
A Comparison Of Efficacy And Assumptions Of Bootstrapping Algorithms For
Training Information Extraction Systems

Rayid Ghani
�

and Rosie Jones
�

�
AccentureTechnologyLabs
Chicago,IL 60601,USA

rayid.ghani@accenture.com

�
Schoolof ComputerScience

CarnegieMellon University, PittsburghPA 15213,USA
rosie.jones@cs.cmu.edu

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

InformationExtractionsystemsoffer awayof automat-
ing thediscoveryof informationfrom text documents.Both
researchand commercialsystemsfor information extrac-
tion needlarge amountsof labeledtraining datato learn
dictionariesand extraction patterns. Collecting thesela-
beledexamplescan be very expensive, thus emphasizing
the needfor algorithmsthat canprovide accurateclassi�-
cationswith only a a few labeledexamples. Oneway to
reducetheamountof labeleddatarequiredis to developal-
gorithmsthatcanlearneffectively from a smallnumberof
labeledexamplesaugmentedwith a largenumberof unla-
beledexamples.

Several algorithmshave beenproposedfor bootstrap-
pingfrom veryfew examplesfor severaltext learningtasks.
Using ExpectationMaximization to estimatemaximuma
posterioriparametersof a generative model for text clas-
si�cation (Nigam et al., 2000), using a generative model
built from unlabeleddatato performdiscriminative classi-
�cation (JaakkolaandHaussler, 1999),andusingtransduc-
tive inferencefor supportvectormachinesto optimizeper-
formanceon a speci�c testset(Joachims,1999)aresome
examplesthat have shown that unlabeleddatacansigni�-
cantly improve classi�cationperformance,especiallywith
sparselabeledtraining data. For information extraction,
Yangarberet al. usedseedinformationextractiontemplate
patternsto �nd targetsentencesfrom unlabeleddocuments,
thenassumedstronglycorrelatedpatternsarealsorelevant,
for learningnew templates.They usedanunlabeledcorpus
of 5,000to 10,000documents,andsuggestextendingthe
sizeof thecorpusused,asmany initial patternsareveryin-
frequentlyoccurring(Yangarberetal.,2000a;Yangarberet

al., 2000b).

A relatedsetof researchuseslabeledandunlabeleddata
in problemdomainswherethefeaturesnaturallydivideinto
two disjoint sets.Blum andMitchell (Blum andMitchell,
1998)presentedanalgorithmfor classifyingwebpagesthat
buildstwo classi�ers:oneoverthewordsthatappearonthe
page,andanotherover the wordsappearingin hyperlinks
pointing to that page. Datasetswhosefeaturesnaturally
partition into two sets,and algorithmsthat usethis divi-
sion, fall into the co-trainingsetting(Blum andMitchell,
1998). Meta-Bootstrapping(Riloff andJones,1999)is an
approachto learningdictionariesfor informationextraction
startingonly from ahandfulof phraseswhichareexamples
of thetargetclass.It makesuseof thefactthatnoun-phrases
andthepartial-sentencesthey areembeddedin canbeused
astwo complementarysourcesof informationaboutseman-
tic classes.Similar methodshave beenusedfor nameden-
tity classi�cation(Collins andSinger, 1999).

Althougha lot of effort hasbeendevotedto developing
bootstrappingalgorithmsfor text learningtasks,therehas
beenvery little work in systematicallyapplying theseal-
gorithmsfor informationextractionandevaluatingthemon
a commonsetof documents.All of the previously men-
tioned techniqueshave beentestedon different typesof
problems,with differentsetsof documents,underdifferent
experimentalconditions,thusmakingit dif�cult to objec-
tively evaluatethe applicability andeffectivenessof these
algorithms.In this paper, we �rst describea rangeof boot-
strappingapproachesthatfall into thecotrainingsettingand
lay out theunderlyingassumptionsfor each. We thenex-
perimentallycomparethe performanceof eachalgorithm
ona commonsetof informationextractiontasksanddocu-



mentsandrelateit to thedegreeto which theassumptions
aresatis�edin thedatasetsandsemanticlearningtasks.

