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Abstract

This paperpresentsan analysisof seman-
tic associatiomormsfor Germannouns.
In contrastto prior studies,we not only
collectedassociationlicited by written
representationsf tamget objectsbut also
by their pictorial representationdn afirst
analysis,we identified systematicdiffer-
encesin the type and distribution of as-
sociateresponsefor the two presentation
forms. In a secondanalysis,we applieda
softclusteranalysigo thecollectedtarget-
responseairs. We subsequentlysedthe
clusteringto predict noun ambiguity and
to discriminatesenses$n our targetnouns.

1 Introduction

Languageis rife with ambiguity Sentencegan
be structurally ambiguous pronounscan be ref-
erentially ambiguous,and words can be polyse-
mous. The humanlanguagedaculty dealsremark-
ably well with theomnipresenambiguity sowell
in factthatwe arerarely awareof the multiple al-
ternatves that are available. Despiteour appaf
ent lack of awarenesspsycholinguisticresearch
has shavn that alternatve meaningsare never-
thelessactivated during processing. For exam-
ple,in aseminalstudyof homograplrecognition,
Tanenhaust al. (1979) demonstratedhat multi-
ple meaningsof a homographare initially acti-
vated even in highly constrainingsyntacticcon-
texts, suchasThey all rosevs. They boughtarose
Likewise in speechproduction,Cutting and Fer
reira (1999) shaved that non-depictedsensesof
homophonesireactivatedduring picturenaming.
Thus,wheneithera homographword or a picture
with a homophonenameare processedmultiple
meaningsareinitially actvated.

Intuitively, however, one might expect differ-
encesin the degreeto which multiple meanings

areactivateddependingon the presentatiomode.
To our knowledgeno investigationhascompared
picture (top-davn) andword (bottom-up)seman-
tic processingln this papeywe investigatediffer-
encesin the semanticinformation, namely asso-
ciations,elicitedin thesetwo presentationmodes.
We reasonthat, if multiple meaningsof an am-
biguousword are activatedwhenthe stimulusis
processedthenthe elicited associateshouldre-
flecttheambiguity If thedegreeof activation dif-
ferswith respecto the presentationmode,the as-
sociateshouldreflectthis differenceaswell.

Manuallylinking associatet aparticularword

sensewould be time intensve and subjectve.

Thus,werely oncomputationainethodghathave

the potentialto automaticallycomparethe asso-
ciatesprovidedfor thetwo presentatiomodesand
classifytheminto meaning-referringets. These
methodghusnotonly revealdifferencesn theas-
sociatelicitedin thetwo presentatiorronditions
but also,in the caseof ambiguousouns,identify

which associatesrerelatedto which meaningof

theword.

Our analysesare guided by the following two

questions:

1. Are there systematidifferencesin associate
responsdypeswhentarget objectsare pre-
sentedn written form compaed to whenthe
written form is accompanieddy a pictorial
representationPredictionsaboutwhich dif-
ferenceswe expectedin the responsdypes
aremade,andtheassociateesponsearean-
alyzedaccordingly(Sectior4).

2. Canweidentify multiple sense®f the nouns
anddiscriminatebetweemounsensedased
ontheassociataesponsesWe applyaclus-
tering techniqueto the target-responseairs;
theclusteranalysiggatherssemanticallysim-
ilar tamget nouns,basedon overlappingsets
of associataesponsesand predictsthe am-
biguity of nounsandtheir sense¢Section5).



In Section2, we provide anoverview of thetypes
of differenceswe anticipate;Section3 describes
the materialsand procedureusedfor the associ-
ation elicitation; in Sections4 and5, we explain
how responsdypeswere characterize@ndnoun
sensegdentified.

2 Intuitions

A critical componenof the currentstudywasthe
presentatiorof tamget stimuli in two forms: Lexi-
cal stimuli consistedf the written nameof tamget
objects; pictorial stimuli consistedof the written
namesaccompaniethy blackandwhite line draw-
ingsof thereferred-toobjects.

We assumedhat, in somecasesassociatee-
sponselicited by written words would be dif-
ferent from associateresponseslicited by pic-
tures. Differencesn responsesnight arisefrom
avariety of sourcesa)imagesmightincreasehe
salienceof physicalattributes of objects,b) im-
agesmight shav non-prototypicalcharacteristics
of objectsthat would not be evoked by words, c)
whenword forms have differentshadeof mean-
ing, responsesvoked by lexical stimuli mightin-
dex ary of the words’ meaningswhile responses
evoked by pictorial representationsight be more
biasediowardsthe depictedsense.

