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Abstract

Distributionsof the sensesof words are
oftenhighlyskewed.Thisfactis exploited
by wordsensedisambiguation(WSD) sys-
temswhich back off to the predominant
senseof a wordwhencontextualcluesare
not strongenough.Thedomainof a doc-
umenthasa stronginfluenceon thesense
distribution of words, but it is not feasi-
ble to producelarge manuallyannotated
corporafor every domainof interest. In
this paperwe describetheconstructionof
threesenseannotatedcorporain different
domainsfor a sampleof English words.
We apply an existing methodfor acquir-
ing predominantsenseinformationauto-
maticallyfrom raw text, andfor our sam-
ple demonstratethat (1) acquiring such
informationautomaticallyfrom a mixed-
domaincorpusis moreaccuratethande-
riving it from SemCor, and(2) acquiring
it automaticallyfrom text in thesamedo-
main as the target domainperformsbest
by a large margin. We also show that
for an all wordsWSD taskthis automatic
methodis bestfocussedon wordsthatare
salientto the domain,andon wordswith
a differentacquiredpredominantsensein
that domain comparedto that acquired
from abalancedcorpus.

1 Intr oduction

From analysisof manually sensetaggedcorpora,
Kilgarrif f (2004)hasdemonstratedthatdistributions
of thesensesof wordsareoftenhighlyskewed.Most
researchersworking on word sensedisambiguation
(WSD) usemanuallysensetaggeddatasuchasSem-

Cor (Miller et al., 1993) to train statisticalclassi-
fiers,but alsousetheinformationin SemCoron the
overall sensedistribution for eachword asa back-
off model.In WSD, theheuristicof justchoosingthe
mostfrequentsenseof a word is very powerful, es-
pecially for wordswith highly skewedsensedistri-
butions(Yarowsky andFlorian,2002).Indeed,only
5 out of the 26 systemsin the recentSENSEVAL-3
English all words task (Snyder and Palmer, 2004)
outperformedtheheuristicof choosingthemostfre-
quentsenseasderivedfrom SemCor(which would
give61.5%precisionandrecall1). Furthermore,sys-
temsthatdid outperformthefirst senseheuristicdid
soonly by a smallmargin (thetop scorebeing65%
precisionandrecall).

Over a decadeago, Gale et al. (1992) observed
the tendency for onesenseof a word to prevail in a
givendiscourse.To takeadvantageof this,amethod
for automaticallydeterminingthe“onesense”given
a discourseor documentis required.Magnini et al.
(2002) have shown that informationaboutthe do-
mainof a documentis very usefulfor WSD. This is
becausemany conceptsarespecificto particulardo-
mains,andfor many wordstheir mostlikely mean-
ing in context is stronglycorrelatedto thedomainof
thedocumentthey appearin. Thus,sincewordsense
distributionsareskewedanddependon thedomain
at handwe would like to know for each domainof
applicationthemostlikely senseof aword.

However, there are no extant domain-specific
sensetaggedcorporato derive suchsensedistribu-
tion informationfrom. Producingthemwouldbeex-
tremelycostly, sinceasubstantialcorpuswouldhave
to beannotatedby handfor everydomainof interest.
In responseto this problem,McCarthyet al. (2004)
proposeda methodfor automatically inducing the

1This figure is the meanof two different estimates(Sny-
der andPalmer, 2004), the differencebeingdueto multiword
handling.
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predominantsenseof a word from raw text. They
carriedout a limited testof their methodon text in
two domainsusingsubjectfield codes(Magniniand
Cavaglià, 2000)to assesswhethertheacquiredpre-
dominantsenseinformationwasbroadlyconsistent
with the domainof the text it was acquiredfrom.
But they did not evaluatetheir methodon hand-
taggeddomain-specificcorporasincetherewasno
suchdatapublicly available.

