
RankingWordNetSensesAutomatically

CSRP569

DianaMcCarthyandRobKoelingandJulieWeeds

Departmentof Informatics,Universityof Sussex, Falmer, BrightonBN1 9QH

January, 2004

1 Abstract

In word sensedisambiguation(WSD), the heuristicof choosingthe first listed sense
in a dictionaryis often hardto beat,especiallyby systemsthat do not exploit hand-
taggedtrainingdata. Theproblemwith usingthe first senseheuristic,asidefrom the
fact that it doesnot take surroundingcontext into account,is that it assumessome
quantityof hand-taggeddata.Whilst therearesomehand-taggedcorporaavailablefor
somelanguages,onewould expect the frequency distribution of the sensesof words
to dependon thegenreanddomainof thetext underconsideration.For example,one
would expecta differentpredominantsensefor star if onewerelooking at scientific
astronomyreportscomparedwith popularnews. We presentwork on the useof the
WordNetsimilarity packageanda thesaurusautomaticallyacquiredfrom raw textual
corporato rank WordNetnounsensesautomatically. Theresultsarepromisingwhen
evaluatedagainstthegold-standardprovidedby SemCor, giving usa theoreticalWSD

precisionof 60%on anall-wordstask. Moreover, someof the rankingerrorscanbe
explainedby differencesin thecorpusdatausedto producethethesauruscomparedto
this gold-standard.Our experimentsalsoshow thattheautomaticrankingcanbeused
to filter senseswhichareunseenor infrequentin thegold-standard.

2 Intr oduction

Thefirst senseheuristicwhich is oftenusedasa baselinefor supervisedWSD systems
frequentlyoutperformsWSD systemsevenwhenthey takesurroundingcontext into ac-
count. This is shown by the resultsof the Englishall-wordstaskin SENSEVAL2 [5]
in figure1 below wherethefirst senseheuristic(labelled‘First Sense1’) wasobtained
usingthefrequenciesof thesensetaggeddataprovidedwith WordNet1.7.1 Thefigure

1We areindebtedto JuditaPreissfor thisfigure.
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File (%) Genre(%)
Nouns 70 66
Verbs 79 74
Adjectives 25 21

Table1: Percentagesof wordswith a differentpredominantsensein SemCor, across
files andgenres.
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Figure1: Thefirst senseheuristiccomparedwith SENSEVAL2 results

distinguishessystemswhichmakeuseof hand-taggeddata(usingHTD) suchasSem-
Cor [16], from thosethatdonot(withoutHTD). Usingthefirst listedsensein WordNet
for thePoSgivenby thePennTreeBankwouldhavegivenaprecisionandrecallof 57%
[17], andthis is shown with thelabel‘First Sense2’. Thehighperformanceof thefirst
sensebaselineis largelybecauseof theskewedfrequency distributionof thesensesfor
mostwords.Eventhosesystemswhichshow superiorperformanceto thiscrudeheuris-
tic oftenmakeuseof it whereevidencefrom thecontext is not sufficient [6]. Whilst a
first senseheuristicbasedon a sense-taggedcorpussuchasSemCoris clearlyuseful,
thereis a strongcasefor obtaininga first, or predominant,sensefrom untaggedcorpus
datasothat theWSD systemcanbetunedto thegenreor domainat hand.We carried
out ananalysisof thepolysemousnouns,verbsandadjectivesin SemCoroccurringin
morethanoneSemCorfile, andfoundthata largeproportionof nounsandverbshave
a differentfirst sensein differentfiles andalso in differentgenres(seetable1). For
adjectivesthereis a lot lessvariation.

Sincemany wordschangetheir predominantsensedependingon thegenreor do-
main andhand-taggingdatais a costly processit would be useful to have a method
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of rankingsensesdirectly from untaggeddata. Many WSD systemse.g. [25, 6] use
thefirst senseheuristicwithin their systems,becauseit is sopowerful. An automatic
rankingof senseswouldbeusefulfor WSD systems,whetheror not they alsousehand-
taggeddatafor training.Additionally, researchershave usedthepredominantsenseof
wordsto improve lexical acquisition[14, 9] so we believe automaticrankingwhich
couldbetunedto thedataat handwouldbeusefulfor this. As well asbeingusefulfor
determiningthetoprankingsensesof aword,wehopethatamethodfor rankingsenses
wouldalsobeusefulfor identifyinginfrequentandpotentiallyredundantsenses.

