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Abstract

Open Mind Word Expert is an imple-
mentedactive learningsystemthataims
to createlargeannotatedcorporaby tap-
pinginto theworld'svastpoolof knowl-
edge. It does this by relying on the
vast number of Web userswho con-
tribute their knowledge to data anno-
tation. Open Mind Word Expert fo-
cuseson building semanticallyanno-
tatedcorpora,by collectingword sense
tagging from the generalpublic over
the Web. It is availableat http://teach-
computers.org. During the �rst nine
monthsof activity, the systemyielded
90,000high quality taggeditems at a
much lower cost than the traditional
methodof hiring lexicographers.

1 Intr oduction

A large range of Natural LanguageProcessing
(NLP) applicationsrequirelargeamountsof anno-
tateddatain orderto ensuregoodperformanceand
high accuracy. While recentadvancesin NLP re-
searchbroughtsigni�cant improvementin theper-
formanceof NLP methodsandalgorithms,there
has beenrelatively little progresson addressing
the problemof obtainingannotateddatarequired
by someof thehighest-performingalgorithms.As
a consequence,many of today's NLP applications
experienceseveretrainingdatabottlenecks.

One notoriously dif�cult problem in under-
standingtext hasbeenWord SenseDisambigua-

tion (WSD). Ambiguity is very common(espe-
cially amongthemostcommonwords— consider
thewords“table,” or thephrase“computerfan”).
Humans,however, aresocompetentat�guring out
word sensesfrom context thatthey usuallydo not
even noticethe ambiguities. While a large num-
ber of ef�cient WSD algorithmshave beende-
signedandimplementedto datewithin therecent
SENSEVAL evaluationframeworks(Kilgarriff and
Palmer, 2000),(PreissandYarowsky, 2001),and
elsewhere,theavailability of sensetaggeddatais
still a signi�cant problem.

Most of the efforts in WSD have focused
on supervisedlearningalgorithms,which usually
achieve thebestperformanceat thecostof low re-
call. The main weaknessof thesemethodsis the
lack of widely availablesemanticallytaggedcor-
pora and the strong dependenceof disambigua-
tion accuracy on the size of the training corpus.
For instance,one study reportsthat high preci-
sionWSD requiresat least500examplesperam-
biguousword (Ng, 1997)1. At a throughputof
onetaggedexampleperminute(Edmonds,2000),
and with about 20,000ambiguouswords in the
commonEnglishvocabulary, a simplecalculation
leadsto about160,000hoursof tagging,which is
nothinglessthan80 man-yearsof humanannota-
tion work.2 Sincethe taggingprocessis usually

1The numberof examplesrequiredfor a word is highly
connectedto thewordentropy. 500representsanaverage.

2Similar data bottleneckproblemsare faced by many
otherNLP applications.High quality partof speechtagging
for English requiresabout3 million words annotatedwith
their part of speech. The state-of-the-artin syntacticpars-
ing in Englishis closeto 88-89%, performanceattainableby
training parsermodelson a corpusof about600,000words



doneby trainedlexicographers,it is very expen-
sive,andlimits thesizeof suchcorporato ahand-
ful of taggedtexts.

In this paper, we presentOpenMind Word Ex-
pert, aWeb-basedsystemthataimsto createlarge
sensetaggedcorporawith thehelpof Webusers.
The annotationworkload is distributed among
millions of potentialhumanannotators,which is
likely to signi�cantly reducethe costandthedu-
ration of the annotationprocess. We investigate
theamountandquality of thedataproduceddur-
ing ninemonthsof deploymentof theactivity, and
presentresultsobtainedduring preliminaryWSD
experimentsthatrely on thissensetaggeddata.

OpenMind Word Expert is a project that fol-
lows theOpenMind initiative (Stork,1999). The
basic idea behindbroadOpenMind initiative is
to usethe informationandknowledgeobtainable
from themillions of existingWebusers,to theend
of creatingmoreintelligentsoftware.OtherOpen
Mind projects related to natural languageand
world knowledgeincludeOpenMind 1001Ques-
tions (Chklovski, 2003), which acquiresknowl-
edgefrom millions of users,andOpenMind Com-
monSense(Singh,2002).

