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Abstract

This paperpresentsan exploratorydata
analysisin lexical acquisitionfor adjec-
tive classesusingclusteringtechniques.
From a theoreticalpoint of view, this
approachprovides large-scaleempiri-
cal evidencefor a soundclassification.
From a computationaboint of view, it
helpsdevelop a reliable automaticsub-
classificatiormethod.

Resultsshav that the featuresusedin
theoretical work can be successfully
modelledin termsof shallav cues.The
resultingclustersparallelto a large ex-
tent with proposalsin the literature,
which indicatesthat automaticacquisi-
tion of adjective classedor large-scale
lexiconsis possible.

1 Intr oduction

This paperreportson experimentsapplying clus-
teringtechniqueso explorethebehaiour of Cata-
lan adjectvesin runningtext. The objectves of
the exploratory dataanalysisweretwofold: from
a theoreticalpoint of view, to getlarge-scaleem-
pirical insightin orderto develop a soundclassi-
fication; andfrom a practicalperspectie, to test
whetherthe featuresmentionedin the literature
could be successfullymodelledin termsof shal-
low cues,which would allow anautomaticclassi-
fication.

A soundclassificationof adjectives shouldal-
low oneto predict morphological,syntacticand
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semantigoropertiesof particularitems. This pre-
dictive power can be exploited in several NLP
tasks(seeSection3).

Bootstrappingtechniqueshave been recently
applied to German adjectve class acquisition
(Bohnetetal.,2002).In contrastwe have takenan
unsupervise@pproactin orderto testthe classes
proposedin the literature and investigatetheir
properties(seeSection2). Clusteringis suitable
for linguistic investigationin classificationtasks
(Pereiraet al., 1993),and hasbeenspeciallyap-
plied in the lexical domain,whereno consensus
on classificatiorcriteriahasbeenreachedet (see
Schulteim Walde and Brew (2002) and Merlo
and Stevenson(2001) on verb classesand Hatzi-
vassiloglouand McKeown (1993) on adjectval
scales).Clusteringcan be usedasan exploratory
techniquethat providesinsightinto the organiza-
tion of suchdomains,by finding classesof ho-
mogeneou®bjectsandthe featureshat crucially
characteris¢hem.

Theinitial hypothesisvasa three-vay classifi-
cationbasedn proposalsn theliterature(Section
2). Featurediscussedn theoreticalwork were
modelledin termsof shallawv cues(Section4) and
aseriesof clusteringexperimentsvereperformed
over morethan3500lemmatafrom a taggedcor
pus(Section5). Theresultsobtainedsupportthe
initial hypothesiswith caveats(Section6).

2 Catalan Adjective Classes

After areview of the literatureon adjectve clas-
sification (Hamann,1991; Bouillon and Viegas,
1999;Demonte 1999;Picallo,2002),athree-vay



classificatiorwastested similar to the onesestab-
lishedin resourcesuchasMikroK osmos(Raskin
andNirenhkurg, 1995)andWordNet(Miller, 1998)
for several Indoeuropearanguages.Thesethree
classescan be roughly characterisedas follows
(termsfollow Picallo(2002)andKamp (1975)for
nonpredicaties):

Quialitative adjectives (drunk serious rich)

e syntax they occur as predicatesin copu-
lar sentencegmytaylor is rich) andin pred-
icative constructiongl saw her drunk. In
Catalan,they usually appearafter the nomi-
nal headbut canoccasionallyappeaibefore.

e semantics they aregradableand compara-
ble: richer, more serious verydrunk Grad-
ability can be obsered in Catalan(in ad-
dition to adwerbial modification)in regular
derivational degree and diminutive sufixes,
suchas-issim(petit little, petiissim very
little).

e denotation: they aresaidto denoteattributes
or propertiesof theirreferents.

Relational adjectives (thoracic, neuological)

e morphology: they are usually morphologi-
cally comple, eitherdenominalor deverbal:
thoracic, from thorax.

e syntax they only appearsattributesof cop-
ularverbsunderconstraineaonditions:*the
evolution of the patientis neuological, but
the problemof the patientis neuplogical. In
Catalan,they cannotoccurbeforethe nomi-
nal head.

e semantics they are neither gradablenor
comparable.

e denotation: they relate the referentof the
nounto anexternalentity (Demonte,1999).

Nonpredicative adjectives (mele, alleged)

e syntax in Catalannonpredicatie adjectves
only appeabeforethenominalheadandcan-

notoccuraspredicatesn copularsentences.

e semantics they are nongradableand non-
comparable.

e denotation: they do not denoteproperties
but propertiesof propertiessothey arenon-
intersectie (Hamann,1991).

