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Résuḿe- Abstract

Cettecommunicationtraitele probl̀emedel’extractiondetermespourleslanguesminoritaires.
Nousprésentonsuneméthodebaśeesur desexemplesqui fonctionnemêmesi les ressources
linguistiquesdigitalessontrares.Notreméthodesebasesurmod̀elesdetermesgéńeŕesàpartir
d’un nombrelimit édetermesd’exemple.Lesrésultatsobtenuspourle Ladin du Val Gherdena
sontmeilleursqueceuxdesapprochesstatistiquessimplesá l’extractiondetermes.

This papertacklesthe problemof Term Extraction(TE) for Minority languages.We show
that TE canbe realized,even if computerizedlanguageresourcesaresparse.We proposean
example-basedapproach,whichdrawstheknowledgeof how atermis formedfrom arelatively
small setof exampleterms. For theLadin of Val Gardena,which we usein our experiments,
theexample-basedapproachoutperformssimplestatisticalapproachesto TE.



OliverStreiter, DanielZielinski, IsabellaTiesandLeonhardVoltmer

1 Intr oduction

Minority Languageshave few speakers,few native linguistsandevenfewer computationallin-
guists. If thoselanguageshave a writing system,they oftenmaynot have strict writing rules.
They alwayslackadequatecorporaandfinancialsupport.Undersuchconditions,whicharethe
approachesto befollowed?Statisticalapproachesof corpuslinguisticsneedlargeamountsof
languageresources.Rule-basedapproaches(for taggingandparsing)requireexpensiveskilled
workers. Technologytransferfrom otherlanguagesoften fails if designedspecificallyfor one
languageor languagefamily. This is thecasefor shallow NLP techniqueswhichmake implicit
assumptionsaboutthe language.Therefore,example-basedapproachesseemto bepromising.
Requiredarearelatively smallnumberof specificexampleswhichcanbecreatedby any native
speaker.

Among the mostbasicneedsof a minority languagefiguresthe creationandmanagementof
terminology. This is the situationfor the differentidioms of Ladin spoken andwritten in the
Dolomites(Italy). In 1989Ladin hasreceivedofficial statusin theLadin valleys of Badiaand
Gardenaandin 1993in Val di Fassa.Sincethen,legaldocumentshavebeenwritten in Ladin.

Termextractionhelpscreatingterminologyfrom texts. Wewill seenow whatthis taskimplies,
what solutionsthe scientific literatureproposesand how our example-basedapproachrates
amongstthem:In Section2 wedescribemodernapproachesto TE by referenceto theunithood-
problemandthetermhood-problem.In Section2.3 we describeevaluationtechniquesfor TE.
In Section3 wereview thepastexperimentsin thefield andproposein Section3.1anexample-
basedapproachto TE andrelatedthis approachto thosecitedin theliterature(Section3.2).1

2 Term extraction

2.1 Definitions

TE is anoperationwhich takesasinput a documentandproducesasoutputa list of termcan-
didates( ������� ). Termcandidatesarewordsor phraseswhich arepotentialtermsof thesubject
arearepresentedby the input document.Traditionally, TE is seenasintersectionof two prob-
lems.TheUnithoodProblemis thetaskto selectlanguageunitsfrom asetof wordcombination
(e.g. redcar but not is very). TheTermhoodProblemon theotherhanddescribesthe taskto
selectfrom a setof word combinationthosecombinationswhich fulfill the requirementsof a
term(e.g.redpepperbut not redcar). Moreoftenthannot, theunithoodproblemis solvedfirst
andtheoutputTCsarecheckedfor their term-status(thetermhood-problem).