2 SenseTaggedCorpora

The availability of large amountsof semantically
taggeddatais crucialfor creatingsuccessfulWSD
systems.Yet, asof today, only few sensetagged
corporaarepublicly available.3

Oneof the �rst largescalehandtaggingefforts
is reportedin (Miller et al., 1993),wherea sub-
setof the Brown corpuswas taggedwith Word-
Net(Miller, 1995)senses.The corpusincludesa
total of 234,136taggedword occurrences,out of
which 186,575arepolysemous.Thereare88,058
noun occurrencesof which 70,214 are polyse-
mous.

The next signi�cant handtaggingtaskwasre-
portedin (BruceandWiebe,1994),where2,476
usagesof interest were manually assignedwith

manuallyparsedwithin thePennTreebankproject,ananno-
tationeffort thatrequiredapproximately2 man-yearsof work
(Marcusetal.,1993).Informationextraction,automaticsum-
marization,anaphoraresolution,andothertasksalsostrongly
requirelargeannotatedcorpora.

3Seehttp://www.senseval.org for a completelist of re-
sources.

sensetagsfrom theLongmanDictionaryof Con-
temporaryEnglish (LDOCE). This corpus was
used in various experiments,with classi�cation
accuraciesrangingfrom 75% to 90%,depending
on thealgorithmandfeaturesemployed.

The high accuracy of the LEXAS system(Ng
andLee, 1996) is due in part to the useof large
corpora. For this system,192,800word occur-
renceshave been manually taggedwith senses
from WordNet. The setof taggedwordsconsists
of the 191 most frequentlyoccurringnounsand
verbs. The authorsmention that approximately
one man-yearof effort was spentin taggingthe
dataset.

Recently, the SENSEVAL competitions have
beenproviding a good environment for the de-
velopmentof supervisedWSD systems,making
freelyavailablelargeamountsof sensetaggeddata
for about100 words. During SENSEVAL-1 (Kil-
garriff andPalmer, 2000),datafor 35 wordswas
made available adding up to about 20,000 ex-
amplestaggedwith respectto the Hector dictio-
nary. Thesizeof thetaggedcorpusincreasedwith
SENSEVAL-2 (PreissandYarowsky, 2001),when
13,000additionalexampleswerereleasedfor 73
polysemouswords.This time, thesemanticanno-
tationswereperformedwith respectto WordNet.

Additionally, (Kilgarriff, 1998) mentionsthe
Hectorcorpus,which comprisesabout300 word
types with 300-1000taggedinstancesfor each
word,selectedfrom a17million wordcorpus.

With OpenMind Word Expert we aim to cre-
ate a very large sensetaggedcorpusby making
useof the incredibleresourceof knowledgecon-
stitutedby themillions of Webusers.Weusetech-
niquesfor active learningto utilize this resource
ef�ciently.

3 OpenMind Word Expert

Open Mind Word Expert is a Web-basedappli-
cation that allows contributors to annotatewords
with their WordNetsenses.Taggingis organized
by word: for eachambiguousword for which we
wantto build asensetaggedcorpus,usersarepre-
sentedwith a set of natural language(English)
sentencesthat includean instanceof theambigu-
ousword.

The overall processproceedsas follows. Ini-



tially, example sentencesare extracted from a
large textual corpus. If other training datais not
available, a numberof thesesentencesare pre-
sentedto the usersfor taggingin Stage 1. Next,
this taggedcollectionis usedastrainingdata,and
active learningis usedto identify in the remain-
ing corpusthe examplesthat are “hard to tag”.
Theseare the examplesthat arepresentedto the
contributors for taggingin Stage 2. For all tag-
ging, usersareasked to selectthesensethey �nd
to be the mostappropriatein the given sentence.
Theselectionis madefrom a drop-down list con-
taining all WordNet sensesof the currentword,
plus two additionalchoices,“unclear” and“none
of the above.” The resultsof any automaticclas-
si�cation or the classi�cationsubmittedby other
usersarenot presentedso asto not biasthe con-
tributor'sdecisions.Basedonearlyfeedbackfrom
bothresearchersandcontributors,a futureversion
of OpenMind Word Expertmay allow contribu-
torsto specifymorethanonesensefor agivenin-
stance. As will be elaboratedbelow, the current
approachof collectingredundanttaggingalready
addressesthis to somedegree.