To illustrate thesepoints, considerthe follow-
ing example. The pictureof a Hexe ‘witch’ from
our study shaved a witch riding on a broom, see
Figurel. This particularchoiceof actwity, rather
than,for example,a plausiblealternatve lik e stir-
ring a cauldronor simply standingby herself,
accentuatedhe relationshipbetweenwitch and
broom Indeed,we found that this accentuation
wasreflectedin theassociateesponses27 of the
50 participants(54%) who saw the picture of the
witch producedbroomasan associatevhile only
18 participants(36%) who readthe word witch
producedbroom Thus,theassociatiorstrengthof
a responseelicited by wordsdoesnot necessarily
generalizdo picturestimuli, andviseversa.

To demonstratethe relevance of presentation
modefor potentially ambiguousnouns,consider
a secondexample. The Germanword for ‘lock’
is Stloss Sdiloss however, also means‘cas-
tle’. AssociateresponsesuchasSdlussel’key’
and Fahrrad ‘bicycle’ might be elicited by the
lock meaningof theword while responsesuchas
Prinzessirtprincess’or Burg ‘castle’ would index
thealternatve meaning.

Figurel: Examplepicturefor witch.

3 DataCollection Method

This sectionintroducesour elicitationprocedure.
Materials: 409 Germannounsreferringto pic-
turableobjectswere chosenastarget stimuli. To
ensurebroadcoverage tamget objectsrepresented
a variety of semanticclassesincluding animals,
plants,professionsfood, furniture, vehicles,and
tools. Simple black and white line drawings of
tamgetstimuli weredravn from seseralsourcesin-
cluding SnodgrasandVandervart (1980)andthe
picturedatabasérom the Max Planckinstitutefor
Psycholinguisticén the Netherlands.

Participants. 300 Germanparticipantsmostly
studentdrom SaarlandJniversity receved either
coursecreditor monetarycompensatiofior filling
outaquestionnaire.

Procedure: The409tamgetstimuliweredivided
randomlyinto threeseparategyuestionnairegon-
sisting of approximately135 nounseach. Each
gquestionnairevas printedin two formats: tamget
objectswere eitherpresentedis picturestogether
with their preferredname(to ensurghatassociate
responseswere provided for the desiredlexical
item) or the nameof the tamget objectswas pre-
sentedwithout a representate picture accompa-
nying it. Next to eachtarget stimulusthreelines
wereprintedon which participantscouldwrite up
to threesemanti@associateesponsefor the stim-
ulus. Theorderof stimuluspresentationwvasindi-
vidually randomizedor eachparticipant.Partici-
pantswere instructedto give one associatevord
per line, for a maximum of three responsegper
trial. No time limits were given for responding,
thoughparticipantsweretold to work swiftly and
withoutinterruption.Eachversionof thequestion-
nairewasfilled outby 50 participantsresultingin
amaximumof 300datapointsfor ary giventamget
stimulus(50 participantsx 2 presentatioomodes
x 3 responses).

Collectedassociat@éesponsewereenterednto
a databasewith the following additional infor-



mation: For eachtarget stimuluswe recordeda)
whetherit waspresente@sa pictureor in written
form, andb) whetherthe namewasa homophone
(and thus likely to elicit semanticassociatesor
multiple meanings).For eachresponseype pro-
vided by a participant,we codeda) the order of
the responsei.e., first, secondthird, b) the part-
of-speechof the responseandc) the type of se-
manticrelationbetweerthetargetstimulusandthe
responsede.g., part-wholerelationssuchascar —
whee] andcateyorical relationshipsuchashyper

nymy, hyporymy, andsynorymy).
4 Analysis of Response Types

As describedn Section2, onemight expectvari-
ation in the responsdypesfor the two presenta-
tion modes,becausédhe associationgrovided in
the‘picture+word’ conditionwerebiasedtowards
the depictedsenseof the target noun. Our first
analysisevaluateswhat sortsof differencesarein
fact obsered in the data, i.e., which intuitions
areempirically supportedandwhich arenot. To
this end,this sectionis concernedvith systematic
differencesn responsdypeswhentamget stimuli
werepresentedn written form (‘word only’, sub-
sequentiyW condition) or whenthe written form
was accompanieddy a picture (‘picture+word’,
subsequentlyPW condition). We first give our
predictionsfor the differencesin responsaypes
andthen continuewith the correspondinganaly-
sesof responseypes.