In this paper, we evaluatethe methodon domain
specifictext by creatingasense-annotatedgoldstan-
dard2 for asampleof words.Weuseda lexical sam-
plebecausethecostof handtaggingseveralcorpora
for anall-wordstaskwouldbeprohibitive.Weshow
that the sensedistributions of words in this lexical
samplediffer dependingon domain. We alsoshow
thatsensedistributionsaremoreskewedin domain-
specifictext. Using McCarthyet al.’s method,we
automaticallyacquirepredominantsenseinforma-
tion for the lexical samplefrom the (raw) corpora,
andevaluatethe accuracy of this andpredominant
senseinformationderived from SemCor. We show
that in our domainsandfor thesewords,first sense
informationautomaticallyacquiredfrom a general
corpus is more accuratethan first sensesderived
from SemCor. Wealsoshow thatderiving first sense
informationfrom text in thesamedomainasthetar-
get dataperformsbest,particularlywhen focusing
onwordswhicharesalientto thatdomain.

The paperis structuredas follows. In section2
we summariseMcCarthyet al.’s predominantsense
method.We then(section3) describethenew gold
standardcorpora,and evaluatepredominantsense
accuracy (section4). We discussthe resultswith
a proposalfor applyingthe methodto anall-words
task,andananalysisof our resultsin termsof this
proposalbeforeconcludingwith futuredirections.

2 Finding PredominantSenses

We use the methoddescribedin McCarthy et al.
(2004) for finding predominantsensesfrom raw
text. The methodusesa thesaurusobtainedfrom
thetext by parsing,extractinggrammaticalrelations
andthenlisting eachword ( � ) with its top � nearest
neighbours,where � is a constant.Like McCarthy

2This resourcewill bemadepublicly availablefor research
purposesin thenearfuture.

etal. (2004)weuse�����	� andobtainourthesaurus
using the distributional similarity metric described
by Lin (1998). We useWordNet(WN) asour sense
inventory. Thesensesof aword � areeachassigned
a rankingscorewhich sumsover the distributional
similarity scoresof theneighboursandweightseach
neighbour’s scoreby a WN Similarity score(Pat-
wardhanandPedersen,2003)betweenthe senseof
� andthesenseof theneighbourthatmaximisesthe
WN Similarity score. This weight is normalisedby
the sum of suchWN similarity scoresbetweenall
sensesof � andandthesensesof theneighbourthat
maximisesthisscore.We usetheWN Similarity jcn
score(JiangandConrath,1997)sincethis gaverea-
sonableresultsfor McCarthyetal. andit is efficient
at runtimegivenprecompilationof frequency infor-
mation. The jcn measureneedsword frequency in-
formation,which we obtainedfrom theBritish Na-
tional Corpus(BNC) (Leech,1992). The distribu-
tional thesauruswasconstructedusingsubject,di-
rectobjectadjective modifierandnounmodifierre-
lations.

3 Creatingthe Thr eeGold Standards

In our experiments, we compare for a sample
of nouns the senserankings createdfrom a bal-
ancedcorpus(theBNC) with rankingscreatedfrom
domain-specificcorpora(FINANCE andSPORTS)
extracted from the Reuterscorpus (Rose et al.,
2002).In moredetail,thethreecorporaare:

BNC: The ‘written’ documents,amountingto 3209
documents(around89.7M words), and covering a
wide rangeof topic domains.

FINANCE: 117734FINANCE documents(around
32.5Mwords)topic codes:ECAT andMCAT

SPORTS: 35317SPORTS documents(around9.1M
words)topiccode:GSPO

We computedthesaurusesfor eachof thesecorpora
usingtheprocedureoutlinedin section2.