In additionto the differencesexplainedso far,
there is a major syntactic agumentfor adopt-
ing this classification:adjectves belongingto the
sameclasscoordinatewhen modifying the same
noun,but adjectvesfrom differentclassegio not:
*A seriousandneuplogical problemvs. a serious
neuological problem *A mee andrich taylor vs.
a mee rich taylor. Whenco-occuring,relational
adjecties are always nearerto the nominalhead
than qualitative ones,and qualitatve nearerthan
nonpredicatie ones.

3 Adjective classification: motivation
and challenges

Identifying adjectve subclassess usefulfor sev-
eral tasksin NLP, at differentlevels of linguistic
description. For example,in Catalan,if an ad-
jective is qualitative, it can beara regular grade
morpheme(issin), so this information can help
broadenthe morphologicalcoverageof computa-
tional lexicons. As for syntax,coordinationand
adjectie order canbe exploited to disambiguate
lexical itemswhich areambiguousbetweemoun
andadjectie, oneof the mostpenasive ambigui-
tiesin POS-taggindor mary Romancdanguages.
Finally, classinformation could help predictand
detectpotentialshiftsin meaning.

However, it is very difficult to establisha sharp
line betweerthe classeproposedAdjective clas-
sification,beinga matterinvolving lexical seman-
tics,is hamperedy polysemy Themainproblem
in this caseis class-associatedolysemy: mary
adjectives exhibit mixed behaiour betweengual-
itative andnonpredicatie, on the onehand,or re-
lationalandqualitative, onthe other

As anexampleof thequalitatve-nonprediaive
polysemy take anadjectve suchasEnglishpoor.
It hasat leasttwo meaningsassociatedo differ-
entclassespoormanmeansnot rich’ (qualitative
reading) and 'pitiable’ (nonpredicatie reading).
The differencecan be obsered when translated
into Catalanitheusualtranslatiorof pooris pobre,
but whenusedasqualitative it will follow thenoun
(homepobr) andwhenusedasa nonpredicatie



| feature | mean | stddev | shallow cue |
gradable 0.04 0.08 degreeor diminutive morphememodificationby degreeadverb (like molt’very’)
comparable 0.03 0.07 modificationby comparisoradwerb (suchasmenysless’)
attributive 0.06 0.10 syntactictag Atr ('predicateof a copularverb’)
predicatve 0.03 0.06 | syntactictagPred('predicatve adjunctof subjector objectof anoncopulawverb’)
non-intersectie | 0.04 0.08 syntactictag AN> ('modifier of anounto theright’)
first adjectve 0.03 0.05 first oneof two or moreadjectvesmodifying the samenoun
lastadjectve 0.03 0.04 lastoneof two or moreadjectvesmodifying the samenoun

Tablel: Theoreticallymotivatedfeaturesusedin modellingadjectvesfor clusteringwith their meanandstandardieviation

values(in percentages)

it will precedet (pobre hom@. As for relational-
gualitative polysemy Catalanecordmic hastwo
meaningswhichcanbetranslatechseconomidre-
lational)andcheap(qualitative), sothatecordomic
canmodify a nounlike pantalong(’trousers’).

Both kinds of polysemyareregular (Apresjan,
1974);morewer, we believe thatall relationalad-
jectives could be potentially usedas qualitative,
andall qualitative adjectiescould eventually de-
velop a nonpredicatie use. Why posit different
classesthen?

Thereareat leasttwo answerdo thatquestion.
Onetheonehand,not all adjectvesactuallyhave
readingscorrespondingo both classes. For in-
stanceijt is difficult to find anappropriatecontext
wherethoracic canbe usedasqualitative.

On the other hand, as discussedn Section2,
each class presentsa different set of linguistic
propertiesTherefore eventhoseadjectveswhich
are ambiguousexhibit the propertiesof one sin-
gle classin eachparticularcontet. For instance,
asnonpredicaties cannotbe usedin copularsen-
tencespoor is unambiguoushgualitative in such
contts: the man is poor is not synorymous
with the manis pitiable. Cornversely ecordomic
is gradablewhen usedas qualitative: pantalons
moltecordomics(’very cheaptrousers).lt is there-
fore usefulto draw adistinctionbetweerthethree
classesevenif aparticularadjectve doesnotnec-
essarilybelongto onesingleclass.

