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Abstract

In word sensedisambiguatior(wsb), the heuristic
of choosingthe mostcommonsenseis extremely
powerful becausehe distribution of the sense®f a
word is often skaved. The problemwith usingthe
predominantor first senseheuristic,asidefrom the
fact that it doesnot take surroundingcontext into
account,is thatit assumesomequantity of hand-
taggeddata. Whilst there are a few hand-tagged
corporaavailable for somelanguagespne would
expect the frequeng distribution of the senseof
words, particularlytopicalwords,to dependon the
genreanddomainof the text underconsideration.
We presentwork on the useof athesaurusicquired
from raw textual corporaandthe WordNetsimilar
ity packageto find predominannhounsensesuto-
matically Theacquiredpredominansensegive a
precisionof 64% on the nounsof the SENSEVAL-
2 Englishall-wordstask. This is a very promising
resultgiven that our methoddoesnot requireary
hand-taggedext, suchas SemCor Furthermore,
we demonstratéhatour methoddiscosersappropri-
atepredominansense$or wordsfrom two domain-
specificcorpora.

1 Intr oduction

The first senseheuristicwhich is often usedas a
baselinefor supervisedvsb systemsoutperforms
mary of thesesystemavhichtakesurroundingcon-
text into account. This is shovn by the resultsof
the English all-words task in SENSEVAL-2 (Cot-
ton et al., 1998)in figure 1 below, wherethe first
senseis that listed in WordNetfor the PoS given
by the PennTreeBank(Palmer et al., 2001). The
sensefn WordNetareorderedaccordingo thefre-
gueng datain the manuallytaggedresourceSem-
Cor (Miller etal., 1993). Senseghat have not oc-
curredin SemCorare orderedarbitrarily and af-
ter those sensesf the word that have occurred.
The figure distinguishessystemswhich make use
of hand-taggedata(usingHTD) suchas SemCor
from thosethatdo not (withoutHTD). Thehighper

formanceof the first sensebaselineis dueto the
skewvedfrequengy distributionof wordsensesEven
systemswhich show superiorperformanceo this
heuristicoften makeuseof the heuristicwhereev-
idencefrom the contet is not sufficient (Hosteet
al., 2001). Whilst a first senseheuristichasedon a
sense-taggecbrpussuchasSemcCaoiis clearlyuse-
ful, thereis astrongcasefor obtainingafirst, or pre-
dominant,sensd€rom untaggecdcorpusdataso that
awsbD systemcanbetunedto the genreor domain
athand.

SemCorcomprisesa relatively small sampleof
250,000words. There are words where the first
sensein WordNetis counterintuitive, becauseof
the size of the corpus,andbecausevherethe fre-
queny datadoesnot indicatea first sensethe or-
deringis arbitrary For examplethe first senseof
tiger in WordNetis audaciouspersonwhereaone
might expect that carnivorous animal is a more
commorusage Thereareonly acoupleof instances
of tiger within SemCor Another exampleis em-
bryo, which doesnot occurat all in SemCorand
thefirst sensas listedasrudimentary plant rather
thantheanticipatedertilised eggmeaning We be-
lieve thatanautomaticneansof finding a predomi-
nantsenseavould beusefulfor systemghatuseit as
ameanf backing-of (Wilks andSterenson1998;
Hosteetal., 2001)andfor systemghatuseit in lex-
ical acquisition(McCarthy 1997; Merlo and Ley-
bold, 2001;Korhonen2002)becaus®f thelimited
size of hand-taggedesources.More importantly
whenworking within a specificdomainonewould
wishto tunethefirst senséneuristicto thedomainat
hand.Thefirst senseof starin SemCaoiis celestial
body, however, if oneweredisambiguatingpopular
news celebrity would be preferred.

Assumingthatonehadan accuratewsb system
then one could obtainfrequeng countsfor senses
andrankthemwith thesecounts.However, themost
accuratevsb systemsarethosewhichrequireman-
ually senseaggeddatain thefirst place,andtheir
accurag depend®n the quantityof training exam-
ples (Yarovsky and Florian, 2002) available. We



100

80 [

60
. First Sense

recall

40 +

20 | 4
o0

I I I I
0 20 40 60 80 100
precision

"using HTD" . "without HTD" ¢ "First Sense" e

Figure 1: The first senseheuristiccomparedwith
the SENSEVAL-2 Englishall-wordstaskresults

are thereforeinvestigatinga method of automati-
cally rankingWordNetsense$rom raw text.