A prototype of the system has been imple-
mented and is available at http://www.teach-
computers.org. Figure1 shows ascreenshotfrom
the systeminterface, illustrating the screenpre-
sentedto userswhentaggingthenoun“plane”.

3.1 Data

Thestartingcorpuswe useis formedby a mix of
threedifferent sourcesof data,namelythe Penn
Treebankcorpus(Marcusetal.,1993),theLosAn-
gelesTimescollection,asprovided duringTREC
conferences,4 andOpenMind CommonSense5, a
collectionof about400,000commonsenseasser-
tionsin Englishascontributedby volunteersover
theWeb(Singh,2002)6. A mix of severalsources,
eachcovering a different spectrumof usage,is
usedto increasethecoverageof word sensesand
writing styles.

Future versionsof Open Mind Word Expert
will includeexamplesentencesextractedfrom the

4http://trec.nist.gov
5http://commonsense.media.mit.edu
6Seealso(Singhetal.,2002)for additionaldetailsregard-

ing thequality of free-formenteredinformation,evaluation,
bias,andthelevel of dif�culty of thecollectedknowledge.

British NationalCorpus,7 and the AmericanNa-
tionalCorpus8 (thelatterassoonasit will become
available).

3.2 Active Learning

To minimize theamountof humanannotationef-
fort neededto build a taggedcorpusfor a given
ambiguousword, Open Mind Word Expert in-
cludesan active learningcomponentthat hasthe
role of selectingfor annotationonly thoseexam-
plesthatarethemostinformative.

Accordingto (Daganetal.,1995),therearetwo
main typesof active learning. The �rst oneuses
membershipsqueries,in which the learnercon-
structsexamplesandasksa userto label them. In
naturallanguageprocessingtasks,thisapproachis
not alwaysapplicable,sinceit is hardandnot al-
wayspossibleto constructmeaningfulunlabeled
examplesfor training. Instead,a secondtype of
activelearningcanbeappliedto thesetasks,which
is selectivesampling. In this case,several classi-
�ers examinetheunlabeleddataandidentify only
thoseexamplesthatarethemostinformative, that
is theexampleswherea certainlevel of disagree-
mentis measuredamongtheclassi�ers.

We use a simpli�ed form of active learning
with selective sampling,wheretheinstancesto be
taggedareselectedasthoseinstanceswherethere
is a disagreementbetweenthe labelsassignedby
two different classi�ers. The two classi�ers are
trainedonarelatively smallcorpusof taggeddata,
which is formedeitherwith (1) Senseval training
examples,in thecaseof Senseval words,or (2) ex-
amplesobtainedwith theOpenMind Word Expert
systemitself, whenno othertrainingdatais avail-
able.

The �rst classi�er is a SemanticTaggerwith
Active FeatureSelection(STAFS).This systemis
oneof thetop rankedsystemsin theEnglishlexi-
cal sampletaskat SENSEVAL-2. Thesystemcon-
sistsof an instancebasedlearningalgorithmim-
proved with a schemefor automaticfeaturese-
lection. It relieson the fact that differentsetsof
featureshave different effects dependingon the
ambiguousword considered. Ratherthan creat-
ing a generallearningmodel for all polysemous

7http://www.hcu.ox.ac.uk/BNC/
8http://americannationalcorpus.org/



Figure1: Screenshotfrom OpenMind Word Expert

words,STAFS builds a separatefeaturespacefor
eachindividual word. The featuresare selected
from apoolof eighteendifferentfeaturesthathave
beenpreviously acknowledgedasgoodindicators
of wordsense,including:partof speechof theam-
biguousword itself, surroundingwordsandtheir
parts of speech,keywords in context, noun be-
fore and after, verb beforeand after, and others.
An iterative forwardsearchalgorithmidenti�es at
eachstepthefeaturethatleadsto thehighestcross-
validationprecisioncomputedonthetrainingdata.
More detailson this systemcanbe found in (Mi-
halcea,2002).