Assumingthat onehada WSD systemthat could accuratelytag a portion of text
thenonecouldobtainfrequency countsfor thesensesandrankthemwith thesecounts.
However, the most accurateWSD systemsare thosewhich requiremanuallysense
taggeddatain the first place,andtheir accuracy seemsto dependon the quantityof
trainingexamples[8] available. We areinvestigatinga methodof automaticallyrank-
ing WordNetsensesfrom raw text.

Many researchersaredevelopingautomaticthesaurusesfrom automaticallyparsed
data. From inspectingthe lists of neighboursof the thesaurusesonecanseethat the
orderedneighboursrelateto thedifferentsensesof the targetword in theselists. For
example,the neighboursof star in a dependency-basedthesaurusprovided by Lin 2

hastheorderedlist of neighbours:superstar, player, teammate,actor early in thelist,
but onecanalsoseewordsthatarerelatedto anothersenseof star e.g. galaxy, sun,
world andplanet further down the list. The neighboursreflect the varioussensesof
the word to which they relate,star in this example. We expect that the quantityand
similarity of the neighbourspertainingto differentsenseswill reflect the dominance
of thesenseto which they pertain. This is becausetherewill bemorerelationaldata
for the moreprevalentsensescomparedto the lessfrequentsenses.In this paperwe
describeandevaluateamethodfor automaticallyrankingpredominantsensesof nouns
usingtheneighboursfromautomaticallyacquiredthesauruses,alongwith theWordNet
Similarity measures[20] for weightingthesensesof thetargetwordwith thesimilarity
betweentheneighboursandthesenses.

Thepaperis structuredasfollows.Wediscussourmethodin thefollowing section
andin section 4 describetheexperimentalsetup.Section5 givestheresultsof aquan-
titativeevaluationusingSemCorasagold-standard.Theseresultsarethendiscussedin
section6. In section7 weshow furtherresultsof applyingour methodto two domain
specificsectionsof theReuterscorpusfor a smallsampleof words.We describesome
relatedwork in section8 andconcludein section9.

3 Method

In orderto ranksenseswe first produceautomaticallyacquiredthesaurusesbasedon
the methodsof Lin [12]. We then usethe WordNet similarity package[20] which
providesan implementationof a hostof measuresfor calculatingsimilarity between
words,or senses,within WordNet. To rank the sensesof a word ( � ) we take the

�
nearestneighboursof thatword from theautomaticthesaurusandfor eachneighbour

2Downloadablefrom
http://www.cs.ualberta.ca/˜lindek/demos/depsim.htm
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we find theWordNetsimilarity scoreof thesensesof word � to thatneighbour, using
thesenseof theneighbourthatmaximisesthis score.We thenusethedistributionally
basedsimilarity scoresfrom thethesaurusfor eachneighbouralongwith theWordNet
similarity scoresbetweeneachneighbourandeachsenseof thetargetwordto rankthe
senses.

More precisely, let �����	��
������
�����������
������ betheorderedsetof the top scoring�
neighboursof � from the thesauruswith associateddistributionalsimilarity scores��������� �� � �����!� ��� ���"���������!� ��� � . Let #�$ � be the setof sensesof � . Eachneighbour

( 
 �&%(' � � ) is thenassociatedwith a list of thesenses( � �!) ' #�$ � ) with associated
WordNetsimilarity scores( � 
*��� ��+-, 
 �&% ) between� �!) andthe senseof the 
 �&% that
maximisestheWordNetsimilarity. Werankeachsense� ��) ' #�$ � using:
RankingScore� ��)�� .