Mary researchersare developing thesauruses
from automaticallyparseddata. In theseeachtar
getword is enteredwith an orderedlist of “near
estneighbours”.Theneighboursarewordsordered
in termsof the “distributional similarity” that they
have with the tamget. Distributional similarity is
a measurdndicating the degreethat two words, a
word andits neighbouy occurin similar contexts.
Frominspectionpnecanseethattheorderecdheigh-
bours of such a thesaurusrelate to the different
sense®f thetargetword. For example,the neigh-
boursof starin adependengbasedhesaurupro-
vided by Lin ! hasthe orderedlist of neighbours:
superstarplayer teammateactor early in the list,
but onecanalsoseewordsthatarerelatedto another
senseof star e.g.galaxy sun,world andplanetfur-
therdown thelist. We expectthatthe quantityand
similarity of the neighbourspertainingto different
senseill reflectthe dominanceof the senseto
which they pertain. This is becausdaherewill be
morerelationaldatafor the more prevalentsenses
comparedto the lessfrequentsenses.In this pa-
perwe describeand evaluatea methodfor ranking
sense®f nounsto obtainthe predominansenseof
aword usingthe neighbourgrom automaticallyac-
guiredthesaurusesThe neighbourdor awordin a
thesaurusrrewordsthemseles,ratherthansenses.
In orderto associatéhe neighboursvith sensesve
makeuseof anothemotionof similarity, “semantic
similarity”, whichexistsbetweersensegatherthan
words. We experimentwith several WordNetSim-
ilarity measuregPatwardhamand Pedersen2003)
which aim to capturesemanticrelatednessvithin
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the WordNet hierarchy We use WordNet as our
sensenventoryfor thiswork.

The paperis structuredas follows. We discuss
ourmethodin thefollowing section.Sections3 and
4 concernexperimentsusing predominantsenses
fromthe BNC evaluatedagainsthedatain SemCor
andthe SENSEVAL-2 Englishall-wordstaskrespec-
tively. In section5 we presentesultsof the method
ontwo domainspecificsectionsof the Reuterscor
pusfor a sampleof words. We describesomere-
latedwork in section6 andconcludein section?.

2 Method

In orderto find the predominantsenseof a tamget
word we usea thesaurusacquiredfrom automati-
cally parsedext basednthe methodof Lin (1998).
This providesthe k& nearesteighbourdo eachtar-
get word, along with the distributional similarity
scorebetweerthetargetwordandits neighbour We
thenusethe WordNetsimilarity packagdPatward-
hanandPederser2003)to give usa semanticsimi-
larity measuréhereaftereferredto asthe WordNet
similarity measure}o weightthe contrikbution that
eachneighboumakesto the varioussense®f the
targetword.

To find the first senseof a word (w) we
take each sensein turn and obtain a score re-
flecting the prevalence which is used for rank-
ing. Let N, = {n1,n3...nx} be the ordered
set of the top scoring £ neighboursof w from
thethesaurusvith associatedistributionalsimilar-
ity scores{dss(w,ny),dss(w,ns),...dss(w,ng)}.
Let senses(w) bethe setof sense®f w. For each
senseof w (ws; € senses(w)) we obtaina rank-
ing scoreby summingover the dss(w, n;) of each
neighbour(n; € N,,) multiplied by aweight. This
weightis the WordNetsimilarity score(wnss) be-
tweenthe target sense(ws;) and the senseof n;
(nsy € senses(n;)) thatmaximiseshis score,di-
vided by the sum of all suchWordNet similarity
scoresfor senses(w) andn;. Thuswe rank each
senseaws; € senses(w) using:

Prevalence Score(ws;) =

> dss(w,nj)x

Ny ENy

wnss(ws;, n;)
Zwsi/Esenses(w) 'wnss(w.sz-;, n])

