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Abstract

Information Extraction systems offer a way of automating the discovery of information from text documents. Research and commercial
systems use considerable training data to learn dictionaries and patterns to use for extraction. Learning to extract useful information from
text data using only minutes of user time means that we need to leverage unlabeled data to accompany the small amount of labeled data.
Several algorithms have been proposed for bootstrapping from very few examples for several text learning tasks but no systematic effort
has been made to apply all of them to information extraction tasks. In this paper we compare a bootstrapping algorithm developed for
information extraction, meta-bootstrapping, with two others previously developed or evaluated for document classification; cotraining
and coEM. We discuss properties of these algorithms that affect their efficacy for training information extraction systems and evaluate
their performance when using scant training data for learning several information extraction tasks. We also discuss the assumptions
underlying each algorithm such as that seeds supplied by a user will be present and correct in the data, that noun-phrases and their contexts
contain redundant information about the distribution of classes, and that syntactic co-occurrence correlates with semantic similarity. We
examine these assumptions by assessing their empirical validity across several data sets and information extraction tasks.

1. Introduction

InformationExtractionsystemsffer away of automat-
ing thediscoveryof informationfrom text documentsBoth
researchand commercialsystemsfor information extrac-
tion needlarge amountsof labeledtraining datato learn
dictionariesand extraction patterns. Collecting thesela-
beledexamplescan be very expensve, thus emphasizing
the needfor algorithmsthat canprovide accurateclassi -
cationswith only a a few labeledexamples. Oneway to
reduceheamountof labeleddatarequiredis to developal-
gorithmsthatcanlearneffectively from a small numberof
labeledexamplesaugmentedvith a large numberof unla-
beledexamples.

Several algorithmshave beenproposedfor bootstrap-
pingfrom veryfew exampledor severaltext learningtasks.
Using ExpectationMaximizationto estimatemaximuma
posterioriparameter®f a generatie modelfor text clas-
si cation (Nigam et al., 2000), using a generatie model
built from unlabeleddatato performdiscriminative classi-

cation (JaaklolaandHaussler1999),andusingtransduc-
tive inferencefor supportvectormachinego optimize per
formanceon a speci c testset(Joachims1999)aresome
examplesthat have shaovn that unlabeleddatacansigni -
cantlyimprove classi cation performancegspeciallywith
sparselabeledtraining data. For information extraction,
Yangarbeet al. usedseedinformationextractiontemplate
patterndo nd targetsentenceffom unlabeleddocuments,
thenassumedtronglycorrelatedoatternsarealsorelevant,
for learningnew templatesThey usedanunlabeledccorpus
of 5,000to 10,000documentsand suggesiextendingthe
sizeof thecorpusused asmary initial patternsareveryin-
frequentlyoccurring(Yangarbeetal.,2000a;Yangarbeet

al., 2000D).

A relatedsetof researclusedabeledandunlabeledata
in problemdomainswvherethefeaturesiaturallydivideinto
two disjoint sets. Blum andMitchell (Blum and Mitchell,
1998)presente@nalgorithmfor classifyingwebpageghat
buildstwo classi ers:oneoverthewordsthatappeaonthe
page,and anotherover the wordsappearingn hyperlinks
pointing to that page. Datasetsvhosefeaturesnaturally
partition into two sets,and algorithmsthat usethis divi-
sion, fall into the co-trainingsetting(Blum and Mitchell,
1998). Meta-BootstrappingRiloff andJones 1999)is an
approacho learningdictionariedor informationextraction
startingonly from ahandfulof phrasesvhich areexamples
of thetamgetclass.Ilt makesuseof thefactthatnoun-phrases
andthe partial-sentencethey areembeddedh canbeused
astwo complementargource®f informationaboutseman-
tic classesSimilar methodshave beenusedfor nameden-
tity classi cation(CollinsandSinger 1999).