41 Predictions

Basedon our intuitions, we predictedthe follow-
ing differences.

1. The overall number of responsetokens is
unlikely to differ for the two presentation
modes sinceparticipantsarelimited to three
associateresponseser tamget stimulus in
bothpresentatiormodes.

2. The overall numberof responsdypes how-
ever, should differ: in the PW condition
we expecta biastowardsthe depictednoun
sense resultingin a smallernumberof re-
sponsdypesthanin theW condition.

3. The PW condition producesless idiosyn-
cratic responseypesthanthe W condition,
becausepicturesreinforce associationghat
are eitherdepicted,or at leastrelatedto the
depictedsenseandits characteristicstesult-
ing in lessresponsaliversity

4. ThePW conditionrecevesmoreassociations
thatshav apart-ofrelationto thetargetstim-
ulus thanthe W condition, becausecharac-
teristicsof the picturescanhighlight specific
partsof thewhole.

5. The type agreementi.e., the numberof re-
sponsetypes on which the PW and the W
conditionsagreeis expectedo differ with re-
spectto the tamget noun. For tamget nouns
thatarehighly ambiguousve expectlow type
agreementNotethatthis predictiondoesnot
referto a PWW distinction,but insteaduses
the PWW distinctionto approachthe issue
of nounsenses.

4.2 Response Type Distributions

The analysesto follow are basedon stimulus-
responsdrequeny distributions: For eachtarget
stimulus and eachresponsetype, we calculated
how often the responsdype was provided. The
result was a frequeng distribution for the 409
target nouns, providing frequenciesfor eachre-
sponsdype. Thefrequeny distributionsweredis-
tinguishedor the PW conditionandthe W condi-
tion. Table1 providesanexampleof the mostfre-
guentresponsdypesandtheir frequenciegor the
homophonearget noun Sdloss as describedin
Section2; the ‘lock’ meaningwasdepicted, cas-
tle’ is an alternatve meaning. Hereafter we will
refer to an associationprovided in the PW con-
dition asassociationPW, andan associatiorpro-
vided in the W condition as associationW, e.g.,
Burg_.PWvs. Burg_W.

Association POS || PW | W
Schbssel | ‘key’ N 38| 13
Tur ‘door’ N 10 5
Prinzessin| ‘princess’ N 0| 8
Burg ‘castle’ N 0| 8
sicher ‘safe’ ADJ 7 0
Fahrrad ‘bike’ N 7 0
schlieRen | ‘close’ \% 6 1
Keller ‘cellar’ N 7 0
Konig ‘king’ N 0| 7
Turm ‘tower’ N 0 6
Sicherheit | ‘safety’ N 5 1
Tor ‘gate’ N 2 4
zZu ‘shut’ ADV 4 1

Tablel: Responsgypefrequenciedor Sdloss

4.3 Reaults

Based on the frequeny distributions in Sec-
tion 4.2,we analyzedheresponseypesaccording
to our predictionsin Section4.1.



Number of response tokens. The numberof
responsetokens was comparedfor each tamget
stimulusin both presentatiormodes. The total
numberof responséokenswas58,642(with mean
@ = 143) in the PW conditionand58,072(u =
142)in theW condition.We hadpredictedhatTo-
ken(PW)~ Token(W) The analysisshaved, how-
ever, thatin 243 of 409 caseq59%) the number
of responsdokenswaslarger for PW thanfor W
(Token(PW)> Token(W)) in 132 caseg32%) To-
ken(PW)< Token(W) andin 34 cases(8%) To-
ken(PW)= Token(W) The unpredictediifference
betweerpresentatiomodeswvassignificantacross
itemsin a two-tailedt-test,¢(408) = 6.077,p <
.001. We take the resultasanindicationthat pic-
turesfacilitatethe productionof associationsThis
is aninterestinginsight especiallysincethe num-
berof associateesponsepertamget stimuluswas
limited while responsdime wasnot.

