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Abstract

A wealthof informationis hiddenwithin unstructuredtext.
This informationis oftenbestexploitedin structured or re-
lational form, which is suitedfor sophisticatedquery pro-
cessing, for integration with relational databases,and for
datamining. Current informationextraction techniquesex-
tract relationsfroma text databaseby examiningeverydoc-
umentin thedatabase, or use�lter s to selectpromisingdoc-
umentsfor extraction. The exhaustivescanningapproach
is not practical or even feasiblefor large databases,and
the current �ltering techniquesrequire humaninvolvement
to maintainandto adoptto new databasesanddomains.In
this paper, we developan automaticquery-basedtechnique
to retrievedocumentsusefulfor theextractionof user-de�ned
relationsfrom large text databases,which can be adapted
to new domains,databases,or target relationswith minimal
humaneffort. We reporta thoroughexperimentalevaluation
over a large newspaperarchive that showsthat we signi�-
cantly improvetheef�ciency of theextractionprocessby fo-
cusingonlyonpromisingdocuments.

1 Intr oduction
Text documentsoftenhidevaluablestructureddata. For

example,a newspaperarchive containsdatathat might be
useful to analystswho want to track mergersand acquisi-
tions,or to governmentagenciesthatareinterestedin mon-
itoring andtracingback infectiousdiseaseoutbreaksasre-
�ected in thenews. Informationextractionsystemsproduce
astructuredrepresentationof theinformationthatis “buried”
in unstructuredtext documents.Improving theef�ciency of
informationextraction systemsover large text databasesis
thefocusof this paper.

In general,state-of-the-artextractionsystems[16] apply
many rules over eachavailable text segment to determine
whetherthe segmentcan be usedto �ll a value of an at-
tribute in a tuple. Therefore,processingeachdocumentis
relativelyexpensive,andtypically involvesseveralstepssuch
asnamed-entitytagging(e.g., identifying personnamesor
dates),syntacticparsing,and�nally rule matching.This ap-
proachis not feasiblefor large databases,or for the web,

when it is not realistic to tag and parse,or even simply
scan,every available document. For example,one highly
optimizedstate-of-the-artinformationextractionsystemre-
quiresover 9 secondsto processan average-sizednewspa-
per article on a high-endworkstation. As a result,over 15
daysof processingtime arerequiredfor a 135K document
archive. With documentdatabasesizecommonlyexceeding
millions of documents,processingtime is becominga bot-
tleneckwhen exploiting information extraction technology
for any time-criticalapplicationsor for leveragingextracted
informationwith relationaldatabases.

Previous approachesfor addressingthe high computa-
tionalcostof informationextractionresortedto document�l-
teringto selectthedocumentsthatdeservefurtherprocessing
by the informationextractionsystem.This �ltering still re-
quiresscanningthecompletedatabaseto considereverydoc-
ument.Alternative approachesusedkeywordsor phrasesas
�lters (which couldbeconvertedto queries)thatwereman-
ually craftedandtunedby theinformationextractionsystem
developers,aswe will discuss.

In thispaperweaddressthescalabilityof informationex-
traction systemsin a principled and generalmanner. We
introduceautomaticquery-basedtechniquesto identify the
databasedocumentsthatarepromisingfor theextractionof a
relationfrom text by anarbitraryinformationextractionsys-
tem,while assumingonly a minimal search interfaceto the
text database.Our techniquesmake it possiblefor an infor-
mationextractionsystemto operateoverlargetext databases,
oreventheweb,by �rst retrieving thesetof documentsworth
analyzing,andthenproceedingwith theusualextractionpro-
cessover this smallerdocumentset.

Our approachautomaticallydiscoversthe characteristics
of documentsthat are useful for extraction of a target re-
lation, startingwith only a handfulof user-providedexam-
ples of tuples of the relation to extract. Using thesetu-
ples,our systemretrievesa sampleof documentsfrom the
database.By runningtheinformationextractionsystemover
thedocuments,we identify which documentsareusefulfor
the extractiontaskat hand. Then,we apply machinelearn-
ing andinformationretrieval techniquesto learnqueriesthat
will tendto matchadditionalusefuldocuments.Finally, the
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documentsthat areretrieved with theselearnedqueriesare
processedby theinformationextractionsystemto extractthe
�nal relation.

