriefly explainthebasicideabehind
usingstatisticsfor TE andintroducesomeof themost
frequentlyemployedstatisticalmeasures.

Statisticalapproachesto TE arebasedon thede-
tectionof oneor morelexical unitsin specializeddoc-
umentswith a frequency-derived value higher than
a given threshold. They areusefulboth for extract-
ing single-word andmulti-word units. The assump-
tion underlyingtheseapproachesis that specialized
documentsare characterizedby the repeateduseof
certain lexical units or morpho-syntacticconstruc-
tions. Contrary to common-languagedocuments,
mono-referentialityandavoidanceof synonyms pre-
vail over linguistic elegance. Statisticalinformation
that can be computed,basedon theseassumptions,
are the frequency of a TC and its parts in a given
corpus, the frequency of this TC as part of other
longerTCs andthe lengthof the TC-string(number
of words,numberof characters).Wediscussonly the
moreelementarymeasures.

(1) Frequency of occurrence:Theeasiestway to
calculatetheimportanceof lexical unitsin acorpusis
counting.Themorefrequentlya 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
extractTCsjustby frequency wouldalsoidentify fre-
quentlyappearingcombinationsof functionwordsas

TCs.Evenif usedin combinationwith afilter for cer-
tain morpho-syntacticpatterns,this approachis not
alwayssatisfactory.

The frequency of occurrencecan be improved
when expressedas TF.IDF. This measure,widely
usedfor thepurposeof informationretrieval, divides
the ����)( , thefrequency of occurrenceof ���*( in the
document,by thedocumentfrequency

� �)( , i.e. the
numberof otherdocumentswhichcontain���*( . The
underlyingassumptionis that linguistic expressions
which characterizea documentarefrequentwithin a
documentbut infrequentacrossdifferentdocuments.
The sameassumptionis expressedin theweirdness-
ratio which usesrelative frequenciesfor TF andIDF
[c.f. BMA96]).

+-, "$.�/ , (10 �����2(� �2( (1)

3547698;:#<74>=-=?87@BAC6BD ( 0
EGFG�BHIKJ ELFNM���BHO�PRQ�SPRQ5T �����VU

(2)

The main problem with frequency-based ap-
proachesis that they may work well for one-word
units,but donoscaleup for two- or three-word units.
If the TE-approach,whatever it may be, is basedon
a sampleof 10.000words,anextensionto two-word
unitswouldrequirea100.000.000wordsamplein or-
der to obtainequallygoodresults.For the treatment
of tree-word units, W�X;"YXBXBXBZ[0 W\"YXBXBX;"YXBXBX;"YXBXBX;"YXBX#X
words would be required. This problem is known
assparse-dataproblemandis presentin all measures
which involve the frequency of the TC asundivided
unit,e.g.thejoint probability. If calculationof theDF
includesthe documentfrom which TE starts,which
is not correctfor hypothesistesting,DF of mosttwo-
andtreeword units will have the value1. If the oc-
currencein thedocumentis not included,DF will be
0 in mostcases.However, eachof thesevaluesis a
badestimate.



Table3: Statisticapproachesto TE, anoverview.
statisticapproaches

methods publications

intrinsic mutualinformation [CH89]
likelihoodratio [HFH01]

extrinsic syntagmatic nc-value [MA99, MA00, PL01,DHJ96]
entropy [MM00]

paradigmatic c-value [Nak01]
to document weirdness [BMA96]

Table4: Thecontingency tableof observed frequen-
cies ] �^� . . . ]`_^_ for thewordpair (A,B).a _b0dc a _fe0dc O

a � 0dg ] �^� ] � _ h �a � e0dg ]`_ � ]`_^_ h�_O � � ��_ i

Table5: Thecontingency tableof estimatedfrequen-
cies j �^� . . . jb_^_ underindependency assumption.a _b0kc a _fe0kca � 0lg j �^� 0nm Tpo