�&/�0 1�23/ �����!� /�054 � 
*���!��+ , 
��&%6 ��+ ,�7 198;: / � 
*������+ , 7 �&/�0 (1)

3.1 Acquiring the Automatic Thesaurus

Thethesauruswasacquiredusingthemethoddescribedby Lin [12]. For input to the
thesaurusweusedgrammaticalrelationdataextractedfrom thethe90million wordsof
writtenEnglishfrom theBritish NationalCorpus(BNC) usinganautomaticparser[3].
For eachnounwe consideredthe co-occurringverbsin the direct objectandsubject
relation,the modifying nounsin noun-nounrelationsandthemodifying adjectivesin
adjective-nounrelations.A noun, 
 , is thusdescribedby a setof co-occurrencetriples< 
�� =�� �?> andassociatedfrequencies,where = is a grammaticalrelationand � is
a possibleco-occurrencewith 
 in thatrelation. For every pair of nouns,whereeach
nounhada total frequency in the triple dataof 10 or more,we computedtheir dis-
tributional similarity using the measuregiven by Lin [12]. If @�AB
*C is the setof co-
occurrencetypes AD=�� � C suchthat E�AB
���=F� � C is positivethenthesimilarity betweentwo
nouns,
G and 
*� , canbecomputedas:6IH�JLK ��M 1�N H �&O MQP N H ��R M ASE�AD
  � =�� � C&TUE�AB
 � � =�� � CSC6 H�JLK ��M 1�N H �VO M E�AB
G9��=F� � C&T 6 H�JLK ��M 1�N H �WR M EXAD
*�Y��=F� � C
where:

E�AB
���=F� � C��[Z"\Y]_^ A �(` 
bac=�C
^ A �d` =�C

A thesaurusentryof size
�

for a targetnoun 
 canthenbedefinedasthe
�

most
similarnounsto noun 
 .

3.2 The WordNet Similarity Package

We usetheWordNetSimilarity Package0.05andWordNetversion1.6. TheWordNet
Similarity packagesupportsa rangeof WordNetsimilarity scores.We experimented
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with 6 of these3 andbriefly summarisethembelow, for a moredetailedsummarysee
[19]. The measuresprovide a similarity scorebetweentwo WordNetsenses( e�f ande�g ).

lesk [2] This scoremaximisesthenumberof overlappingwordsin the gloss,or def-
inition, of the senses.It usesthe glossesof semanticallyrelated(accordingto
WordNet)sensestoo.

lch [10] hie�jkADe�fY��e�gYC��mlon�p�qsr5hit�uVA :Yv
Hiw  K w � M��x�y C{z where $�|}ADeFf9� e�g9C is the lengthof the

pathwith theminimumnumberof interveningclassesbetweene�f and e�g and ~
is themaximumdepthof thehierarchy, i.e. thelargestdistancebetweenany leaf
andtherootof thehierarchy.

edge A simplisticmeasurewhich invertstheedgecountsbetweenc1andc2.� �Yu � ADe�fY��e!g9C�� :Yv HQw  K w � M
res [21] This scoreusesfrequency countsto populatethe hierarchy. It is calculated

as the information content(IC) of the class( e�� ) which is the lowestpossible
subsumerof thetwo senses.= � �FADe�fY��e�gYC3��EY�(ADe��YC where EY�(ADe!�9C���r5hit�uVA"�kADe��YCSC

jcn [7] Actually adistancemeasurewhichrelatesto theresmeasure,but with anotion
of path-length:���{� � % w ��ADe�fY��e�gYC���EY�(ADe�f�C*TUE9�(ABe�g9CGr�g 4 = � �FADe�fY��e�gYC
This is transformedfrom a distancemeasurein the WN-Similarity packageby
takingthereciprocal:� e�
GABe�f9� e�g9C���f��Y�W�{�-� % w ��ADe�fY��e!g9C

lin [13]. The similarity betweentwo classesis the ratio of the informationneeded
to statethesharedinformationandtheamountof informationto describethem
independently. This is relatedto thejcn measure.hQ��
GABe�f9� e�g9C�� ��x J�� + Hiw  K w � M��� Hiw SMi� ��� HQw ��M

4 Experimental Setup

In orderto evaluateourrankingsweusethedatain SemCorasagold-standard.This is
not idealsinceweexpectthattherankingswithin SemCorwill bedifferentto thosethat
would beobtainedfrom theBNC, from whichwe obtainour thesaurus.Nevertheless,
sincemany systemsperformedwell on the English all-words task for SENSEVAL2
usingthe frequency informationin SemCorwe believe this is a reasonableapproach
for evaluation.

