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Abstract

Distributions of the sensesf words are
oftenhighly skewved. Thisfactis exploited
by word sensalisambiguatiorfwsb) sys-
temswhich back off to the predominant
sensef aword whencontetual cluesare
not strongenough.The domainof a doc-
umenthasa stronginfluenceon the sense
distribution of words, but it is not feasi-
ble to producelarge manuallyannotated
corporafor every domainof interest. In
this paperwe describethe constructiorof
threesenseannotatedtorporain different
domainsfor a sampleof English words.
We apply an existing methodfor acquir
ing predominantsenseinformation auto-
matically from raw text, andfor our sam-
ple demonstratehat (1) acquiring such
information automaticallyfrom a mixed-
domaincorpusis more accuratethande-
riving it from SemCor and (2) acquiring
it automaticallyfrom text in the samedo-
main as the target domain performsbest
by a large magin. We also shov that
for anall wordswsb taskthis automatic
methodis bestfocussedn wordsthatare
salientto the domain,andon wordswith
a differentacquiredpredominansensean
that domain comparedto that acquired
from abalancedorpus.

1 Intr oduction

From analysisof manually sensetaggedcorpora,
Kilgarriff (2004)hasdemonstratethatdistributions
of thesensesf wordsareoftenhighly skeved. Most

researchers/orking on word sensedisambiguation o,

(wsb) usemanuallysensdaggeddatasuchasSem-

Cor (Miller et al., 1993)to train statisticalclassi-
fiers, but alsousetheinformationin SemCoronthe
overall sensedistribution for eachword asa back-
off model.In wsb, theheuristicof justchoosinghe
mostfrequentsenseof a word is very powerful, es-
pecially for wordswith highly skeved sensedistri-
butions(Yaronsky andFlorian,2002).Indeed only
5 out of the 26 systemdn the recentSENSEVAL-3
Englishall words task (Sryder and Palmer 2004)
outperformedheheuristicof choosinghemostfre-
guentsenseasderived from SemCor(which would
give 61.5%precisionandrecallt). Furthermoresys-
temsthatdid outperformthefirst sensenheuristicdid
soonly by a smallmagin (thetop scorebeing65%
precisionandrecall).

Over a decadeago, Galeet al. (1992) obsered
the tendeny for onesenseof awordto prevail in a
givendiscourseTo takeadwantageof this,amethod
for automaticallydetermininghe“one sense’given
adiscourseor documenis required. Magninietal.
(2002) have shavn that information aboutthe do-
main of a documenis very usefulfor wsb. Thisis
becausenary conceptsarespecificto particulardo-
mains,andfor mary wordstheir mostlikely mean-
ing in contet is stronglycorrelatedo thedomainof
thedocumenthey appeain. Thus,sincewordsense
distributionsare skeved anddependon the domain
at handwe would like to know for each domainof
applicationthe mostlikely senseof aword.

However, there are no extant domain-specific
sensegaggedcorporato derive suchsensedistribu-
tioninformationfrom. Producinghemwould beex-
tremelycostly, sinceasubstantiatorpusvouldhave
to beannotatedby handfor every domainof interest.
In responseo this problem,McCarthyet al. (2004)
proposeda methodfor automaticaly inducingthe

This figure is the meanof two different estimates(Sry-
and Palmer, 2004), the differencebeing due to multiword
handling.



predominantsenseof a word from raw text. They
carriedout a limited testof their methodon text in
two domainsusingsubjectfield codegMagniniand
Cavaglia, 2000)to assessvhetherthe acquiredpre-
dominantsenseanformationwasbroadly consistent
with the domainof the text it was acquiredfrom.
But they did not evaluatetheir methodon hand-
taggeddomain-specificorporasincetherewasno
suchdatapublicly available.