Number of response types. Thenumberof re-
sponseypeswas comparedor eachtarget stim-
ulusin both presentatiormodes. The total num-
ber of responseypesin the PW condition was
19,800 (. = 48) comparedwith 20,332 (1 =
50) in the W condition. We had predictedthat
Type(W) > Type(PW) The results shaved in-
deedthat in 229 of the 409 cases(56%) the
numberof responsaypeswaslarger for W than
for PW (Type(W) > Type(PW)) in 152 cases
(37%) Type(PW)> Type(W) and in 28 cases
(7%) Type(PW)= Type(W) This predicteddiffer-
ence,althoughsmall, was significant, ¢(408) =
3.63,p < .001.

Idiosyncratic response types. Theproportions
of idiosyncraticresponsaypes(i.e., associatee-
sponseghat were provided only oncefor a cer
tain taiget stimulus)were comparedor eachtar
getstimulusin both presentatioimodes.In total,
12,011(p = 29)idiosyncraticresponsew/erepro-
videdin thePW conditionand12,582(;; = 31)id-
iosyncraticresponse# the W condition. We had
predictedthat Idio(W) > Idio(PW) The analysis
shavedindeedthatin 216 of the 409 caseg53%)
the numberof idiosyncraticresponsesvaslarger
for W thanfor PW (Idio(W) > Idio(PW)) in 175
caseg43%)Idio(PW) > Idio(W), andin 18 cases
(4%) Idio(PW) = Idio(W). The predicteddiffer-
encewasreliableacrosstems,t(408) = 3.76,p <
.001. This patternof resultsis consistentvith the
notion of a restrictedsetof response# the PW
conditionrelative to the W condition.

Part-of response types. Basedon the man-
ual annotationof semanticrelationsbetweentar-
getnounsandresponsesproportionsof response
typeswhich standin a part-ofrelationto thetarget
nounsweredeterminedThetotal numberof part-
of responsdypeswas 876 (u = 2.7) in the PW
condition,and901 (1 = 2.8) in the W condition.
We predictedthat Part(PW) > Part(W). The anal-
ysis shaved however thatin only 94 of the 409
caseq29%) the numberof part-of responsesvas
larger for PW thanfor W (Part(PW) > Part(W)),
in 114 caseq35%) Part(W) > Part(PW), andin
115caseq36%)Part(W) = Part(PW) Thediffer-
encebetweerconditionswasnotsignificantacross
items,t(322) = 1.42,p > .1. Theabsencef are-
liable differencein this analysispossiblysuggests
thatour picturesdid not regularly enhancea part-
wholerelationship.

Type agreement: Thefinal analysiswasbased
onresponsaype agreementor PW andW. How-
ever, this analysisdid not aim to distinguishbe-
tweenthe two presentatioimodesbut ratherused
the agreemenproportionsas a diagnosticof po-
tentialtarget nounambiguity Herewe calculated
thetotalamountof overlapbetweerthe PWandw
conditions. For this calculation,we identifiedthe
numberof responsdypesthat occurin both the
PW andW conditionsfor a particulartarget stim-
ulusanddivided thatnumberby the total number
of responsdypesproducedfor thattamget stimu-
lus, irrespectye of condition. In otherwords,if a
nounPW recevesresponses andB andnoun W
recevesresponse8 andC, thenthetotal number
of sharedresponseaypesis 1, namelyresponses,
andthetotalnumberof responsgypesacrosson-
ditionsis 3, namelyA, B andC. Thus,the propor
tion of agreemenis .33.

We reasonedhat target nounswith low type
agreemenérelikely to beambiguousTo testthis,
we sortedthe targetsby their proportionof agree-
ment,andcomparedhetop andbottom20tamets.
In the manualannotationof our stimuli, cf. Sec-
tion 3, we hadrecordedthat 10% of our stimuli
were homophones.Thus, a randomdistribution
would predicttwo ambiguoustemsin a 20 item
samplef theproportionof agreemenis notanin-
dicator of ambiguity Instead,we found 11 am-
biguousnounsin the setof 20 tagetswith lowest
agreemenproportionsand2 ambiguousiounsin
the setof 20 tagetswith highestagreemenpro-
portions. A x? testindicatedthat the numberof



ambiguousnounsfound in the two setsdiffered
significantly x? = 7.29,p < .01.