We generateda thesaurusentryfor all polysemousnounswhich occurredin Sem-
Cor with a frequency greaterthan2, andin theBNC with a frequency of at least10 in
thegrammaticalrelationslisted in section3.1 above. Threeof themeasures(jcn, lin,

3Thereareafurthertwo scoresin thispackage,but theimplementationin thisversionof thepackagewas
tooslow for usto completetheexperimentswith them.Theseothermeasuresdid notperformaswell aslesk
andjcn in previousWSD experiments[19]
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res) in the WordNetsimilarity packageareproducedusingcorpusdatato obtainthe
IC of a class.We evaluatedtherankingsusingfour variationsin obtainingthecounts
for thesewith datafrom (i) theBNC corpusanda resnikcountoptionwhich is imple-
mentedin theWordNetsimilarity package,(hereafterreferredto asrc) (ii) theBrown
corpuswith rc (iii) theBrown corpusand(iv) thedefaultcountsderivedfrom SemCor.
All the resultsshown hereare thosewith the sizeof thesaurusentries(

�
) set to 50.

We repeatedthe experimentwith the BNC datafor jcn using
� ��f��&� �9�V���Y� and �Y�

however, thenumberof neighboursusedgave only minimal changesto theresultsso
wedonot reportthemhere.

4.1 Evaluation Metrics

For evaluationwecomparetheautomaticrankingswith datain SemCor. We calculate
the accuracy of finding the predominantsense,whenthereis indeedonesensewith
a higher frequency than the othersfor this word in SemCor( ^ $*� wBw ). We also use
a pairwiseagreement( ^ #�� ) of rankingsdevisedby BriscoeandCarroll [4]. This
takeseachpair of sensesat positions ADpG���YC in theautomaticrankingsuchthat p < �
andcalculatesthepercentageagreementof all suchpairswherethepair is orderedthe
sameasthegold-standardranking.WealsocalculatetheWSDaccuracy thatwouldbe
obtainedonSemCor, whenusingour top rankedsensein all contexts ( #�$�~ + w ).

As well as being useful for determiningthe top ranking sensesof a word, we
hopethat our methodwill be goodfor identifying infrequentandpotentiallyredun-
dantsenses.This would beparticularlyusefulwhenapplyingthe methodto domain
specifictext, ratherthanbalancedtext like theBNC. To evaluatethiswe takea thresh-
old of the rankingscorewhich would filter a constantpercentage( �_� ) of the sense
typesin our experiment. We thencalculatethe percentageof thesesensetypesthat
do not occurin SemCoratall ( ������� � � wBw ), andfor thosethatdo,we calculate����t � �BJLJ
which is the percentageof sensetokensthat would be filtered incorrectlyusing this
rankingscoreasa threshold(i) from theentiresetof nouns,and(ii) from thesubsetof
nounsthathave at leastonesensefiltered.

5 Results

The resultsin table2 show the accuracy of the rankingwith respectto SemCorover
the entiresetof 2595polysemousnounsin SemCorwith the 6 similarity measures.
The resultsin this table areobtainedusing the BNC rc IC file for the res, jcn and
lin measures.Therandombaselinefor choosingthepredominantsenseover all these
words(

6 � 198;� J�� + � + � � + � + / � ) is 32%. We seethat all WordNetsimilarity measures
beatthis baseline.Therandombaselinefor #�$�~ + w , obtainedby dividing eachword
tokenfrom SemCorfor thissetof wordsby thenumberof sensesof thatword,is 24%.
Again,theautomaticrankingoutperformsthisby a largemargin.