In this paper we evaluatethe methodon domain
specifictext by creatingasense-annotategbld stan-
dardf for asampleof words.We useda lexical sam-
ple becaus¢hecostof handtaggingseveralcorpora
for anall-wordstaskwould beprohibitive. We shov
that the sensedistributions of wordsin this lexical
samplediffer dependingon domain. We alsoshav
thatsensalistributionsaremoreskevedin domain-
specifictext. Using McCarthyet als method,we
automaticallyacquire predominantsenseinforma-
tion for the lexical samplefrom the (raw) corpora,
and evaluatethe accurag of this and predominant
senseanformationderived from SemCor We shav
thatin our domainsandfor thesewords,first sense
information automaticallyacquiredfrom a general
corpusis more accuratethan first sensesderived
from SemCorWe alsoshow thatderving first sense
informationfrom text in thesamedomainasthetar
get dataperformsbest, particularly when focusing
onwordswhicharesalientto thatdomain.

The paperis structuredasfollows. In section2
we summariseMcCarthyet al’s predominansense
method. We then(section3) describethe new gold
standardcorpora, and evaluate predominantsense
accurag (section4). We discussthe resultswith
a proposalffor applyingthe methodto an all-words
task,and an analysisof our resultsin termsof this
proposabeforeconcludingwith future directions.

2 Finding Predominant Senses

We use the methoddescribedin McCarthy et al.
(2004) for finding predominantsensesfrom raw
text. The methodusesa thesaurusobtainedfrom
thetext by parsing extractinggrammaticarelations
andthenlisting eachword (w) with its top k& nearest
neighbourswherek is a constant.Like McCarthy

2This resourcewill be madepublicly availablefor research
purposesn thenearfuture.

etal. (2004)we usek = 50 andobtainourthesaurus
using the distributional similarity metric described
by Lin (1998). We useWordNet(wN) asour sense
inventory Thesensesf awordw areeachassigned
a ranking scorewhich sumsover the distributional
similarity scoresof theneighboursandweightseach
neighbours scoreby a wN Similarity score (Pat-
wardhanand Pedersen2003) betweerthe senseof
w andthesensef the neighbouthatmaximiseshe
WN Similarity score. This weightis normalisedoy
the sum of suchwN similarity scoresbetweenall
sense®f w andandthe sense®f the neighbourhat
maximiseghis score.We usethe wN Similarity jcn
score(JiangandConrath,1997)sincethis gave rea-
sonableresultsfor McCarthyetal. andit is efficient
atruntime givenprecompilatiorof frequenyg infor-
mation. Thejcn measureneedsword frequeny in-
formation,which we obtainedfrom the British Na-
tional Corpus(BNC) (Leech,1992). The distribu-
tional thesaurusvas constructedising subject, di-
rectobjectadjective maodifierandnounmodifier re-
lations.

3 Creatingthe ThreeGold Standards

In our experiments, we comparefor a sample
of nounsthe senserankings createdfrom a bal-
ancedcorpus(the BNC) with rankingscreatedrom
domain-specificorpora(FINANCE and SPOR'S)
extracted from the Reuterscorpus (Rose et al.,
2002).In moredetail,thethreecorporaare:

BNC: The ‘written’ documentsamountingto 3209
documentgaround89.7M words), and covering a
wide rangeof topic domains.

FINANCE: 117734FINANCE documents(around
32.5Mwords)topic codes:ECAT andMCAT
SPORTS: 35317sPORTS documentgaround9.1M
words)topic code:GSPO

We computedthesauruseor eachof thesecorpora
usingthe procedureutlinedin section2.