The secondclassi�er is a COnstraint-BAsed
LanguageTagger(COBALT). The systemtreats
every trainingexampleasa setof soft constraints
on the senseof the word of interest. WordNet
glosses,hyponyms, hyponym glossesand other
WordNet data is also used to createsoft con-
straints. Currently, only “keywords in context”
type of constraintis implemented,with weights
accountingfor the distancefrom the target word.
Thetaggingis performedby �nding thesensethat

minimizesthe violation of constraintsin the in-
stancebeing tagged. COBALT generatescon�-
dencesin its taggingof a given instancebasedon
how muchthe constraintsweresatis�ed andvio-
latedfor thatinstance.

Both taggers use WordNet 1.7 dictionary
glossesandrelations.Theperformanceof thetwo
systemsand their level of agreementwere eval-
uatedon the Senseval noun data set. The two
systemsagreedin their classi�cation decisionin
54.96%of the cases. This low agreementlevel
is a good indication that the two approachesare
fairly orthogonal,andthereforewe may hopefor
high disambiguationprecisionon the agreement
set.Indeed,thetaggingaccuracy measuredon the
set whereboth COBALT and STAFS assignthe
samelabelis 82.5%,a fairly high �gure.

Table1 lists theprecisionfor theagreementand
disagreementsetsof thetwo taggers.Thelow pre-
cisionontheinstancesin thedisagreementsetjus-
ti�es referringto theseas“hard to tag”. In Open
Mind Word Expert, thesearetheinstancesthatare
presentedto the usersfor tagging in the active



Precision
System (�ne grained) (coarsegrained)

STAFS 69.5% 76.6%
COBALT 59.2% 66.8%
STAFS

�

COBALT 82.5% 86.3%
STAFS- STAFS

�

COBALT 52.4% 63.3%
COBALT - STAFS

�

COBALT 30.09% 42.07%

Table1: Disambiguationprecisionfor thetwo in-
dividual classi�ers and their agreementand dis-
agreementsets

learningstage.

3.3 Ensuring Quality

Collecting from the general public holds the
promiseof providing muchdataatlow cost.It also
makesattendingto two aspectsof datacollection
moreimportant:(1) ensuringcontribution quality,
and(2) makingthecontribution processengaging
to thecontributors.

To ensurecontribution quality, redundanttag-
ging is collectedfor eachitem. OpenMind Word
Expert currentlyusesthe following rules in pre-
sentingitemsto volunteercontributors:

� Two tagsperitem. Onceanitemhastwo tags
associatedwith it, it is not presentedfor fur-
thertagging.

� Onetag per item per contributor. We allow
contributors to submit taggingeitheranony-
mously or having logged in. Anonymous
contributorsarenot shown any itemsalready
taggedby contributors (anonymous or not)
from thesameIP address.Loggedin contrib-
utorsarenot shown itemsthey have already
tagged.

In all, automaticassessmentof the quality of
taggingseemspossible,and, basedon the expe-
rience of similar volunteercontribution projects
(Singh,2002),the rateof maliciouslymisleading
or incorrect contributions has beensurprisingly
low.

Moreover, since we plan to use paid, trained
taggersto createa separatetestcorpusfor several
of thewordstaggedwith OpenMind Word Expert,
thesesamepaidtaggerscouldalsovalidateasmall
percentageof the trainingdatafor which no gold
standardexists.

4 Resultsafter nine monthsof activity

During the �rst nine months of activity, Open
Mind Word Experthascollectedmorethan90,000
individual sensetaggingsfrom contributors. Of
that number, approximately16,500 tags came
from usingOpenMind Word Expert in the class-
roomsasateachingaid(thewebsiteprovidesspe-
cial featuresfor this). Futurerateof collectionde-
pendsonthesitebeinglistedin variousdirectories
andonthecontributor repeatvisit rate(wearealso
experimentingwith prizesto encourageparticipa-
tion).