2. The Information Extraction Task
Theinformationextractiontaskswe tacklein thispaper

involveextractingnounphrasesthatfall into thefollowing
threesemanticclasses:organizations,peopleandlocations.
It is importantto notethatalthoughnamedentity recogniz-
ersareusuallyusedto extract theseclasses,thedistinction
wemakein thispaperis to extractall nounphrases(includ-
ing “constructioncompany”, “jail warden”,and“f ar-�ung
ports”) insteadof restrictingour taskto only propernouns
(which is the casein standardnamedentity recognizers).
Becauseourfocusis extractionof generalsemanticclasses,
wehavenotusedmany of thefeaturescommonin English-
languagenamedentity recognition,including onesbased
on sequencesof charactesin uppercase,and matchesto
dictionaries,thoughaddingthesecould improve theaccu-
racy for theseclasses.This is importantto notesincethat
makesit likely thatourresultswill translateto otherseman-
tic classeswhich arenot found in online lists or written in
capitalletters.

The techniqueswe comparehereare similar to those
that have beenused for semanticlexicon induction (eg
(Riloff and Jones,1999)). However, we believe that the
noun-phraseswe extract should be taken “in context”.
Thus, termswe generallyconsiderunambiguous,suchas
place-namesor dictionary terms,can now have different
meaningsdependingon thecontext that they 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 canalsorefer to the “PhoenixLand Company”, as in
thissentence:

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

We cangroupthesetypesof occurencesin threebroad
categories:

General Polysemy: many wordshave multiple meanings.
For example, “company” can refer to a commercial
entityor to companionship.

General Terms: many words have a broadmeaningthat
can refer to entitiesof varioustypes. For example,
“customer”canreferto a personor a company.

Proper Name Ambiguity: proper namescan be associ-
ated with entities of different types. For example,
“John Hancock”canrefer to a personor a company,
sicnecompaniesareoftennamedafterpeople.

In general, we belive that the context determines
whether the meaningof the word can be further deter-
minedandthat we cancorrectlyclassify the nounphrase
into the semanticclassby examining the immediatecon-
text, in additionto thewordsin thenounphrase.Therefore

weapproachthisproblemasaninformationextractiontask,
wherethegoalis to extractandlabelnounphraseinstances
thatcorrespondto semanticcategoriesof interest.

3. Data Set and Representation
As ourdataset,weused4392corporatewebpagescol-

lectedfor theWebKBproject(Cravenetal.,1998)of which
4160wereusedfor trainingand232weresetasideasatest
set. We preprocessedtheweb pagesby removing HTML
tagsandaddingperiodsto theendof sentenceswhenneces-
sary.1 Wethenparsedthewebpagesusingashallow 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 addressedeach
taskasa binaryclassi�cationtask.Eachnoun phrase con-
text consistsof two items: (1) the nounphraseitself, and
(2) and the context (an extraction pattern). We usedthe
AutoSlog(Riloff, 1996)systemto generateextractionpat-
terns.

By usingboth the noun phrasesand the contexts sur-
roundingthem,we provide two differenttypesof features
to our classi�er. In many cases,thenounphraseitself will
beunambiguousandclearlyassociatedwith asemanticcat-
egory (e.g.,“the corporation”will nearlyalwaysbeanor-
ganization). In thesecases,the nounphrasealonewould
be suf�cient for correctclassi�cation. In othercases,the
context itself is adeadgive-away. For example,thecontext
containingthepattern“subsidiaryof � np� ” nearlyalways
extractsanorganization.In thosecases,thecontext aloneis
suf�cient. However, we suspectthatboth thenounphrase
andthecontext oftenplaya role in determiningthecorrect
classi�cation.

4. Bootstrapping Algorithms
In this sectionwe give a brief overview of eachof the

algorithmswe will beusingfor bootstrapping.We analyze
how thepropertiesandassumptionsof eachmayaffect ac-
curacy.

4.1. Baseline Methods

Sinceour bootstrappingalgorithmsall useseednoun-
phrasesfor aninitial labelingof thetrainingdata,weshould
look at how muchof their accuracy is basedon theuseof
thoseseeds,andhow muchis derived from bootstrapping
usingthoseseeds.To this end,we implementedtwo base-
lineswhich useonly theseeds,or noun-phrasescontaining
theseeds,but usenobootstrapping.

