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Abstract

In word sensedisambiguation(WSD), the heuristic
of choosingthe most commonsenseis extremely
powerful becausethedistributionof thesensesof a
word is oftenskewed. The problemwith usingthe
predominant,or first senseheuristic,asidefrom the
fact that it doesnot takesurroundingcontext into
account,is that it assumessomequantityof hand-
taggeddata. Whilst thereare a few hand-tagged
corporaavailable for somelanguages,one would
expect the frequency distribution of the sensesof
words,particularlytopicalwords,to dependon the
genreanddomainof the text underconsideration.
We presentwork on theuseof a thesaurusacquired
from raw textual corporaandtheWordNetsimilar-
ity packageto find predominantnounsensesauto-
matically. Theacquiredpredominantsensesgive a
precisionof 64% on the nounsof the SENSEVAL-
2 Englishall-wordstask. This is a very promising
result given that our methoddoesnot requireany
hand-taggedtext, suchasSemCor. Furthermore,
wedemonstratethatourmethoddiscoversappropri-
atepredominantsensesfor wordsfrom twodomain-
specificcorpora.

1 Intr oduction

The first senseheuristicwhich is often usedas a
baselinefor supervisedWSD systemsoutperforms
many of thesesystemswhichtakesurroundingcon-
text into account. This is shown 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 WordNet for the PoS given
by the PennTreeBank(Palmer et al., 2001). The
sensesin WordNetareorderedaccordingto thefre-
quency datain themanuallytaggedresourceSem-
Cor (Miller et al., 1993). Sensesthat have not oc-
curred in SemCorare orderedarbitrarily and af-
ter thosesensesof the word that have occurred.
The figure distinguishessystemswhich makeuse
of hand-taggeddata(usingHTD) suchasSemCor,
from thosethatdonot(withoutHTD). Thehighper-

formanceof the first sensebaselineis due to the
skewedfrequency distributionof wordsenses.Even
systemswhich show superiorperformanceto this
heuristicoftenmakeuseof the heuristicwhereev-
idencefrom the context is not sufficient (Hosteet
al., 2001). Whilst a first senseheuristicbasedon a
sense-taggedcorpussuchasSemCoris clearlyuse-
ful, thereis astrongcasefor obtainingafirst,or pre-
dominant,sensefrom untaggedcorpusdataso that
a WSD systemcanbetunedto thegenreor domain
athand.

SemCorcomprisesa relatively small sampleof
250,000words. There are words where the first
sensein WordNet is counter-intuitive, becauseof
the sizeof the corpus,andbecausewherethe fre-
quency datadoesnot indicatea first sense,the or-
dering is arbitrary. For examplethe first senseof
tiger in WordNetis audaciouspersonwhereasone
might expect that carnivorous animal is a more
commonusage.Thereareonlyacoupleof instances
of tiger within SemCor. Another example is em-
bryo, which doesnot occur at all in SemCorand
thefirst senseis listedasrudimentary plant rather
thantheanticipatedfertilised eggmeaning.We be-
lievethatanautomaticmeansof findingapredomi-
nantsensewouldbeusefulfor systemsthatuseit as
ameansof backing-off (Wilks andStevenson,1998;
Hosteetal.,2001)andfor systemsthatuseit in lex-
ical acquisition(McCarthy, 1997; Merlo andLey-
bold,2001;Korhonen,2002)becauseof thelimited
size of hand-taggedresources.More importantly,
whenworking within a specificdomainonewould
wishto tunethefirst senseheuristicto thedomainat
hand.Thefirst senseof star in SemCoris celestial
body, however, if oneweredisambiguatingpopular
newscelebrity wouldbepreferred.

AssumingthatonehadanaccurateWSD system
thenonecould obtainfrequency countsfor senses
andrankthemwith thesecounts.However, themost
accurateWSD systemsarethosewhichrequireman-
ually sensetaggeddatain the first place,andtheir
accuracy dependson thequantityof trainingexam-
ples (Yarowsky and Florian, 2002) available. We
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Figure 1: The first senseheuristiccomparedwith
theSENSEVAL-2 Englishall-wordstaskresults

are thereforeinvestigatinga methodof automati-
cally rankingWordNetsensesfrom raw text.