Althoughallot of effort hasbeendevotedto developing
bootstrappinglgorithmsfor text learningtasks,therehas
beenvery little work in systematicallyapplying theseal-
gorithmsfor informationextractionandevaluatingthemon
a commonsetof documents.All of the previously men-
tioned techniqueshave beentestedon differenttypes of
problemsywith differentsetsof documentsyunderdifferent
experimentalconditions,thus makingit dif cult to objec-
tively evaluatethe applicability and effectivenessof these
algorithms.In this paperwe rst describearangeof boot-
strappingapproachethatfall into thecotrainingsettingand
lay out the underlyingassumptiongor each. We thenex-
perimentallycomparethe performanceof eachalgorithm
onacommonsetof informationextractiontasksanddocu-



mentsandrelateit to the degreeto which the assumptions
aresatis edin the datasetsandsemantidearningtasks.

2. Thelnformation Extraction Task

Theinformationextractiontaskswe tacklein this paper
involve extractingnounphraseghatfall into the following
threesemanticlassesorganizationspeopleandlocations.
It is importantto notethatalthoughnamedentity recogniz-
ersareusuallyusedto extracttheseclassesthe distinction
we makein this paperis to extractall nounphraseginclud-
ing “constructioncompary”, “jail warden”,and"“far ung
ports”) insteadof restrictingour taskto only propernouns
(which is the casein standardhamedentity recognizers).
Becauseurfocusis extractionof generasemanticlasses,
we have notusedmary of thefeaturescommonin English-
languagenamedentity recognition,including onesbased
on sequencesf charactesn uppercase,and matchesto
dictionaries thoughaddingthesecould improve the accu-
ragy for theseclasses.This is importantto notesincethat
malesit likely thatourresultswill translateo otherseman-
tic classesvhich arenot foundin online lists or written in
capitalletters.

The techniqueswve comparehereare similar to those
that have beenusedfor semanticlexicon induction (eg
(Riloff and Jones,1999)). However, we believe that the
noun-phraseswe extract should be taken “in context”.
Thus, termswe generallyconsiderunambiguoussuchas
place-name®r dictionary terms, can now have different
meaninggependingon the context thatthey occurin. For
example,the word “Phoenix” usuallyrefersto a location,
asin thefollowing sentence:

A scenic drive from Phoenix lies a place of leg-
endary beauty.

but canalsoreferto the “PhoenixLand Compaty”, asin
this sentence:

Phoenix seeks to divest non-strategic properties
if alternate uses cannot de monstrate sustainable
20% returns on capital investment.

We cangroupthesetypesof occurencei threebroad
catgyories:

General Polysemy: mary wordshave multiple meanings.
For example, “compary” canrefer to a commercial
entity or to companionship.

General Terms. mary words have a broad meaningthat
canrefer to entities of varioustypes. For example,
“customer’canreferto a personor acompauy.

Proper Name Ambiguity: proper namescan be associ-
ated with entities of differenttypes. For example,
“John Hancock”canreferto a personor a compary,
sicnecompaniesreoftennamedafter people.

In general, we belive that the context determines
whetherthe meaningof the word can be further deter
mined andthat we can correctly classify the nounphrase
into the semanticclassby examiningthe immediatecon-
text, in additionto thewordsin thenounphrase Therefore

weapproachhis problemasaninformationextractiontask,
wherethegoalis to extractandlabelnounphraseanstances
thatcorrespondo semanticateyoriesof interest.

3. Data Set and Representation

As our dataset,we used4392corporatevebpagesol-
lectedfor theWebKB project(Cravenetal., 1998)of which
4160wereusedfor trainingand232weresetasideasatest
set. We preprocessethe web pagesby removing HTML
tagsandaddingperiodsto theendof sentenceshenneces-
sary! Wethenparsedhewebpagesisingashallav parser

We marked up the held out testdataby labelingeach
noun phraseas one or more of (NP) instanceas an or-
ganization,person,location, or none. We addresse@ach
taskasa binary classi cationtask. Eachnoun phrase con-
text consistsof two items: (1) the nounphraseitself, and
(2) andthe context (an extraction pattern). We usedthe
AutoSlog(Riloff, 1996)systento generatextractionpat-
terns.