3.1 Word Selection

In ourexperimentsweusedFINANCEandSPORTS
domains. To ensurethat a significantnumberof
the chosenwords are relevant for thesedomains,
we did not choosethe words for our experiments
completelyrandomly. The first selectioncriterion
we appliedusedthe SubjectField Code(SFC) re-
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source(MagniniandCavaglià,2000),whichassigns
domainlabelsto synsetsin WN version1.6. We se-
lectedall thepolysemousnounsin WN 1.6thathave
at leastonesynsetlabelledSPORT andonesynset
labelledFINANCE. This reducedthe setof words
to 38. However, someof thesewordswere fairly
obscure,did not occurfrequentlyenoughin oneof
thedomaincorporaor weresimply toopolysemous.
We narroweddown thesetof wordsusingthecrite-
ria: (1) frequency in the BNC 
 1000,(2) at most
12 senses,and(3) at least75 examplesin eachcor-
pus. Finally a coupleof wordswere removed be-
causethedomain-specificsensewasparticularlyob-
scure3. Theresultingsetconsistsof 17words4: club,
manager, record, right, bill, check, competition,con-
version,crew, delivery, division,fishing,reserve,re-
turn, score, receiver, running

Wereferto thissetof wordsasF&S cds. Thefirst
four wordsoccurin theBNCwith highfrequency ( 

10000occurrences),thelasttwo with low frequency
( � 2000)andtherestaremid-frequency.

Threefurther setsof wordswereselectedon the
basisof domainsalience.Wechoseeightwordsthat
areparticularlysalientin theSportcorpus(referred
to asS sal), eightin theFinancecorpus(F sal), and
seventhathadequal(not necessarilyhigh) salience
in both,(eqsal). Wecomputedsalienceasaratioof
normaliseddocumentfrequencies,usingtheformula��
 �������������	�������� � ���
where� �"! is thenumberof documentsin domain�
containingthenoun(lemma)� , �#! is thenumberof
documentsin domain � , � � is the total numberof
documentscontainingthenoun � and � is thetotal
numberof documents.

To obtainthesetsS sal, F sal andeq sal we gen-
eratedthe 50 mostsalientwordsfor both domains
and50 wordsthatwereequallysalientfor bothdo-
mains.Theselistsof 50wordsweresubjectedto the
sameconstraintsassetF&S cds, that is occurring
in the BNC 
 1000,having at most12 senses,and
having at least75 examplesin eachcorpus. From
theremainingwordswe randomlysampled8 words

3For examplethe Financesenseof ‘eagle’ (a former gold
coin in USworth10 dollars)is veryunlikely to befound.

4Onemoreword,‘pitch’, wasin theoriginalselection.How-
ever, wedid notobtainenoughusableannotatedsentences(sec-
tion 3.2)for thisparticularwordandthereforeit wasdiscarded.

from the Sport saliencelist andFinance list and7
from thesaliencelist for wordswith equalsalience
in bothdomains.Theresultingsetsof wordsare:

Ssal: fan,star, transfer, striker, goal,title, tie, coach

F sal: package,chip, bond, market, strike, bank,
share,target

eq sal: will, phase,half, top, performance,level,
country

The averagedegreeof polysemyfor this setof 40
nounsin WN (version1.7.1)is 6.6.

3.2 The Annotation Task

For theannotationtaskwe recruitedlinguisticsstu-
dentsfrom two universities. All tenannotatorsare
nativespeakersof English.

We setupannotationasanOpenMind Word Ex-
pert task5. OpenMind is a web basedsystemfor
annotatingsentences.The usercanchoosea word
from a pull down menu. Whena word is selected,
theuseris presentedwith a list of sensedefinitions.
Thesensedefinitionsweretakenfrom WN1.7.1 and
presentedin randomorder. Below thesensedefini-
tions, sentenceswith the target word (highlighted)
aregiven. Left of the sentenceon thescreen,there
are as many tick-boxesas therearesensesfor the
word plusboxesfor ‘unclear’ and‘unlisted-sense’.
Theannotatoris expectedto first readthesensedefi-
nitionscarefullyandthen,afterreadingthesentence,
decidewhich senseis best for the instanceof the
word in a particularsentence.Only the sentencein
which theword appearsis presented(not moresur-
roundingsentences).In casethe sentencedoesnot
giveenoughevidenceto decide,theannotatoris ex-
pectedto checkthe‘unclear’box. Whenthecorrect
senseis not listed, the annotatorshouldcheckthe
‘unlisted-sense’box.