Contrib utions: The key contribution of this paperis our
unsupervisedquery-basedmethodfor retrieving usefuldoc-
umentsfor informationextractionfrom largetext databases.
Our methodrequiresthedocumentdatabaseto supportonly
a minimal queryinterface,andis independentof thechoice
of informationextractionsystem.Furthermore,our method
couldbeusedto querya standardwebsearchengine,hence
providing infrastructurefor ef�cient informationextraction
from thewebat large.

Related Work: Informationextractionhaslong beenthe
focusof activeresearch.Themainemphasisof this research,
notablyin thecontext of theMessageUnderstandingConfer-
ences(MUCs)[1], hasbeenonthequalityof theextractedre-
lation. In contrast,ourwork assumesagiveninformationex-
tractionsystem,andfocuseson retrieving a relatively small
setof documentsthatwould allow the extractionof a close
approximationof thetargetrelationef�ciently .

A relatedproblemis questionanswering. Questionan-
sweringsystemsattemptto �nd answersto naturallanguage
questionsin collectionsof text documents.Thesesystems
typically processeachquestionindividually [28]. In our
scenario,we are interestedin extracting a completerela-
tion (i.e., all tuplesin the relation). The extractedrelation
canbe viewed asa setof prepared“answers”for a partic-
ular classof questions(e.g., “What is the location of the
headquartersof X ?”). While questionansweringtechniques
maybeusefulfor retrieving speci�c tuplesin thetargetrela-
tion (e.g.,[4, 20]), theproblemof retrieving documentsthat
collectively containthe completerelationhasnot beenad-
dressedin the question-answeringliterature, to the bestof
ourknowledge.

Our work is also relatedto recentresearchon focused
web crawling (e.g., [6]), which addressesthe problem of
fetchingwebpagesrelevant to a giventopic. Our proposed
techniqueis tunedfor informationextraction,andoperates
over any searchabletext database,whetherits contentsare
“crawlable” or not. Recentwork [23] addressestheproblem
of crawling the“hiddenweb,” theportionof thewebhidden
behindsearchforms.Ourgoalis different:weattemptto ex-
tractthemostcompleterelationfrom thetext databasewhile
retrieving asfew documentsaspossible.

Onesubtaskof theMUC evaluations,text �ltering , is rel-
evant to our work. In that task, eachparticipatingsystem
would judge which of the documentsare relevant for the
extractionscenario[1]. Documentscanbe �ltered at vari-
ousstagesof theextractionprocess[21]. Somesystems[9]
classi�ed input documentsbasedon singlewordsandword
n-gramsprior to doing any further processing,while oth-
ers usedmanuallyconstructedkeywordsand phrase�lters

to discarddocuments.Theclassi�cation-basedapproachre-
quired manuallylabeleddocumentsfor training the classi-
�ers. Other systemsdeveloped�lters from the extraction
patternsdevisedto extract the target relation. In Section4,
we evaluatea relatedstrategy thatusesqueriesderivedfrom
extractionpatterns.In contrastto thesetechniques,our goal
is to automaticallygeneratestandardsearch-enginequeries
(and not more general�lter s) that would retrieve only the
relevantdocumentsfor anextractiontask.

Theevaluationpresentedin [12] usesideasrelatedto our
work. Theauthorsconsider9 manuallygeneratedkeywords
originally usedfor compiling the 100 test documentsused
in the MUC-6 evaluation. Thesekeywordsweresubmitted
to a web searchengineand the resultingdocumentswere
processedby the extraction systemand evaluatedfor rele-
vancefor the extraction scenario. In a different settingof
compilingconference“Calls for Papers”extractedfrom web
documents,[19] usesacombinationof focusedcrawling and
manuallygeneratedqueriesto retrievepromisingdocuments.
In Section4, we evaluatea relatedmanualquerystrategy to
compareagainstour automaticquerygenerationmethod.