2.2 Approaches

Approachesto TE canbe classifiedaccordingto the knowledgeusedaslinguistic or statistic
approaches.They maybecombinedin hybridapproachesin orderto join thestrongaspectsof

1Abbreviationsusedin the paper: 	�
 == Term candidate;	�

� == Frequency of TC in a given document;� � == DocumentFrequency, thenumberof documentswith TC; � � � == InvertedDocumentFrequency = ���� ;� 	�
�� == Setof term candidates;
� 	�� == Term collection== unorderedsetof terms;

� 	�������� == Subsetof 	
belongingto onespecificdocument;	�
�� � 	�� == 	 
 is a term;

� 	 
��"! � 	��#���$� == setof correctTCs; % �'&(&)& �
== Thecardinalityof aset.
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Table1: Approachesto TE, anoverview.
Linguistic methods publications

intrinsic POS-tagging,chunking (Bourigault& Jacquemin,1999)
stop-words (Merkel & Mikael, 2000)

extrinsic syntagmatic full parsing (Arppe,1995;Soininenet al., 1999)
paradigmatic termvariation (Jacquemin,1999)

Statistical methods publications

intrinsic mutualinformation (Church& Hanks,1989)
likelihoodratio (Honget al., 2001)

extrinsic syntagmatic nc-value (Maynard& Ananiadou,1999)
entropy (Merkel & Mikael, 2000)

paradigmatic c-value (Nakagawa,2001)
to document weirdness (Brekke et al., 1996)

complementaryapproaches.Another, orthogonal,classificationdescribesapproachesto TE as
intrinsic relative to theTC (e.g.morphologicalinformation)or extrinsic relative to theTC. The
extrinsicapproachmaybesyntagmatic(e.g.syntactic,contextual information)or paradigmatic
(e.g.relationsamong��� sand ���*� ).
Linguistic approachesmake useof morphological,syntacticor semanticinformationimple-
mentedin language-specificprograms.Its mainaim is to identify languageunits. For reasons
of efficiency andaccuracy, assumptionsonhow termsareformedareweavedinto thelinguistic
analysis.Theseassumptionsmayreferto thenumberof wordsto becombined,specialsuffixes
or part of speechrequirements.Morphologicalanalyzers,part-of-speechtaggersandparsers
areusedfor this type of analysis.A list of stop-words,e.g. wordsthat might not occur in a
specificpositionof aTC (beginning,middle,end)maybeusedin additionto othercriteria.

Statistical approachesto TE arebasedonthedetectionof oneor morelexical unitsin special-
izeddocumentswith a frequency-derivedvaluehigherthana giventhreshold.They areuseful
both for extractingsingle-word andmulti-word units. The assumptionis that documentsare
characterizedby therepeateduseof certainlexical unitsor morpho-syntacticconstructions.We
discussonly themoreelementarymeasures.

(1) Frequency of occurrence:Themorefrequentlya lexical unit appearsin a givendocument
the more likely it is that this unit hasa specialfunction or meaning.Yet extractingTCs just
by frequency would alsorenderfrequentlyappearingcombinationsof functionwordsasTCs.
Even in combinationwith a filter for certainmorpho-syntacticpatterns,this approachis not
alwayssatisfactory.

A secondassumptionis that linguistic expressionswhich characterizea documentarefrequent
within adocumentbut infrequentacrossdifferentdocuments.Onemeasureto capturethis idea
is TF.IDF (Equation2 in Annex), widely usedin informationretrieval. It dividesthe ���,+.- ,
the frequency of occurrenceof �/�0- in the document,by the documentfrequency 12+.- , i.e.
thenumberof otherdocumentswhich contain ���0- . Thesameassumptionis expressedin the
weirdness-ratio(Equation3)which usesrelative frequenciesfor TF and IDF (Brekke et al.,
1996).

Themainproblemwith frequency-basedapproachesis that they maywork well for one-word
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units, but do no scaleup for two- or three-word units. If the TE-approach,whatever it may
be, is basedon a sampleof 10.000words, an extensionto two-word units would requirea
100.000.000word samplein order to obtainequallygoodresults. For the treatmentof tree-
word units, 3�465)4747498;:<395(4749465(4947465)4747465)47474 wordswould berequired.This problemis known as
sparse-dataproblemandis presentin all measureswhich involve the frequency of the TC as
undividedunit, e.g.thejoint probability.