The sentencesto be annotatedwere randomly
sampledfrom the corpora. The corporawerefirst
part of speechtaggedandlemmatisedusingRASP
(Briscoeand Carroll, 2002). Up to 125 sentences
were randomlyselectedfor eachword from each
corpus.Sentenceswith clearproblems(e.g.contain-
ing a begin or endof documentmarker, or mostly
not text) were removed. The first 100 remaining
sentenceswere selectedfor the task. For a few

5http://www.teach-computers.org/word-expert/english/
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wordstherewerenot exactly 100sentencespercor-
pusavailable. The Reuterscorpuscontainsquite a
few duplicatedocuments.No attemptsweremade
to remove duplicates.

3.3 Characterisation of the Annotated Data

Most of the sentenceswere annotatedby at least
threepeople. Somesentenceswere only doneby
two annotators.Thecompletesetof datacomprises
33225taggingacts.

Theinter-annotatoragreementonthecompleteset
of datawas65%6. For theBNC datait was60%,for
the Sportsdata65% andfor the Financedata69%.
This is lower than reportedfor othersetsof anno-
tateddata(for exampleit was75%for thenounsin
the SENSEVAL-2 Englishall-wordstask),but quite
closeto thereported62.8%agreementbetweenthe
first two taggingsfor single noun tagging for the
SENSEVAL-3 Englishlexical sampletask(Mihalcea
etal., 2004).Thefairestcomparisonis probablybe-
tweenthe latter and the inter-annotatoragreement
for the BNC data. Reasonswhy our agreementis
relatively low includethe fact thatalmostall of the
sentencesareannotatedby threepeople,andalsothe
highdegreeof polysemyof thissetof words.

Problematiccases

The unlistedcategory wasusedasa miscellaneous
category. In somecasesa sensewastruly missing
from theinventory(e.g.theword ‘tie’ hasa ‘game’
sensein British Englishwhich is not includedin WN

1.7.1). In other caseswe had not recognisedthat
thewordwasreallypartof amultiword(e.g.anum-
ber of sentencesfor the word ‘chip’ containedthe
multiword ‘blue chip’). Finally therewerea num-
ber of caseswherethe word hadbeenassignedthe
wrong part of speechtag (e.g. the verb ‘will’ had
oftenbeenmistaggedasa noun). We identifiedand
removedall thesesystematicproblemcasesfromthe
unlistedsenses.After removing theproblematicun-
listedcases,wehadbetween0.9%(FINANCE) and
4.5%(SPORTS)unlistedinstancesleft. Wealsohad
between1.8%(SPORTS) and4.8%(BNC) unclear
instances.The percentageof unlistedinstancesre-
flectsthefit of WN to thedatawhilst thatof unclear
casesreflectsthegeneralityof thecorpus.

6To computeinter-annotatoragreementweusedAmrutaPu-
randareandTedPedersen’sOMtoSVAL2 Packageversion0.01.

The sensedistributions

WSD accuracy is stronglyrelatedto the entropyof
thesensedistribution of the target word (Yarowsky
andFlorian,2002).Themoreskewedthesensedis-
tributionis towardsasmallpercentageof thesenses,
the lower the entropy. Accuracy is relatedto this
becausethereis moredata(both training and test)
sharedbetweenfewer of thesenses.Whenthefirst
senseisverypredominant(exceeding80%)it ishard
for any WSD systemto beatthe heuristicof always
selectingthatsense(Yarowsky andFlorian,2002).

Thesensedistributionfor a givenwordmayvary
dependingon the domain of the text being pro-
cessed.In somecases,this may result in a differ-
ent predominantsense;othercharacteristicsof the
sensedistributionmayalsodiffer suchasentropyof
thesensedistributionandthedominanceof thepre-
dominantsense.In Table1 weshow theentropyper
word in our sampleandrelative frequency (relfr) of
its first sense(fs), for eachof our threegold stan-
dardannotatedcorpora.We computetheentropyof
a word’s sensedistributionasa fractionof the pos-
sibleentropy(Yarowsky andFlorian,2002)$#% 
'& ��� (*),+�-.0/21�3 )5476982:;698<69-
where

$ 
'& �=� >@?BADC 6982:;698<6FE

'G �'H2IKJFL E


MG � . This
measurereducestheimpactof thenumberof senses
of a wordandfocuseson theuncertaintywithin the
distribution. For eachcorpus,we alsoshow theav-
erageentropyandaveragerelative frequency of the
first senseover all words.