The problemof retrieving documentsthat are“relevant”
to a user's informationneedhasbeenthe corefocusof the
informationretrieval (IR) �eld [27]. Althoughourproblemis
differentin nature,weexploit state-of-the-arttermweighting
and query expansionresults[24] from IR in the designof
onevariantof our system(Section2.4.2). Alternatively, the
characterizationof theusefuldocumentscouldbeviewedas
a traditionalclassi�cationproblem.We explorea numberof
machinelearningtechniques[8, 18] in the designof other
variantsof oursystem(Section2.4.2).

Several techniquesuse supervisedlearning to devise
queriesthat matchdocumentsabouta speci�c category of
interest[15]. [7] constructedtopic-speci�cdirectoriesonthe
web by traininga classi�er with a labeledsetof documents
and thenderiving queriesto retrieve additionaldocuments.
Flake et al. [11] extractedcategory-speci�c query modi�-
cationsfrom a non-linearSVM classi�er. Recently, Ghani
et al. [14] presenteda techniquethat is similar in spirit to
our currentwork, but for a different task: identifying web
pagesin a “minority” language(e.g.,Slovenian)by query-
ing a searchengine.Their techniquestartswith a setof web
pagesthatarefed to a languageidenti�er andlabeledaspos-
itive or negative examples.This setof pagesis thenusedto
derive Booleanqueriesthatwill tendto identify morepages
in the languageof choice,and the processiterates. In our
work, onef�cient informationextraction,we considerquery
generationtechniquesbasedonatermweightingschemethat
is relatedto someof thetechniquesin [14], aswell asother
querygenerationstrategiesthatexploit machinelearningre-
sults.

The restof the paperis organizedasfollows. Section2
presentsour new documentretrieval methodin detail. Then,
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Figure1. Extractingtuplesfor theHeadquarters relation.

Section3 summarizesthe generalexperimentalsetting,in-
cluding the evaluationmethodology, metrics,anddatabases
we usedfor tuning and evaluatingour strategy. Section4
reportstheresultsof anexperimentalevaluationof our tech-
nique(andseveralotherstrategies)on a largetext database.
Finally, Section5 concludesthepaper.

2 Retrieving PromisingText Documents

In this section,we presenta new, automaticmethodfor
generatingqueriesto matchthedocumentsthatareusefulfor
extractionof atargetrelation.Beforedescribingouridea,we
presenta brief overview of how informationextractionsys-
temswork (Section2.1). Then,we de�ne the problemon
which we focusin this paperandtheoverall architectureof
ourQXtract1 system(Section2.2). QXtract startsby retriev-
ing asmallsampleof documentsfrom atext databaseandde-
terminingthosefrom which theextractionsystemis ableto
extracttuplesfor thetargetrelation(Section2.3). This sam-
ple is usedto provide examplesof usefulanduselessdocu-
mentsto ourmethodsof generatingqueriesto retrievethere-
mainingpromisingdocumentsin thedatabase(Section2.4).

2.1 Overview of Inf ormation Extraction

Informationextractionusually refersto identi�cation of
instancesof particulareventsand relationshipsin unstruc-
turednaturallanguagetext documents.Theextractedstruc-
tured recordscanbe usedto populatea relationaltable for
answeringqueriesandrunningdatamining tasks.Thus,in-
formationextractionis acrucialstepfor fully exploiting nat-
ural languagedocuments.

As an example of information extraction, considerex-
tracting a Headquarters(Organization, Location) relation,
which containsa tuple < o;l > if organizationo hashead-
quartersin locationl . Figure1 shows thebasicstagesin the
extractionof a tuplefrom adocumentfragment.Weomit the
moresophisticatedpost-processingandanalysisperformed
by many state-of-the-artinformationextractionsystems,as
this is beyondthescopeof this discussion.(Referto [16] for
anin-depthdiscussion.)

1QXtract standsfor Queryingfor eXtract ion.