Therearetwo main�gures thatwemeasuredto
evaluatethe quality of the annotationtask. One
is inter tagger agreement, which representsthe
agreementbetweenthe tagsassignedby two dif-
ferentannotators.Theotheris replicability, which
measuresthedegreeto whichanannotationexper-
imentcanbereplicated.Accordingto (Kilgarriff,
1999), the capabilityof recreatinga setof anno-
tateddatais anindicatorfor annotationqualitythat
is even more important than the inter-annotator
agreement.

4.1 Inter -TaggerAgreement

In termsof inter-annotatoragreement,the results
obtainedsofar canbedirectly comparedwith the
agreement�gures previously reportedin the lit-
erature. (Kilgarriff, 2002) mentionsthat for the
SENSEVAL-2 nouns and adjectives there was a
66.5%agreementbetweenthe �rst two tagscol-
lectedfor eachitem. About 12%of their tagging
consistedof multi-word expressionsand proper
nouns, which are usually not ambiguous,and
which arenot consideredduring our datacollec-
tion process.So far we measureda 62.8%inter-
taggeragreementfor single word tagging, plus
close-to-100%precisionin taggingmulti-wordex-
pressionsand proper nouns (as mentionedear-
lier, this representsabout12% of the annotated
data).Thisresultsin anoverallagreementof about
66.56%which is reasonableandcloselycompara-
blewith previous�gures.

In addition to raw inter-taggeragreement,the
kappa statistic was also determined,which re-
moves from the agreementrate the amount of
agreementthat is expectedby chance(Carletta,



1996). With an averageof 5 sensesper word,
the averagevalue for the chanceagreementis
20%9. This resultsin a kappastatisticof 58.2%.
Sinceprevioussenseannotationexperimentshave
not usedthis statisticto evaluatethe inter-tagger
agreement,wehave nobasefor comparison.

4.2 Replicability

To measurethereplicabilityof thetaggingprocess
performedthroughOpenMind Word Expert, we
had to replicatea taggingexperimentwherethe
annotationwasperformedwith “trustedhumans.”
To this end, we usedthe data set for the noun
“interest,” createdandmadeavailableby (Bruce
andWiebe,1994). In this dataset,consistingof
2,369examples,theannotationwasdonewith re-
spectto LDOCE,andthereforewehad�rst to map
the senseentries from this dictionary to Word-
Net, which is the senseinventory usedby Open
Mind Word Expert. The mappingdid not pose
any particularproblems,and consistsof one-to-
onemappingsfor thesix LDOCEentries,plusone
WordNetentrynot de�ned in LDOCE, for which
wediscardedall correspondingexamplesfrom the
OpenMind annotation.

Next, we identi�ed and eliminatedall the ex-
amplesin the corpusthat containedcollocations
(e.g. “interest rate”); theseexamplesaccounted
for morethan35%of thedata.Finally, theremain-
ing 1,438examplesweredisplayedon the Open
Mind Word Expertsitefor tagging.

Out of the1,438examples,1,066hadtwo tags
thatagreed,thereforea74%inter-annotatoragree-
ment for single words tagging10. Out of these
1,066 items, 967 have a tag that coincideswith
the tag assignedin the experimentsreportedin
(BruceandWiebe,1994),whichleadsto an90.8%
replicabilityfor singlewordstagging(notethatthe
35%monosemousmulti-word expressionsarenot
takeninto accountby this �gure). This is closeto

9Note that ideally thechanceagreementshouldtake into
considerationtheentropy of word senses,which implies the
availability of senseannotatedexamplesotherthanthosethat
we areevaluating.Sincesuchexamplesarenot availablefor
all thewordsin theOpenMind taggedcollection,thechance
agreementwasdeterminedusinga simpli�ed assumptionof
uniformsensedistribution

10Adding the 35% monosemousmulti-word expressions
taggedwith 100%precision,leadsto an overall 83% inter-
taggeragreementfor thisparticularword

Numberof Precision Error rate
trainingexamples baseline STAFS reduction

any 63.32% 66.23% 9%
�

100 75.88% 80.32% 19%
�

200 63.48% 72.18% 24%
�

300 45.51% 69.15% 43%

Table2: Precisionanderrorratereductionfor var-
ioussizesof thetrainingcorpus.

the95%replicabilityscoresmentionedin (Kilgar-
riff, 1999) for annotationexperimentsperformed
by lexicographers.