From Table 1 we can seethat for the vast ma-
jority of wordsthe entropyis highestin the BNC.
However thereare exceptions: return, fan and ti-
tle for FINANCE and return, half, level, running
strike and share for SPORTS. Surprisingly, eq sal
words, which are not particularly salient in either
domain,alsotypically have lowerentropyin thedo-
main specificcorporacomparedto the BNC. Pre-
sumablythis is simply becauseof this small setof
words, which seemparticularly skewed to the fi-
nancialdomain. Note that whilst the distributions
in thedomain-specificcorporaaremoreskewedto-
wardsa predominantsense,only 7 of the40 words
in the FINANCE corpusand5 of the 40 words in
the SPORTS corpushave only one senseattested.
Thus,even in domain-specificcorporaambiguityis
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Training Testing
BNC FINANCE SPORTS

BNC 40.7 43.3 33.2
FINANCE 39.1 49.9 24.0
SPORTS 25.7 19.7 43.7
RandomBL 19.8 19.6 19.4
SemCorFS 32.0(32.9) 33.9(35.0) 16.3(16.8)

Table 2: WSD using predominantsenses,training
andtestingonall domaincombinations.

still present,even thoughit is lessthanfor general
text. We show the sensenumberof the first sense
(fs) alongsidethe relative frequency of that sense.
Weuse‘ucl’ for unclearand‘unl’ for unlistedsenses
wherethesearepredominantin our annotateddata.
Althoughthepredominantsenseof a word is notal-
waysthedomain-specificsensein adomain-specific
corpus,the domain-specificsensestypically occur
morethanthey do in non-relevantcorpora.For ex-
ample,sense11 of return (a tennisstroke)wasnot
thefirst sensein SPORTS,howeverit did havearel-
ativefrequency of 19%in thatcorpusandwasabsent
from BNC andFINANCE.

4 PredominantSenseEvaluation

We have run the predominantsensefinding algo-
rithm on the raw text of eachof the threecorpora
in turn (the first stepbeing to computea distribu-
tional similarity thesaurusfor each,as outlined in
section2). We evaluatetheaccuracy of performing
WSD purelywith thepredominantsenseheuristicus-
ing all 9 combinationsof training andtestcorpora.
The resultsarepresentedin Table 2. The random
baselineis ? ADCON /MP 82:;6

Q
476982:;698<6M) A - . We alsogive the

accuracy usinga first senseheuristicfrom SemCor
(‘SemCorFS’); the precisionis given alongsidein
bracketsbecausea predominantsenseis not sup-
plied by SemCorfor every word. 7 The automatic
methodproposesapredominantsensein everycase.

The bestresultsareobtainedwhentraining on a
domainrelevantcorpus.In all cases,whentraining
on appropriatetraining datathe automaticmethod
for finding predominantsensesbeatsboth the ran-
dombaselineandthebaselineprovidedby SemCor.

Table3 comparesWSD accuracy usingthe auto-
maticallyacquiredfirst senseon the4 categoriesof

7Thereis onesuchword in oursample,striker.