4.1.1. Extraction Using Seeds Only
All thealgorithmswedescribeuseseedsastheirsource

of informationaboutthe target class.A usefulway of as-
sessingwhatwegainby usingabootstrappingalgorithmis
to usetheseedsasour solemodelof informationaboutthe
target class. The seedswe usefor bootstrappingall algo-
rithmsareshown 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: any noun-phrase
in the testsetexactly matchinga word on the seedlist is
assigneda scoreof 1. All othernoun-phrasesareassigned
theprior.

4.1.2. Head Labeling Extraction
All the bootstrappingalgorithmswe discussuse the

seedsto performhead-labeling to initialize thetrainingset.
Thealgorithmfor headlabelingis: any noun-phrasein the
trainingsetwhoseheadmatchesa word on theseedlist is
assigneda scoreof 1. This maynot leadto completelyac-
curateinitialization, if any of theseedsareambiguous.We
will discussthis in moredetail in Section5.1.

In orderto evaluatethecontributionof thehead-labeling
to overall performanceof thebootstrapping,we performed
experimentsusing the head-labelingaloneas information
in orderto extractedfrom theunseentestset.

The algorithm for head labeling extraction is: any
noun-phrasein the testsetwhoseheadmatchesa word on
theseedlist is assignedascoreof 1. All othernoun-phrases
areassignedtheprior.

4.2. Bootstrapping Methods

The bootstrappingmethodswe describefall underthe
cotrainingsettingwherethefeaturesnaturallypartitioninto
multipledisjointsets,any of whichindividually is suf�cient
to learnthetask.Theseparationinto featuresetsweusefor
the experimentsin this paperis that of noun-phrases,and
noun-phrase-contexts.

4.2.1. Cotraining
Cotraining(Blum and Mitchell, 1998) is a bootstrap-

pingalgorithmthatwasoriginally developedfor combining
labeledandunlabeleddatafor text classi�cation.At a high
level, it usesa featuresplit in the dataand startingfrom
seedexamples,labelstheunlabeleddataandaddsthemost
con�dently labeledexamplesincrementally. Whenusedin
our informationextractionsetting,thealgorithmdetailsare
asfollows:

1. Initialize NPsfrom bothpositiveandnegativeseeds

2. UselabeledNPsto scorecontexts

3. Select
�

mostcon�dentpositiveandnegativecontexts,
assignthemthepositiveandnegative labels

4. Uselabeledcontexts to labelNPs

5. Select
�

mostcon�dent positiveandnegativeNPs,as-
signthemthepositiveandnegative labels

6. goto2.

Note that cotraining assumesthat we can accurately
modelthedataby assigningnoun-phrasesandcontexts to
a class. Whenwe addan example,it is eithera member
of the class(assignedto the positive class,with a proba-
bility of 1.0) or not (assignedto thenegative class,with a
probabilityof 0.0 of belongingto the targetclass).As we
will seein section5.2.,many noun-phrases,andmany more
contexts, areinherentlyambiguous.Cotrainingmayharm
its performancethroughits hard(binary0/1) classassign-
ment.

4.2.2. CoEM
coEM wasoriginally proposedfor semi-supervisedtext

classi�cationby Nigam& Ghani(NigamandGhani,2000)
andis similar to thecotrainingalgorithmdescribedabove,
but incorporatessomefeaturesof EM. coEM usesthe fea-
turesplit presentin thedata,like co-training,but is instead
of addingexamplesincrementally, it is iterative, like EM.
It startsoff usingthe sameinitialization ascotrainingand
createstwo classi�ers(oneusingtheNPsandtheotherus-
ing the context) to scorethe unlabeledexamples. Instead
of assigningthe scoredexamplespositive or negative la-
bels,coEMusesthescoresassociatedwith all theexamples
andaddsall of themto the labeledsetprobabilistically(in
thesameway EM doesfor semi-supervisedclassi�cation).
Thisprocessiteratesuntil theclassi�ersconverge.

Musleaet al. (Musleaet al., 2000)extendedtheco-EM
algorithm to incorporateactive learningand showed that
it hasa robust behavior on a large spectrumof problems
becauseof its ability to askfor the labelsof themostam-
biguousexamples,which compensatesfor theweaknesses
of theunderlyingsemi-supervisedalgorithm.