F Tq j � _b0nm Tpo
F5rqa � e0lg j`_ � 0 m

r o F Tq j`_^_b0 m r o F5rq

Thefrequency of a TC is onepossiblevariantof
associationmeasures.Associationmeasuresareused
to rate the correlationof word pairs. Thesemea-
surescanbederivedfrom thecontingencytableof the
word pair (A,B). The contingency tablecontainsthe
observed frequenciesof (A,B), (A,notB), (notA,B)
and (notA,notB), marked here as ] �^� . . . ]b_^_ . If
the occurrencesof (A,B), (A,notB) . . . are indepen-
dent, their expectedfrequenciesare estimatedfrom
theproductof themarginal sums.Thesearestoredasj �^� . . . j`_^_ . Lexical associationmeasuresareformu-
las that relatethe observed frequencies] to the ex-
pectedfrequency j undertheassumptionthatA and
B areindependent.Fromthefactthatthefrequency is
definedas ] �^� , weseethatthefrequency includesthe
cell of thecontingency tablemostdifficult to estimate
(for sutvW ) andnoneof theothercellswhichallow to
relativize theobservedfrequency.

TheMutual Informationasassociationmeasureis
definedas:

w .0 ] �^�j �^� (3)

Mutual Information (MI) is used frequently in
corpus linguistics to calculate the associationbe-
tweentwo lexical units,even if this measuredoesn’t
work very well for low-frequency events. The MI
canbeequallydefinedastheprobabilityof the joint
occurrenceof a � and a _ , divided by the product
of the probabilitiesof the singularoccurrences.If
two wordsoccuroncesideby sidein a onehundred
words corpus,they get a MI of xzy|{~}B_\��W�XBX�� . On
the other hand, if they co-occur twice, they get a
MI of x�y|{�}B_#���\X�� . This shows that the probability
of the joint singular occurrencehas been rudely
overestimated.

Anotherproblemwith frequency-basedmeasures
is thatthey mayrankTCscorrectlyif they containthe
samenumberof words,but rankTCsof morewords
toolow or toohigh. Actually, many measuresaresim-
ply notdefinedfor measuringtheassociationbetween
morethantwo words.If wewouldbeforcedto create
a MI-measurefor 3-word units,this couldbedefined
as,startingfrom a three-dimensionalcontingency ta-
ble:

w . Z 0 ] �^�^�j �^�^� (4)

A singular3-word expressionin a 100word cor-
puswould consequentlyreceive theMI of x�W�X;"YXBXBX !
Actually, most measuresare simply not definedfor
measuringthe associationbetweenmore than two
words.

Other, moreappropriatemeasuresaree.g.the � _ -
measure,the � - �~��{9�B� and the likelihood ratios: The



� _ -measurefor dependencedoesn’t assumenormally
distributedprobabilities.� _ is definedas:

� _ 0��|�Y� ��]
���`� j ��� � _j �Y� (5)

Frequenciesshould be 5 or higher in order to
apply the ���5� _ -measures.The � -scoreand the log-
likelihood ratio are better suited for low-frequency
dataandaredefinedas:

A � =��#D�8;4 0 ] �^�
� j �^�� ] �^� (6)

� D-� � � 69�74 � 6��>D�D�: 0k�����Y�u] �Y��� y {~}B_#� ]
���
j �Y� � (7)

Note,thatthelikelihood-ratiois moreappropriate
for sparsedatathanthe � _ -measure.It is howevernot
definedif a � or a � appearsonly in the pair ( a � ,a � )
[Dai94]. 1

To sumup,all frequency-basedtechniquesassign
a numericalvalueto setsof words. Thesenumerical
valuesallow to extract andrank TCs andto exclude
TCs below a certainthreshold.The unit-hoodprob-
lem is not properlyaddressedfor two reasons.First,
the measureis applicableonly to s -word sequences
with a fixed s , e.g. s¡0¢� . Secondly, word associa-
tionsdo not respectphraseboundaries,ie. they may
identify partsof a phraseor associationsas look at,
whereat belongsto thefollowing PP.

Anotherstatisticalapproachaimsat the identifi-
cation of boundariesof 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 approachis equallyapplicableto low frequency
TCs. If, however, boundariesaredefinedasthe en-
tire TC and the words preceedingand following it,
theproblemof sparsedatareappears.The boundary
is classicallygaugedvia theentropy, but any associa-
tion measurecouldbeusedto locateaboundarythere
wherelow associationsarefound.