Test- Train F&S cds F sal Ssal eq sal
BNC-APPR 33.3 51.5 39.7 48.0
BNC-SC 28.3 44.0 24.6 36.2
FINANCE-APPR 37.0 70.2 38.5 70.1
FINANCE-SC 30.3 51.1 22.9 33.5
SPORTS-APPR 42.6 18.1 65.7 46.9
SPORTS-SC 9.4 38.1 13.2 12.2

Table3: WSD usingpredominantsenses,with train-
ing datafrom thesamedomainor from SemCor.

wordsF&S cds, F sal, S sal andeq sal separately.
Resultsusingthetrainingdatafrom theappropriate
domain(e.g.SPORTStrainingdatafor SPORTStest
data)areindicatedwith ‘ APPR’ andcontrastedwith
theresultsusingSemCordata,indicatedwith ‘SC’. 8

We seethatfor wordswhich arepertinentto thedo-
mainof the testtext, it paysto usedomainspecific
trainingdata. In someothercases,e.g.F sal tested
onSPORTS, it is betterto useSemCordata.For the
eq sal words,accuracy is highestwhenFINANCE
datais usedfor training, reflectingtheir bias to fi-
nancialsensesasnotedin section3.3.

5 Discussion

Wearenotawareof any otherdomain-specificman-
ually sensetaggedcorpora. We have createdsense
taggedcorporafromtwospecificdomainsfor asam-
pleof words,andasimilar resourcefrom abalanced
corpuswhich coversa wide rangeof domains.We
have usedtheseresourcesto do a quantitativeeval-
uation which demonstratesthat automaticacquisi-
tion of predominantsensesoutperformstheSemCor
baselinefor thissampleof words.

The domain-specificmanually sensetaggedre-
sourceis an interestingsourceof informationin it-
self. It shows for example that (at least for this
particularlexical sample),thepredominantsenseis
muchmoredominantin a specificdomainthanit is
in the generalcase,even for wordswhich are not
particularly salientin that domain. Similar obser-
vationscan be madeaboutthe averagenumberof
encounteredsensesand the skew of the sensedis-
tributions. It alsoshows thatalthoughthe predom-
inant senseis more dominantand domain-specific

8For SemCor, precisionfiguresfor the S sal wordsareup
to 4% higherthantheaccuracy figuresgiven,however they are
still lower thanaccuracy usingthedomainspecificcorpora;we
leave themoutdueto lackof space.
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sensesare used more within a specific domain,
thereis still a needfor taking local context into ac-
count when disambiguatingwords. The predomi-
nantsenseheuristicis hardto beatfor somewords
within a domain,but othersremainhighly ambigu-
ouseven within a specificdomain. The return ex-
amplein section3.3illustratesthis.

Our resultsare for a lexical samplebecausewe
did not have the resourcesto producemanually
taggeddomain-specificcorpora for an all words
task. Althoughsensedistributiondataderivedfrom
SemCorcan be more accuratethan suchinforma-
tion derivedautomatically(McCarthyet al., 2004),
in a given domain therewill be words for which
the SemCorfrequency distributionsare inappropri-
ateor unavailable.Thework presentedheredemon-
stratesthat the automaticmethodfor finding pre-
dominantsensesoutperformsSemCoron a sample
of words,particularlyononesthataresalienttoado-
main.As well asdomain-salientwords,therewill be
wordswhicharenotparticularlysalientbut still have
different distributions than in SemCor. We there-
fore proposethat automaticmethodsfor determin-
ing thefirst senseshouldbeusedwheneitherthere
is no manuallytaggeddata,or themanuallytagged
dataseemsto beinappropriatefor theword anddo-
mainunderconsideration.While it is trivial to find
the wordswhich are absentor infrequentin train-
ing data,suchasSemCor, it is lessobvious how to
find wordswherethetrainingdataisnotappropriate.
Onewayof findingthesewordswouldbeto look for
differencesin theautomaticsenserankingsof words
in domainspecificcorporacomparedto thoseof the
samewordsin balancedcorpora,suchastheBNC.
We assumethat thesenserankingsfrom a balanced
text will moreor lesscorrelatewith a balancedre-
sourcesuchasSemCor. Of coursetherewill bedif-
ferencesin the corpusdata,but thesewill be less
radical than thosebetweenSemCorand a domain
specificcorpus.Thentheautomaticrankingmethod
shouldbeappliedin caseswherethereis a clearde-
viation in therankinginducedfrom thedomainspe-
cific corpuscomparedto thatfrom thebalancedcor-
pus.Otherwise,SemCoris probablymorereliableif
datafor thegivenword is available.