By using both the noun phrasesand the contexts sur
roundingthem,we provide two differenttypesof features
to our classi er. In mary casesthe nounphrasatself will
beunambiguousindclearlyassociatewvith asemanticat-
egory (e.g.,“the corporation"will nearlyalwaysbe an or-
ganization). In thesecasesthe noun phrasealonewould
be sufcient for correctclassi cation. In othercasesthe
context itself is a deadgive-avay. For example thecontext
containingthe pattern“subsidiaryof <np>" nearlyalways
extractsanorganization.n thosecasesthe context aloneis
sufcient. However, we suspecthatboththe nounphrase
andthecontet oftenplay arolein determiningthe correct
classi cation.

4. Bootstrapping Algorithms

In this sectionwe give a brief overview of eachof the
algorithmswe will beusingfor bootstrappingWe analyze
how the propertiesandassumptionsf eachmay affectac-
curagy.

4.1. Baseline Methods

Sinceour bootstrappingalgorithmsall useseednoun-
phrasegor aninitial labelingof thetrainingdata,we should
look at how muchof their accurag is basedon the useof
thoseseedsandhow muchis derived from bootstrapping
usingthoseseeds.To this end,we implementedwo base-
lineswhich useonly the seedspr noun-phrasesontaining
theseedsbhut useno bootstrapping.

4.1.1. Extraction Using Seeds Only

All thealgorithmswe describauseseedsastheir source
of informationaboutthe targetclass. A usefulway of as-
sessingvhatwe gainby usinga bootstrappinglgorithmis
to usethe seedsasour solemodelof informationaboutthe
targetclass. The seedswe usefor bootstrappingll algo-
rithmsareshavn in Table1.

1web pages pose a problem for parsers because separate lines
do not always end with a period (e.g., list items and headers). We
used several heuristics to insert periods whenever an independent
line or phrase was suspected.



The algorithmfor seedextractionis: ary noun-phrase
in the testsetexactly matchinga word on the seedlist is
assigneda scoreof 1. All othernoun-phraseareassigned
theprior.

4.1.2. Head Labeling Extraction

All' the bootstrappingalgorithmswe discussuse the
seeddo performhead-labeling to initialize thetrainingset.
Thealgorithmfor headlabelingis: any noun-phrasén the
training setwhoseheadmatchesa word on the seedlist is
assigned scoreof 1. This maynotleadto completelyac-
curateinitialization, if ary of the seedsareambiguousWe
will discusghisin moredetailin Section5.1.

In orderto evaluatethecontribution of thehead-labeling
to overall performancef the bootstrappingywe performed
experimentsusing the head-labelingaloneas information
in orderto extractedfrom the unseernestset.

The algorithm for head labeling extraction is: ary
noun-phrasén the testsetwhoseheadmatchesa word on
theseedist is assigneascoreof 1. All othernoun-phrases
areassignedheprior.

4.2. Bootstrapping Methods

The bootstrappingnethodswe describefall underthe
cotrainingsettingwherethefeaturesnaturallypartitioninto
multipledisjointsets ary of whichindividually is suf cient
to learnthetask. Theseparatiorinto featuresetswe usefor
the experimentsin this paperis that of noun-phrasesand
noun-phrase-conkgs.

4.2.1. Cotraining

Cotraining (Blum and Mitchell, 1998)is a bootstrap-
ping algorithmthatwasoriginally developedfor combining
labeledandunlabeleddatafor text classi cation. At a high
level, it usesa featuresplit in the dataand startingfrom
seedexamples)abelsthe unlabeleddataandaddsthe most
con dently labeledexamplesincrementally Whenusedin
ourinformationextractionsetting thealgorithmdetailsare
asfollows:

1. Initialize NPsfrom both positive andnegative seeds
2. UselabeledNPsto scorecontexts

3. Selectk mostcon dentpositive andnegative contexts,
assigrthemthe positive andnegative labels

4. Uselabeledcontextsto labelNPs

5. Selectt mostcon dent positive andnegative NPs,as-
signthemthe positive andnegative labels

6. goto2.