3.3 Evaluation

Although muchof the usefulnessof TE dependson
theway how TE programsareintegratedinto theter-

1Most word associationmeasuresare implementedin the
Perl-moduleN-gram Statistics Package which can be freely
downloadedfrom CPAN.

minographer’s working environment, approachesto
TE arefrequentlyevaluatedin termsof recallandpre-
cision to which we will addherethe rankedrecall as
anothercriterion[c.f. JM02].

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

8545��@ �-� 0 ! �B�����
	�� ���G�£�R��	B	! ���¤�����¥	 (8)

With a recall of 80%, 20% of the termsremain
undetected.The recall is often not measuredasit is
difficult to determinetheexactsetof termsin a text.
The precision describesthe accuracy with which
wordsandphrasesareclassifiedasterms. If the ter-
minographerhasto discardmany TCs, theprecision
is low. Theprecisionis definedasthenumberof cor-
rectlyidentifiedTCsdividedby thenumberof all pro-
posedTCs.

¦ 8545��6;=�6#D\< 0 ! �B�����
	§�¨���	�������	! �����©	 (9)

With a precisionof 80%,20%of theTCsarenot
terms.
As high valuesof recall often imply low precision
scoresand vice versa,recall and precisionare fre-
quentlycombinedinto theharmonicmeanas:

ª 4;@9< 0 �
� ! �B�����
	§� ���	��£�R��	! ���¤�����¥	§« ! �����
	 (10)

As TE may produce for a medium-sizedtext
many thousandsTCs, it is important to 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 better the TE, the more accurately
terms are separatedfrom non-terms. Accordingly,
we usetherankedrecall asa furtherevaluationcrite-
rion. If we define � � astherankof the � th ���¬ ���®��B�����
	5�����	�������	 thentherankedrecallis definedas:

85@\<��74-:8545��@ ��� 0 O�¯� �O°¯� � � (11)

.
In a list of 3 ��� swith thesecondandthird ��������	������ , therankedrecall is �p± __ ± Z 0dX;"³² .



4 TE for Minority Languages

TE canbe regardedasone techniquethat is crucial
for thesupportof minority languages.Nevertheless,
very little researchhasbeendonein thisarea.There-
sourcesthatareusuallyusedfor TE rarelyexist to the
samedegreefor minority languages.Expensive cre-
ation of lingwareby trainedlinguists is often infea-
sible: Formally trainedlinguistsin theminority lan-
guagearehardto find andit may take yearsto build
suchresources.

An alternativeapproachis thetransferof asystem
developedfor languageA to languageB. However,
thedifferencesamonglanguagesalsoimpedea trans-
fer betweenlanguages.E.g. GermanicandSlavonic
termsneedacompoundanalysis,while Romancelan-
guagetermsrequireananalyticanalysis.Thetransfer
of approachesor systemsfrom well-developedlan-
guagesto minority languagesthereforeseemsto be
limited to languagesof the samelanguagefamily or
type.

[BMA96] explore the potentialof the weirdness
ratio for TE for small languages,taking Norwegian
asanexample.They usea10.000wordspecialisttext
anda100.000wordgenerallanguagecorpus.For this
purposethey usea 10.000word specialisttext and
a 100.000word generallanguagecorpus.Following
the limitations of this measure,only one-word units
areextractedandranked.For languageswhichalmost
exclusively usecompoundingfor termformation,this
methodmay be adequate.For analyticallanguages,
this methodleavesout toomany termsaswe demon-
stratebelow. The weirdness-ratiohasalsobeenap-
plied in [AD94], in this caseto Welsh,with thespe-
cialist text and the generallanguagecorpushaving
eachthesizeof 100.000words.

[DEJ± 00] reporton two experimentswith Mala-
gasy, anAustronesianlanguagein Africa. In thefirst
experiment,astatisticallanguage-independent TE ap-
proach(ANA [EP94]) hasbeentestedon a corpus
of 25.000words. The systemhasa good precision
(about75%) but a low recall: only about240 TCs
have beenextracted. A secondexperimenttesteda
hybrid linguistic and statisticalapproach. In a sec-
ondexperimentahybrid,linguisticandstatistical,ap-
proachhasbeentestedwhich requiredtheprior cre-
ation of a dictionaryandthe training of POS-tagger.
This required the creationof a dictionary and the
training of POS-tagger, beforeTE could start. With
819 TCs, the numberof the extractedTCs is higher

thanin thepurelystatisticalapproach.Precisionrates,
however, arenot reported.Thiswork excellentlydoc-
umentsthedifficultiesof TE with non-Europeanlan-
guages.Possiblesolutionsto thequestionof how lin-
guisticapproachesmaybe put to work even in diffi-
cult circumstancesarehintedat. It givesseveralhints
at possiblesolutionsto the questionof how linguis-
tic approachesmay be put to work even in difficult
circumstances.