Thereareseveralpossibilitiesfor thedefinitionof
“clear deviation” above. Onecould look at differ-
encesin the ranking over all words, using a mea-

Training Testing
FINANCE SPORTS

Finance 35.5 -
Sports - 40.9
SemCor 14.2(15.3) 10.0

Table 4: WSD accuracy for wordswith a different
first senseto theBNC.

suresuchas pairwiseagreementof rankingsor a
rankingcorrelationcoefficient,suchasSpearman’s.
One could alsousethe rankingsto estimateprob-
ability distributions and comparethe distributions
with measuressuchasalpha-skew divergence(Lee,
1999). A simple definition would be where the
rankingsassigndifferent predominantsensesto a
word. Takingthissimpledefinitionof deviation,we
demonstratehow thismightbedonefor ourcorpora.

We comparedthe automaticrankingsfrom the
BNC with thosefrom eachdomainspecificcorpus
(SPORTS andFINANCE) for all polysemousnouns
in SemCor. Althoughthemajority areassignedthe
samefirst sensein the BNC as in the domainspe-
cific corpora,asignificantproportion(31%SPORTS
and 34% FINANCE) are not. For all words WSD

in eitherof thesedomains,it would bethesewords
for which automaticranking shouldbe used. Ta-
ble 4 shows the WSD accuracy usingthis approach
for thewordsin our lexical samplewith a different
automaticallycomputedfirst sensein theBNC com-
paredto thetargetdomain(SPORTS or FINANCE).
We trainedon the appropriatedomainfor eachtest
corpus,andcomparedthis with usingSemCorfirst
sensedata. The resultsshow clearly thatusingthis
approachto decidewhetherto useautomaticsense
rankingsperformsmuch better than alwaysusing
SemCorrankings.

6 Conclusions

The methodfor automaticallyfinding the predomi-
nantsensebeatSemCorconsistentlyin our experi-
ments. So for somewords, it paysto obtainauto-
matic informationon frequency distributions from
appropriatecorpora. Our senseannotatedcorpora
exhibit higherentropyfor word sensedistributions
for domain-specifictext, even for wordswhich are
not specific to that domain. They also show that
different sensespredominatein different domains
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and that dominanceof the first sensevaries to a
greatextent,dependingon theword. Previouswork
in all wordsWSD hasindicatedthat techniquesus-
ing hand-taggedresourcesoutperformunsupervised
methods.However, we demonstratethat it is possi-
ble to applya fully automaticmethodto a subsetof
pertinentwordsto improve WSD accuracy. Theau-
tomaticmethodseemsto leadto betterperformance
for wordsthataresalientto adomain.Therearealso
otherwordswhich thoughnot particularlydomain-
salient,haveadifferentsensedistributionto thatan-
ticipatedfor a balancedcorpus.We proposethat in
order to tacklean all words task, automaticmeth-
odsshouldbe appliedto wordswhich have a sub-
stantialdifferencein senserankingcomparedto that
obtainedfrom a balancedcorpus. We demonstrate
that for a setof wordswhich meetthis condition,
theperformanceof theautomaticmethodis far bet-
ter thanwhenusingdatafrom SemCor. We will do
furtherwork to ascertainthebestmethodfor quanti-
fying “substantialchange”.