(1)

where:

wnss(ws;, n;) = max  (wnss(ws;, ns;))

nsgEsenses(ny )
2.1 Acquiring the Automatic Thesaurus
The thesaurusvas acquiredusing the methodde-
scribedby Lin (1998). For input we usedgram-
matical relation dataextractedusing an automatic



parser(Briscoeand Carroll, 2002). For the exper
imentsin sections3 and 4 we usedthe 90 mil-
lion words of written Englishfrom the BNC. For
eachnounwe consideredhe co-occurringverbsin
thedirectobjectandsubjectrelation,the modifying
nounsin noun-nourrelationsandthemodifyingad-
jectivesin adjective-nourrelations.We couldeasily
extendthesetof relationsin the future. A noun,w,
is thus describedby a setof co-occurrencdriples
< w,r,z > andassociatedrequencieswherer
is a grammaticalrelation and z is a possibleco-
occurrencevith w in thatrelation.For every pair of
nounswhereeachnounhadatotalfrequeng in the
triple dataof 10 or more,we computedheir distri-
butional similarity using the measuregivenby Lin
(1998). If T'(w) is the setof co-occurrenceypes
(r,z) suchthat/(w, r, z) is positive thenthe simi-
larity betweertwo nounsw andn, canbecomputed
as:dss(w,n) =

Z(T,r)ET(w)ﬂT(n) (I(w7 T, ‘r) + I(TL, r, .Z))
E(T,r)ET(w) I(w7 T, .f) + Z(r,r)ET(n) I(’IZ, T, .f)

where:
P(zlwnr
H{w,r,z)=log W
A thesaurugntry of size £ for a target nounw is
thendefinedasthe &£ mostsimilar nounsto w.

2.2 The WordNet Similarity Package

We usethe WordNet Similarity Package0.05 and
WordNet version1.6. 2 The WordNet Similarity
packagesupportsa range of WordNet similarity
scores.We experimentedisingsix of theseto pro-
videthewnss in equationl above andobtainedre-
sultswell over our baseline but becauseof space
limitations give resultsfor the two which perform
the best. We briefly summariseéhe two measures
here; for a more detailedsummarysee (Patward-
hanet al., 2003). The measuregrovide a similar
ity scorebetweertwo WordNetsensegsl ands2),
thesebeingsynsetswithin WordNet.

lesk (Banerjeeand Pedersen2002) This score
maximiseghe numberof overlappingwordsin the
gloss, or definition, of the senses. It usesthe
glosseof semanticallyrelated(accordingo Word-
Net) sensesoo.

jen (Jiangand Conrath,1997) This scoreuses
corpusdatato populate classes(synsets)in the
WordNet hierarchywith frequeng counts. Each

2\We usethis versionof WordNetsinceit allows usto map
informationto WordNetsof otherlanguagesnoreaccurately
We areof courseableto applythe methodto otherversionsof
WordNet.

synset,is incrementedwith the frequeng counts
from the corpus of all words belongingto that
synsetdirectly or via the hyporymy relation. The
frequeng datais usedto calculatethe “informa-

tion content”(IC) of aclass/C(s) = —log(p(s)).

Jiang and Conrath specify a distance measure:
Dijcen(s1,s2) = IC(s1) + 1C(s2) — 2 x IC(s3),

wherethe third class(s3) is the mostinformative,

or most specific, superordinatesynsetof the two

sensesl ands2. Thisis transformedrom a dis-

tancemeasurén theWN-Similarity packagéy tak-

ing thereciprocal:

jen(sl,82) = 1/Djen(s1, 82)

3 Experiment with SemCor

In order to evaluateour methodwe usethe data
in SemCoras a gold-standard. This is not ideal
sincewe expectthat the sensefrequeng distribu-

tions within SemCorwill differ from thosein the
BNC, from which we obtainour thesaurusNever

thelesssincemary systemgerformedwell on the
Englishall-wordstaskfor SENSEVAL-2 by usingthe
frequeng informationin SemCorthis is a reason-
ableapproactor evaluation.

We generateda thesaurusentry for all polyse-
mousnounswhich occurredin SemCorwith a fre-
queny > 2, andin the BNC with a frequeny >
10in thegrammaticatelationslistedin section2.1
above. The jcn measurausescorpusdatafor the
calculationof IC. We experimentedvith countsob-
tainedfrom the BNC andthe Brown corpus. The
variationin countshad negligible affect on the re-
sults.® The experimentalresultsreportednereare
obtainedusinglC countsfrom theBNC corpus. All
theresultsshavn herearethosewith thesizeof the-
saurusentries(k) setto 50.4

We calculatehe accurag of finding the predom-
inantsensewhenthereis indeedone sensewith a
higher frequeng than the othersfor this word in
SemCornPS,..). We alsocalculatethe wsb accu-
rag/ thatwould beobtainedon SemCorwhenusing
ourfirst sensen all contexts (W S D).