3.1 Word Selection

In ourexperimentsve used~FINANCE andSPOR'S
domains. To ensurethat a significantnumber of
the chosenwords are relevant for thesedomains,
we did not choosethe words for our experiments
completelyrandomly The first selectioncriterion
we appliedusedthe SubjectField Code (SFC)re-



sourcg(MagniniandCavaglia,2000),whichassigns
domainlabelsto synsetsn wN versionl1.6. We se-
lectedall the polysemousiounsin wN 1.6thathave
at leastone synsetlabelledSPOR andone synset
labelledFINANCE. This reducedthe setof words
to 38. However, someof thesewords were fairly
obscuredid not occurfrequentlyenoughin one of
thedomaincorporaor weresimply too polysemous.
We narroved down the setof wordsusingthe crite-
ria: (1) frequeny in the BNC > 1000, (2) at most
12 sensesand(3) at least75 examplesin eachcor-
pus. Finally a coupleof wordswere remaoved be-
causeghedomain-specificensavasparticularlyob-
scuré. Theresultingsetconsistf 17 words’: club,
manageyrecod, right, bill, chek, competitioncon-
version,crew, delivery division,fishing,reservere-
turn, scoe, receiverrunning

We referto thissetof wordsasF&S cds Thefirst
four wordsoccurin theBNC with highfrequeng (>
10000occurrences}helasttwo with low frequeny
(< 2000)andtherestaremid-frequeny.

Threefurther setsof wordswere selectedbn the
basisof domainsalience We choseeightwordsthat
areparticularlysalientin the Sportcorpus(referred
to asS sal), eightin the Financecorpus(F sal), and
seventhathadequal(not necessariljigh) salience
in both, (eqsal). We computedsalienceasaratio of
normalisedlocumentrequenciesysingtheformula

§(w,d) = Sl

whereN,,, is thenumberof document$n domaind
containingthenoun(lemma)w, N, is thenumberof
documentsn domaind, N, is thetotal numberof
documentgontainingthenounw and\ is thetotal
numberof documents.

To obtainthe setsS sal, F salandeq sal we gen-
eratedthe 50 mostsalientwordsfor both domains
and50 wordsthatwereequallysalientfor both do-
mains.Thesdists of 50wordsweresubjectedo the
sameconstraintsaassetF&S cds thatis occurring
in the BNC > 1000, having at most12 sensesand
having at least75 examplesin eachcorpus. From
theremainingwordswe randomlysampled words

3For examplethe Financesenseof ‘eagle’ (a former gold
coinin USworth 10 dollars)is very unlikely to befound.

4Onemoreword,‘pitch’, wasin theoriginal selection How-
ever, we did notobtainenoughusableannotatedentencegsec-
tion 3.2)for this particularword andthereforet wasdiscarded.

from the Sport saliencdist and Financelist and7
from the saliencdlist for wordswith equalsalience
in bothdomains.Theresultingsetsof wordsare:

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

F sal: padkage, chip, bond, market, strike, bank,
shae, target

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

The averagedeggree of polysemyfor this setof 40
nounsin WN (versionl.7.1)is 6.6.

3.2 The Annotation Task

For theannotatiortaskwe recruitedlinguisticsstu-
dentsfrom two universities. All tenannotatorsare
native speakersf English.

We setup annotatiorasan OpenMind Word Ex-
perttask. OpenMind is a web basedsystemfor
annotatingsentencesThe usercan choosea word
from a pull down menu. Whena word is selected,
theuseris presentedvith alist of sensedefinitions.
The sensalefinitionsweretakenfromwn1.7.1 and
presentedn randomorder Below the sensalefini-
tions, sentencesvith the target word (highlighted)
aregiven. Left of the sentencen the screenthere
are as mary tick-boxes asthereare sensedor the
word plus boxesfor ‘unclear’ and ‘unlisted-sense’.
Theannotatois expectedo first readthesensalefi-
nitionscarefullyandthen,afterreadinghesentence,
decidewhich senseis bestfor the instanceof the
word in a particularsentence Only the sentencen
which the word appearss presentednot moresur
roundingsentences)In casethe sentencaloesnot
give enoughevidenceto decide theannotatotis ex-
pectedo checkthe‘unclear'box. Whenthe correct
senseis not listed, the annotatorshouldcheckthe
‘unlisted-sensebox.