Thefrequency of a TC is onetypeof associationmeasures.Associationmeasuresareusedto
ratethecorrelationof wordpairs.Thesemeasurescanbederivedfrom thecontingencytableof
thewordpair (A,B) (Tab. 6). Thecontingency tablecontainstheobservedfrequenciesof (A,B),
(A,notB), (notA,B) and(notA,notB),markedhereas =,>�> . . . =@?�? . If theoccurrencesof (A,B),
(A,notB) . . .areindependent,their expectedfrequenciesareestimatedfrom theproductof the
marginal sums.Thesearestoredas A@>�> . . . AB?�? . Lexical associationmeasuresareformulasthat
relatetheobservedfrequencies= to theexpectedfrequency A undertheassumptionthatA and
B areindependent.Thesimplefrequency correspondsto =,>�> in this table.

Mutual Information(MI) (Equation4) measurestheassociationbetweentwo units. This mea-
sureis usedfrequently in corpuslinguistics, even thoughit works badly for low-frequency
events.TheMI canbedefinedastheprobabilityof thejoint occurrenceof C/> and C;? , divided
by the productof the probabilitiesof the singularoccurrences.If two wordsoccuronceside
by sidein a onehundredwordscorpus,they get a MI of DFEHGJIK?MLN3O474QP . On the otherhand,if
they co-occurtwice, they geta MI of DREHG�I9?JL$S94QP . This shows that theprobabilityof the joint
singularoccurrencehasbeenrudelyoverestimated.

Anotherproblemwith frequency-basedmeasuresis that they may rank TCs correctly if they
containthesamenumberof words,but rankTCsof morewordstoo low or too high. Actually,
many measuresaresimply not definedfor measuringthe associationbetweenmorethantwo
words. If we would be forcedto createa MI-measurefor 3-word units, this couldbe defined
as,startingfrom a three-dimensionalcontingency tableasin Equation5. A singular3-word
expressionin a 100word corpuswouldconsequentlyreceive theMI of DT3�4U5(47494 !
Other, moreappropriatemeasuresaree.g.the V ? -measure,the W - X�YZGM[K\ andthelikelihoodratios:
The V ? -measurefor dependence(Equation6) doesn’t assumenormallydistributedprobabilities.
Frequenciesshouldbe5 or higherin orderto applythe Y^]`_ ? -measures.The W -score(Equation7)
andthe log-likelihoodratio (Equation8) arebettersuitedfor low-frequency data. The latter
however is not definedif Cba or Cdc appearsonly in thepair ( Cba , Cdc ) (Daille, 1994).2

To sumup,all frequency-basedtechniquesassignanumericalvalueto setsof wordsto rankTCs
andto excludeTCsbelow acertainthreshold.Theunit-hoodproblemis notproperlyaddressed
for two reasons.First, themeasureis applicableonly to e -word sequenceswith a fixed e , e.g.ef:hg . Secondly, word associationsdo not respectphraseboundaries,ie. they may identify
partsof aphraseor associationsaslook at, whereat belongsto thefollowing PP.

Anotherstatisticalapproachaimsat the identificationof boundariesof TCs. If theboundaries
aredefinedasthe first andlast word of a TC andthe wordspreceedingandfollowing them,
this approachis suitablefor TCs of variablelength,without requiring larger corporafor the
identificationof longerTCs.If boundariesaredefinedastheentireTC andthewordspreceeding
andfollowing it, theproblemof sparsedatareappears.Theboundaryis classicallygaugedvia

2Mostwordassociationmeasuresareimplementedin thePerl-moduleN-gramStatisticsPackagewhichcanbe
freelydownloadedfrom CPAN.
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the entropy, but any associationmeasurecould be usedto locatea boundarytherewherelow
associationsarefound.

2.3 Evaluation

Althoughmuchof theusefulnessof TE dependson the way how TE programsareintegrated
into the terminographer’s working environment,approachesto TE arefrequentlyevaluatedin
termsof recall, precision, meanandtherankedrecall.

Therecall describesthecapacityto identify all termscontainedin a document.It is definedas
thenumberof correctlyidentifiedTCsdividedby thenumberof termsin thetext. With a recall
of 80%,20%of thetermsremainundetected.
Theprecisiondescribestheaccuracy with which wordsandphrasesareclassifiedasterms. If
the terminographerhasto discardmany TCs, the precisionis low. The precisionis defined
asthenumberof correctlyidentifiedTCsdividedby thenumberof all proposedTCs. With a
precisionof 80%,20%of theTCsarenot terms.
High valuesof recall often imply low precisionscoresandvice versa. Thereforerecall and
precisionarefrequentlycombinedinto theharmonicmean.
TE mayproducefor amedium-sizedtext many thousandsTCsandit is importantto rankthem.
We usethe rankedrecall asa furtherevaluationcriterion. If we define ['a astherankof the _ th���ji �/�lk��Q�������0mn���*�JoNp�q�� thentherankedrecall is definedin Equation1: In a list of 3 ��� s
with thesecondandthird ���rks���t�Joupvq , therankedrecall is >$w`??uw 8 :x4U5(y .