3.1 Results

The resultsin table 1 showv the accurag of the
ranking with respectto SemCorover the entire
set of 2595 polysemousnounsin SemCorwith

3UsingthedefaultIC countsprovidedwith the packagedid
resultin significantly higherresults,but thesedefaultfiles are
obtainedfrom the sense-taggedatawithin SemCoritself so
we discountedheseresults.

“We repeatedhe experimentwith theBNC datafor jcn us-
ing k = 10, 30, 50 and70 however, thenumberof neighbours
usedgave only minimal changego the resultsso we do not
reportthemhere.



measurgl PS,.. % | WSD,. %
lesk 54 48
jcn 54 46
baseline 32 24

Tablel: SemCoresults

the jcn and lesk WordNet similarity measures.

Therandombaselinefor choosinghe predominant
senseover all thesewords (3", cwords m)
is 32%. Both WordNet similarity measureseat
this baseline. The randombaselinefor WS D,
(ZtESemCor tokens m) is 24%. Again, the
automaticrankingoutperformghis by a large mar
gin. Thefirst senseén SemCorprovidesan upper
boundfor this taskof 67%.

Sincebothmeasuregave comparablagesultswe
restrictedour remainingexperimentgo jcn because
this gave good resultsfor finding the predominant
senseandis muchmoreefficient thanlesk, given
the precompilatiorof thelC files.

3.2 Discussion

Frommanualanalysistherearecasesvheretheac-
quiredfirst sensalisagreesvith SemCoryetis intu-
itively plausible.Thisis to beexpectedegardlesof
ary inherentshortcoming®f therankingtechnique
since the senseswithin SemCorwill differ com-
paredo thoseof theBNC. For example,in WordNet
thefirstlistedsensef pipeis tobaccopipe, andthis
is rankedjoint first accordingto the Brown files in
SemComwith the secondsensdube made of metal
or plastic usedto carry water, oil or gasetc... The
automatiaankingfrom the BNC datalists thelatter
tube sensdirst. This seemsyuitereasonablgiven
thenearesheighbourstube,cable wire,tank,hole,
cylinder fitting, tap, cistern,plate... SinceSemCor
is derived from the Brown corpus,which predates
the BNC by up to 30 years® and containsa higher
proportionof fiction 8, the high rankingfor the to-
baccopipe senseccordingo SemCorseemglau-
sible.

Another examplewherethe rankingis intuitive,
is soil. The first rankedsenseaccordingto Sem-
Coristhefilth, stain: stateof beinguncleansense
whereagthe automaticranking lists dirt, ground,
earth asthefirst sensewhichis the second-anked

5The text in the Brown corpuswas producedin 1961,
whereasthe bulk of the written portion of the BNC contains
texts producedbetweernl975and1993.

56 out of the 15 Brown genresare fiction, including one
specificallydedicatedo detectve fiction, whilst only 20% of
the BNC text representsmaginatve writing, the remaining
80%beingclassifiedasinformative.

senseaccordingto SemCor This seemsintuitive
givenour expectedrelative usageof thesesensesn
modernBritish English.

Even given the differencein text type between
SemCorandthe BNC the resultsare encouraging,
especiallygiven that our W S D,. resultsare for
polysemousiouns. In the Englishall-words SEN-
SEVAL-2, 25% of the noundatawas monosemous.
Thus,if we usedthe senseankingasa heuristicfor
an “all nouns”taskwe would expectto get preci-
sionin theregion of 60%. We testthis belov onthe
SENSEVAL-2 Englishall-wordsdata.

4 Experiment on SENSE\AL-2 English
all Words Data

In order to see how well the automatically ac-
guiredpredominansenseperformson a wsb task
from which the WordNet senseordering has not
been taken, we use the SENSEVAL-2 all-words
data(Palmeretal., 2001).” Thisis a hand-tagged
testsuiteof 5,000wordsof runningtext from three
articlesfrom the PennTreebankil. We usean all-
wordstaskbecauseghe predominansensesvill re-
flect the sensddistributionsof all nounswithin the
documentstatherthana lexical sampletask,where
the target words are manually determinedand the
resultswill dependon the skew of the wordsin the
sample. We do not assumethat the predominant
sensas amethodof wsD in itself. To disambiguate
senses systemshouldtake context into account.
However, it is importantto know the performance
of this heuristicfor ary systemghatuseit.