In orderto applycoEM to learninginformationextrac-
tion,weseedit with asmalllist of words.All noun-phrases
with thosewordsasheadsareassignedto thepositiveclass,
to initialize thealgorithm.

Note that coEM doesnot performa hardclusteringof
thedata,but assignsprobabilitiesbetween0 and1 of each
noun-phraseandcontext belongingto thetargetclass.This
mayre�ect well theinherentambiguityof many terms.

4.2.3. Meta-bootstrapping
Meta-bootstrapping(Riloff andJones,1999)is asimple

two-levelbootstrappingalgorithmusingtwo featuressetsto
labeloneanotherin alternation.It is customizedfor infor-
mationextraction,usingthefeaturesetsnoun-phrases and
noun-phrase-contexts (or caseframes). Thereis no notion
of negativeexamplesor features,but only positive features
andunlabeledfeatures.Thetwo featuresetsareusedasym-
metrically. Thenoun-phrasesareusedasinitial dataandthe
setof positive featuresgrows asthealgorithmruns,while
the noun-phrase-contexts arerelearnedwith eachouter it-
eration.

Heuristicsare usedto scorethe featuresfrom oneset
at eachiteration, basedon co-occurrencefrequency with
positive and unlabeledfeatures,using both frequency of
co-occurrence,anddiversityof co-occurringfeatures.The
highestscoringfeaturesare addedto the positive feature
list.

Meta-bootstrappingtreats the noun-phrasesand their
contextsasymmetrically. Onceacontext is labeledasposi-
tive,all of its co-occurringnoun-phrasesareassumedto be
positive. However, anoun-phraselabeledaspositive is part
of a committeeof noun-phrasesvoting on thenext context
to beselected.After a phaseof bootstrapping,all contexts
learnedarediscarded,andonly the bestnoun-phrasesare
retainedin thepermanentdictionary. Thebootstrappingis
thenrecommencedusingtheexpandedlist of noun-phrases.
Oncea noun-phraseis addedto the permanentdictionary,
it is assumedto berepresentativeof thepositiveclass,with
con�denceof 1.0.



Class Seeds
locations australia, canada, china, england,

france, germany, japan,
mexico, switzerland, united states

organizations inc., praxair, company, companies,
dataram, halter marine group,
xerox, arco, rayonier timberlands,
puretec

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

Table1: Seedsusedfor initializationof bootstrapping.

4.3. Active Initialization

As we saw in the discussionof head-labeling(Section
4.1.2.),usingseedwordsfor initializing trainingmay lead
to initialization that includeserrors. We give measuresof
therateof errorsin head-labelingin Table3. We will aug-
mentthe intializationof bootstrappingby correctingthose
errorsbeforebootstrappingbegins, andseeingthe effects
on testsetextractionaccuracy. We call this active initial-
ization, by analogyto active learning.

5. Assumptions in Bootstrapping
Algorithms

Thebootstrappingalgorithmsdescribedin Section4.2.
have a numberof assumptionsin common;that initializa-
tion from seedsleadsto labelswhich areaccuratefor the
targetclass,thatseedswill bepresentin thedata,thatsim-
ilar syntacticdistribution correlateswith semanticsimilar-
ity, andthatnoun-phrasesandtheir contexts areredundant
andunambiguouswith respectto the semanticclasseswe
areattemptingto learn. We assessthe validity of eachof
theseassumptionsby examiningthedata.

5.1. Initialization from Seeds Assumption

All thealgorithmswe describeuseseedwordsastheir
sourceof informationaboutthetargetclass.An assumption
madeby all the algorithmswe presentis that seedwords
suggestedby a userwill bepresentin thedata. We assess
thisby comparingseeddensityfor threedifferenttasksover
two typesof data,onecollectedspeci�cally for thetaskat
hand,onedrawn accordingto a uniform randomdistribu-
tion overdocumentson theworld wide web. Theseedswe
usefor initializing bootstrappingall algorithmsareshown
in Table1. We show thedensityof seedwordsin different
corporain Table2. Note that thepeople andorgani-
zations classesaremuchmoreprevalentin thecompany
datawe areworking with thanin documentsrandomlyob-
tainedusingYahoo'srandomURL page.