4.3 Word SenseDisambiguationusingOpen
Mind Word Expert corpus

For additional evaluationsof the quality of the
datacollectedthroughthe OpenMind Word Ex-
pert, weusedthesedatasetsin disambiguationex-
periments,performedusingtheSTAFSWSD sys-
temwith a �x edsetof features,andconsistingin
10-fold crossvalidationruns. We alsocomputed
a simple baseline,consistingof a simple heuris-
tic that assignsthe most frequentsenseby de-
fault (alsocomputedduring 10-fold crossvalida-
tion runs).Table3 listsall wordsfor whichwecol-
lectedsensetaggeddatawith OpenMindWordEx-
pert, thenumberof itemswith full inter-annotator
agreement,the mostfrequentsensebaseline,and
theprecisionachievedwith STAFS11.

For the280wordsfor which datawascollected
usingOpenMind Word Expert, theaveragenum-
berof examplesperwordis 87. Themostfrequent
senseheuristic yields correct results in 63.32%
overall. Whendisambiguationis performedusing
STAFS, restrictingthe systemto a simple setof
featuresconsistingof the word itself, the word's
part of speech,anda surroundingcontext of two
(words and their correspondingpartsof speech),
the overall precisionis 66.23%,which represents
anerrorreductionof about9% with respectto the
mostfrequentsenseheuristic,providing additional
evidenceof usefulnessof thiscorpus.

Moreover, the averagefor the 72 wordswhich
have at least 100 training examplesis 75.88%
for themostfrequentsenseheuristic,and80.32%
when using STAFS, resulting in an error reduc-

11TheOpenMind WordExpertsensetaggedcorporaused
in theseexperimentsis free for download at http://teach-
computers.org/download



tion of 19%. When at least 200 examplesare
availableperword,themostfrequentsenseheuris-
tic is correct63.48%of the time, and STAFS is
correct 72.18%of the time, which representsa
24% reductionin disambiguationerror. Table 2
lists the precisionsobtainedwith the most fre-
quentsenseheuristicand STAFS, as a function
of corpussize. The reductionin error rategrows
steadilywith thenumberof trainingexamples.For
thewordsfor which moredatawascollectedwith
OpenMind Word Expert, the improvementover
themostfrequentsensebaselinewaslarger. This
agreeswith prior work by otherresearchers(Ng,
1997), (Banko and Brill, 2001), who notedthat
additionalannotateddatais likely to bring larger
improvementsin disambiguationquality.

5 Conclusionsand futur e work

OpenMind Word Experthasthe potentialof cre-
ating a large sensetaggedcorpus. In this paper
we investigatedthe amountand quality of data
collectedduring the �rst nine monthsof deploy-
mentof the activity. The experimentsperformed
showed that the inter-taggeragreement,replica-
bility, anddisambiguationresultsobtainedon this
dataarecomparablewith whatcanbeobtainedus-
ing datacollectedwith the traditionalmethodof
hiring lexicographers,atamuchlower cost.