We generateda thesaurusentry for all polyse-
mousnounsin WordNetasdescribedn section2.1
above. We obtainedthe predominansensdor each
of thesewordsandusedtheseto labeltheinstances
in thenoundatawithin the SENSEVAL-2 Englishall-
wordstask.We give theresultsfor this wsb taskin
table 2. We compareresultsusing the first sense
listed in SemCoyr and the first senseaccordingto
the SENSEVAL-2 Englishall-wordstestdataitself.
For thelatter, we only takea first-sensevherethere
is morethanoneoccurrenceof thenounin thetest
dataand one sensehasoccurredmore times than
ary of theothers.We trivially labelledall monose-
mousitems.

Our automaticallyacquiredpredominantsense
performsnearlyaswell asthe first senseprovided
by SemCor which is very encouraginggiven that

In order to do this we use the mapping provided at
http://wwwlsi.upc.es/ nlp/tools/mapping.htnfDauck et al.,
2000)for obtainingthe SENSEVAL-2 datain WordNet1.6. We
discountedhefew itemsfor which therewasnomapping.This
amountedo only 3% of thedata.



precision| recall
Automatic 64 63
SemCor 69 68
SENSEVAL-2 92 72

Table2: Evaluatingpredominansensdnformation
0ON SENSEVAL-2 all-wordsdata.

our methodonly usesraw text, with no manualla-

belling. The performancef the predominansense
provided in the SENSEVAL-2 testdataprovidesan

upper bound for this task. The items that were
not coveredby our methodwerethosewith insuffi-

cientgrammaticatelationsfor thetuplesemployed.
Two suchwords, today and ong eachoccurred5

timesin the testdata. Extendingthe grammatical
relationsusedfor building thethesaurushouldim-

provethecoverage.Therewerea similar numberof

wordsthatwerenotcoveredby apredominansense
in SemCor For theseone would needto obtain
more sense-taggetkxt in orderto usethis heuris-
tic. Our automaticrankinggave 67% precisionon

theseitems. This demonstratethat our methodof

providing afirst sensdrom raw text will helpwhen
sense-taggedatais notavailable.

5 Experimentswith Domain Specific
Corpora

A majormotivationfor our work is to try to capture
changesn ranking of sensedor documentdrom

differentdomains. In orderto testthis we applied
our methodto two specificsectionsof the Reuters
corpus.We demonstratéhat choosingtexts from a

particulardomainhasa significantinfluenceon the

senseranking. We chosethe domainsof SPORTS

and FINANCE sincethereis sufficient materialfor

thesedomaingn this publically availablecorpus.

5.1 ReutersCorpus

The Reuterscorpus(Roseet al., 2002)is a collec-
tion of about810,000Reuters,English Language
News stories.Mary of the articlesareeconomyre-
lated,but several othertopicsareincludedtoo. We
selectedlocument$rom the SPORTS domain(topic
code: GspPo) and a limited numberof documents
from the FINANCE domain(topic codes:ECAT and
MCAT).

The sPORTS corpusconsistof 35317documents
(about9.1 million words). The FINANCE corpus
consistsof 117734documentgabout32.5 million
words). We acquiredthesaurusefor thesecorpora
usingthe proceduradescribedn section2.1.

5.2 Two Experiments

Thereis no existing sense-taggedatafor thesedo-
mainsthat we could usefor evaluation. We there-
foredecidedo selectlimited numberf wordsand
to evaluatethesewordsqualitatively. Thewordsin-
cludedin this experimentarenot a randomsample,
sincewe anticipatedifferentpredominansense
the SPORTS andrFINANCE domaingfor thesewords.

Additionally, we evaluatedour method quanti-
tatively using the SubjectField Codes(SFC) re-
source(Magnini and Cavaglia, 2000) which anno-
tatesWordNetsynsetsvith domainlabels. TheSFC
containsaneconomy labelanda sports label. For
this domain label experimentwe selectedall the
wordsin WordNetthat have at leastone synsetla-
belled economy and at least one synsetlabelled
sports. Theresultingsetconsisteaf 38words.We
contrastthe distribution of domainlabelsfor these
wordsin the 2 domainspecificcorpora.