4 Modelling the Data

4.1 Corpusand tools

The corpususedwasa fragmentof CTILC (Cor-
pus Textual Informatitzat de la Llengua Cata-
lana), collectedby thelnstitutefor CatalarStudies
(IEC). ThefragmentcontainsB.5 million wordsof

Catalanwritten texts from 1970onwards,belong-
ing to aformal register

The corpushad previously beenautomatically
taggedand hand-correctedwith information on
lemma, part-of-speechand other morphological
information(following the EAGLES standard) It
was additionally parsedwith CATCG, a shallav
parserfor Catalandevelopedat GLICOM (Alsina
et al., 2002). This shallav parserprovides each
word with a tag indicating its syntacticfuncion
(mainverb,subjectetc.).

In order to minimise problemsdue to data
sparsenesgnly adjectvesoccuringmorethan10
timesin the corpuswere taken into account,to-
talling 3522adjectve lemmata.

4.2 Shallow cues

The featuresusedto model the adjectves were
features detectablein the annotatedtext itself
with no external knowledge sourcespecauseve
wantedto modelthelinguistic behaiour of adjec-
tivesusingno previouslexical knowledge.There-
fore, informationon derivationalmorphologywas
not usedat this stage(but it wasfor analysis;see
Section5.3).

Thevaluesfor eachfeatureweresetastrue per
centagesthatis, the numberof timesa featureis
detectedor agivenadjectie, dividedby thenum-
berof occurrencesf thatadjectie in thecorpus.

The lemmatawere modelledusing featuresof
two kinds. On the onehand,shallov textual cor
relateswere definedfor someof the parameters
discussedn Section2. Tablel lists thesetheoet-
ically motivatedfeaturesfogethemwith theirmean
andstandardieviation values,aswell asthe shal-
low cuesthatweredefinedastextual correlatesof
thefeatures.

On the other hand, and in order to test the



strengthsand weaknessesf the startinghypoth-
esis,arelatively unbiasedlescriptionof adjetves

was also provided: eachlemma was described
by distributional featuresthe POSof a five-word

window (two at eachside),asseenin Table2.

[  feature | mean | stddev |
word-1Noun | 0.52 0.25
word -2 Det 0.39 0.20
word+1Prep | 0.21 0.15
word +1 PT 0.42 0.15
word +2 Det 0.24 0.13
word -1 Adv 0.10 0.11
word-1 Verb 0.08 0.11
word-1 Det 0.06 0.10
word+1 Noun | 0.06 0.10
word-2Prep | 0.13 0.09

Table?2: Distributional featuresusedfor describingadjec-
tivesfor clustering.Of the 36 featurespnly the 10 with high-
eststandarddeviation areshavn here.

It can be aguedthat sometheoreticallymoti-
vatedfeatures,like companrbility or gradability,
shouldnotbe modelledwith percentagedyecause
they do not corvey relative properties but rather
absoluteones. However, by assigningthesefea-
tures percentagesve hopeto distinguishadjec-
tivesbelongingto morethanoneclassfrom unam-
biguousones. |t is reasonabléo hypothesisd¢hat
ambiguousadjectves will have different values
in thesefeaturesthan unambiguousnes,which
mightyield differencesn clusteringresults.

5 Experiments

5.1 Clustering Parameters

A numberof clusteringexperimentswere carried
out using CLUTO (Karypis, 2002). CLUTO is
a stand-aloneclusteringtool that provides infor-
mationfor analysingthe characteristicef the ob-
tainedclusters,by meansof a list of descriptve
anddiscriminatingfeaturesof eachcluster

Theclusteringparametersf CLUTO wereheld
constanthroughoutthewhole setof experiments,
soasto focusontheeffectsof variationsin thefea-
turesusedthatis, in thedescriptiorof theobjects.
The clusteringparametersisedwere:

e clusteringalgorithm: partitioning, basedon
the clustering criterion H2, a combination
of clusterinternalsimilarity andintercluster
dissimilarity (ZhaoandKarypis,2002)

e distancemeasurecosineof thevectors

e numberof clusters:2 to 7 for eachdatasetto
find the mostinformative granularitylevel

5.2 Attrib ute Sets

The3522adjectveswereclusteredwith threedif-
ferentsubset®of the featuresdescribedn Section
4.2: distrib utional features textual correlatesof
theoretically motivated featuresandboth distri-
butionalandtheoreticallymotivated.