Many researchersare developing thesauruses
from automaticallyparseddata. In theseeachtar-
get word is enteredwith an orderedlist of “near-
estneighbours”.Theneighboursarewordsordered
in termsof the “distributionalsimilarity” that they
have with the target. Distributional similarity is
a measureindicatingthe degreethat two words,a
word and its neighbour, occur in similar contexts.
Frominspection,onecanseethattheorderedneigh-
bours of such a thesaurusrelate to the different
sensesof the target word. For example,theneigh-
boursof star in a dependency-basedthesauruspro-
vided by Lin 1 hasthe orderedlist of neighbours:
superstar, player, teammate,actor early in the list,
butonecanalsoseewordsthatarerelatedtoanother
senseof star e.g.galaxy, sun,world andplanetfur-
therdown the list. We expectthat thequantityand
similarity of the neighbourspertainingto different
senseswill reflect the dominanceof the senseto
which they pertain. This is becausetherewill be
morerelationaldatafor the moreprevalentsenses
comparedto the lessfrequentsenses.In this pa-
perwe describeandevaluatea methodfor ranking
sensesof nounsto obtainthepredominantsenseof
awordusingtheneighboursfrom automaticallyac-
quiredthesauruses.Theneighboursfor a word in a
thesaurusarewordsthemselves,ratherthansenses.
In orderto associatetheneighbourswith senseswe
makeuseof anothernotionof similarity, “semantic
similarity”, whichexistsbetweensenses,ratherthan
words. We experimentwith severalWordNetSim-
ilarity measures(PatwardhanandPedersen,2003)
which aim to capturesemanticrelatednesswithin

1Availableat
http://www.cs.ualberta.ca/˜lindek/demos/depsim.htm

the WordNet hierarchy. We use WordNet as our
senseinventoryfor thiswork.

The paperis structuredas follows. We discuss
ourmethodin thefollowingsection.Sections3 and
4 concernexperimentsusing predominantsenses
from theBNC evaluatedagainstthedatain SemCor
andtheSENSEVAL-2 Englishall-wordstaskrespec-
tively. In section5 we presentresultsof themethod
on two domainspecificsectionsof theReuterscor-
pus for a sampleof words. We describesomere-
latedwork in section6 andconcludein section7.

2 Method
In order to find the predominantsenseof a target
word we usea thesaurusacquiredfrom automati-
cally parsedtext basedonthemethodof Lin (1998).
This providesthe � nearestneighboursto eachtar-
get word, along with the distributional similarity
scorebetweenthetargetwordandits neighbour. We
thenusetheWordNetsimilarity package(Patward-
hanandPedersen,2003)to giveusasemanticsimi-
larity measure(hereafterreferredto astheWordNet
similarity measure)to weight the contribution that
eachneighbourmakesto the varioussensesof the
targetword.

To find the first sense of a word ( � ) we
take each sensein turn and obtain a score re-
flecting the prevalence which is used for rank-
ing. Let ��� � 	�
����
���������
���� be the ordered
set of the top scoring � neighboursof � from
thethesauruswith associateddistributionalsimilar-
ity scores	������������ 
 ��! ������������� 
 ��! ������������������� 
 ��! � .
Let ��"�
���"������ ! bethesetof sensesof � . For each
senseof � ( �#�%$'&(��"�
��"������ ! ) we obtaina rank-
ing scoreby summingover the �)�����*�+��
-, ! of each
neighbour( 
.,/&0� � ) multiplied by a weight. This
weight is the WordNetsimilarity score( �1
��� ) be-
tweenthe target sense( �#�%$ ) and the senseof 
-,
( 
�%23&4��"�
��"����*
-, ! ) thatmaximisesthis score,di-
vided by the sum of all suchWordNet similarity
scoresfor ��"�
��"������ ! and 
., . Thuswe rank each
sense�1� $ &5��"�
���"������ ! using:687 "�9):);<"�
=%"?>@=%A 7 "����#�%$ ! �
B