5.3 Discussion

The resultsfor 10 of the words from the quali-
tative experimentare summarizedn table 3 with
the WordNetsensenumberfor eachword supplied
alongsidesynoryms or hyperryms from WordNet
for readability The resultsare promising. Most
wordsshawv the changein predominansensgPS)
thatwe anticipatedlt is notalwaysintuitively clear
which of the senseso expectaspredominansense
for eithera particulardomainor for the BNC, but
thefirst sense®f wordslike divisionandgoal shift
towardsthe morespecificsensegleagueandscore
respectiely). Moreover, the chosensenseof the
wordtie provedto beatextbookexampleof the be-
haviour we expected.

The word shale is amongthe wordswhosepre-
dominantsenseemainedhesamefor all threecor
pora.We anticipatedhatthestock certificate sense
would be choserfor the FINANCE domain,but this
did not happen. However, that particular sense
endedup higherin therankingfor the FINANCE do-
main.

Figure2 displaysthe resultsof the secondexper
imentwith the domainspecificcorpora.This figure
shaws the domainlabelsassignedo the predomi-
nantsensesor thesetof 38 wordsafterrankingthe
wordsusingthe SPORTS andthe FINANCE corpora.
We seethatbothdomainshave a similarly high per
centageof factotum(domainindependentjabels,
but aswe would expect,the otherpeakscorrespond
to theeconomy labelfor the FINANCE corpus,and
thesports labelfor the SPORTS corpus.



Word PSBNC PSFINANCE PSSPORTS
pass 1 (accomplishmenj 14 (attempt) 15 (throw)
shawe 2 (portion, asse} 2 2

division 4 (admin. unit) 4 6 (leagug
head 1 (body part) 4 (leader) 4

loss 2 (transf. property) 2 8 (death, departure)
competition| 2 (contest,socialevent) | 3 (rivalry ) 2

matd 2 (contes) 7 (equal,person) | 2

tie 1 (neckwean) 2 (affiliation) 3 (draw)

strike 1 (work stoppagé 1 6 (hit, succesp
goal 1 (end, mental object) | 1 2 (score)

Table3: Domainspecificresults

T T T
sport
finance

Percentage

N SN P O P O O I Y
politics factotum biology ~ commerce free_time physics mathematics ~ sports
law religion administr. play industry economy telecom.  medicine

Figure2: Distribution of domainlabelsof predom-
inantsensegor 38 polysemousvordsrankedusing
the SPORTS andFINANCE COrpus.

6 RelatedWork

Mostresearclhin wsb concentratesnusingconte-
tual featurestypically neighbouringvords,to help
determinghecorrectsensef atargetword. In con-
trast,our work is aimedat discoveringthe predom-
inant sensedrom raw text becausehe first sense
heuristicis sucha useful one, and becausenand-
taggeddatais not alwaysavailable.

A major benefit of our work, rather than re-
liance on hand-taggedraining datasuchas Sem-
Cor, is thatthis methodpermitsusto producepre-
dominantsensedor the domainand text type re-
quired. Buitelaarand Sacalean2001)have previ-
ously explored ranking and selectionof synsetdn
GermaNefor specificdomainsusingthewordsin a
given synset,andthoserelatedby hyporymy, and
a term relevancemeasureakenfrom information
retrieval. Buitelaarand Sacaleanthave evaluated
their methodon identifying domain specific con-
ceptsusing humanjudgementson 100 items. We
have evaluatedour methodusing publically avail-
ableresourcesboth for balancedanddomainspe-

cific text. MagniniandCavaglia (2000)have identi-
fied WordNetword sensesvith particulardomains,
andthis hasproven usefulfor high precisionwsp

(Magninietal., 2001);indeedin section5 we used
thesedomainlabelsfor evaluation. Identification
of thesedomainlabelsfor word sensesvas semi-
automaticand requireda considerableamountof

hand-labelling.Our approachis complementaryo

this. It only requiregaw text from thegivendomain
andbecausef thisit caneasilybeappliedto anew

domain,or sensenventory givensuficienttext.