After a seriesof experimentsthefollowing dis-
tributional attributeswerefoundto perturbclassi-
ficationandwereleft out of adjectie description:

e word -2 is determinerandword -1 is houn
presenta very high correlation coeficient
(0.8), which strengthensheir discriminating
power. Sincethey characterisahe default
adjectval contet in Catalansolutionsusing
thesefeatureggroupmorethanhalf of thead-
jectivesin onecluster If not used,lessdis-
criminatingfeaturesyield finer distinctions.

o followed by prepositionandword +2 is de-
terminerarevery discriminatingfeatureshut
they distinguishadjectves by their subcate-
gorisationbehaiour, which is not relatedto
thetargetedclassification.

o followedby punctuatioris alsovery discrim-
inating, but the classesharacterisedby this
featurearemeaningless.

5.3 Analysis Procedure

Of the six clustering solutions obtainedfor the
threeapproachesangingfrom 2 to 7 clusters 5-
cluster solutionswere studiedin detail, because
they presentedthe best joint valuesfor cluster
quality (seeFigurel).

Due to the high numberof objectsthat were
clusteredthe qualitative analysisof the obtained
solutionswas problematic. Sincea comprehen-
sive hand-madgudgementof the solutionswas
almostimpossible two alternatve stratgieswere
adoptedacomparisorof thedistribution of adjec-
tive classesn clusterswith aclassificatiorbuilt by
humanjudgesandwith a morphology-basedlas-
sification; and a clusterinternal analysisvia ex-
aminationof their characterisingeaturesandthe
objectsthatprototypicallyrepresenthem.
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Figurel: Quality of 2- to 7-clustersolutionswith theoret-
ically motivatedfeaturesmeasuredy averageclusterinter-
nal similarity, clustertightnesginternalsimilarity divided by
standarddeviation) anddistinguishibility (internal similarity
dividedby externalsimilarity).

In order to analysethe distribution of adjec-
tive classesn clusterstwo a-priori classifications
were built.  First, 4 humanjudges classifieda
subsetof 102 adjectves. 100 adjectves were
randomly chosen,and two nonpredicaties (mer
'mere’ andpresumptealleged’), wereincludedso
thatthis classnotfoundby randomselectionwas
alsorepresentedJudgesassignedachof the ad-
jectives to one of the hypothesisedatlasseqSec-
tion 2): nonpredicatie, qualitative or relational,
or to two additional classesn orderto account
for polysemy:ambiguousetweemonpredicatie
and qualitative or ambiguoushetweenqualitative
andrelational.

The kappa measurefor agreementbetween
judgesrangedrom 0.52to 0.64,with aconfidence
intenval at 95% of +/-0.14. Accordingto Landis
andKoch, (1977)thesefiguresindicatemoderate
(< 0.61) to substantial(> 0.61) agreementput
Carletta(1996) considergthat valuesbelov 0.67
aretoo low to be significantfor linguistic tasks.
The agreementamongjudgesis thus relatively
poor, which is a clearindicator of the difficulty
of thetask.In spiteof that,a consensuslassifica-
tion of the subsetvasestablishedsa comparison
groundfor clusteringsolutions.

However, this evaluationonly considere®% of
the objectsin the dataset.To avoid low represen-
tativity, a large-scaleclassificationvasperformed
usingderivationalmorphology Somederivational
sufiixes yield either qualitatve or relational ad-
jectives: for instance,the denominalsufiix 6s
roughly denoting’bearing N’ andthusa kind of
property forms qualitative adjectvessuchasver
gonyos ('shy’, from vergonya 'shyness’).

Adjectives formed by derivational processes
were classifiedaccordingto the suffix they bear
using a list of 54 adjective forming sufiixes de-
tectedby patternmatching.Morphologicallysim-
ple adjectves and very ambiguoussufixes, as
far as adjectve classesare concernedwere not
classified. No information could be gatheredor
nonpredicatie adjectves, becausethere are no
nonpredicatie-formirg suffixes.

With this procedure,2132 adjectves (59% of
the whole set) were classified. In spite of the
factthat patternmatchingis very errorprone,and
thatmorphologicaprocessearenotfully regular,
this classificatiorshavs generatendencie$or the
distribution of relationalandqualitative adjectives
acros<clusters,asshavn by the kappacoeficient
with themanuallyannotateaet(0.45,closeto the
lowestagreemenbetweerhumanjudges,0.52).

Figure 2 shaws the distribution of adjectves
acrossclustersin the approacheswith distribu-
tional andwith theoreticallymotivatedattributes.