CED F�GIH ����������� 
 , !�J �1
�������#�%$*� 
., !K ��LNMPO F LRQ C LNQRL*ST��U �#
�������1� $ O ��
-, !
(1)

where:
�1
�������#�%$V��
-, ! � WYX�ZC L\[ F LNQ C LNQRL]S CED U �*�1
�������#�%$*� 
�%2 !V!
2.1 Acquiring the Automatic Thesaurus
The thesauruswas acquiredusing the methodde-
scribedby Lin (1998). For input we usedgram-
matical relation dataextractedusing an automatic



parser(BriscoeandCarroll, 2002). For the exper-
iments in sections3 and 4 we used the 90 mil-
lion wordsof written English from the BNC. For
eachnounwe consideredtheco-occurringverbsin
thedirectobjectandsubjectrelation,themodifying
nounsin noun-nounrelationsandthemodifyingad-
jectivesin adjective-nounrelations.Wecouldeasily
extendthesetof relationsin thefuture. A noun, � ,
is thusdescribedby a setof co-occurrencetriples^ ��� 7 � _a` and associatedfrequencies,where

7
is a grammaticalrelation and _ is a possibleco-
occurrencewith � in thatrelation.For everypairof
nouns,whereeachnounhadatotal frequency in the
triple dataof 10 or more,we computedtheir distri-
butional similarity usingthe measuregivenby Lin
(1998). If b8��� ! is the setof co-occurrencetypes� 7 ��_ ! suchthat cd�*�+� 7 � _ ! is positive thenthesimi-
larity betweentwonouns,� and
 , canbecomputed
as: �)�����*�+��
 ! �

K Sfe*g 2 U F�h Sf�Uji h S C U �Ncd����� 7 ��_ !)k cl��
m� 7 ��_ !V!K Sfe*g 2 U F�h Sf�U cl����� 7 � _ !-k K STe*g 2 U F�h S C U cl��
m� 7 ��_ !
where:

cl����� 7 � _ ! �on�prq
6 ��_Ist�vu 7 !6 �*_Is 7 !

A thesaurusentry of size � for a target noun � is
thendefinedasthe � mostsimilarnounsto � .

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 experimentedusingsix of theseto pro-
vide the �1
��� in equation1 above andobtainedre-
sultswell over our baseline,but becauseof space
limitations give resultsfor the two which perform
the best. We briefly summarisethe two measures
here; for a more detailedsummarysee(Patward-
hanet al., 2003). The measuresprovide a similar-
ity scorebetweentwo WordNetsenses( �xw and ��y ),
thesebeingsynsetswithin WordNet.

lesk (Banerjeeand Pedersen,2002) This score
maximisesthenumberof overlappingwordsin the
gloss, or definition, of the senses. It uses the
glossesof semanticallyrelated(accordingto Word-
Net)sensestoo.

jcn (Jiangand Conrath,1997) This scoreuses
corpus data to populateclasses(synsets)in the
WordNet hierarchywith frequency counts. Each

2We usethis versionof WordNetsinceit allows usto map
informationto WordNetsof otherlanguagesmoreaccurately.
We areof courseableto applythemethodto otherversionsof
WordNet.

synset,is incrementedwith the frequency counts
from the corpus of all words belonging to that
synset,directly or via the hyponymy relation. The
frequency data is usedto calculatethe “informa-
tion content”(IC) of a classc-z{��� ! �}|~;<A%��j��*� !V! .
Jiang and Conrath specify a distance measure:� ,V� C ���xwr� ��y ! ��c-z{���xw !Ik c�z/����y ! |oy J c-z{����� ! ,
wherethe third class( ��� ) is the most informative,
or most specific, superordinatesynsetof the two
senses�rw and ��y . This is transformedfrom a dis-
tancemeasurein theWN-Similaritypackageby tak-
ing thereciprocal:� =%
����rwx� ��y ! �(w�� � ,]� C ���xwr� ��y !
3 Experiment with SemCor
In order to evaluateour methodwe use the data
in SemCoras a gold-standard. This is not ideal
sincewe expect that the sensefrequency distribu-
tions within SemCorwill differ from thosein the
BNC, from which we obtainour thesaurus.Never-
theless,sincemany systemsperformedwell on the
Englishall-wordstaskfor SENSEVAL-2 by usingthe
frequency informationin SemCorthis is a reason-
ableapproachfor evaluation.