LapataandBrew (2004)have recentlyalsohigh-
lightedtheimportanceof agoodpriorin wsbD. They
usedsyntacticevidenceto find a prior distribution
for verbclasseshasedn (Levin, 1993),andincor
poratethisin a wsb system.LapataandBrew ob-
tain their priorsfor verb classedirectly from sub-
catgyorisationevidencein a parseccorpuswhereas
we useparseddatato find distributionally similar
words(nearesheighboursjo thetargetword which
reflectthe differentsense®f theword andhave as-
sociateddistributional similarity scoreswhich can
be usedfor rankingthe sensesccordingto preva-
lence.

Therehasbeensomerelatedwork on usingauto-
maticthesauruser discoveringword sensegrom
corporaPantelandLin (2002).In thiswork thelists
of neighboursarethemselesclusteredo bring out
thevarioussensesf theword. They evaluateusing
the lin measuredescribedabove in section2.2 to
determinethe precisionandrecall of thesediscov-
eredclassewith respecto WordNetsynsets.This
methodobtainsprecisionof 61% and recall 51%.
If WordNetsensalistinctionsarenot ultimatelyre-
guiredthendiscoveringthe senseslirectly from the
neighbourdist is usefulbecausesensedistinctions
discoveredarerelevant to the corpusdataandnen
sensesanbefound. In contrastwe usethe neigh-
bourslists andWordNetsimilarity measures$o im-



posea prevalencerankingon the WordNetsenses.
We believe automaticranking techniquessuch as
ourswill beusefulfor systemghatrely on Word-
Net,for examplethosethatuseit for lexical acquisi-
tion or wsp. It wouldbeusefulhoweverto combine
our methodof finding predominansensesvith one
which canautomaticallyfind new sensesvithin text
andrelatetheseto WordNet synsetsas Ciaramita
andJohnsor(2003)do with unknovn nouns.

We have restrictedoursel\es to nounsin this
work, sincethis PoS is perhapsmost affected by
domain. We are currently investigatingthe perfor
manceof thefirst senseheuristic,andthis method,
for other POS on SENSEVAL-3 data(McCarthy et
al., 2004),althoughnot yet with rankingsfrom do-
main specificcorpora. The lesk measurecan be
usedwhenrankingadjectives,andadwerbsaswell
asnounsandverbs(which canalsoberankedusing
jcn). Anothermajoradwantagehatlesk hasis thatit
is applicableto lexical resourcesvhich do nothave
the hierarchicaktructurehatWordNetdoes but do
have definitionsassociateavith word senses.

7 Conclusions

We have devisedamethodthatusegaw corpusdata
to automaticallyfind a predominansensdor nouns
in WordNet. We useanautomaticallyacquiredthe-
saurusanda WordNetSimilarity measure The au-
tomaticallyacquiredpredominansensesvereeval-
uated againstthe hand-taggedesourcesSemCor
andthe SENSEVAL-2 Englishall-wordstaskgiving
us a wsb precisionof 64% on an all-nounstask.
This is just 5% lower than resultsusing the first
sensdn the manuallylabelledSemCorandwe ob-
tain 67% precisionon polysemousounsthat are
notin SemCor

In mary caseshesenseaankingprovidedin Sem-
Cor differs to that obtainedautomaticallybecause
we usedthe BNC to produceour thesaurus. In-
deed themeritof ourtechniques thevery possibil-
ity of obtainingpredominansensedrom the data
at hand. We have demonstratedhe possibility of
finding predominansensesn domainspecificcor-
poraon a sampleof nouns. In the future, we will
performalarge scaleevaluationon domainspecific
corpora.ln particular we will usebalancedanddo-
main specificcorporato isolatewordshaving very
differentneighboursandthereforerankings,in the
differentcorporaandto detectandtargetwordsfor
which thereis a highly skevedsenseistributionin
thesecorpora.

Thereis plenty of scopefor further work. We
want to investigatethe effect of frequeng and
choiceof distributional similarity measurgWeeds

et al., 2004). Additionally, we needto determine
whethersensesvhichdonotoccurin awide variety

of grammaticalcontexts fare badly using distribu-

tional measuresf similarity, andwhatcanbedone
to combatthis problemusingrelation specificthe-

sauruses.

Whilst we have usedWordNet as our sensein-
ventory it wouldbepossibleo usethis methodwith
anotheinventorygivenameasur®f semantigelat-
ednesdetweerthe neighboursandthe sensesThe
lesk measurdor example,canbe usedwith defini-
tionsin ary standardnachinereadablalictionary
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