Summarizinghisfirst setof analyseswe found
that the associateesponses$or concreteGerman
nounsdifferedsignificantlydependingn the for-
mat underwhich they were elicited, namelythe
presentatioormode. The fact that we found more
responseypesin totalandalsomoreidiosyncratic
responsesvhen target nounswere presentedn
the ‘word only’ vs. the ‘picture+word’ condition
suggestghat alternatve meaningswvere moreac-
tive when participantswere presentedvith writ-
tenstimuli comparedo depictedstimuli. It is also
interestingto notethatnotall ourintuitive predic-
tionswerebornout. For example despiteourfeel-
ing thatthepictureshouldbiastheinclusionof de-
pictedpart-ofrelations suchasthe broom~ witch
example discussedabore, this intuition was not
supportedby thedata.This facthighlightstheim-
portanceof first analyzingtheresponse$o ensure
thenecessargonditionsarepresentor theidenti-
ficationof ambiguousvords.

5 Analysisof Noun Senses

The secondanalysisin this paperaddresseshe
distinction of noun senseon the basisof asso-
ciations. Our goalis to identify the — potentially
multiple — senseof taiget nouns,and to reveal
differencedn the nounsensesvith respecto the
presentatiomodes.Theanalysisvasdoneasfol-

lows.

1. Thetarget-responspairswereclustered The
soft clusteranalysiswas expectedto assign
semanticallysimilar noun sensesnto com-
monclustersasbasednsharedhassociatee-
sponses(Sections.1)

2. Theclustersnvereusedto predicttheambigu-
ity of nounsandtheirrespectie senses(Sec-
tion 5.2)

3. The clusters and their predictability were
evaluated by annotatingnoun senseswith
Dudendictionarydefinitions,andcalculating
interannotatoagreement(Section5.3)

5.1 Latent Semantic Noun Clusters

Tamget nounswere clusteredon the basisof their
associationfrequencies,cf. Table 1. I.e., the
clusteringresultwasdeterminedy joint frequen-
ciesof thetamget nounsandthe respectie associ-
ations. The targetsthemselesweredescribedoy

thenoun-conditiorcombinationg.g. ShlossPW,
andSdlossW. We usednoun-conditiorcombina-
tionsascomparedo nounsonly, because¢heclus-
teringresultshouldnot only distinguishsense®f
nounsin generalbut in additionpredictthe noun
sensewvith respecto the condition.

Various techniqueshave been exploited for
word sensedisambiguation. Closely relatedto
our work, Schwneveldt’s pathfinder networks
(Schwvaneveldt, 1990) were basedon word asso-
ciations and were usedto identify word senses.
An enourmoushumberof approachesn compu-
tational linguistics can be found on the SENSE-
VAL webpagd SENSE\AL, ), which hostsaword
sensedisambiguationcompetition. We applied
Latent SemanticClusters(LSC) to our associa-
tion data. The LSC algorithmis an instanceof
the Expectation-Maximisatioralgorithm (Baum,
1972) for unsupervisedraining basedon unan-
notateddata, and hasbeenappliedto model the
selectionatlependencbetweerntwo setsof words
participatingn agrammaticatelationship(Rooth,
1998; Rooth et al., 1999). The resulting clus-
ter analysisdefinestwo-dimensionaboft clusters
whichareableto generalis@verhiddendata.LSC
training learnsthreeprobability distributions,one
for the probabilitiesof the clusters,and one for
eachtupleinputitemandeachcluster(i.e.,aprob-
ability distribution for the target nounsand each
cluster andonefor theassociationandeachclus-
ter), thusthe two dimensions.We usean imple-
mentationof the LSC algorithm as provided by
HelmutSchmid.

The LSC outputdependsiot only on the distri-
butional input, but alsoon the numberof clusters
tomodel.As arule,themoreclustersaremodeled,
themoreskewedtheresultingprobabilitydistribu-
tions for clustermembershipare. Sincethe goal
of thiswork wasnot to optimizetheclusteringpa-
rametersbut to judgethe generabpredictabilityof
suchmodels,we concentraten two clustering
modelswith 100and200clustersrespectuiely.