We generateda thesaurusentry for all polyse-
mousnounswhich occurredin SemCorwith a fre-
quency ` 2, and in the BNC with a frequency �
10 in thegrammaticalrelationslistedin section2.1
above. The jcn measureusescorpusdatafor the
calculationof IC. Weexperimentedwith countsob-
tainedfrom the BNC and the Brown corpus. The
variationin countshadnegligible affect on the re-
sults.3 The experimentalresultsreportedhereare
obtainedusingIC countsfrom theBNC corpus. All
theresultsshownherearethosewith thesizeof the-
saurusentries( � ) setto 50.4

We calculatetheaccuracy of finding thepredom-
inantsense,whenthereis indeedonesensewith a
higher frequency than the othersfor this word in
SemCor(

6 >�� �<� ). We alsocalculatetheWSD accu-
racy thatwouldbeobtainedonSemCor, whenusing
ourfirst sensein all contexts ( ��> � L � ).
3.1 Results

The results in table 1 show the accuracy of the
ranking with respectto SemCorover the entire
set of 2595 polysemousnouns in SemCorwith

3UsingthedefaultIC countsprovidedwith thepackagedid
resultin significantlyhigherresults,but thesedefaultfiles are
obtainedfrom the sense-taggeddatawithin SemCoritself so
wediscountedtheseresults.

4Werepeatedtheexperimentwith theBNC datafor jcn us-
ing �#�3�V�E�\���E��� � and ��� however, thenumberof neighbours
usedgave only minimal changesto the resultsso we do not
reportthemhere.



measure
6 >����<� % �a> � L � %

lesk 54 48
jcn 54 46
baseline 32 24

Table1: SemCorresults

the jcn and lesk WordNet similarity measures.
Therandombaselinefor choosingthepredominant
senseover all thesewords(

K � Fr�'� eV�VL �� LNQ C LRQRL]Sf�U � )
is 32%. Both WordNet similarity measuresbeat
this baseline. The randombaselinefor �a> � L �
(
K�� F�� Q<��� � e � � � Q C L �� LRQ C LRQNL*S � U � ) is 24%. Again, the

automaticrankingoutperformsthis by a largemar-
gin. The first sensein SemCorprovidesan upper-
boundfor this taskof 67%.

Sincebothmeasuresgave comparableresultswe
restrictedourremainingexperimentsto jcn because
this gave goodresultsfor finding the predominant
sense,andis muchmoreefficient than lesk, given
theprecompilationof theIC files.

3.2 Discussion

Frommanualanalysis,therearecaseswheretheac-
quiredfirst sensedisagreeswith SemCor, yetis intu-
itivelyplausible.Thisis to beexpectedregardlessof
any inherentshortcomingsof therankingtechnique
since the senseswithin SemCorwill differ com-
paredto thoseof theBNC.For example,in WordNet
thefirst listedsenseof pipeis tobaccopipe, andthis
is rankedjoint first accordingto the Brown files in
SemCorwith thesecondsensetube madeof metal
or plasticusedto carry water, oil or gasetc.... The
automaticrankingfrom theBNC datalists thelatter
tube sensefirst. This seemsquitereasonablegiven
thenearestneighbours:tube,cable,wire,tank,hole,
cylinder, fitting, tap,cistern,plate.... SinceSemCor
is derived from the Brown corpus,which predates
theBNC by up to 30 years5 andcontainsa higher
proportionof fiction 6, thehigh rankingfor the to-
baccopipe senseaccordingto SemCorseemsplau-
sible.

Anotherexamplewherethe ranking is intuitive,
is soil. The first rankedsenseaccordingto Sem-
Cor is thefilth, stain: stateof beinguncleansense
whereasthe automaticranking lists dirt, ground,
earth asthefirst sense,which is thesecondranked

5The text in the Brown corpus was producedin 1961,
whereasthe bulk of the written portion of the BNC contains
textsproducedbetween1975and1993.

66 out of the 15 Brown genresare fiction, including one
specificallydedicatedto detective fiction, whilst only 20%of
the BNC text representsimaginative writing, the remaining
80%beingclassifiedasinformative.

senseaccordingto SemCor. This seemsintuitive
givenourexpectedrelative usageof thesesensesin
modernBritish English.

Even given the differencein text type between
SemCorandthe BNC the resultsareencouraging,
especiallygiven that our �a> � L � resultsare for
polysemousnouns. In the Englishall-wordsSEN-
SEVAL-2, 25% of thenoundatawasmonosemous.
Thus,if weusedthesenserankingasaheuristicfor
an “all nouns” taskwe would expect to get preci-
sionin theregionof 60%.Wetestthisbelow onthe
SENSEVAL-2 Englishall-wordsdata.