The English sense tagged corpus collected
with Open Mind Word Expert is continuously
growing, andwill provide annotateddatafor the
English SENSEVAL-3 lexical sampletask. Two
new editions,RomanianOpenMind Word Expert
andBilingual OpenMind Word Expertwill soon
bedeployed. Otherlanguagesarealsolikely to be
addedin thenearfuture.
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city 86 89.29% 85.71% claim 75 51.67% 41.67% coffee 115 95.00% 95.00%
college 84 93.33% 93.33% completion 87 56.67% 70.67% concentration 78 40.00% 56.67%
concern 84 32.50% 60.00% condition 90 55.56% 52.22% contrast 50 64.00% 54.00%
cost 36 43.33% 48.89% country 66 59.17% 55.83% culture 59 40.71% 44.29%
day 192 34.76% 44.76% decision 86 55.71% 60.71% degree 140 71.43% 82.14%
demand 41 10.00% 30.00% depth 60 43.33% 50.00% detail 57 36.67% 50.83%
detention 38 65.45% 65.45% device 106 98.12% 98.12% difference 76 8.46% 57.69%
dif�culty 60 30.00% 56.67% discussion 44 63.75% 53.75% distance 54 58.89% 53.33%
distribution 75 60.83% 55.83% doctor 133 100.00% 100.00% dog 130 100.00% 100.00%
door 112 54.62% 45.38% dream 75 50.83% 39.17% dust 46 63.00% 57.00%
earth 89 80.00% 80.59% edge 68 47.86% 54.29% education 56 63.64% 53.64%
effect 72 92.22% 92.22% effort 66 15.83% 56.67% election 28 42.00% 64.00%
element 88 75.00% 68.12% enemy 41 48.00% 52.00% energy 76 64.62% 56.92%
evening 47 45.45% 66.36% event 77 32.14% 37.14% evidence 65 52.73% 54.55%
example 42 26.67% 18.33% existence 65 85.45% 76.36% experience 87 44.67% 54.67%
experiment 51 63.33% 68.33% extent 53 76.25% 97.50% eye 117 96.11% 96.11%
facility 205 81.60% 74.40% fact 172 53.16% 47.89% factor 89 67.65% 64.12%
family 95 61.43% 50.71% father 160 96.88% 96.88% fatigue 20 70.00% 70.00%
fear 52 75.71% 75.71% feature 80 56.25% 55.00% feeling 48 45.00% 25.00%
�g 72 76.67% 78.89% �lm 98 86.47% 79.41% �nger 78 100.00% 100.00%
�o wer 42 78.33% 54.81% friend 57 50.83% 50.83% function 105 24.67% 32.00%
future 73 78.00% 100.00% gas 52 48.57% 40.00% girl 68 53.57% 66.43%
glass 93 65.83% 75.83% god 110 71.82% 81.82% government 82 79.00% 80.00%
grip 239 45.94% 61.88% growth 76 42.31% 43.85% gun 143 94.71% 94.71%
hair 147 96.67% 96.67% history 57 58.33% 47.50% holiday 29 100.00% 100.00%
home 46 19.00% 27.00% hope 67 52.31% 42.31% horse 138 100.00% 100.00%
hour 79 95.00% 95.00% idea 41 56.00% 40.00% image 120 36.67% 71.67%
importance 64 93.00% 93.00% increase 43 44.29% 32.86% individual 103 96.15% 96.15%
industry 83 93.64% 93.64% in�uence 44 41.25% 40.00% information 62 56.25% 46.25%
intensity 88 85.00% 76.88% interest 1066 39.91% 71.08% item 85 74.62% 74.62%
judgment 85 19.23% 28.46% kid 106 83.75% 84.38% knee 29 80.00% 75.45%
labor 59 34.29% 30.00% lady 9 - - language 76 53.08% 51.54%
law 106 38.12% 66.88% length 45 42.22% 62.22% letter 137 85.00% 81.00%
level 80 37.50% 33.75% lip 96 90.67% 90.67% list 102 100.00% 100.00%
literature 57 54.17% 58.33% manager 91 98.00% 98.00% manner 53 73.75% 67.50%
marriage 20 60.00% 40.00% material 196 77.60% 76.40% matter 46 16.00% 37.00%
meaning 77 55.00% 55.71% memory 54 42.22% 35.56% method 60 56.67% 61.67%