We also intend to exploit the automaticranking
to obtain informationon sensefrequency distribu-
tions(ratherthanjustpredominantsenses)giventhe
genreaswell asthedomainof the text. We plan to
combinethis with local context, usingcollocatesof
neighboursin thethesaurus,for contextual WSD.
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BNC FINANCE SPORTS
word RTS�UWVYX relf (fs) RTSZUWVYX relf (fs) RTSZUWVYX relf (fs)

F&S cds
bill 0.503 42.6(1) 0.284 77.0(1) 0.478 45.2(2)
check 0.672 34.4(6) 0.412 44.2(1) 0.519 50.0(1)
club 0.442 75.3(2) 0.087 96.6(2) 0.204 90.6(2)
competition 0.833 42.0(1) 0.159 95.7(1) 0.142 95.8(2)
conversion 0.670 53.2(9) 0.350 75.6(8) 0.000 100 (3)
crew 0.726 61.6(1) 0.343 85.4(1) 0.508 79.2(4)
delivery 0.478 74.5(1) 0.396 72.4(unc) 0.051 98.0(6)
division 0.730 34.2(2) 0.323 76.9(2) 0.000 100 (7)
fishing 0.922 66.3(1) 0.500 89.0(2) 0.422 91.4(1)
manager 0.839 73.2(1) 0.252 95.8(1) 0.420 91.5(2)
receiver 0.781 47.4(3) 0.283 89.4(2) 0.206 92.0(5)
record 0.779 36.0(3) 0.287 81.6(3) 0.422 68.5(3)
reserve 0.685 50.0(5) 0.000 100 (2) 0.265 86.4(3)
return 0.631 33.0(5) 0.679 34.8(6) 0.669 28.6(2 5)
right 0.635 38.6(1 3) 0.357 71.6(1) 0.468 60.3(3)
running 0.621 64.3(4) 0.485 56.1(4) 0.955 28.3(unl)
score 0.682 38.8(3) 0.476 69.0(4) 0.200 84.1(3)
F&S cdsaverages 0.684 50.9 0.334 77.1 0.349 75.9

F sal
bank 0.427 71.3(1) 0.000 100 (1) 0.247 85.4(1)
bond 0.499 46.7(2) 0.000 100 (2) 0.319 75.0(2)
chip 0.276 82.8(7) 0.137 92.7(7) 0.178 91.5(8)
market 0.751 62.3(1) 0.524 70.3(2) 0.734 46.7(2)
package 0.890 50.0(1) 0.285 91.8(1) 0.192 94.6(1)
share 0.545 62.9(1) 0.519 65.3(1) 0.608 47.9(3)
strike 0.152 93.5(1) 0.000 100 (1) 0.409 66.7(unl)
target 0.712 61.6(5) 0.129 95.6(5) 0.300 85.4(5)
F salaverages 0.532 66.4 0.199 89.5 0.373 74.1

Ssal
coach 0.777 45.7(1) 0.623 62.5(5) 0.063 97.9(1)
fan 0.948 47.6(3) 0.992 39.5(3) 0.181 95.0(2)
goal 0.681 46.9(2) 0.000 100 (1) 0.245 91.8(2)
star 0.779 47.7(6) 0.631 41.7(2) 0.285 80.9(2)
striker 0.179 94.0(1) 0.000 100 (3) 0.000 100 (1)
tie 0.481 45.1(1) 0.025 99.0(2) 0.353 51.0(unl)
title 0.489 50.0(4) 0.661 42.1(6) 0.000 100 (4)
transfer 0.600 45.7(1) 0.316 84.9(6) 0.168 92.5(6)
Ssalaverages 0.617 52.8 0.406 71.2 0.162 88.6

eq sal
country 0.729 45.2(2) 0.195 92.9(2) 0.459 73.8(2)
half 0.642 83.7(1) 0.000 100 (1) 0.798 75.8(2)
level 0.609 56.0(1) 0.157 91.5(1) 0.675 31.1(unl)
performance 0.987 23.7(4 5) 0.259 90.1(2) 0.222 92.0(5)
phase 0.396 84.7(2) 0.000 100 (2) 0.000 100 (2)
top 0.593 51.7(1) 0.035 98.4(5) 0.063 96.6(5)
will 0.890 46.9(2) 0.199 94.3(2) 0.692 62.2(2)
eqsalaverages 0.692 56.0 0.121 95.3 0.416 75.9

Overallaverages 0.642 55.3 0.284 81.6 0.328 78.1

Table1: Entropyandrelative frequency of thefirst sensein thethreegoldstandards.
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