4 Experiment on SENSEVAL-2 English
all Words Data

In order to see how well the automatically ac-
quiredpredominantsenseperformson a WSD task
from which the WordNet senseordering has not
been taken, we use the SENSEVAL-2 all-words
data(Palmeret al., 2001).7 This is a hand-tagged
testsuiteof 5,000wordsof runningtext from three
articlesfrom the PennTreebankII. We usean all-
wordstaskbecausethepredominantsenseswill re-
flect the sensedistributionsof all nounswithin the
documents,ratherthana lexical sampletask,where
the target wordsaremanuallydeterminedand the
resultswill dependon theskew of thewordsin the
sample. We do not assumethat the predominant
senseis amethodof WSD in itself. To disambiguate
sensesa systemshouldtake context into account.
However, it is importantto know the performance
of thisheuristicfor any systemsthatuseit.

We generateda thesaurusentry for all polyse-
mousnounsin WordNetasdescribedin section2.1
above. We obtainedthepredominantsensefor each
of thesewordsandusedtheseto labeltheinstances
in thenoundatawithin theSENSEVAL-2 Englishall-
wordstask.Wegive theresultsfor this WSD taskin
table 2. We compareresultsusing the first sense
listed in SemCor, and the first senseaccordingto
the SENSEVAL-2 Englishall-wordstestdataitself.
For thelatter, weonly takeafirst-sensewherethere
is morethanoneoccurrenceof thenounin the test
dataand one sensehasoccurredmore times than
any of theothers.We trivially labelledall monose-
mousitems.

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

7In order to do this we use the mapping provided at
http://www.lsi.upc.es/˜nlp/tools/mapping.html(Daud́e et al.,
2000)for obtainingthe SENSEVAL-2datain WordNet1.6. We
discountedthefew itemsfor whichtherewasnomapping.This
amountedto only 3%of thedata.



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

Table2: Evaluatingpredominantsenseinformation
on SENSEVAL-2 all-wordsdata.

our methodonly usesraw text, with no manualla-
belling. Theperformanceof thepredominantsense
provided in the SENSEVAL-2 testdataprovidesan
upper bound for this task. The items that were
not coveredby our methodwerethosewith insuffi-
cientgrammaticalrelationsfor thetuplesemployed.
Two suchwords, today and one, eachoccurred5
times in the testdata. Extendingthe grammatical
relationsusedfor building thethesaurusshouldim-
prove thecoverage.Therewereasimilarnumberof
wordsthatwerenotcoveredby apredominantsense
in SemCor. For theseone would needto obtain
moresense-taggedtext in order to usethis heuris-
tic. Our automaticrankinggave 67% precisionon
theseitems. This demonstratesthat our methodof
providing a first sensefrom raw text will helpwhen
sense-taggeddatais notavailable.

5 Experimentswith Domain Specific
Corpora

A majormotivationfor ourwork is to try to capture
changesin ranking of sensesfor documentsfrom
differentdomains. In orderto test this we applied
our methodto two specificsectionsof the Reuters
corpus.We demonstratethatchoosingtexts from a
particulardomainhasa significantinfluenceon the
senseranking. We chosethe domainsof SPORTS

and FINANCE sincethereis sufficient materialfor
thesedomainsin thispublicallyavailablecorpus.

5.1 ReutersCorpus

The Reuterscorpus(Roseet al., 2002)is a collec-
tion of about810,000Reuters,English Language
News stories.Many of thearticlesareeconomyre-
lated,but severalothertopicsareincludedtoo. We
selecteddocumentsfrom theSPORTS domain(topic
code: GSPO) and a limited numberof documents
from theFINANCE domain(topic codes:ECAT and
MCAT).

TheSPORTS corpusconsistsof 35317documents
(about9.1 million words). The FINANCE corpus
consistsof 117734documents(about32.5million
words). We acquiredthesaurusesfor thesecorpora
usingtheproceduredescribedin section2.1.