Note that cotraining assumeghat we can accurately
modelthe databy assigningnoun-phraseand contexts to
a class. Whenwe add an example, it is eithera member
of the class(assignedo the positive class,with a proba-
bility of 1.0) or not (assignedo the negative class,with a
probability of 0.0 of belongingto the target class). As we
will seein sections.2.,mary noun-phrasegndmary more
contets, areinherentlyambiguous.Cotrainingmay harm
its performancehroughits hard (binary 0/1) classassign-
ment.

422. CoEM

coEM wasoriginally proposedor semi-supervisetext
classi cationby Nigamé& Ghani(NigamandGhani,2000)
andis similar to the cotrainingalgorithmdescribedabove,
but incorporatesomefeaturesof EM. coEM usesthe fea-
ture split presentn thedata,like co-training,but is instead
of addingexamplesincrementallyit is iterative, like EM.
It startsoff usingthe sameinitialization as cotrainingand
creategwo classi ers(oneusingthe NPsandthe otherus-
ing the context) to scorethe unlabeledexamples. Instead
of assigningthe scoredexamplespositive or negative la-
bels,coEMuseghescoresassociatedvith all theexamples
andaddsall of themto the labeledsetprobabilistically(in
thesameway EM doesfor semi-supervisedlassi cation).
This processteratesuntil theclassi erscorverge.

Musleaetal. (Musleaetal., 2000)extendedthe co-EM
algorithmto incorporateactive learningand shoved that
it hasa robust behaior on a large spectrumof problems
becausef its ability to askfor the labelsof the mostam-
biguousexamples which compensatefor the weaknesses
of theunderlyingsemi-supervisedlgorithm.

In orderto apply coEM to learninginformationextrac-
tion, we seedt with a smalllist of words.All noun-phrases
with thosewordsasheadsareassignedo thepositive class,
toinitialize thealgorithm.

Note that coEM doesnot performa hard clusteringof
the data,but assigngrobabilitiesbetweer0 and 1 of each
noun-phras@andcontet belongingto thetargetclass.This
mayre ect well theinherentambiguityof mary terms.

4.2.3. Meta-bootstrapping

Meta-bootstrappin@Riloff andJones;1999)is asimple
two-level bootstrappin@lgorithmusingtwo featuresetsto
labeloneanotherin alternation.lt is customizedor infor-
mationextraction,usingthe featuresetsnoun-phrases and
noun-phrase-contexts (or caseframes). Thereis no notion
of negative examplesor featuresput only positive features
andunlabeledeatures Thetwo featuresetsareusedasym-
metrically Thenoun-phraseareusedasinitial dataandthe
setof positive featureggrows asthe algorithmruns, while
the noun-phrase-contts arerelearnedwith eachouterit-
eration.

Heuristicsare usedto scorethe featuresfrom one set
at eachiteration, basedon co-occurrencdrequeng with
positive and unlabeledfeatures,using both frequeng of
co-occurrenceanddiversity of co-occurringfeatures.The
highestscoringfeaturesare addedto the positive feature
list.

Meta-bootstrappindreatsthe noun-phrasesnd their
contextsasymmetricallyOncea context is labeledasposi-
tive, all of its co-occurringhnoun-phraseareassumedo be
positive. However, anoun-phraséabeledaspositive is part
of acommitteeof noun-phrasesoting on the next context
to be selected After a phaseof bootstrappingall contexts
learnedare discardedand only the bestnoun-phrasesre
retainedin the permanentictionary The bootstrappingds
thenrecommencedsingtheexpandedist of noun-phrases.
Oncea noun-phrasés addedto the permanentlictionary
it is assumedo berepresentatie of the positive class,with
con denceof 1.0.



Seeds

australia, canada, china, england,
france, germany, japan,

mexico, switzerland, united states
inc., praxair, company, companies,
dataram, halter marine group,
Xerox, arco, rayonier timberlands,
puretec

customers, subscriber, people,
users, shareholders, individuals,
clients, leader, director, customer

Class
locations

organizations

people

Tablel: Seedsusedfor initialization of bootstrapping.

4.3. Activelnitialization

As we saw in the discussiorof head-labelingSection
4.1.2.),usingseedwordsfor initializing training may lead
to initialization that includeserrors. We give measuresf
therateof errorsin head-labelingn Table3. We will aug-
mentthe intialization of bootstrappindy correctingthose
errorsbeforebootstrappingegins, and seeingthe effects
on testsetextractionaccurag. We call this active initial-
ization, by analogyto active learning.