Table3 givesresultsfor thesenserankingfor the2595nounsgiventhefour varia-
tionsfor obtainingtheIC datadescribedin section4 above. Therankingresultsdonot
differ substantiallyexcept that we do get a significantincreasein performanceusing
thedefaultIC files providedwith theWordNetsimilarity package.This is particularly
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measure ^ $ � wBw % ^ #�� % #�$�~ + w %
lesk 54 48 48
lch 49 48 43
edge 50 49 44
res 48 45 39
jcn 54 50 46
lin 50 46 43

Table2: Resultswith theBNC thesaurusfor a rangeof WordNetsimilarity scores

BNC resnikcount
measure ^ $ � wBw % ^ #�� % #�$�~ + w %
res 48 45 39
jcn 54 50 46
lin 50 46 43

Brown resnikcount
res 47 45 39
jcn 55 50 46
lin 50 47 43

Brown
res 47 45 39
jcn 54 50 46
lin 50 46 42

default(SemCor)
res 47 45 37
jcn 69 68 55
lin 62 64 49

Table3: Resultswith theBNC thesaurusfor differentsourcesof IC

the casewith the jcn andlin metricswhich usethe IC of the sensesof the wordsdi-
rectly. Thesedefaultfiles rely on thesensetaggeddatafrom SemCor. To avoid using
sense-taggeddata(andin particularour testset)we revert to usingtheBNC rc IC files
for therestof thework describedin thispaper.

The leskandjcn measuresshow thebestperformanceon the scoresthatevaluate
the rankings. The lesk measurewasconsiderablyslower thanthe measures,suchas
jcn, which rely on theprecompiledfiles from thecorpusdata.Sinceall measuresgive
comparableresultswe restrictedour remainingexperimentsto jcn becausethis gave
goodresultsfor thesenserankingmetrics,andis efficient,giventheprecompilationof
theIC files.

Table4 displaystheresultsobtainedwhenvaryingthefilter threshold(F%),giving
the numberof sensetypesfilteredfrom the full setof 10687sensetypesfor all 2595
polysemousnouns.������� � � wBw , describedabove in section4.1,is thepercentageof these
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F% # Ftypes ������� � � wBw ����t � �BJLJ , ����t � �BJLJ ,�,
1 99 57 0.04 25
3 298 57 1.3 33
5 508 57 2.1 32
10 998 56 5.3 44

Table4: Filteringresults

typesthatdo not occurat all in SemCor. ����t � �BJLJ , is thepercentageof tokensfiltered
from SemCorin error using this threshold,and ����t � ��JSJ ,�, is that percentagefor the
subsetof nounswhichhave at leastonesensefilteredusingthatthreshold.

Theresultsshow thatthemajorityof sensetypesfilteredarethosethatdonotoccur
in SemCor. Thebaselinefor this taskis 38%sincethatis thepercentageof sensetypes
for thesetof polysemousnounsthatdonot occurin SemCor. Interestingly, increasing
thethresholdseemsto filter a higherpercentageof tokensthatshouldnotberemoved,
but thepercentageof sensetypesthatarefilteredcorrectlyremainssimilar. Thefiltering
thresholdusinga percentageof sensetypesresultsin somewordshaving many more
sensesfilteredthanothers.In thefutureweplanto investigatethis morecarefullyand
determineif a wordspecificthresholdwouldbemoreappropriate.

6 Discussion

Frommanualanalysis,therearecaseswheretheautomaticrankingis atoddswith Sem-
Cor, yet theautomaticrankingis intuitivelyplausible.This is to beexpectedregardless
of any inherentshortcomingsof therankingtechniquesincethesenseswithin SemCor
will differ compareto thoseof theBNC.For example,in WordNetthefirst listedsense
of pipe is tobaccopipe, andthis is rankedjoint first accordingto the Brown files in
SemCorwith the secondsensetube madeof metal or plastic usedto carry water,
oil or gasetc.... Theautomaticrankingfrom theBNC datalists the latter tube sense
first. This seemsquite reasonablegiven the nearestneighbours:4 tube,cable,wire,
tank,hole,cylinder, fitting, tap,cistern,plate...