As a secondanalysisstratgy, the characteris-
tics of theclustersassuchwereexplored,basecn
the list of featuresthat CLUTO providesasmost
descriptve for the resultingclusters(seeSection
5.1). Moreover, clustercentroidswerealsoexam-
inedin orderto obtainanexample-basedjuman-
friendly idea of the contentof the clusters. An
adjectve was considereda centroidfor a cluster
whenits valuesfor descriptve featureswerevery
closeto the meanvalue of thatfeaturewithin the
cluster A summanryis presentedn Table3.

6 Resultsand discussion

As can be seenin Figure 2, resultsin both ap-
proachesoincideto a large extent, with a kappa
coeficient of 0.45. Kappaagreementvas calcu-
latedbetweerequialentclustersfor every pair of
solutions consideringhatclusterequivalencecor
respondedo sharinga majority of objects.

High statistical correlation coeficients were
found betweensometheoreticallymotivatedfea-
turesandsomedistributional ones,ascanbe seen
in Table4.

This correlationis motivatedby thefactthatthe
theoreticallymotivatedfeaturesarerepresenteth
terms of distributional properties. Remarkably
though, from the 31 distributional featuresused,
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Figure2: 5-clustersolutionswith theoreticallymotivated(left) anddistributional (right) attributescomparedo classifications
obtainedby humanjudges(upperrow) and using derivational morphology(lower row). Columnsare clusters,patternsare
classes:blackis nonpedicative light spotsis qualitative horizontallinesis relational vertical lines is ambiguoushetween
qualitativeand nonpedicative andtight spotsis ambiguousbetweerualitativeandrelational The orderof clustersfollows

Table3.

| theoretical | distributional | corr. coeff. |
non-intersectie | word-1 det. 0.72
non-intersectie | word +1 noun 0.88
gradable word -1 adv 0.67
comparable word -1 adv 0.75
attributive word -1 verb 0.71
predicatve word -1 verb 0.49

Table 4: Correlationcoeficients betweensometheoreti-
cally motivatedfeaturesandsomedistributionalones.

thoseellicited as mostdiscriminatingby cluster
ing coincideto a large extent with thosethat are
mosthighly correlatedwith the theoreticallymo-
tivatedfeatures. This provides empirical support
for thetheoreticallymotivatedfeatureschoserfor
the experiments.

Table 3 shavs the mostdiscriminatingfeatures

for eachof the clustersin the three approaches.

In both approachetherearetwo clusterscontain-
ing mainly relationaladjectvesandthreecontain-
ing mainly qualitatves. Also, thetwo nonpredica-
tive adjectvesaregroupediogetherbut in a clus-

teralsocontainingmary qualitatives. Thefeatures
usedarenotdiscriminatingenoughto differentiate
nonpredicatie adjectvesfrom qualitative ones.

As for polysemousidjectves,they arescattered

throughall the clustersalsoin both approaches.

A possibleexplanationfor thatis polysemousd-
jectivesdo not presenta homogeneoubehaiour:
ambiguousadjectives suchasironic 'ironic’ are

usedmore asqualitatves thanasrelationals,and
are clusteredaccordingly togetherwith qualita-
tives. The reverseis true for adjectves suchas
alemanyGerman'.

Threesetsof clusterscontainingqualitative ad-
jectivesareconsistentlydistinguishedn thethree
solutions,which in Table 3 bearthe labelsgrad-
able, attrib utive andnon-intersective. Focusing
on theoreticalfeaturesthe first clusteris charac-
terizedby gradabilityand comparatiity, the sec-
ond oneby attributivity andpredicatvity, andthe
third one by non-intersectiity. This variation
seemgo indicatethatqualitative adjectvesdo not
have anhomogeneoubehaiour.

However, it hasto betakeninto accounthatthe
three clustersare describedn the solutionspro-
videdby CLUTO by thesamedescriptve features,
only with differentdiscriminatingstrengthin the
differentclusters. It canbe concludedthen,that
qualitatvesarenotdistinguishedtategorically, but
gradually

As for relationals,in the solution using theo-
retically motivatedfeatureshey arecharacterised
positively by positionalfeatures. In the distribu-
tional approachhowever, they aredefinedalmost
negatively, aslacking all of the featuresthat de-
scribethe otherclusters. The lack of ary strong,
distinctive featurefor thesegroupsof adjectves
can be explained by the fact that relationalsare