As one of the �rst stagesof extraction, the input docu-
mentsare typically passedthrougha named-entitytagger,
which is ableto recognizeentities(e.g.,organizations,loca-
tions,andpersons).Named-entitytaggingis a well studied
problem,with toolspublicly availablefor themorecommon
entity types[10]. Theseentitiesarepotentialvaluesof at-
tributes in the target relation. To �nd relatedentities, the
taggeddocumentsareprocessedby applyingextractionpat-
terns in the patternmatching step. Thesepatternsmay be
manuallyconstructed[30], automaticallylearned[31, 3], or
createdby usinga combinationof the two methods. Each
patternis appliedto eachtext fragment,instantiatingappro-
priateslots in the patternwith entitiesfrom the document.
Theseentitiesarecombinedinto candidatetuples,andafter
�ltering andpost-processingarereturnedasextractedtuples.

In the examplein Figure1, a sampledocumentdoc4 is
�rst passedthrougha named-entitytaggerthat recognizes
person, organization, and location entities. The text frag-
mentcontainingentitiesof interest,namelyorganizationand
location, is matchedwith one of the extraction patterns,
“< ORGANIZATION> 's headquartersin < LOCATION> ”,
instantiating the generic entity types with entities Apple
Computerand Cupertino, respectively. Finally, the tuple
< Apple Computer, Cupertino> is generated.In Figure 1,
a check-marknext to a documentindicatesthata tuplewas
successfullyextractedfrom thedocument.Weconsidersuch
documentsusefulfor theextractiontask.Also notethataddi-
tional informationmaybeavailablefrom theextractionsys-
tem. For example,the information extraction systemmay
assignaweightor con�dence(W ) to eachextractedtuple.

Theextractionprocessoutlinedabove is too expensive to
performoneverydocumentin a largedatabase.By focusing
only on potentiallyusefuldocuments,we candramatically
improve theef�ciency andscalabilityof theinformationex-
tractionprocess.Next, we introduceQXtract, our automatic
techniquefor retrieving such“promising” documents.

2.2 ProblemStatementand Notation

Considertheproblemof extractinga relationfrom alarge
databaseof text documents.Often,only a small fractionof
thedocumentscontaininformationthat is relevantto theex-
tractiontask. Henceit is not necessaryfor extractioncom-
pleteness– or desirablefrom anef�ciency viewpoint– to run
theinformationextractionsystemovereverydatabasedocu-
ment.Furthermore,if ourdatabaseis thesetof all webpages
indexedby a searchenginesuchasGoogle,thenit is virtu-
ally impossibleto scaneverypageto extracttuples.For these
reasons,ourapproachzoomsin onthepromisingdocuments,
while ignoring the rest. We now statethe problemthat we
areaddressing,and introducethe notationthat we will use
in the restof thepaper. For our purpose,a databasecanbe
either local (e.g., a company's archive of legal documents
or customere-mails)or remote(e.g.,theweb-accessibleand
searchablearchiveof a newspaper).
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Figure2. Thearchitectureof anef�cient informationextrac-
tion systemthat identi�es promisingdocumentsvia query-
ing.

Problem Statement: We aregivenaninformationextrac-
tion systemE anda text documentdatabaseD all , together
with a few exampletuplesof the relation to be extracted.
Let Rall denotethe instanceof the relation that would be
extractedfrom theentiredatabaseD all . Our goal is to con-
structacloseapproximationof Rall , R, by retrieving asmall
subsetD of the documentdatabaseD all , and then having
theextractionsystemoperateon D ratherthanon themuch
largeroriginal databaseD all . We assumethattheuserspec-
i�es the maximumfraction of D all that canbe retrieved to
extract R 2. This parameter, MaxFractionRetrieved, would
vary dependingon theneedsof the user, andon the sizeof
theoriginaldatabase.

Note that Rall may not containall of the correcttuples
that could be extractedfrom the D all databaseby a perfect
extractionsystem.Rather, wearelimited by thebestrelation
thatsystemE canextract,andwetry to approximatethatre-
lationin anef�cient manner. WealsoassumethatE canonly
extracta tuplet if all of t 's attributesoccurwithin thesame
document.(In otherwords,we assumethat the information
extractionsystemdoesnot “glue” togetherpiecesof a tuple
from multipledocuments.)