Table 2 presentsthe most probable noun-
conditioncombinationdor a clusterfrom the 100-
clusteranalysis:Theclusterprobabilityis 0.01295
(probabilitiesrangedfrom 0.00530to 0.02674).
Themostprobableassociationthatwerecommon
to membersof this clusterwere Ritter ‘knight’,
Mittelalter ‘medieval times’, Ristung‘armour’,
Burg ‘castle’, Kampf ‘fight’, kampfen ‘fight’,
Sdwert‘'sword’, Waffe ‘weapon’,Stloss'castle’,



scharf ‘sharp’. This exampleshavs thatthe asso-
ciationsprovide asemantiaescriptiorof theclus-
ter, andthe tamgetnounsthemselesappeatin the
clusterif oneof their sensess relatedto the clus-
ter description.In addition,we canseethat, e.g.,
Sdlossappearsn thisclusteronly in theW condi-
tion. Thereasorfor thisis thatthe pictureshaved
the‘lock’ senseof Stloss so the PW condition
waslesslikely to elicit ‘castle’-relatedresponses.
Thisexampleclusterillustratesnicely whatwe ex-
pectfrom the clusteranalysiswith respecto dis-
tinguishingnounsenses.

TargetNoun Cond | Prob
Rustung | ‘armour’ W 0.097
Schwert | ‘sword’ w 0.097
Burg ‘castle’ w 0.096
Rustung| ‘armour’ | PW | 0.096
Dolch ‘dagger’ | PW | 0.095
Schwert | ‘sword’ PW | 0.093
Burg ‘castle’ PW | 0.091
Dolch ‘dagger’ w 0.089
Ritter ‘knight’ PW | 0.073
Ritter ‘knight’ w 0.068
Schloss | ‘castle’ w 0.040
Turm ‘tower’ PW | 0.014

Table2: Samplecluster 100-clusteranalysis.

5.2 Prediction of Noun Ambiguity and Noun
Senses

The nounclusterswere usedto predictthe ambi-
guity of nounsand their respecire senses.The
two-dimensionalcluster probabilities, as intro-
ducedabove, offer the following information:

e Whid associationsre highly probablefor a
cluster? The mostprobableassociationsre
consideredas defining the semanticcontent
of thecluster

e Which target nounsare highly probablefor
a cluster and its semanticcontent,i.e. the
associations?Relatingthe target nounsin a
clusterwith the clusterassociationglefines
the respectie senseof the noun. To referto
theabove example,finding Stlossin aclus-
tertogethemith associationsuchas‘castle’
and'fight’ relatesthis instanceof Stlossto
the‘castle’ senseandnotthe‘lock’ sense.

e Whid target nounsare in the samecluster
andtherefore referto a commorsense/aspect
of thenouns?Thisinformationis relevantfor
revealing sensedifferencesof tamget nouns
with respecto the conditionsPW vs. W.

In orderto predictwhetheranounis in aclusteror
not,we neededa cut-off valuefor themembership
probability We settledon 1%, i.e., a target noun
with aprobabilityof > 1%wasconsideregmem-
berof acluster Basedonthe200-clusteinforma-
tion, we thenperformedhefollowing analyseon
nounambiguityandnounsenses.

Prediction of noun ambiguity: For eachtar
getnoun,we predictedits ambiguity by the num-
ber of clustersit wasa memberof. For example,
the highly ambiguousnoun Beden *basin, cym-
bal, pelvis’ (among other senses)was a mem-
ber of 8 clusters,as comparedto the unambigu-
ousBadker ‘baker’ which wasa memberof only
onecluster Membershipin several clustersdoes
not necessarilyoint to multiple nounsensegbe-
causdifferentcombination®f associationsight
definesimilar semanticcontents)put nevertheless
the clustersprovide anindicationof the degreeof
nounambiguity Thetotal numberof sense# the
200-clusteanalysiswvas735,which meansanav-
erageof 1.8sense$or eachtargetstimulus(across
presentatiorcondition).

Discrimination of noun senses. The most
probableassociations theclustersvereassumed
to describethe semanticcontentof the clusters.
They canbe usedto discriminatenoun senseof
polysemousouns. Referringbackto our exam-
ple nounBeden it appearedn one clusterwith
the most probable associations\asser ‘water’,
Garten‘garden’,Feuerwehrfire brigade’,giel3en
‘water’, and nass ‘wet’, describingthe ‘basin’
senseof thetargetnoun;in a secondclusterit ap-
pearedvith Musik‘music’, laut ‘loud’, Instrument
‘instrument’, Orchester‘orchestra’,and Jazz de-
scribing the music-relatedsense;and in a third
clusterit appearedvith Hand ‘hand’, Bein‘leg’,
Ellenbaen ‘elbow’, Korper ‘body’ and Muslel
‘muscle’, describingthe body-relatedsenseetc.