4.1 Example-basedTE

In an attemptto escapefrom the limitations of the
above outlined TE approaches,we investigatedthe
possibility of an example-basedapproachto TE.
Example-basedapproachesin NLP arecharacterized
by the fact that the training material is of the same
typeasthesystem’s output.Feedingacomputerwith
parsetreesin order to train parsing,is an example-
basedapproachto parsing.Feedinga computerwith
examplesof classifieddocumentsin orderto classify
documentsis an example-basedapproachto docu-
mentclassification.

Theadvantageof example-basedapproachesover
rule-basedapproachesis thatno abstractrulesarere-
quired. As for theacquisitionof thedatathis means
that examplescanbe extractedautomaticallyor cre-
atedmanuallyby enumeratingpositive examples.As
for the representation,no complex formalisms or
modelsarerequiredto expressthe linguistic knowl-
edge. Exceptionsand regular phenomenacan be
listedsideby side. Theadvantageof example-based
approachesover statisticalapproachesis thatthesys-
temcanstartevenfrom a singletrainingexample.

TacklingTE with anexample-basedapproachre-
quiresonly a few example terms,e.g. for English
redpepper, informationsociety. Theseexamplescan
betraditionallyelaboratedtermsin anexisting term-
base,thusreflectingthe propertiesof terms. In this
case,the termhoodand unithood problem may be
treatedconjointlyat thesametime. TE with anexam-
ple setof only nominalphraseswill producenominal
phrasesandTE with an examplesetcontainingalso
verbalphraseswill extractalsothose.If no termsare
available,evendictionaryentriesmaysuffice. These
entriesmaybereworkedby deletingall word combi-
nationswhichdonothave thestructureof terms.The
TE canbepilotedby thelist of exampleterms,badre-
sultscanbeamendedatany timethroughthedeletion
or editingof exampleterms.



Table6: Examplesdrawn from differentresources:Termbanksor Dictionaries.
Method #� TC 	 recall precision mean

termbank1225 299 0.7321 0.284
dictionary 322 0.75 0.269 0.396
mixture 390 0.839 0.248 0.386

Beforegoinginto thedetailsof this approachwe
have to mentionsomenon-example-basedfilters we
usefor experimentation.Thefirstfilter concernsfunc-
tion words (f-words). Theseareidentifiedautomati-
cally and usedto exclude TCs with function words
in thepositionof thefirst or lastword [c.f MNA94].
The 100 wordswith the highestDF areassumedto
be function words. A secondfilter, calledpunctua-
tion assumesthat punctuationmarksarenot part of
a TC. All othermeasurestry to establisha similarity
betweenthelist of exampletermsandaTC.Theseare

theaffix pattern,

thegraphicpattern,

thelength.

Theexampletermsareusedto generatetwo types
of termpatterns:(1) affix term-patternsand(2) upper-
case/lower-case(graphic) term patterns. Both can
bestbeexplainedwith an example. The termHouse
of Lords is transformedinto the pattern*e—of—*s,
by reducingnon-functionwordsto their last charac-
ter. Theupper-case/lower-casetermpatterncreatesa� for capitalizedwords,an y for lower-casewordsand
an ´ otherwise.The term Houseof Lords generates
thegraphicpatternc—l—c.

WordsareextractedasTCsif they fit to oneaffix
andonegraphicpattern,evenif comingfromdifferent
examples.Thesequencepurposeof wordswould re-
quirethepatterns*e—of—*sandl—l—l to beknown
in orderto passthisfilter.

The lengthof the exampletermscanbe usedto
calculatea ’good’ length of TCs. We definedthis
goodlengthasthemean( µ ) of the lengthof theex-
ampleterms¶�· standarddeviations.Termswhichare
toosmallor too longarethereforefilteredout.