Ef�cient Inf ormation Extraction Ar chitecture: The
overall architectureof the ef�cient information extraction
systemthat we envision is shown in Figure2. We interact
with thetarget informationextractionsystemthrougha uni-
�ed informationextractionsysteminterface,which we de-
scribenext. Thetext databaseis accessiblethrougha search
engineinterface.As wewill discuss,QXtract, thepromising
documentretrieval component,interactswith theextraction
systemandthedatabaseto retrievepromisingdocuments.

Inf ormation Extraction SystemInterface: To handlea
varietyof arbitraryinformationextractionsystems,we treat
themas“black boxes”andinteractwith themthroughsimple
extraction systemwrappers. Thesewrapperscanbe easily
built to supportthefollowing uni�ed interface:

� Input: A setof documentsD for theextractionsystem
to process,asshown in Figure1.

2If thedatabasesizeis unknown, thenanabsolutenumberof documents
canbespeci�edinsteadto controltheef�ciency of theextractionprocess.

tuple1

tuple2

tuple3

tuple4

tuple5


+

+


+

+


-
 -


-
-


company AND based

headquarters AND office


Document Sample

Retrieval


Learning Queries from

Sample Documents


+

+


+

+


-
 -


-
-


Input: User-Provided

Seed Tuples


Output: Generated

Queries


Sample


Information Extraction System


company AND based ->

Useful


headquarters AND office ->

Useful


Search


Seed


?
 ?

?
?


?
 ?


?
?


QXtract


    
 Organization   Location

1   Microsoft         Redmond

2   Exxon              Irving

3   Boeing             Seattle

4   IBM                  Armonk

5   Intel                 Santa Clara


Figure3. QXtract: Promisingdocumentretrieval.

� Output: The set of tuplesextractedfrom D, Tuples,
andfor eachtuplet i 2 Tuples, thesetof identi�ers Ui

of the“useful” documentsfrom which t i wasextracted.
Thewrapperreturnsthe identity of all theusefuldocu-
ments,de�ned asUseful= U1 [ U2 [ ::: [ UjT uples j . In
theexamplein Figure1, Useful = f doc2; doc4g.

� Optional Output: Patterns:An extractionsystemmay
export the set of all the extractionpatternsthat it has
availablefor extractingthe target relation(e.g.,theex-
tractionpatternsin Figure1).

Designingfor a minimal,uniform interfaceto theextraction
systemallows us to plug in any informationextractionsys-
tem to take advantageof our queryingtechniques,without
any changesto theQXtract system.

Text Database Search Interface: We assumethat the
searchinterface of the databasesupportssimple Boolean
queriessuchas “data AND mining AND text,” as well as
phrasequeries.Thisquerymodelprovidessuf�cient expres-
siveness,andis widely supported:all of themajoravailable
text indexing tools (e.g.,Glimpse[22]) andweb searchen-
ginessupportsuchquerieswith minorvariationsin syntax.

The QXtractSystem: In therestof thissection,wewill de-
scribeQXtract, whoseoverall architectureis shown in Fig-
ure 3. Startingwith a setof user-providedseedtuples,we
�rst use the samplingproceduredescribedin Section2.3
to retrieve a small sampleof documents,likely to be use-
ful to theextractionsystemfor extractingthetargetrelation,
as well as other randomlychosendocuments,likely to be
uselessto theextractionsystem.Theinformationextraction
systemis run over this sampleset,producingasoutputa set
of extractedtuplesand the identi�ers of usefuldocuments.
Thedocumentsin thesamplearethuslabeledautomatically
as eitherpositive or negative examples,wherethe positive
examplesrepresentthedocumentsin thesamplefrom which
the information extraction systemwas able to producetu-
ples. Theseexamplesallow us to derive queriestargetedto
match–andretrieve– documentssimilar to the positive ex-
amples(Section2.4).Thesequeriesareusedto retrieveaset
of promisingdocumentsfrom thedatabase(Section2.5), to
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bereturnedasQXtract's outputand�nally processedby the
informationextractionsystem.