Noun similarity: Thosetamget nounswhich
wereassignedo a commonclusterwereassumed
to besemanticallysimilar (with respecto theclus-
ter content).Again, referringbackto our example
noun Beden and the three sensediscriminated
above, in the first clusterrefering to the ‘basin’
senseave find othernounssuchasEimer ‘bucket’,
Fontine‘fountain’, Brunnen'fountain, well’, Wei-
her ‘pond’, and Vase ‘vase’, all relatedto water
andwatercontainerjn thesecondlusterreferring
to the musicsensewe find Tuba‘tuba’, Trompete
‘trumpet’, Saxophorisax’, and Trommel‘drum’,



andin thethird clusterreferringto thebody sense
we find Arm‘arm’, andKnochen‘bone’.

Discrimination of PW vs. W noun senses:
Combiningthe previous two analysesallowed us
to discriminatesensessprovided by the two ex-
perimentalconditions. Remembethat the tamget
nounsin the clustersincludedthe specificationof
the condition. If we find a taiget nounin a cer
tain clusterwith both condition specificationsijt
meanghatsomeassociationproducedo boththe
PW and the W conditionsreferredto the same
nounsense.lIf atarget nounappearsn a certain
clusteronly with oneconditionspecifiedjt means
thatthe associationgapturecthe respecire noun
senseonly in onecondition. Thus, a target noun
appearingn a clusterin only one conditionwas
anindicationfor ambiguity Goingbackto our ex-
amplenounBedkenandits threeexampleclusters,
we find the nounin bothconditionsonly in oneof
thethreeclustersnamelythe clusterfor themusic
sense and this happendo be the sensedepicted
in the PW condition. In the two other clusters,
we only find Bedenin the W condition. In total,
Bedenappearsn bothconditionsonly in 1 out of
8 clusters,in only the PW conditionin 1 cluster
andin only theW conditionin 6 clusters.

Thefour analyseslemonstrat¢hatandhow the
clusterscan be usedto predict and discriminate
noun senses. Of course,the predictionsare not
perfect,but they apprximatelycorrespondo our
linguistic intuitions. Impressiely, the clustersre-
vealednot only blatantly polysemousvordssuch
asBeden but alsodistinct facetsof a word. For
example, the stimulusFilter *filter’ had associa-
tionsto coffee-relatedsensesaswell ascigarette-
relatedsensesboth of which werethenreflected
in theclusters.

5.3 Evaluation of Noun Clusters

In orderto performamoreindependengvaluation
of the clusterswhich is not only basedon specific
exampleswe assessethe clustershy two annota-
tors.20homophonesveremanuallyselectedrom

the409tametnouns.In addition,we reliedonthe
indicatorsfor ambiguity as definedin Section4,

andselectedhe20top andbottomnounsfrom the
orderedlist of type agreemenfor the two condi-
tions. The manuallist shaved someoverlapwith

the selectiondependenontype agreementiesult-
ing in alist of 51tamgetnouns.

For eachof theselectedargetnounswe looked

up the noun sensesas definedby the Duden a
standardGermandictionary We primarily used
the stylistic dictionary (Dudenredaktion,2001),
but used the foreign languagedictionary (Du-
denredaktion2005)if thenounwasmissingin the
former Eachtaigetnounwasdefinedby its (short
version)sensedefinitions. For example, Sloss
was definedby the sensesvorrichtung zum \Ver-
schlieRen‘device for closing’ and Wohngebaude
vonFurstenund Adeligen‘residentialbuilding for
princesandnoblemen’.