5. Assumptionsin Bootstrapping
Algorithms

The bootstrappinglgorithmsdescribedn Section4.2.
have a numberof assumptiongn common;that initializa-
tion from seeddeadsto labelswhich are accuratefor the
tamgetclassthatseedwill be presenin thedata,thatsim-
ilar syntacticdistribution correlatesvith semanticsimilar
ity, andthatnoun-phraseandtheir contets areredundant
and unambiguouswvith respecto the semanticclassesve
are attemptingto learn. We assesshe validity of eachof
theseassumptiondy examiningthe data.

51.

All the algorithmswe describeuseseedwordsastheir
sourceof informationaboutthetargetclass.An assumption
madeby all the algorithmswe presents that seedwords
suggestedby a userwill be presentin the data. We assess
thisby comparingseeddensityfor threedifferenttasksover
two typesof data,onecollectedspeci cally for thetaskat
hand,onedravn accordingto a uniform randomdistribu-
tion overdocument®n theworld wide weh Theseedsve
usefor initializing bootstrappingall algorithmsare shavn
in Table1. We shaw the densityof seedwordsin different
corporain Table2. Notethatthe people andorgani-
zations classesremuchmoreprevalentin thecompary
datawe areworking with thanin documentsandomlyob-
tainedusingYahoosrandomURL page.

Anotherassumptiorthatarisesfrom usingseedss that
labelingusingthemaccuratelyjabelsitemsin thetargetse-
manticclass. All threealgorithmsinitialize the unlabeled
databy using the seedsto perform head labeling. Any
noun-phrasevith a seedword asits headis labeledaspos-
itive. For example,whencanada is in the seedword list,
both“easterncanada’and“marketnetinc. canada’arela-
beledasbeingpositive examples.Table 3 shows the accu-
ragy for locations  andpeople . For people , some

Initialization from Seeds Assumption

Corpus | Class Seed-density

(/10,000)
fixed locations 18
random 21
fixed organizations 112
random 17
fixed people 70
random 33

Table2: Density of seed words per 10,000 noun-phrases in fixes
corpus of company web pages, and corpus of randomly collected
web pages.

Class Accuracy
locations 98%
people 95%

Table 3: Accuracy of labeling examples automatically using
seed-heads.

wordswere mostly unambiguouswith the exceptionof a
few examples;‘customers” which wasunambigougxcept
in prhasessuchas‘“industrial customers”.The seed-vord
“people”alsoledto sometrainingexamplef questionable
utility, for example“investin people”.If we learnthe con-
text "investin”, it maynothelpin learningto extractwords
for people,in the generalcase. Other seed-vords from
thepeople classprovedto be very ambiguous;leader”
was most often to usedto describea compaly, asin the
sentencéAnacompis a world leaderin digital document-
managemergervices”.

Wewill discusgheresultsof correctingtheseerrorsbe-
fore beginningbootstrappingn Section6.3.

5.2. Feature Sets Redundancy Assumption

The bootstrappingalgorithmswe discussall assume
thatthereis suf cient informationin eachfeatureset(noun-
phrasesand contets) to use either to label an example.
However, whenwe look at the ambiguity of noun-phrases
in thetestset(Table4) we seethat 81 noun-phrasegere
ambiguoudbetweertwo classesand4 wereambiguouse-
tweenthreeclassesThis meanghatthese85noun-phrases
(2% of the 4413 uniquenoun-phrasesccurringin the test
set) are not in fact sufcient to identify the class. This
discrepang may hurt cotraining and meta-bootstrapping
more,sincethey assumehatwe canclassifynoun-phrases
into a classwith 100%accurag.

Whenwe examinethe sameinformation for contexts
(Table4) we seeevenmoreambiguity 36%of contextsare
ambiguoudetweertwo or moreclasses.