[ size | mostcharacterisingfeatures | cluster centroids clusterlabel |
theoretically motivated
624 non-intersectie, first adjectve inestimablefeixuc  inestimableheavy | non-intersective
598 gradablecomparable agradablerecent pleasantyrecent gradable
789 attributive, predicatve aleatori,igual random,equal attrib utive
832 first adjectve, attributive cultural,decoratiu  cultural, decoative first ad.
678 lastadjectve, attributive residual rus residual,Russian last ad].
distrib utional
476 word -1 det.,word +1 verb anca, misterbs ancient,mysterious| non-intersective
648 word -1 adverb brillant, doloros bright, painful gradable
502 word -1 verb raonablecautebs  reasonablecareful attrib utive
1130 word -2 verb basc.educatiu Basqueeducative first ad;.
765 word -2 adj. arfistic, emotiu artistic, emotive -
theoretically motivated and distrib utional
505 | word+1noun,-1 det.,non-intersectie misterbs, alt mysterioustall non-intersective
592 | word-1 adwerb,comparablegradable | doloros,assegat painful, sensible gradable
574 word -1 verb, attributive igual,incréible equal,incredible attrib utive
1097 word -2 verb legal, europeu legal, European first. adj
753 word -2 adj. corporal,religios  corporal, religious -

Table3: Mostdiscriminatingfeaturesn clusteringsolutionsandsomeof theadjectvesclosesto thecentroidof eachcluster

Thelabelin thelastcolumnsummarizeshe maincharacteristiof the clustersacrosssolutions.

distributionally unmarled in Catalan(recall that
theattributesrepresentinghedefaultcontext were
notused;seeSection5.2).

In the solution using theoretically motivated
featuresclusterfirst adj. is characterisetby oc-
curring in the first position when combinedwith
otheradjectves. As suggestedy the discussion
in Section2, relationalsoccur closerto the noun
than qualitatives, so this resultis consistenwith
theinitial hypothesis.

Surprisingly though,clusterlast adj. alsocon-
tains mainly relationaladjectves, even thoughit
hasas main characteristidhe fact that the adjec-
tives occur in the last position when combined
with otheradjectves. This clustercontainsmary
nationality-denotig adjectves, which have been
classifiedasrelationalor ambiguoushetweenre-
lationaland qualitative in the manuallyannotated
corpus. When co-occurringwith otherrelational
adjectves, they appearfurther from the nominal
head: Englishempiricist philosopher This solu-
tion, thus,indicatesthata finer-grainedclassifica-
tion might be neededor relationaladjectves.

Sincetheoreticallymotivatedanddistributional
featuregrovide comparablesolutions thecombi-
nationof thetwo shouldstrengtherihetendencies
alreadynotedwhenusedseparatelylndeed when
adjectvesaredescribedy the union of thesetwo
setsof featuresclustersare more neatly defined,

as can be seenin Figure 3. The distribution of

clustersis totally comparableo the one sketched
above. As for the featuresdescribingthe clus-
ters,theoreticallymotivatedfeaturesombinewith

the correspondinglistributional onesas expected
from thediscussiorsofar (seeTable3).
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Figure 3: 5-clustersolutionwith distributional and theo-
retically motivatedfeatures,comparedo classificationsob-
tainedby humanjudges(upperrow) andusing derivational
morphology(lower row), following Figure?2.

7 Conclusionsand Further Work

Clusteringhasproven to be a successfumethod
for linguistic investigationin a relatively unex-
plored areasuchas adjectval classification. Re-
sults shav that the featuresusedin theoretical
work can be successfullymodelledin terms of



shallaw cues,sothatautomaticacquisitionof ad-
jective classess possiblefor large-scaldexicons.

Resultausingdistributionalfeaturegarallelto a
large extentwith resultsusingtheoreticallymoti-
vatedfeatureswhich providesempiricalevidence
thatthe propertiesmentionedn Section2 arerel-
evantfor adjective classification.Moreover, clus-
tering resultslargely supportthe initial hypothe-
sis,asqualitative adjectivesaredistinguishedrom
relationalonesand nonpredicatie adjectves are
groupedogether

Neverthelessthis approachs not usefulfor de-
tectingandacquiringdataon class-associatqubl-
ysemy probablydue to heterogeneityin the be-
haviour of polysemousdjectives. Severalalterna-
tiveswill beexploredin the nearfuture: soft clus-
teringcanbe usedto testwhethermolysemousd-
jectivesfall into severalclustersalso,abootstrap-
ping approactasbeenernvisagedthatexploitsin-
formationon coordinatiorandadijectie order
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