The sentencedo be annotatedwere randomly
sampledfrom the corpora. The corporawere first
part of speechtaggedandlemmatisedusingRASP
(Briscoeand Carroll, 2002). Up to 125 sentences
were randomly selectedfor eachword from each
corpus.Sentencewith clearproblemge.g.contain-
ing a begin or end of documentmarker or mostly
not text) were remoed. The first 100 remaining
sentencesvere selectedfor the task. For a few

Shitp:/iwwteach-computers.giword-expert/english/



wordstherewerenot exactly 100 sentencepercor-

pusavailable. The Reuterscorpuscontainsquite a
few duplicatedocuments.No attemptswere made
to remove duplicates.

3.3 Characterisation of the Annotated Data

Most of the sentencesvere annotatecby at least
three people. Somesentencesvere only done by
two annotatorsThe completesetof datacomprises
33225taggingacts.

Theinter-annotatoagreementnthecompleteset
of datawas65%¢. For theBNC datait was60%,for
the Sportsdata65% andfor the Financedata69%.
This is lower than reportedfor other setsof anno-
tateddata(for exampleit was75%for the nounsin
the SENSEVAL-2 Englishall-wordstask), but quite
closeto the reported62.8%agreemenbetweerthe
first two taggingsfor single noun tagging for the
SENSEVAL-3 Englishlexical sampletask(Mihalcea
etal., 2004). Thefairestcomparisoris probablybe-
tweenthe latter and the inter-annotatoragreement
for the BNC data. Reasonsvhy our agreements
relatively low includethe fact thatalmostall of the
sentenceareannotatedby threepeople andalsothe
high degreeof polysemyof this setof words.

Problematic cases

The unlistedcateyory wasusedas a miscellaneous
catgory. In somecasesa sensewvastruly missing
from theinventory(e.g.theword ‘tie’ hasa ‘game’
sensean British Englishwhichis notincludedin wN
1.7.1). In othercaseswe had not recognisedhat
thewordwasreally partof amultiword (e.g.anum-
ber of sentencesor the word ‘chip’ containedthe
multiword ‘blue chip’). Finally therewerea num-
ber of casesvherethe word hadbeenassignedhe
wrong part of speechtag (e.g.the verb ‘will had
oftenbeenmistaggedasa nhoun). We identifiedand
removedall thesesystematiproblemcasegromthe
unlistedsensesAfter remwing the problematiaun-
listed caseswe hadbetweer0.9% (FINANCE) and
4.5%(SPOR S) unlistedinstancegeft. We alsohad
betweenl.8% (SPOR'S) and4.8% (BNC) unclear
instances.The percentagef unlistedinstancege-
flectsthefit of wN to the datawhilst thatof unclear
casegseflectsthe generalityof the corpus.

5To computénterannotatomgreemenive usedAmrutaPu-
randareandTedPedersersOMtoS\AL2 Packageversion0.01.

The sensdlistrib utions

WsD accurag is strongly relatedto the entropyof
the sensedistribution of the targetword (Yaronsky
andFlorian,2002). Themoreskenvedthe sensalis-
tributionis towardsa smallpercentagef thesenses,
the lower the entropy Accurag is relatedto this
becausehereis more data(both training and test)
sharedbetweerfewer of the senses Whenthefirst
sensas verypredominantexceeding30%)it is hard
for ary wsb systemto beatthe heuristicof always
selectinghatsensgYaravsky andFlorian,2002).