We have anothemeasureof the inherentambiguity of
thenoun-phrasemakingup our tamgetclasswhenwe mea-
surethe interrater(labeleragreemenbn the testset. We
randomlysampled230 examplesfrom the testcollection,
brokeninto two subset®f sizel14and116examples.We
had four labelerslabel subsetswith differentamountsof
information. Thethreeconditionswere:

e noun-phrasdpcal syntacticcontext, andfull sentence

(all)

e noun-phrasdpcal syntacticcontext (np-context)



Ambiguity | Class(es) Number
of NPs

none 3574

loc 114

1 org 451
person 189

loc, none 6

org, none 31

2 person, none 25
loc, org 6

org, person 13

3 loc, org, none 1
org, person, none 3

Table4: Distribution of test NPs in classes

Ambiguity | Class(es) Number

of Pats

none 1068

loc 25

1 org 98

person 59

loc, none 51

org, none 271

2 person, none 206

loc, org 5

org, person 50

3 loc, org, none 18

org, person, none 83

4 loc, org, 6
person, none

Table5: Distribution of test patterns in classes

e noun-phrasenly (np).

Thelabelersvereasledto labeleachexamplewith any
or all of thelabelsorganization , person andloca-
tion . Before-handthey eachlabeled100 examplessep-
aratefrom thosedescribedhbove (in theall condition)and
discussedvaysof resolvingambiguousasegagreeingfor
example to count“we” ashothperson andorganiza-
tion whenit couldbereferringto the organizationor the
individualsin it. The distribution of conditionsto labelers
is shovnin Figure6.

We foundthatwhenthelabelershadaccesso thenoun-
phrasecontet, andthefull sentencehey occurredn, they
agreedon the labeling90.5%o0f the time. However, when
onedid not have the sentencegonly the noun-phraseand
context), agreemendroppedto 88.5%. Our algorithms
have only the noun-phrasend contets to usefor learn-
ing. Basedon the agreemenbdf our humanlabelers,we

Labeler| Setl Condition | Set2 Condition
1 NP-context all

2 all NP-context

3 NP all

4 all NP

Table6: Conditionsfor inter-rateevaluation- All standgor
NP, context andtheentiresentencén whichthe NP-context
pairappeared

conjecturethat the algorithmscould do betterwith more
information.

5.3. Syntactic - Semantic Correlation Assumption

All the algorithmswe addressn this paperusethe as-
sumptionthat phraseswith similar syntacticdistributions
have similar semantianeaningslt hasheenshovn (Dagan
et al., 1999) that syntacticcooccurrencdeadsto cluster
ingswhich areusefulfor naturallanguageasks.However,
sincewe seekto extractitemsfrom asinglesemantidarget
classat a time, syntacticcorrelationmay not be suf cient
to represenbur desiredsemanticsimilarity.

Themismatchbetweersyntacticcorrelatiorandseman-
tic similarity canbe measuredlirectly by measuringcon-
text ambiguity aswe did in Section5.2.. Considetthecon-
text “visit <X>", which is ambiguousbetweenall four
of our classeslocation , person , organization
andnone . It occursasalocation in “visit our area”,
ambiguouslybetweenperson and organization in
“visit us”, andasnone in “visit ourwebsite”.

Similarly, examining the ambiguousnoun-phrasesve
seethat occurringwith a particularnoun-phraseloesnot
necessarilydeterminethe semantic®f a context. Threeof
the three-way ambiguousoun-phrasem our testsetare:
“group”, "them” and“they”. Adding “they” to the model
whenlearningoneclassmaycauseanalgorithmto addcon-
texts which belongto a differentclass.

Meta-bootstrappinglealswith this problemby specif-
ically forbidding a list of 35 stopwords (mainly preposi-
tions) from being addedto the dictionaries. In addition,
the heuristicthat a caseframebe selectedby mary differ-
entnoun-phrases the seedist helpspreventthe addition
of a single ambiguousnoun-phrasdo have too strongan
in uence on the bootstrapping.The probabilisticlabeling
usedby coEM helpspreventproblemsfrom this ambiguity
Thoughwe alsoimplementeda stop-listfor cotraining,its
all-or-nothinglabelingmeanghatambiguousvordsnoton
the stoplist (suchas“group”) may have a strongin uence
onthebootstrapping.