SinceSemCoris derived from the Brown corpus,which predatestheBNC by 30
years5 andcontainsa higherproportionof fiction 6, thehigh rankingfor the tobacco
pipe senseaccordingto SemCorseemsquiteplausible.It couldhowever be that this
examplehighlightsa problemwith usingautomaticallyacquiredthesaurusesfor some
cases.It may be that the tobaccopipe senseis simply demotedbecauseit doesnot
occur in a wide variety of contexts andso it is not adequatelyreflectedin the list of
neighbours.

4We show thefirst 10 for thesakeof brevity.
5Thetext in theBrown corpuswasproducedin 1961,whereasthebulk of thewrittenportionof theBNC

containstextsproducedbetween1975and1993.
66 out of the15 Brown genresarefiction, includingonespecificallydedicatedto detectivefiction, whilst

only 20%of theBNCtextrepresentsimaginativewriting, theremaining80%beingclassifiedasinformative.
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Another examplewherethe ranking is intuitive, is soil. The first rankedsense
accordingto SemCoris the filth, stain: state of being unclean sensewhereasthe
automaticranking lists dirt, ground, earth as the first sense,which is the second
rankedsenseaccordingto SemCor. This seemsintuitive given our expectedrelative
usageof thesesensesin modernBritish English,however, wehavenotmanuallyhand-
taggedtheBNC datato verify this.

Evengiventhedifferencein text of SemCorandtheBNC theresultsareencourag-
ing, especiallygiventhattheWSD performancecitedhereis for polysemousnouns.In
theEnglishall-wordsSENSEVAL2, 25%of thenoundatawasmonosemous.Thus,if
weusedthesenserankingasaheuristicfor an“all nouns”taskwewouldexpectto get
precisionin theregion of 60%which would have outperformedall systemsnot using
hand-taggeddataon the all wordstask,andmany of thosethat did. We believe that
our techniquemaybeof benefitto lexical acquisitionsystemsrequiringwidecoverage
WSD,or to highprecisionWSDsystemswishingto makeuseof afirst senseheuristic.
Of course,selectingthe first sensefrom SemCoroutperformsour automaticranking
whenevaluatedon that samegold-standard.The questionthenis whetherautomatic
rankingworksbetterthana SemCorderivedrankingwhenturningto anew text type.

7 Experimentswith Reutersdata

Weareinterestedto seeif ourmethodis ableto capturethechangein rankingof senses
for documentsfrom differentdomains.In orderto do thatwe appliedour methodto
two specificsectionsof theReuterscorpus.

7.1 ReutersCorpus

The Reuterscorpus[23] is a collectionof about810,000Reuters,EnglishLanguage
News stories(covering the periodAugust1996to August1997). Many of the news
storiesareeconomyrelated,but several other topicsare includedtoo. We have se-
lecteddocumentsfrom theSPORTSdomain(topiccode:GSPO)andalimited number
of documentsfrom the FINANCE domain(topic codes:ECAT (ECONOMICS)and
MCAT (MARKETS)).

TheSPORT corpusconsistsof 35317documents(about9.1 million words). The
FINANCE corpusconsistsof 117734documents(about32.5million words). We ac-
quiredthesaurusesfor thesecorporausingtheproceduredescribedin section3.1.

7.2 The Experiment

For this experimentthereis no existing gold-standardthatwe couldusefor a quanti-
tative evaluation. We thereforedecidedto selecta limited numberof words(11) and
to evaluatethesewordsmanually. The words includedin this experimentarenot a
randomsample,sincewe anticipateddifferentpredominantsensesin theSPORT and
FINANCE domainfor thesewords7. We areplanningto carry out a moreextensive

7Therewere7 morewordsincludedin this experiment.Thosewordsprovedto beneithergoodnor bad
examples.Theywerenot particularlyillustrative examplesandthereforeexcludedfrom discussionhere.
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Word PSBNC PSFINANCE PSSPORT
pass 1 (accomplishment) 14 (attempt) 15 (throw)
share 2 (portion, asset) 2 2
division 4 (admin. unit ) 4 6 (league)
head 1 (body part ) 4 (leader) 4
loss 2 (transf. property) 2 8 (death,departure)
competition 2 (contest,socialevent) 3 (rivalry ) 2
match 2 (contest) 7 (equal,person) 2
tie 1 (neckwear) 2 (affiliation ) 3 (draw)
strike 1 (work stoppage) 1 6 (hit,success)
striker 1 (athlete) 2 (sailor) 1
goal 1 (end,mentalobject) 1 2 (score)

Table5: Domainspecificresults

evaluationin thenearfuture.