4.2 Experiments

The experimentsare conductedusing a text of 994
words,written in the Ladin variant that is spoken in
Val Ghardena.The text describestheby-laws of the

communityandcontains,accordingto a manualex-
amination,113terms.We tried to reproducethisper-
fectmanualtermextractionwith differentapproaches
andtheircombination.Theresultof theautomaticTE
is evaluatedin termsof recall, precision, meanand
ranked recall. We shouldkeepin mind that the best
extractionis theonewith thehighestmeanwhile the
bestrankingis theonewith thehighestrankedrecall.

The TE-tool usedfor our experimentsis web-
basedtool 2 thatcanbefreely usedfor theLadin id-
ioms of Ghardena,Badiaaswell asfor Italian, Ger-
man,EnglishandFrench.The tool canbeeasilyex-
tendedto other languagesby addinga term list or
word list andsomegenerallanguagetexts of the re-
spective language.

In Table6 differenttypesof trainingmaterialare
comparedwith respectto theeffectson theTE qual-
ity. The training materialcanbe a list of relatedor
unrelatedterms,a list of dictionaryentriesor a mix-
tureof both. Theresultsshow that, if termsareused
as examples,we get a high precisionand a low re-
call. Using dictionaryentriesasexamplesenhances
therecallandreducesprecision.For theexperiments
to follow, themixedmethodwill beused.

In Table7 theresultsof differentTE methodsare
compared.Table7 comparesthe resultsof the dif-
ferentTE methods.The first row, ’no method’,rep-
resentsthe baseline, it extracts19019possibleTCs
and reachesthe perfect recall of 1 with the worst
possibleprecisionfor this text, 0.0056. Assuming
thattermsneverfeaturepunctuationmarks,only 8023
TCsareextractedwith perfectrecall. The following
two methodsexcludeall TCswith functionwordsin
first or lastpositionor with extremelength. This fil-
ter is not sufficiently specificthough,becausethere
arestill 20TCsfor onetermactuallycontainedin the
input document.Theexample-basedpatternsmethod
ontheotherhandis moreselective thanany otherand
retainsagoodrecall(0.85).

Table8 shows theeffectontheresultswhencom-
bining differentmethods.This so-calledbagging of-

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



Table7: Differentsimplemethodsfor TE, testedindividually. Therankingof TCsis donevia TF.
Method # � TC 	 recall precision mean rankedrecall

no method 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 necessarily, improves the quality of the
TE. The example-basedpatternmethodhasa recall
of nearly85%,sothatwestartwith thismethod,then
trying to improve its precision.Thecombinationwith
thefunctionwordfilter is thestrictestone.It reduces
the recall only by 1% but enhancesthe precisionby
4%.

Table9 gives the resultsfor the weirdness-ratio
method,which only extractssingle-word terms( s¸0W ). Table10 shows theresultsof theTE with Mutual
Information wherethe numberof words is fixed tosu0v� . With our pattern-basedapproachsuchlimita-
tionsdonotexist. Therecallcolumnof table7 shows
clearly thatonly a subsetof termsis extracted.With
a recallof 54%,46%of thetermsremainundetected.
This might still be a goodmethodfor compounding
languagesor for very fundamentalterms. The best
precisionvalue,0.255,is yet not betterthanthepre-
cision with unrestricteds . The recall of Mutual In-
formationwith only around10%is quite low, sothat
an unrestricteds is also betterthan setting s®0¹� .
The resultsclearly show that free-lengthapproaches
areto bepreferredover thosewith a fixed s , because
afixed s drasticallyreducestherecallwithout neces-
sarily improving theprecision.

Figure1, Figure2 andFigure3 show thelearning
curve for example-basedTE with theexamplescom-
ing from (a) a term-list,(b) a word list and(c) a mix-
tureof both. The resultsshow a quick rise in recall.
While therecallrisescontinually, theprecisiondrops
aftera few hundredexamples.Apparently, with more
trainingdata,nomoregoodterm-modelsarelearned,
and thoseterm-modelswhich causenoiseaccumu-
late. The automaticidentificationand exclusion of
inappropriateterm-modelsis one possibledirection
for our futureresearchon example-basedTE.