Anotherassumptionthatarisesfrom usingseedsis that
labelingusingthemaccuratelylabelsitemsin thetargetse-
manticclass. All threealgorithmsinitialize the unlabeled
databy using the seedsto perform head labeling. Any
noun-phrasewith a seedword asits headis labeledaspos-
itive. For example,whencanada is in the seedword list,
both“easterncanada”and“marketnetinc. canada”arela-
beledasbeingpositive examples.Table3 shows theaccu-
racy for locations andpeople . For people , some

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.

wordsweremostly unambiguous,with the exceptionof a
few examples,“customers”,whichwasunambigousexcept
in prhasessuchas“industrial customers”.The seed-word
“people”alsoledtosometrainingexamplesof questionable
utility, for example“investin people”.If we learnthecon-
text ”investin”, it maynothelpin learningto extractwords
for people, in the generalcase. Other seed-words from
thepeople classproved to be very ambiguous;“leader”
was most often to usedto describea company, as in the
sentence“Anacompis a world leaderin digital document-
managementservices”.

Wewill discusstheresultsof correctingtheseerrorsbe-
forebeginningbootstrappingin Section6.3.

5.2. Feature Sets Redundancy Assumption

The bootstrappingalgorithms we discussall assume
thatthereis suf�cient informationin eachfeatureset(noun-
phrasesand contexts) to use either to label an example.
However, whenwe look at theambiguityof noun-phrases
in the testset(Table4) we seethat 81 noun-phraseswere
ambiguousbetweentwo classes,and4 wereambiguousbe-
tweenthreeclasses.Thismeansthatthese85noun-phrases
(2% of the4413uniquenoun-phrasesoccurringin thetest
set) are not in fact suf�cient to identify the class. This
discrepancy may hurt cotraining and meta-bootstrapping
more,sincethey assumethatwe canclassifynoun-phrases
into a classwith 100%accuracy.

When we examinethe sameinformation for contexts
(Table4) weseeevenmoreambiguity. 36%of contextsare
ambiguousbetweentwo or moreclasses.

We have anothermeasureof the inherentambiguityof
thenoun-phrasesmakingupour targetclasswhenwemea-
surethe inter-rater(labeler)agreementon the testset. We
randomlysampled230 examplesfrom the testcollection,
brokeninto two subsetsof size114and116examples.We
had four labelerslabel subsetswith different amountsof
information.Thethreeconditionswere:

� noun-phrase,localsyntacticcontext, andfull sentence
(all)

� noun-phrase,local 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

� noun-phraseonly (np).

Thelabelerswereaskedto labeleachexamplewith any
or all of thelabelsorganization , person andloca-
tion . Before-hand,they eachlabeled100examplessep-
aratefrom thosedescribedabove(in theall condition)and
discussedwaysof resolvingambiguouscases(agreeing,for
example,to count“we” asbothperson andorganiza-
tion whenit couldbereferringto theorganizationor the
individualsin it. Thedistribution of conditionsto labelers
is shown in Figure6.

Wefoundthatwhenthelabelershadaccessto thenoun-
phrase,context, andthefull sentencethey occurredin, they
agreedon the labeling90.5%of the time. However, when
onedid not have the sentence(only the noun-phraseand
context), agreementdroppedto 88.5%. Our algorithms
have only the noun-phraseand contexts to usefor learn-
ing. Basedon the agreementof our humanlabelers,we

Labeler Set1 Condition Set2 Condition
1 NP-context all
2 all NP-context
3 NP all
4 all NP

Table6: Conditionsfor inter-rateevaluation- All standsfor
NP, context andtheentiresentencein whichtheNP-context
pairappeared

conjecturethat the algorithmscould do betterwith more
information.

5.3. Syntactic - Semantic Correlation Assumption

All thealgorithmswe addressin this paperusetheas-
sumptionthat phraseswith similar syntacticdistributions
havesimilarsemanticmeanings.It hasbeenshown (Dagan
et al., 1999) that syntacticcooccurrenceleadsto cluster-
ingswhichareusefulfor naturallanguagetasks.However,
sinceweseekto extractitemsfrom asinglesemantictarget
classat a time, syntacticcorrelationmay not be suf�cient
to representourdesiredsemanticsimilarity.