7.3 Discussion

Theresultsfor theexperimentsaresummarizedin table5. Theresultsarepromising.
Most wordsshow thechangein predominantsense(PS)thatwe anticipated.It is not
alwaysintuitivelyclearwhichof thesensesto expectaspredominantsensefor eithera
particulardomainor for theBNC, but thefirst sensesof wordslike divisionandgoal
shift towardsthemorespecificsenses(leagueandscore respectively). Moreover, the
chosensensesof the word tie proved to be a textbook exampleof the behaviour we
expected.

Theword share is amongthewordswhosepredominantsenseremainedthesame
for all threecorpora. We anticipatedthat the stock certificate sensewould be cho-
senfor theFINANCE domain,but this did not happen.However, thatparticularsense
endedup higher in the ranking for the FINANCE domain. The word striker is also
aninterestingcasewheretherankingis somewhatcounter-intuitive. We expectedthe
first sensefor theFINANCE domainto benonworker. Thethesaurus,however, gave
wordssuchas:pilot, trucker, driver, miner, farmer, teacher, nurse, steelworker, etc...
asnearestneighbours,sincetheseoccurin similar contexts. Consideringtheseneigh-
bours,thechosensensesailor is to beexpected.

This experimentshows the behaviour we wereexpecting. However, we needto
evaluatethisquantitatively. Weareplanninganextensivequantitativeevaluationin the
nearfuture.

The fact that we can useany collectionof raw text for our method,meansthat
we have someexcellentopportunitiesto usethe web asa corpus. Thereareseveral
directoriesavailableon the web with pointersto webpagesaboutcertaintopics. We
couldharvesttexts from thewebusingthesedirectoriesandcreatecorporafor specific
domainsautomatically. Thesedomainspecificcorporacould thenbe usedfor sense
rankingasdescribedin this paperandalsofor traininga text classifierwhichcouldbe
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usedbothto obtainfurtherinputdatafor domainspecificsenserankingandfor usein
determiningthedomainfor applicationof thedomainspecificranking.

8 RelatedWork

To our knowledgethereis no otherwork on automaticallyrankingsenses.Of course
this could be doneby usingan unsupervisedWSD systemto tag text and taking the
resultingrankings.The majorproblemwith this is that the accuracy of unsupervised
systemsdoesnotseemto besufficient.Theanswersfor systemsussex-sel[15] 8 would
give a ^ $*� wBw of 32% for finding the first senseaccordingto WordNet1.7. Systems
thatusetrainingdata,suchasSemCor, wouldundoubtedlydobetteron ranking,but it
wouldprobablybebetterto usethetrainingdatadirectly.

Patwardhanet. al. [19] have usedtheWordNetsimilarity packagesfor WSD, and
evaluatedontheSENSEVAL2 Englishlexical sampledata.Theresultslook comparable
to othersthatdonotmakeuseof hand-taggeddata,with theoptimumaccuracy at39%.
Interestingly, variationof the IC files did not affect their resultsmuch,aswith ours,
however, unlike our resultsthis wasalsothe casewherethe sense-taggeddatain the
SemCorfiles wasused.Thetaskis differentthough,in thatweareevaluatingrankings
andnotperformingWSD. Additionally,ourgold-standardwasthesameasthatusedfor
thedefaultIC files,whereasthey usedtheSemCorfrequency counts,but thenapplied
their WSD to theSENSEVAL2 lexical sampledata.