5.2 Two Experiments

Thereis noexisting sense-taggeddatafor thesedo-
mainsthat we could usefor evaluation. We there-
foredecidedto selectalimitednumberof wordsand
to evaluatethesewordsqualitatively. Thewordsin-
cludedin this experimentarenot a randomsample,
sinceweanticipateddifferentpredominantsensesin
theSPORTS andFINANCE domainsfor thesewords.

Additionally, we evaluatedour methodquanti-
tatively using the SubjectField Codes(SFC) re-
source(Magnini andCavaglià, 2000)which anno-
tatesWordNetsynsetswith domainlabels.TheSFC
containsaneconomy labelanda sports label.For
this domain label experimentwe selectedall the
wordsin WordNetthat have at leastonesynsetla-
belled economy and at least one synsetlabelled
sports. Theresultingsetconsistedof 38words.We
contrastthe distribution of domainlabelsfor these
wordsin the2 domainspecificcorpora.

5.3 Discussion

The results for 10 of the words from the quali-
tative experimentare summarizedin table 3 with
theWordNetsensenumberfor eachword supplied
alongsidesynonyms or hypernyms from WordNet
for readability. The resultsare promising. Most
wordsshow the changein predominantsense(PS)
thatweanticipated.It is notalwaysintuitivelyclear
which of thesensesto expectaspredominantsense
for eithera particulardomainor for the BNC, but
thefirst sensesof wordslike divisionandgoal shift
towardsthemorespecificsenses(leagueandscore
respectively). Moreover, the chosensensesof the
word tie provedto bea textbookexampleof thebe-
haviour weexpected.

The word share is amongthe wordswhosepre-
dominantsenseremainedthesamefor all threecor-
pora.Weanticipatedthatthestockcertificate sense
would bechosenfor theFINANCE domain,but this
did not happen. However, that particular sense
endeduphigherin therankingfor theFINANCE do-
main.

Figure2 displaystheresultsof thesecondexper-
imentwith thedomainspecificcorpora.This figure
shows the domainlabelsassignedto the predomi-
nantsensesfor thesetof 38wordsafterrankingthe
wordsusingtheSPORTS andtheFINANCE corpora.
Weseethatbothdomainshavea similarly highper-
centageof factotum(domain independent)labels,
but aswewouldexpect,theotherpeakscorrespond
to theeconomy labelfor theFINANCE corpus,and
thesports labelfor theSPORTS corpus.



Word PSBNC PSFINANCE PSSPORTS

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)
goal 1 (end,mental object) 1 2 (score)

Table3: Domainspecificresults
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Figure2: Distributionof domainlabelsof predom-
inantsensesfor 38 polysemouswordsrankedusing
theSPORTS andFINANCE corpus.

6 RelatedWork
Mostresearchin WSD concentratesonusingcontex-
tual features,typically neighbouringwords,to help
determinethecorrectsenseof atargetword. In con-
trast,our work is aimedat discoveringthepredom-
inant sensesfrom raw text becausethe first sense
heuristic is sucha useful one, and becausehand-
taggeddatais not alwaysavailable.

A major benefit of our work, rather than re-
liance on hand-taggedtraining datasuchas Sem-
Cor, is that this methodpermitsus to producepre-
dominantsensesfor the domainand text type re-
quired.BuitelaarandSacaleanu(2001)have previ-
ously exploredrankingandselectionof synsetsin
GermaNetfor specificdomainsusingthewordsin a
given synset,andthoserelatedby hyponymy, and
a term relevancemeasuretakenfrom information
retrieval. Buitelaarand Sacaleanuhave evaluated
their methodon identifying domainspecific con-
ceptsusinghumanjudgementson 100 items. We
have evaluatedour methodusingpublically avail-
ableresources,both for balancedanddomainspe-

cific text. MagniniandCavaglià (2000)haveidenti-
fied WordNetwordsenseswith particulardomains,
andthis hasproven usefulfor high precisionWSD

(Magnini et al., 2001);indeedin section5 we used
thesedomain labelsfor evaluation. Identification
of thesedomainlabelsfor word senseswassemi-
automaticand requireda considerableamountof
hand-labelling.Our approachis complementaryto
this. It only requiresraw text from thegivendomain
andbecauseof this it caneasilybeappliedto anew
domain,or senseinventory, givensufficient text.