6. Empirical Comparison of Bootstrapping
Algorithms

After running bootstrappingwith each algorithm we
have two models: (1) a setof noun-phraseswith associ-
atedprobabilitiesor scores,and(2) a setof contexts with
probabilitiesor scores We thenusethesemodelsto extract
examplesof thetargetclassfrom aheld-outhandannotated
testcorpus.Sincewe areableto associatescoreswith each
testexample,we cansortthe testresultsby score,andcal-
culateprecision-recalturves.

6.1. Extraction on the Test Corpus

Thereareseveralwaysof usingthemodelsproducedy
bootstrappindo extractfrom thetestcorpus:

1. Useonly thenoun-phrasesThis correspondso using
bootstrappingo acquirealexicon of terms,alongwith
probabilitiesor weightsre ecting con denceassigned
by the bootstrappinglgorithm.This mayhave advan-
tageover lists of terms(suchaspropernames)which



have no suchprobabilitiesassociatedvith them. The
probabilitiesallow us to sort extracted phrasesand
thus control whetherwe obtainfew, highly probable
memberof thetargetclass,or obtaingoodcoverage,
at the expenseof accurag. We will measurethese
trade-ofs usingprecisionandrecall,discussedh Sec-
tion6.2..

2. Use only the contets. In this casewe discardthe
noun-phrasesve learnedduring bootstrapping,and
useonly thecontexts asextractionpatterndor extract-
ing on the testset. We extracta noun-phrasevhenit
occurswith one of the contexts in our model, using
the scoreassignedy thatcontext. This may have the
adwantageof allowing greatergeneralizationUnseen
wordsandphrasesanbe extractedfrom the testcor-
pus,andoverspecializatiobasedon the training cor-
puscanbeavoided.

3. Use both models. To scorea noun-phrasecontext
pair in the testset,assumandependenceand multi-
ply the model noun-phrasend contect scoresto get
aprobabilityfor the example.Noun-phraseandcon-
texts not seenin the training corpusaregivena score
basedonthe prior probability. This hasthe advantage
of combiningall the informationwe acquiredduring
training. This methodis most effective for methods
which assignprobability-like scores(coEM and co-
training). For meta-bootstrappinghereis no natural
way of combiningthe scores.

We experimentedwith these extraction methodsfor
all three algorithms, and found that method 2, extract-
ing usingonly the contets, wasby far the bestfor meta-
bootstrappingsoall our resultsfor meta-bootstrappingse
this extraction method. CoEM and cotraining performed
best with method 3, combining information from both
noun-phrasandcontext models,soall resultsreportedfor
coEM andcotrainingusethis extractionmethod.

6.2. Evaluation

We use the models to score all noun-phrasein-
stancesn the testcorpus,using context-scoringfor meta-
bootstrappingand noun-phrase-conké scoringfor coEM
andcotraining,asdescribedn Section6.1.. Sincewe could
selectavarietyof thresholdsf we usedourmodelsfor clas-
si ation, dependingnthetargetapplicationwe usealarge
numberof thresholdscalculatingprecisionand recall for
each.Precisionis givenby

ips
tpe + fpt
where tp; is the numberof correctexamplesabove the

threshold,and fp; is the numberof incorrect examples
abovethethreshold Recallis givenby

Precision =

tpt
tpe + fne
where tp; is the numberof correctexamplesabove the

thresholdand fn; is thenumberof correctexamplesbelow
thethreshold.

Recall =
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Figure 1. Comparison of bootstrapping using coEM, meta-
bootstrapping and cotraining, for the classes | ocat i ons, peo-
pl e and or gani zat i ons.

6.3. Experimental Results

Figure1l comparesisingmodelsobtainedoy bootstrap-
pingwith coEM, meta-bootstrappingndcotraining for ex-
tractingon a held out testset. CoEM performsbetterthan
meta-bootstrappingyhile cotrainingdoesvery poorly.

Figure2 shavsthatbootstrappingisingunlabeleddoc-
umentsgivesussigni cant gainsover usingjust the seeds,
or noun-phrasewith theseedsaisheadsfor extractingfrom
thetestcorpus.This differences leastmarkedfor theclass
people , which hadthe mostambiguousseedwords.