Therehasbeensomerelatedwork on usingautomaticthesaurusesfor discovering
wordsensesfrom corpora.PantelandLin [18]. In thiswork thelistsof neighboursare
themselvesclusteredto bring out thevarioussensesof theword. They evaluateusing
the lin measuredescribedabove in section3.2 to determinethe precisionandrecall
of thesediscoveredclasseswith respectto WordNet synsets. This methodobtains
precisionof 61% andrecall 51%. If WordNetsensedistinctionsare not ultimately
requiredthendiscoveringthesensesdirectly from theneighbourslist is usefulbecause
sensedistinctionsdiscoveredarerelevant to the corpusdataandnew sensescanbe
found. In contrast,we usethe neighbourslists andWordNetsimilarity measuresto
rankandfilter WordNetsenses.We believe automaticrankingandfiltering techniques
will beusefulfor systemsthatrely onWordNet,for examplethosethatuseit for lexical
acquisitionor WSD.

9 Conclusions

We have deviseda methodthatusesraw corpusdatato automaticallyrank thesenses
of nounsin WordNet. We usean automaticallyacquiredthesaurusanda WordNet
Similarity measure– suchasthoseavailablein theWordNetsimilarity package.The
rankingresultsarepromisingwhenevaluatedquantitatively on SemCor, giving us a
theoreticalWSD precisionof 60%onanall-wordstask.In many casesthesenseranking
providedin Semcordiffersto thatobtainedbecauseof differencesof theinputdatafrom

8Thissystemobtainedthehighestprecisionontheall wordstaskfor thosesystemsthatdid not makeuse
of hand-labelleddatasuchasSemCor.
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which theautomaticthesauruswasproduced.In thefuture,we hopeto quantitatively
evaluatethe rankingsfor domainspecificcorpora. In particularwe plan to usethe
rankingsto demonstratean improvementin lexical acquisition,andalsoexaminethe
effects of filtering low rankingsensesprior to lexical acquisition. We hopealso to
usethe differencein rankingsbetweenbalancedcorporaanddomainspecificonesto
isolatewordshaving verydifferentneighbours,andthereforerankings,in thedifferent
corpora. As regardsthe filtering, it may be that we needa word specificthreshold
beforefiltering is appliedandweplanto dosomeexperimentsin thisdirection.

Thereis plenty of scopefor further work. WordNet is very fine-grained. From
manualanalysisthe thesaurusmethodoftenpicksa closelyrelatedsenseto thegold-
standard,or anticipated,predominantsense.We hopeto look at automaticmethods
for clusteringWordNetrelatedsenses,suchasthoseproposedby Agirre andLopezde
Lacalle [1]. We have not yet performedany analysison the categoriesof nounsfor
which our rankingmethodworksbest.Suchanalysiswould alsobeuseful,thoughwe
suspectthatperformancedependsonthegranularityandthatthemethodwill work best
on thosenounswith cleardistinctions.

We alsowant to investigatewhetherthe frequency of the nounshasa bearingon
performancesinceLin’smeasureof distributionalsimilarity hasbeenshown to perform
poorly on semantictasksfor low frequency words[24]. It would beworth exploring
otherdistributionalsimilarity measuresfor producingthethesaurussuchasalpha-skew
divergence[11] andthoseproposedby WeedsandWeir. Additionally,weneedto deter-
minewhethersenseswhichdonot occurin a widevarietyof contexts farebadlyusing
distributionalmeasuresof similarity, andwhatcanbedoneto combatthisproblem.

To datewe have only usedthis methodon nouns.We hopeto try it out on verbs,
but wewill first needto look into theperformanceof WordNetsimilarity measuresfor
verbs.ResnikandDiab [22] discussthefact thatverbsimilarity is a differentto noun
similarity becauseof the differentpropertiesof verbs,suchasevent structure.They
foundlower inter-rateragreementfor humansjudgingthesimilarity of verbsthanhas
beenobtainedin similarexperimentsfor nouns.

Theleskandjcn measuresperformedthebestin our evaluationsusingSemCoras
a gold-standard.Sinceboth of thesemeasuresusedifferenttypesof informationwe
couldtry usinga combinationof similarity scoreswithin our rankingscore.
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