mind 57 57.50% 48.33% minute 93 59.17% 74.17% mission 14 46.00% 50.00%
moment 63 51.11% 61.11% money 46 67.00% 62.00% morning 71 76.25% 76.25%
mother 119 99.00% 99.00% mouth 151 74.38% 77.50% music 50 48.00% 70.00%
name 136 98.42% 98.42% nation 21 73.33% 70.00% nature 83 80.00% 81.82%
need 73 54.00% 61.00% neighborhood 67 39.23% 60.00% newspaper 78 84.00% 78.00%
object 183 96.19% 96.19% objective 74 100.00% 100.00% of�ce 209 62.76% 61.03%
of�cer 103 56.15% 55.38% onset 97 94.38% 94.38% organization 46 33.00% 40.00%
pain 83 65.45% 61.82% paper 81 73.33% 70.00% particle 95 74.29% 75.71%
party 95 45.71% 49.29% past 71 55.00% 52.50% people 120 99.17% 99.17%
performance 61 40.00% 42.86% phase 71 98.75% 98.75% plan 243 95.56% 95.56%
plane 46 90.00% 90.00% plant 126 98.89% 98.89% policy 97 94.38% 94.38%
portion 5 - - possibility 61 44.29% 45.71% post 49 78.46% 74.62%
presence 5 - - pressure 106 72.50% 70.62% price 84 82.50% 70.83%
problem 60 20.00% 50.00% procedure 68 50.00% 47.14% process 96 79.33% 72.00%
product 216 80.74% 81.48% production 63 48.89% 34.44% property 99 77.78% 71.67%
purpose 92 75.45% 58.18% quality 84 75.00% 70.83% question 53 75.00% 63.75%
radiation 55 72.00% 68.00% rate 94 59.23% 73.08% reaction 76 80.77% 68.46%
reality 5 - - reason 72 73.33% 67.78% region 66 65.00% 55.83%
relationship 5 - - religion 71 33.75% 61.25% report 101 66.36% 60.91%
requirement 51 48.33% 36.67% research 3 - - rest 360 51.11% 67.22%
restraint 204 22.92% 46.25% result 57 37.50% 69.17% road 93 99.17% 99.17%
role 66 31.67% 54.17% room 124 100.00% 100.00% sale 87 74.67% 85.33%
sample 43 45.71% 40.00% school 82 33.00% 52.00% sea 205 90.80% 90.80%
season 102 92.50% 92.50% sense 58 21.54% 75.38% series 95 44.29% 63.57%
shape 79 52.50% 56.88% share 93 69.17% 80.00% shelter 81 85.56% 80.00%
shoulder 92 89.09% 80.00% site 66 69.17% 66.67% situation 43 47.14% 44.29%
size 83 74.55% 69.09% skill 55 66.00% 63.00% society 94 82.31% 73.85%
soil 61 61.43% 62.86% soldier 95 98.57% 98.57% song 116 92.35% 92.35%
sort 98 62.94% 86.47% source 69 33.33% 60.67% spade 11 100.00% 100.00%
statement 73 4.00% 64.00% story 77 50.71% 65.71% street 78 45.33% 30.67%
stress 24 65.00% 60.00% structure 112 75.38% 72.31% student 75 96.67% 96.67%
success 44 38.75% 45.00% sun 101 63.64% 66.36% surface 87 50.67% 58.67%
table 89 60.59% 68.24% team 96 100.00% 100.00% technique 64 90.00% 90.00%
term 125 71.18% 90.59% test 9 - - text 48 22.50% 49.17%
theory 31 62.50% 55.00% thought 51 65.00% 53.33% tissue 95 85.00% 82.86%
town 74 83.64% 76.36% trade 11 20.00% - training 44 100.00% 100.00%
treatment 108 67.78% 66.67% tree 105 100.00% 100.00% trial 109 87.37% 86.84%
trouble 73 65.00% 53.00% type 135 92.78% 92.78% understanding 29 37.27% 43.64%
unit 108 54.44% 46.67% use 92 85.45% 82.73% value 84 22.50% 56.67%
volume 103 63.85% 54.62% war 86 72.14% 82.14% water 103 53.85% 72.31%
wave 80 51.25% 51.25% week 39 70.00% 78.33% window 60 33.33% 36.67%
woman 65 26.36% 37.27% work 89 51.18% 61.76% worker 33 93.33% 93.33%
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