Thesensdlistribution for a givenword mayvary
dependingon the domain of the text being pro-
cessed.In somecasesthis may resultin a differ-
ent predominansense;other characteristicef the
sensdlistributionmay alsodiffer suchasentropyof
the sensdlistributionandthe dominanceof the pre-
dominantsenseln Tablel we shav theentropyper
wordin our sampleandrelative frequeny (relfr) of
its first sense(fs), for eachof our threegold stan-
dardannotatedorpora.We computethe entropyof
aword’s sensdlistribution asa fraction of the pos-
sibleentropy(Yaravsky andFlorian,2002)

H(P
HT(P) = logs (#senses)
where H(P) = — 3 ;cionses P(21)logap(z). This
measureeducegheimpactof thenumberof senses
of aword andfocuseson the uncertaintywithin the
distribution. For eachcorpus,we alsoshow the av-

erageentropyandaveragerelative frequeng of the
first senseover all words.

From Table 1 we can seethat for the vastma-
jority of wordsthe entropyis highestin the BNC.
However there are exceptions: return, fan and ti-
tle for FINANCE and return, half, level, running
strike and share for SPOR'S. Surprisingly eq sal
words, which are not particularly salientin either
domain,alsotypically have lowerentropyin thedo-
main specificcorporacomparedto the BNC. Pre-
sumablythis is simply becausef this small setof
words, which seemparticularly skeved to the fi-
nancialdomain. Note that whilst the distributions
in the domain-specificorporaaremore skavedto-
wardsa predominansensepnly 7 of the 40 words
in the FINANCE corpusand5 of the 40 wordsin
the SPOR'S corpushave only one senseattested.
Thus,evenin domain-specificorporaambiguityis



Training Testing

BNC FINANCE SPOR'S
BNC 40.7 43.3 33.2
FINANCE 39.1 49.9 24.0
SPOR'S 25.7 19.7 43.7
RandomBL 19.8 19.6 19.4
SemColFS | 32.0(32.9) 33.9(35.0) 16.3(16.8)

Table 2: wsD using predominantsensestraining
andtestingon all domaincombinations.

still presenteventhoughit is lessthanfor general
text. We shav the sensenumberof the first sense
(fs) alongsidethe relative frequeng of that sense.
Weuse'ucl’ for unclearand‘unl’ for unlistedsenses
wherethesearepredominanin our annotatediata.
Althoughthe predominansenseof awordis notal-
waysthedomain-specifisensan adomain-specific
corpus,the domain-specificsensegypically occur
morethanthey doin non-releyantcorpora. For ex-
ample,sensell of return (a tennisstroke)wasnot
thefirstsensen SPOR'S, howeverit did have arel-
ativefrequeng of 19%in thatcorpusandwasabsent
from BNC andFINANCE.

4 Predominant SenseEvaluation

We have run the predominantsensefinding algo-
rithm on the raw text of eachof the threecorpora
in turn (the first stepbeingto computea distribu-
tional similarity thesaurudor each,as outlined in
section2). We evaluatethe accurag of performing
wsD purelywith thepredominansenséneuristicus-
ing all 9 combinationf training andtestcorpora.
The resultsare presentedn Table 2. The random
baselineis 3 iciorens Foamsesry- We alsogive the
accurag usinga first senseheuristicfrom SemCor
(‘SemCorFS’); the precisionis given alongsidein
bracketsbecausea predominantsenseis not sup-
plied by SemCorfor every word. ” The automatic
methodproposes predominansensen every case.
The bestresultsare obtainedwhentrainingon a
domainrelevantcorpus.In all caseswhentraining
on appropriatetraining datathe automaticmethod
for finding predominantsensedeatsboth the ran-
dombaselineandthe baselingorovidedby SemCor
Table 3 comparesvsD accurag usingthe auto-
matically acquiredfirst senseon the 4 cateyoriesof

"Thereis onesuchwordin our samplestriker.