LapataandBrew (2004)have recentlyalsohigh-
lightedtheimportanceof agoodprior in WSD. They
usedsyntacticevidenceto find a prior distribution
for verbclasses,basedon (Levin, 1993),andincor-
poratethis in a WSD system.LapataandBrew ob-
tain their priors for verbclassesdirectly from sub-
categorisationevidencein a parsedcorpus,whereas
we useparseddatato find distributionally similar
words(nearestneighbours)to thetargetwordwhich
reflectthedifferentsensesof thewordandhave as-
sociateddistributional similarity scoreswhich can
beusedfor rankingthe sensesaccordingto preva-
lence.

Therehasbeensomerelatedwork onusingauto-
maticthesaurusesfor discoveringwordsensesfrom
corporaPantelandLin (2002).In thiswork thelists
of neighboursarethemselvesclusteredto bring out
thevarioussensesof theword. They evaluateusing
the lin measuredescribedabove in section2.2 to
determinethe precisionandrecall of thesediscov-
eredclasseswith respectto WordNetsynsets.This
methodobtainsprecisionof 61% and recall 51%.
If WordNetsensedistinctionsarenot ultimatelyre-
quiredthendiscoveringthesensesdirectly from the
neighbourslist is usefulbecausesensedistinctions
discoveredarerelevant to the corpusdataandnew
sensescanbefound. In contrast,we usetheneigh-
bourslists andWordNetsimilarity measuresto im-



posea prevalencerankingon the WordNetsenses.
We believe automaticranking techniquessuch as
ourswill be usefulfor systemsthat rely on Word-
Net,for examplethosethatuseit for lexical acquisi-
tion or WSD. It wouldbeusefulhoweverto combine
ourmethodof findingpredominantsenseswith one
whichcanautomaticallyfind new senseswithin text
andrelatetheseto WordNetsynsets,asCiaramita
andJohnson(2003)dowith unknown nouns.

We have restrictedourselves to nouns in this
work, sincethis PoS is perhapsmost affectedby
domain. We arecurrentlyinvestigatingthe 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,andadverbsaswell
asnounsandverbs(whichcanalsoberankedusing
jcn). Anothermajoradvantagethatleskhasis thatit
is applicableto lexical resourceswhich donot have
thehierarchicalstructurethatWordNetdoes,but do
have definitionsassociatedwith wordsenses.

7 Conclusions

Wehavedevisedamethodthatusesraw corpusdata
to automaticallyfind apredominantsensefor nouns
in WordNet.We useanautomaticallyacquiredthe-
saurusanda WordNetSimilarity measure.Theau-
tomaticallyacquiredpredominantsenseswereeval-
uatedagainstthe hand-taggedresourcesSemCor
andthe SENSEVAL-2 Englishall-wordstaskgiving
us a WSD precisionof 64% on an all-nounstask.
This is just 5% lower than resultsusing the first
sensein themanuallylabelledSemCor, andwe ob-
tain 67% precisionon polysemousnounsthat are
not in SemCor.

In many casesthesenserankingprovidedin Sem-
Cor differs to that obtainedautomaticallybecause
we usedthe BNC to produceour thesaurus. In-
deed,themeritof our techniqueis theverypossibil-
ity of obtainingpredominantsensesfrom the data
at hand. We have demonstratedthe possibility of
finding predominantsensesin domainspecificcor-
poraon a sampleof nouns. In the future, we will
performa largescaleevaluationon domainspecific
corpora.In particular, wewill usebalancedanddo-
mainspecificcorporato isolatewordshaving very
differentneighbours,andthereforerankings,in the
differentcorporaandto detectandtargetwordsfor
which thereis ahighly skewedsensedistributionin
thesecorpora.

Thereis plenty of scopefor further work. We
want to investigatethe effect of frequency and
choiceof distributionalsimilarity measure(Weeds

et al., 2004). Additionally, we needto determine
whethersenseswhichdonotoccurin awidevariety
of grammaticalcontexts fare badly usingdistribu-
tionalmeasuresof similarity, andwhatcanbedone
to combatthis problemusingrelationspecificthe-
sauruses.

Whilst we have usedWordNet as our sensein-
ventory, it wouldbepossibletousethismethodwith
anotherinventorygivenameasureof semanticrelat-
ednessbetweentheneighboursandthesenses.The
lesk measurefor example,canbeusedwith defini-
tionsin any standardmachinereadabledictionary.
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