3 TE for Minority Languages

(Brekke et al., 1996)explore the potentialof the weirdnessratio for TE for small languages,
takingNorwegianasanexample. They usea 10.000word specialisttext anda 100.000word
generallanguagecorpus. Following the limitations of this measure,only one-word units are
extractedandranked. For languageswhich almostexclusively usecompoundingfor termfor-
mation, this methodmay be adequate.For analytical languages,this methodleavesout too
many termsaswe demonstratebelow. Theweirdness-ratiohasalsobeenappliedin (Ahmad&
Davies,1994),in this caseto Welsh,with the specialisttext andthe generallanguagecorpus
having eachthesizeof 100.000words.

(Daille et al., 2000) reporton two experimentswith Malagasy, an Austronesianlanguagein
Africa. In thefirst experiment,a statisticallanguage-independentTE approach(ANA (Engue-
hard& Pantera,1994))hasbeentestedon a corpusof 25.000words. The systemhasa good
precision(about75%)but a low recall: only about240TCshave beenextracted.In a second
experimentahybrid,linguisticandstatistical,approachhasbeentestedwhichrequiredtheprior
creationof a dictionaryandthe trainingof POS-tagger. This requiredthecreationof a dictio-
naryandthe trainingof POS-tagger, beforeTE couldstart. With 819TCs, thenumberof the
extractedTCsis higherthanin thepurelystatisticalapproach.Precisionrates,however, arenot
reported.This work documentsthe difficulties of TE with non-Europeanlanguages.It gives
severalhints at possiblesolutionsto the questionof how linguistic approachesmay be put to
work evenin difficult circumstances.
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Table2: Simplemethodsfor TE, testedindividually. 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-basedapproachesin NLP arecharacterizedby thefactthatthetrainingmaterialis of
thesametypeasthesystem’soutput.Feedingacomputerwith parsetreesto trainparsing,is an
example-basedapproachto parsing.Feedingacomputerwith examplesof classifieddocuments
to classifydocumentsis anexample-basedapproachto documentclassification.

Theadvantageof example-basedapproachesoverrule-basedapproachesis thatnoabstractrules
arerequired.As for theacquisitionof thedatathis meansthatexamplescanbeextractedau-
tomaticallyor createdmanuallyby enumeratingpositive examples.As for the representation,
no complex formalismsarerequiredto expressthe linguistic knowledge.Exceptionsandreg-
ular phenomenacanbe listed sideby side. Theadvantageof example-basedapproachesover
statisticalapproachesis thatthesystemcanstartevenfrom few trainingexamples.

Tackling TE with an example-basedapproachrequiresonly a few exampleterms,e.g. for
Englishredpepper, informationsociety. Theseexamplescanbetraditionallyelaboratedterms
in an existing term-base,thus reflectingthe propertiesof terms. In this case,the termhood
andunithoodproblemmaybetreatedconjointly at thesametime. TE with anexamplesetof
only nominalphraseswill producenominalphrasesandTE with anexamplesetcontainingalso
verbalphraseswill extractalsothose.If no termsareavailable,dictionaryentriesmaysuffice.
Theseentriesmaybereworkedmanuallyin orderto improveTE.

Somenon-example-basedfilters areusedfor experimentation.Thefirst filter concernsfunction
words (f-words). Theseare identified automaticallyand usedto exclude TCs with function
wordsasfirst or lastword (Merkel et al., 1994).The100wordsof thebackgroundcorpuswith
thehighestDF areassumedto befunctionwords. A secondfilter, calledpunctuationassumes
thatpunctuationmarksarenotpartof aTC.