Test- Train F&S cds F sal Ssal egsal
BNC-APPR 33.3 515 39.7 48.0
BNC-SC 28.3 440246 36.2
FINANCE-APPR 37.0 70.2 385 70.1
FINANCE-SC 30.3 511229 335
SPOR'S-APPR 42.6 18.1 65.7 46.9
SPOR'S-SC 94 381132 122

Table3: wsb usingpredominansenseswith train-
ing datafrom the samedomainor from SemCor

wordsF&S cds F sal, S salandeq sal separately
Resultsusingthe training datafrom the appropriate
domain(e.g.SPOR Strainingdatafor SPOR S test
data)areindicatedwith ‘APPR’ andcontrastedvith
theresultsusingSemCouata,indicatedwith ‘SC’. 8
We seethatfor wordswhich arepertinentto the do-
main of the testtext, it paysto usedomainspecific
training data. In someothercasese.g.F sal tested
on SPOR'S, it is betterto useSemCordata.For the
eg sal words,accurag is highestwhen FINANCE
datais usedfor training, reflectingtheir biasto fi-
nancialsensessnotedin section3.3.

5 Discussion

We arenotawareof ary otherdomain-specifienan-
ually sensetaggedcorpora. We have createdsense
taggedcorporafrom two specificdomaingor asam-
ple of words,andasimilarresourcdrom abalanced
corpuswhich coversa wide rangeof domains.We
have usedtheseresourcego do a quantitatie eval-
uation which demonstrateshat automaticacquisi-
tion of predominansense®utperformghe SemCor
baselingor this sampleof words.

The domain-specifiomanually sensetaggedre-
sourceis an interestingsourceof informationin it-
self. It shavs for example that (at leastfor this
particularlexical sample) the predominansensds
muchmoredominantin a specificdomainthanit is
in the generalcase,even for words which are not
particularly salientin that domain. Similar obser
vationscan be madeaboutthe averagenumberof
encounteredensesand the skewv of the sensedis-
tributions. It alsoshaws thatalthoughthe predom-
inant senseis more dominantand domain-specific

8For SemCor precisionfiguresfor the S sal wordsare up
to 4% higherthanthe accurag figuresgiven, however they are

still lower thanaccurag usingthedomainspecificcorpora,we
leave themoutdueto lack of space.



sensesare used more within a specific domain,
thereis still a needfor takinglocal context into ac-
countwhen disambiguatingvords. 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 samplebecausave
did not have the resourcesto produce manually
tagged domain-specificcorporafor an all words
task. Although sensdlistribution dataderived from
SemCorcan be more accuratethan suchinforma-
tion derived automatically(McCarthyet al., 2004),
in a given domaintherewill be words for which
the SemCorfrequeny distributionsare inappropri-
ateor unavailable. Thework presentedheredemon-
stratesthat the automaticmethodfor finding pre-
dominantsense®utperformsSemCoron a sample
of words,particularlyon onesthataresalientto ado-
main. As well asdomain-salientvords therewill be
wordswhicharenotparticularlysalientout still have
different distributions thanin SemCor We there-
fore proposethat automaticmethodsfor determin-
ing thefirst senseshouldbe usedwheneitherthere
is no manuallytaggeddata,or the manuallytagged
dataseemdo beinappropriatdor theword anddo-
main underconsideration While it is trivial to find
the words which are absentor infrequentin train-
ing data,suchasSemCaorit is lessobvious how to
find wordswherethetrainingdatais notappropriate.
Oneway of finding thesewordswould beto look for
differencesn theautomaticsenseaankingsof words
in domainspecificcorporacomparedo thoseof the
samewordsin balancedcorpora,suchasthe BNC.
We assumehatthe senserankingsfrom a balanced
text will more or lesscorrelatewith a balancede-
sourcesuchasSemCor Of coursetherewill bedif-
ferencesin the corpusdata, but thesewill be less
radical than thosebetweenSemCorand a domain
specificcorpus.Thentheautomatiaankingmethod
shouldbe appliedin casesvherethereis a clearde-
viationin therankinginducedfrom thedomainspe-
cific corpuscomparedo thatfrom the balanceaor
pus.Otherwise SemColis probablymorereliableif
datafor thegivenwordis available.