Themismatchbetweensyntacticcorrelationandseman-
tic similarity canbe measureddirectly by measuringcon-
text ambiguity, aswedid in Section5.2..Considerthecon-
text “visit � X � ”, which is ambiguousbetweenall four
of our classeslocation , person , organization
andnone . It occursasa location in “visit our area”,
ambiguouslybetweenperson and organization in
“visit us”, andasnone in “visit ourwebsite”.

Similarly, examining the ambiguousnoun-phraseswe
seethat occurringwith a particularnoun-phrasedoesnot
necessarilydeterminethesemanticsof a context. Threeof
the three-way ambiguousnoun-phrasesin our testsetare:
“group”, ”them” and“they”. Adding “they” to the model
whenlearningoneclassmaycauseanalgorithmto addcon-
textswhichbelongto adifferentclass.

Meta-bootstrappingdealswith 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 many differ-
entnoun-phrasesin theseedlist helpspreventtheaddition
of a singleambiguousnoun-phraseto have too strongan
in�uence on the bootstrapping.The probabilisticlabeling
usedby coEMhelpspreventproblemsfrom thisambiguity.
Thoughwe alsoimplementeda stop-listfor cotraining,its
all-or-nothinglabelingmeansthatambiguouswordsnoton
thestoplist (suchas“group”) mayhave a strongin�uence
on thebootstrapping.

6. Empirical Comparison of Bootstrapping
Algorithms

After running bootstrappingwith eachalgorithm we
have two models: (1) a setof noun-phrases,with associ-
atedprobabilitiesor scores,and(2) a setof contexts with
probabilitiesor scores.Wethenusethesemodelsto extract
examplesof thetargetclassfrom aheld-outhandannotated
testcorpus.Sinceweareableto associatescoreswith each
testexample,we cansort thetestresultsby score,andcal-
culateprecision-recallcurves.

6.1. Extraction on the Test Corpus

Thereareseveralwaysof usingthemodelsproducedby
bootstrappingto extractfrom thetestcorpus:

1. Useonly thenoun-phrases.This correspondsto using
bootstrappingto acquirealexiconof terms,alongwith
probabilitiesor weightsre�ecting con�denceassigned
by thebootstrappingalgorithm.Thismayhaveadvan-
tageover lists of terms(suchaspropernames)which



have no suchprobabilitiesassociatedwith them. The
probabilitiesallow us to sort extractedphrasesand
thuscontrol whetherwe obtain few, highly probable
membersof thetargetclass,or obtaingoodcoverage,
at the expenseof accuracy. We will measurethese
trade-offsusingprecisionandrecall,discussedin Sec-
tion 6.2..

2. Use only the contexts. In this casewe discardthe
noun-phraseswe learnedduring bootstrapping,and
useonly thecontextsasextractionpatternsfor extract-
ing on the testset. We extracta noun-phrasewhenit
occurswith oneof the contexts in our model, using
thescoreassignedby thatcontext. This mayhave the
advantageof allowing greatergeneralization.Unseen
wordsandphrasescanbeextractedfrom thetestcor-
pus,andoverspecializationbasedon thetrainingcor-
puscanbeavoided.

3. Use both models. To scorea noun-phrasecontext
pair in the testset,assumeindependence,andmulti-
ply the modelnoun-phraseandcontext scoresto get
a probabilityfor theexample.Noun-phrasesandcon-
texts not seenin the trainingcorpusaregivena score
basedon theprior probability. This hastheadvantage
of combiningall the informationwe acquiredduring
training. This methodis most effective for methods
which assignprobability-like scores(coEM and co-
training). For meta-bootstrapping,thereis no natural
wayof combiningthescores.

We experimentedwith theseextraction methodsfor
all three algorithms, and found that method 2, extract-
ing usingonly the contexts, wasby far the bestfor meta-
bootstrapping,soall our resultsfor meta-bootstrappinguse
this extraction method. CoEM and cotrainingperformed
best with method 3, combining information from both
noun-phraseandcontext models,soall resultsreportedfor
coEMandcotrainingusethisextractionmethod.