Example-basedfilters are(1) affix term-patterns(2) upper-case/lower-case(graphic)termpat-
ternsandlengthfilters. Thesecanbestbe explainedwith an example. The Ladin term tofla
decomuneis transformedinto thepattern*a—de—*e, by reducingnon-functionwordsto their
lastcharacter. Theupper-case/lower-casetermpatterncreatesa Y for capitalizedwords,an E for
lower-casewordsandan z otherwise.Theterm tofla decomunegeneratesthegraphicpattern
l—l—l.

WordsareextractedasTCsif they fit to oneaffix andonegraphicpattern,evenif comingfrom
differentexamples.Thesequencesof wordsciasadecomune, cuntlamedadecomuneetcwould
thenberecognizedasTC.

The lengthof theexampletermscanbeusedto calculatea ’good’ lengthof TCs. We defined
this goodlengthasthe mean( { ) of the lengthof the exampleterms |t} standarddeviations.
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Table3: Combinationof simplemethodsfor TE.
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

Termswhicharetoosmallor too longarethereforefilteredout.

3.2 Experiments

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

In Table7 differenttypesof training materialarecomparedwith respectto the effectson the
TE quality. Thetrainingmaterialcanbea list of relatedor unrelatedterms,a list of dictionary
entriesor amixtureof both.Theresultsshow that,if termsareusedasexamples,wegetahigh
precisionandalow recall.Usingdictionaryentriesasexamplesenhancestherecallandreduces
precision.For theexperimentsto follow, themixedmethodwill beused.

Table2 comparestheresultsof thedifferentTE methods.Thefirst row, ’no method’,represents
thebaseline. 19019TCsareextractedwith theperfectrecallof 1 andtheprecisionof 0.0056.
Assumingthattermsneverfeaturepunctuationmarks,only 8023TCsareextractedwith perfect
recall. Thefollowing two methodsexcludeall TCswith functionwordsin first or lastposition
or with extremelength. This filter is not sufficiently specificthough,becausetherearestill 20
TCsfor oneterm.Theexample-basedpatternsmethodon theotherhandis moreselective than
any otherandretainsagoodrecall(0.85).

Table3 shows the effect on the resultswhencombiningdifferentmethods.We startwith the
example-basedmethodand try to improve its precision. The combinationwith the function
wordfilter reducestherecallonly by 1% but enhancestheprecisionby 4%.

Table4 givestheresultsfor theweirdness-ratiomethod,whichonly extractssingle-word terms
( el: 3 ). With a recall of 54%, 46% of the termsremainundetected.This might still be a
goodmethodfor compoundinglanguagesor for very fundamentalterms. Table5 shows the
resultsof theTE with Mutual Informationwith es:Tg . Therecallof Mutual Informationwith
only around10% is quite low. The resultsclearly show that free-lengthapproachesareto be
preferredover thosewith a fixed e , becausea fixed e drasticallyreducesthe recall without
necessarilyimproving theprecision:Thebestprecisionvalue,0.255,is yet not betterthanthe
precisionwith unrestrictede .

Figure1, shows thelearningcurve for example-basedTE with theexamplescomingfrom (a) a
term-list,(b) aword list and(c) amixtureof both.Theresultsshow aquickrisein recall.While
therecallrisescontinually, theprecisiondropsaftera few hundredexamples.Apparently, with
moretrainingdata,nomoregoodterm-modelsarelearned,andthoseterm-modelswhichcause
noiseaccumulate.Theautomaticidentificationandexclusionof inappropriateterm-modelsis
onepossibledirectionfor our futureresearchon example-basedTE.
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Table4: Extractionof 1-word TCswith theweirdnessratio.
Method # � TC � recall precision mean rankedrecall

weirdnessratio 345 0.544 0.188 0.280 0.363
”” ”” + pattern 312 0.544 0.210 0.303 0.415
”” ”” + length 316 0.544 0.205 0.298 0.400
”” ”” + length+ pattern 302 0.544 0.215 0.308 0.416
”” ”” + f-words 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-wordTCswith Mutual Information.
Method # � TC � recall precision mean rankedrecall

MI (2 word terms) 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 thispaperwehaveshown thatexample-basedtermextractionoffersafeasibleapproachto TE
for minority languageswhich only needsfew or little resources.A few examples,drawn from
dictionariesor otherterminologicaldataaresufficient to createterm-modelswhich covermost
termsto be extracted. The input texts canbe very short. While otherapproaches,especially
statisticalapproachesrequirelarge texts, we could extract about100 termsfrom a relatively
smalltext of only 1.000words.