Figure1: Thelearningcurve for Example-basedTE.
Theexamplesare1200termsdrawn from atermbank.
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5 Conclusions

In thispaperwehaveshown thatexample-basedterm
extraction offers a feasibleapproachto TE for mi-
nority languageswhich only needsfew or little re-
sources.A few examples,drawn from dictionariesor
otherterminologicaldataaresufficient to createterm-
modelswhich cover mosttermsto beextracted.The
texts to be processedcan be very short as we have
shown. While otherapproaches,especiallystatistical
approachesrequirelargetexts,wecouldextractabout
100 termsfrom a relatively small text of only 1.000
words.

The proposedexample-basedapproachreplaces
anin-depthlinguistic analysisof theinput document.
Dueto this shallowness,theapproachis proneto er-
rors resultingfrom surfacesimilaritiesof termsand
non-terms.In thesameway aslinguistic approaches,
the example-basedapproachcan be combinedwith
sophisticatedstatisticalratingswhenlargecorporaare
available. It can also be combinedwith linguistic
toolslike stemmersif thoseareavailable.



Table8: Combinationof simplemethodsfor TE. Example-basedtermpatterns+ 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 theweirdnessratio. This approachis not satisfyingandcanonly be
marginally improved.

Method # � TC 	 recall precision mean rankedrecall

weirdnessratio 345 0.544 0.188 0.280 0.363
weirdnessratio+ pattern 312 0.544 0.210 0.303 0.415
weirdnessratio+ length 316 0.544 0.205 0.298 0.400
weirdnessratio+ length+ pattern 302 0.544 0.215 0.308 0.416
weirdnessratio+ f-words 281 0.544 0.225 0.318 0.367
weirdnessratio+ f-words+ pattern 250 0.544 0.254 0.346 0.404
weirdnessratio+ f-words+ pattern+ length 249 0.544 0.255 0.347 0.404

Table10: Extractionof 2-word TCs with Mutual Information. Limiting s to 2 leavesout many terms. An
approachnot to befollowed.

Method # � TC 	 recall precision mean rankedrecall

MI (2 word terms) 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-basedTE.
Theexamplesembrace5000dictionaryentries.
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The approachis applicableto many languages,
however, it is not language-independent. Different
patternsof compounding,inflection and derivation
will certainly influencethe quality of the approach.
It might work betterfor Romancelanguagesthanfor
Germanicor Slavonic languages. But even within
languagegroupstheremay be differences.The ap-
proachmight work betterfor Bulgarianthanfor Rus-
sian and better for Italian than for French. By no
meanshowever, this impliesa failureof theexample-
basedapproach,as other kinds of easy-to-calculate
similarities betweenterms and TCs might be used
[c.f. ELR± 96]. Currently we envisageto apply the
approachto otherRomanceminority languages.The
so-extendedTE-toolswill continueto be free to use
underhttp://www.eurac.edu/bistro.

References

[AD94] Khurshid Ahmad and A.E Davies.
’weirdness’ in special-languagetext:
Welsh radioactive chemicalstexts as
an exemplar. Journal of the Inter-
nationalInstitutefor Terminology Re-
search, 5(2):22–52,1994.

[Arp95] Antti Arppe.Termextractionfrom un-
restrictedtext. Helsinki, May 30-31
1995. Short Paper presentedat the
10thNordic Conferenceof Computa-
tionalLinguistics(NoDaLiDa).

Figure3: Thelearningcurve for Example-basedTE.
Theexamplesaremixedtermsanddictionaryentries.

0
º

1000
º

2000
º

3000
º

4000
º

5000
º

6000
º

number of training items¼0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

re
ca

ll,
 p

re
ci

si
o

n
 a

n
d

 m
e

a
n

recall¾
precision¿
meanÀ

[BJ99] Didier Bourigault and Christian
Jacquemin. Term extraction + term
clustering. An integrated platform
for computer-aided-terminology. In
Proceedingsof EACL, pages15–22.
Bergen,1999.

[BJL01] Didier Bourigault, Christian
Jacquemin, and Marie-Claude
L’Homme, editors. RecentAdvances
in Computational Terminology,
Natural LanguageProcessing,John
Benjamins,Amsterdam,2001.

[BMA96] Magnar Brekke, JohanMyking, and
KhurshidAhmad. Terminologyman-
agementand lesser-used living lan-
guages:A critiqueof thecorpus-based
approach.In [San96] , pages179–189.
1996.

[CCEBVP01] M. Teresa Cabŕe Castellv́i, Rosa
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