6.2. Evaluation

We use the models to score all noun-phrasein-
stancesin the testcorpus,usingcontext-scoringfor meta-
bootstrapping,andnoun-phrase-context scoringfor coEM
andcotraining,asdescribedin Section6.1..Sincewecould
selectavarietyof thresholdsif weusedourmodelsfor clas-
si�ation, dependingonthetargetapplication,weusealarge
numberof thresholds,calculatingprecisionandrecall for
each.Precisionis givenby

���������
	��
��
�� �����
��� ����� � �

where ��� � is the numberof correct examplesabove the
threshold,and � ��� is the numberof incorrect examples
abovethethreshold.Recallis givenby

������������� �����
��� ��� � 
 �

where ���!� is the numberof correct examplesabove the
thresholdand � 
 � is thenumberof correctexamplesbelow
thethreshold.
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Figure 1: Comparison of bootstrapping using coEM, meta-
bootstrapping and cotraining, for the classes locations, peo-
ple and organizations.

6.3. Experimental Results

Figure1 comparesusingmodelsobtainedby bootstrap-
pingwith coEM,meta-bootstrappingandcotraining,for ex-
tractingon a heldout testset. CoEM performsbetterthan
meta-bootstrapping,while cotrainingdoesverypoorly.

Figure2 showsthatbootstrappingusingunlabeleddoc-
umentsgivesussigni�cant gainsover usingjust theseeds,
ornoun-phraseswith theseedsasheads,for extractingfrom
thetestcorpus.Thisdifferenceis leastmarkedfor theclass
people , whichhadthemostambiguousseedwords.

Figure 3 shows that only a small gain is obtainedby
hand-labelingall 669 examplesmatchingthe location
seedsbeforecommencingbootstrapping,andall 2521ex-
amplesmatchingthe people classbeforecommencing
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 coEM 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

TheadvantagecoEM hasover meta-bootstrappingand
cotrainingmay re�ect the good matchbetweenits 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, rather than committing it to a class, then being
overly in�uencedby its presencein thatclass.Sincemeta-
bootstrappingrepeatedlydiscardsthe contexts, ambiguity
in the contexts doesnot hurt the algorithmasmuchas it
hurtscotraining.

We can seefrom the comparisonof gainsfrom boot-
strappingoverusingtheseedsor head-labeling,thatclasses
for which we have ambiguousseedswords, suchas our
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Figure3: 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 bootstrappingthan those
with relatively unambiguousseedwords.However, westill
bene�t from bootstrapping.This maybebecausethenoise
introducedby theambiguousseed-wordsis somewhatmit-
igatedby thepresenceof thelessambiguousseedwords.

For locations andpeople we saw thatcorrecting
by handtheexampleslabeledusingtheseedwordsdid not
haveasigni�cant impactontheresults.Thismeansthatfor
relatively unambiguousseedwords,at least,hand-labeling
themin context doesnot give us an advantageover using
automatichead-labeling.

For theseed-wordsanddatasetswe used,seeddensity
in thetrainingcorpusdoesnotappearto bea majorissue.

8. Conclusions and Future Work
We presenteda rangeof bootstrappingalgorithmsfor

information extraction and provide experimenal results
comparingcotraining,coEM andmeta-bootstrappingover
a commonsetof documentsandsemanticlearningtasks.
We alsoanalyzedthe underlyingassumptionsfor eachof
the algorithmsand found that performanceis affectedby
thedegreeto whichtheassumptionsareviolatedin thedata
setandthetaskat hand.

We alsoanalyzedseveralwaysof initializing theboot-
strappingalgorithmsandfound that theaccuracy doesnot
appearto hingegreatlyon initialization thatis 100%accu-
rate.A greaterdensityof seedsin thetrainingsetfor aclass
(organizations andpeople hadgreaterseeddensity



thanlocations ) doesnot appearto leadto greaterex-
tractionaccuracy ontheheldouttestset.Algorithmswhich
caterto theambiguityinherentin the featuresetaremore
reliablefor bootstrapping,whetherthey dothatbyusingthe
featuresetsasymmetrically(like meta-bootstrapping),or
by allowingprobabilisticlabelingof examples(likecoEM).

Althoughwe have limited thescopeof this paperto al-
gorithmsthatutilize a featuresplit presentin thedata(co-
training setting),we believe that this comparisonof algo-
rithms shouldbe extendedto settingswheresucha split
of the featuresdiesnot exist, for examplesalgorithmslike
expectationmaximization(EM) over the entirecombined
featureset. It would alsobehelpful to extendtheanalysis
to a greatervariety of semanticclassesand larger setsof
documents.
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