As tametsfor the evaluation,we usedthe two
clusteranalysesas mentionedabove, containing
100 and 200 clusterswith membershigrobabil-
ity cut-ofts at 1%. Two annotatoraverethenpre-
sentedwith two lists each:For eachclusteranaly-
sis,they saw alist of the51 selectedargetnouns,
accompaniedy the clustersthey were members
of, i.e.,for whichthey shavedaprobability> 1%,
ignoring the conditionof the target noun(PW vs.
W). In total, theannotatorsveregiven82/91clus-
terswhich includedary of the 51 selectechouns.
For eachcluster the annotatorsaw the five most
probableassociationsand all cluster members.
Theannotatorsvereasledto selectaDudensense
for eachcluster if possible.Theresultsof thean-
notation are presentedn Table 3. Annotator 1
identifieda Dudensensefor 72/75%of the clus-
ters,annotato for 78/71%.Interannotatoagree-
menton which of the Dudensensesvasappropri-
atefor acluster(if any) was81/85%;x = .78/.75.

Source 100clusters| 200clusters
No. of clusters 82 91

Annotatorl 59 72% | 68
Annotator2 64 78% | 65

75%
71%

Table3: ClustersandidentifiedDudensenses.

The evaluationof the clustersascarriedout by
the senseannotatiordemonstratethatthe cluster
sensegorrespondargely to Dudensenses.This
first kind of evaluationmodelsthe precisionof the
clusteranalyses A secondkind of evaluationas-
sessedow mary differentDudensensesve cap-
turewith theclusteranalysesthis evaluationmod-
ells the recall of the clusteranalyses.Dudende-
finesatotal of 113senseso ourtargetnouns.Ta-
ble 4 specifieghe recall for the datasetsandan-
notators.

Theevaluationsshav thattheprecisionis much
largerthantherecall. It might be worth applying
the clusteringwith a differentnumberof clusters



200clusters
48%
46%

Source 100clusters
Annotatorl | 46 41% | 54
Annotator2 | 51 45% | 52

Table4: Clusterrecallof Dudensenses.

and/ora differentcut-off for the clustermember
ship probability but that would lower the preci-
sionof theanalysesWe believe thattheevaluation
numbersarequiteimpressie, especiallyconsider
ing thatDudennotonly specifiessverydayvocab-
ulary, but includescolloquial expressiongsuchas
Ballon as‘humanhead’), out-datedsensegsuch
asMond as‘month’), anddomain-specifisenses
(suchasBlatt as‘shoulderof ahoofedgame’).

6 Conclusions

In this paperwe evaluateddifferencesn thetypes
andstrengthof semantiassociationglicitedun-
dertwo conditionsof presentatiornpicture+word’
and‘word only’. Consistentvith prior psycholin-
guistic researchye obsered associationso dif-
ferent meaningsof a word in both conditions,
supporting the idea that multiple meaningsof
homorymsareactive duringbothpictureandword
processing. However, our analysesof response
typesalsoshaved thatresponseso pictureswere
less diverse and idiosyncraticthan responsedo
words, suggestinghat the degreeto which alter
native meaningsareactie in thetwo presentation
modesmayindeedbedifferent. Onefurtherimpli-
cationof theanalysess thatsemantiassociations
(andespeciallyassociatiorstrengthsfrom word-
basedhormingstudiesdo not necessarilygeneral-
ize for the purposeof experimentsusingdepicted
materials. This insight shouldhave animpacton
psycholinguisticstudieswhen selectingdepicted
vs. written stimuli.

Our predictionsfor the typesof differencesve
expectedwere basedon intuitive grounds. One
might thereforequestionthe value of the analy-
sespresentedh Sectiond. It is interestingto note,
however, thatsomeof the predictionswerein fact
not born out. As the cluster analysispresented
in Section5 requireddifferencesetweenhetwo
stimulusmodes,it wascritical thata propereval-
uation of thosedifferencesbe conducted gven if
someof themseentrivially true.

The clusteranalysisdemonstratedhat we can
capitalizeon the semanticassociationsnd both
identify anddiscriminatethe varioussense®f the
tamget nouns. Indeed, the clustersnot only re-

vealedsensedifferencesof target nounswith re-
specto theirpresentatiomodesput alsodetected
nounsensesvhich hadnot beenidentifiedby the
authorsinitially. This indicatesthat this method
not only can discriminatebetweensensedut it
canalsodetectambiguity Theclusteranalysisal-
lowed usto apply automaticmethodsof identify-
ing whichmeaningof awordaparticularassociate
refersto, which would otherwisebe a time con-
suminganderrorpronemanualactuity.
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