Theproposedexample-basedapproachreplacesanin-depthlinguisticanalysisof theinputdoc-
ument. Due to this shallowness,the approachis proneto errorsresultingfrom surfacesimi-
laritiesof termsandnon-terms.In thesameway aslinguistic approaches,theexample-based
approachcanbecombinedwith sophisticatedstatisticalratingswhenlargecorporaareavailable
andwith linguistic toolslikestemmers.

The TE tools is freely available underhttp://dev.eurac.edu:8080/perl/all.tar.gz. A graphical
interfaceis provided with Bistro http://dev.eurac.edu:8080.Currently we exploit within the
ProjectLogosGaias(http://logos-gaias.themenplattform.com)the integrationof the example-
baseTE toolsinto GYMN@ZILLA (Streiteretal., 2003),for thepurposeof classifying,index-
ing andpedagogicelaborationof documents.
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gache.In K. C. ET AL ., Ed., Ressourceset évaluationen ingénieriedeslangues,Actualit́es
scientifiques-UniversitésFrancophones, p. 225–242.DeBoekandLarciers.a.

ENGUEHARD C. & PANTERA L. (1994). Automatic naturalacquisitionof a terminology.
Journal of QuantitativeLinguistics, 2(1), 27–32.

HONG M., FISSAHA S. & HALLER J. (2001). Hybrid filtering for extractionof termcandi-
datesfrom Germantechnicaltexts. In Proceedingsof Terminologieet IntelligenceArtificielle,
TIA’2001, Nancy.

JACQUEMIN C. (1999). Syntagmaticandparadigmaticrepresentationof term variation. In
ACL’99, p. 341–348.

MAYNARD D. & ANANIADOU S. (1999). Identifying contextual informationfor multi-word
termextraction. In (Sandrini,1999), p. 212–222.

MERKEL M. & M IKAEL A. (2000). Knowledge-liteextraction of multi-word units with
languagefiltersandentropy thresholds.In Proceedingsof RIAO, volume1, p. 737–746.Paris:
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Table 6: Contingency table of observed fre-
quencies=,>�> . . . =@?�? for the word pair (A,B)
(top)andfor estimatedfrequenciesA~>�> . . . AB?�?
underindependency assumption(bottom).

C;?0:x� C;?��:�� �
C/>�:x� =,>�> =,>�? �*>C/>@�:x� =@?�> =@?�? ��?
� ��> �b? �
C/>�:x� A@>�>�:R���$���U�� A~>�?0:����$���Q��
C/>@�:x� A�?�>�:R� � ��� �� AB?�?0:�� � ��� ��

Table 7: Examplesdrawn from different re-
sources:Termbanksor Dictionaries.

Method # � TC � recall precision mean

termbank 299 0.7321 0.284 0.41
dictionary 322 0.75 0.269 0.396
mixture 390 0.839 0.248 0.386

Equations:

�J�Z�O�J�^�
�J�M�����O��� ����" ����¢¡ � (1)

£^¤ &(¥�¦ ¤^§ � 	�

� §� � § (2)

¨M�M©����'�M�JªOª`�J�Z«7©�¬ § � ­K® �'¯°�± ­9®6²���^¯�´³HµZ¶³Hµ^· ���$�¹¸
(3)

MI �»º ���¼ ��� (4)

MI ½ �¾º �$���¼ �$��� (5)

¿UÀ ��Á �ÃÂ
Ä º �ÃÂÆÅ ¼ �ÇÂ�È À¼ �ÃÂ (6)

t-score� º �$� Å ¼ ���É º �$� (7)

log-likelihood �jÊËÁ �ÃÂ º �ÇÂÍÌ¢ÎÐÏ�Ñ À
Ä º �ÃÂ¼ �ÇÂ È (8)

Figure1: Learningcurveswith 1200example
terms(left), 5000 dictionary entries(middle)
andamixtureof both(right).
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