Thereareseveralpossibilitiesfor thedefinitionof
“clear deviation” abore. One couldlook at differ-
encesin the ranking over all words, using a mea-

Training Testing
FINANCE SPOR'S
35.5 -

40.9

10.0

Finance
Sports -
SemCor | 14.2(15.3)

Table 4: wsb accurayg for wordswith a different
first sensdo theBNC.

sure such as pairwise agreemenbf rankingsor a
rankingcorrelationcoeficient, suchas Spearmars.
One could also usethe rankingsto estimateprob-
ability distributions and comparethe distributions
with measuresuchasalpha-sker divergence(Lee,
1999). A simple definition would be where the
rankingsassigndifferent predominantsensedo a
word. Takingthis simpledefinition of deviation, we
demonstrat@&ow this mightbedonefor our corpora.

We comparedthe automaticrankingsfrom the
BNC with thosefrom eachdomainspecificcorpus
(SPOR'S andFINANCE) for all polysemousiouns
in SemCor Althoughthe majority areassignedhe
samefirst sensein the BNC asin the domainspe-
cific corporaasignificantproportion(31%SPOR'S
and 34% FINANCE) arenot. For all wordswsb
in eitherof thesedomains,it would be thesewords
for which automaticranking shouldbe used. Ta-
ble 4 shonvs the wsD accurag usingthis approach
for thewordsin our lexical samplewith a different
automaticallycomputedirst senseén theBNC com-
paredto thetargetdomain(SPOR'S or FINANCE).
We trainedon the appropriatedomainfor eachtest
corpus,andcomparedhis with using SemcCaoffirst
senseadata. Theresultsshaw clearly thatusingthis
approachto decidewhetherto useautomaticsense
rankings performs much better than always using
SemCorankings.

6 Conclusions

The methodfor automaticallyfinding the predomi-
nantsensebeatSemcCorconsistentlyin our experi-

ments. So for somewords, it paysto obtain auto-
matic information on frequeng distributions from

appropriatecorpora. Our senseannotatedcorpora
exhibit higherentropyfor word sensedistributions
for domain-specifidext, even for wordswhich are
not specificto that domain. They also show that
different sensegpredominatein different domains



and that dominanceof the first sensevariesto a
greatextent,dependingon theword. Prevziouswork
in all wordswsb hasindicatedthattechniquesis-
ing hand-taggedesourcesutperformunsupervised
methods.However, we demonstratéhatit is possi-
ble to applyafully automaticmethodto a subseof
pertinentwordsto improve wsb accuray. Theau-
tomaticmethodseemdo leadto betterperformance
for wordsthataresalientto adomain.Therearealso
otherwordswhich thoughnot particularlydomain-
salient,have adifferentsensalistributionto thatan-
ticipatedfor a balancecdcorpus. We proposethatin
orderto tackle an all wordstask, automaticmeth-
ods shouldbe appliedto wordswhich have a sub-
stantialdifferencen senseankingcomparedo that
obtainedfrom a balancedcorpus. We demonstrate
that for a setof words which meetthis condition,
the performancef the automatianethodis far bet-
ter thanwhenusingdatafrom SemCor We will do
furtherwork to ascertairthe bestmethodfor quanti-
fying “substantiathange”.

We alsointendto exploit the automaticranking
to obtaininformation on sensefrequeng distribu-
tions(ratherthanjust predominansensesyiventhe
genreaswell asthe domainof the text. We planto
combinethis with local context, usingcollocatesof
neighboursn thethesaurusfor contextual wsp.
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BNC FINANCE SPOR'S
word H,.(P) relf(fs) H.(P) relf(fs) H.(P) 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)
corversion 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)
recever 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)
resere 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 0334 771 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)
tamget 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

eqgsal
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)
eqsal averages 0.692 56.0 0.121 95.3 0.416 75.9

| Overallaverages | 0.642  55.3 | 0.284 816 | 0328 781 |

Tablel: Entropyandrelative frequeng of thefirst sensen thethreegold standards.