Figure 3 shows that only a small gain is obtainedby
hand-labelingall 669 examplesmatchingthe location
seedsheforecommencingoootstrappingandall 2521 ex-
amplesmatchingthe people classbefore commencing
bootstrapping.
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Figure2: Comparison of the effects of using seeds alone, noun-
phrases with seeds as heads (head-labeling) and models learned by
bootstrapping with coOEM to extract on the unseen test set. Seeds
and head-labeling lead to good precision, but poor recall. Boot-
strapping using coEM improves recall without loss of precision.

7. Discussion

The advantagecoEM hasover meta-bootstrappingnd
cotrainingmay re ect the good match betweenits prob-
abilistic treatmentof the data, and the inherentambigu-
ity of the classes. This permits an ambiguousexample
to be labeledwith a probability that re ects its true am-
biguity, ratherthan committing it to a class,then being
overly in uencedby its presencén thatclass.Sincemeta-
bootstrappingepeatedlydiscardsthe contexts, ambiguity
in the contexts doesnot hurt the algorithmas much asit
hurtscotraining.

We can seefrom the comparisonof gainsfrom boot-
strappingoverusingtheseed®or head-labelingthatclasses
for which we have ambiguousseedswords, suchas our

locations
1 T - .
activeinit.coem ——
0.8 -
S 06
o
8
& 04+
02 r
O L L L L
0 0.2 0.4 0.6 0.8 1
Recall

people

activeinit.coem ——

Precision

0 0.2 0.4 0.6 0.8 1
Recall

Figure 3: Comparison of the effects of hand-labeling all exam-
ples matching the seed-words before commencing bootstrapping
(active initialization), against bootstrapping assuming all are cor-
rect (coem). A small gain is obtained by labeling all data input.

people classbene t lessfrom bootstrappinghanthose
with relatively unambiguouseedwvords.However, we still
bene t from bootstrappingThis may be because¢he noise
introducedby theambiguousseed-vordsis someavhatmit-
igatedby the presenc®f thelessambiguouseedwords.

For locations  andpeople we saw thatcorrecting
by handthe exampledabeledusingthe seedwordsdid not
haveasigni cantimpactontheresults.This meanghatfor
relatively unambiguouseedwords, at least,hand-labeling
themin context doesnot give us an advantageover using
automatichead-labeling.

For the seed-vordsand datasetsve used,seeddensity
in thetrainingcorpusdoesnot appeato beamajorissue.

8. Conclusionsand Future Work

We presentedh rangeof bootstrappingalgorithmsfor
information extraction and provide experimenal results
comparingcotraining,coEM and meta-bootstrappingver
a commonsetof documentsand semanticearningtasks.
We alsoanalyzedthe underlyingassumptiongor eachof
the algorithmsand found that performances affectedby
thedegreeto which theassumptionareviolatedin thedata
setandthetaskathand.

We alsoanalyzedsereralwaysof initializing the boot-
strappingalgorithmsandfound thatthe accurag doesnot
appeato hingegreatlyon initialization thatis 100%accu-
rate.A greaterdensityof seedsn thetrainingsetfor aclass
(organizations andpeople hadgreaterseeddensity



thanlocations ) doesnot appearto leadto greaterex-
tractionaccurag ontheheldouttestset. Algorithmswhich
caterto the ambiguityinherentin the featuresetaremore
reliablefor bootstrappingwhetherthey dothatby usingthe
feature setsasymmetrically(like meta-bootstrapping)er
by allowing probabilisticlabelingof exampleglik e coEM).

Althoughwe have limited the scopeof this paperto al-
gorithmsthatutilize a featuresplit presenin the data(co-
training setting), we believe that this comparisorof algo-
rithms should be extendedto settingswhere sucha split
of the featurediesnot exist, for examplesalgorithmslike
expectationmaximization(EM) over the entire combined
featureset. It would alsobe helpful to extendthe analysis
to a greatervariety of semanticclassesand larger setsof
documents.
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