2.3 Retrieving Documentsfor Query Training
At the initial stageof theoverall documentretrieval pro-

cess,wehavenoinformationaboutthedocumentsthatmight
be useful for extraction. The only information we require
aboutthetargetrelationis asetof user-providedexampletu-
ples,includinga speci�cationof therelationattributesto be
usedfor documentretrieval. Our goal is to retrieve a docu-
mentsampleof sizespeci�edby theMaxSampleSizeparam-
eterwith agoodmix of usefulanduselessdocumentsfor the
subsequentquerytrainingstage.To accomplishthis,we use
the DocumentSamplealgorithm3 shown in Figure4. After
initialization,eachroundof samplingconsistsof two stages:
(1) We retrieve documentsfor the sampleby queryingthe
searchenginewith the attribute valuesof the currentseed
tuples,which initially areprovidedby the userasthe input
parameterSeed.
(2) WeruntheinformationextractionsystemE overthedoc-
umentsin thecurrentsample,extractinga new setof tuples.
A subsetof thesetuplesis selectedasthenew Seedtuplesto
starta new samplinground.

We initialize thedocumentsamplewith randomlypicked
documents(line 1 in Figure 4), the majority of which are
likely notto beusefulfor extractionandwill beusedas“neg-
ative” examplesfor training. The rest of the Sampledoc-
umentswill be retrievedusingattributesof theSeedtuples,
whichresultsin documentsthatarelikely to beusefulfor ex-
tractionandwill beusedas“positive” examplesfor training.

The initial Seedtuplesareprovidedby the user, andare
augmentedby the tuplesextractedby the extractionsystem
E from Sample(lines2 and3). To retrieve additionalsam-
ple documents,we build querieswith theattributevaluesof
eachtuple t in the currentsetof Seedtuples. Eachtuple t
is usedto constructa query q = t:a1 AND t:a2 AND : : :
t:an , wherea1; : : : ; an are the searchableattributes in the
relation(line 7). Queryq will retrieve documentswhereall
attributesof t appearwithin thesamedocument.In principle,
thesearedocumentsfrom which t couldhavebeenextracted
by the informationextractionsystem. We retrieve the �rst
MaxSeedResultsmatchesreturnedby the databasefor each
query(line 8). Thequeryresultsareaddedto thesetof Like-
lyUseful documents,retrieved during the currentsampling
round.

Clearly, notall documentsin theLikelyUsefulsetwill ac-
tually be useful for extraction. To determinewhich docu-
mentsare indeeduseful,we run the informationextraction
systemE over LikelyUseful(line 9), returningtheextracted
tuplesT and identi�ers of usefuldocumentsU from which
the tupleswere extracted. In line 10, we choosethe most

3Independently, GhaniandJones[13] have recentlyintroduceda simi-
lar strategy to constructa trainingcorpusfor a bootstrapping-basedgeneral
entity tagger.

ProcedureDocumentSample(Seed,MaxSampleSize)
//Seedis a setof exampletuples.MaxSampleSizeis themaximum
//numberof documentsto retrieveasa training sample.

//First, retrievea randomsampleof MaxSampleSize/ 2 documents,
//thatwill likely be“negative” examplesfor training.

1 Sample= RetrieveRandom(MaxSampleSize/ 2)
//Identifytheminority of usefuldocumentsin therandomsample.
//AugmenttheSeedsetwith theextractedtuplesT.

2 (T, Useful)= E.Extract(Sample)
3 Seed= Seed[ T

//Now, retrieveMaxSampleSize/ 2 documentswith tupleattributes,
//likely to be“useful”, to providepositiveexamplesfor training.

4 while jSamplej < MaxSampleSize
5 LikelyUseful= ;
6 for each t in Seed:
7 q = t:a 1 AND t:a 2 AND ... t:a n
8 LikelyUseful=

LikelyUseful[ RetrieveSeedDocuments(q,MaxSeedResults)
//Skipto line 9 if MaxSampleSizeexceeded.

9 (T, U) = E.Extract(LikelyUseful)
//SetSeedtuplesfor next iteration.

10 Seed= PickBestTuples(T, U)
11 Useful= Useful [ U
12 Sample= Sample[ LikelyUseful

//Samplenowconsistsof MaxSampleSizedocuments.
13 Useless= Sample- Useful
14 Return(Useful,Useless)

Figure4. Retrieving sampledocumentsfor subsequentquery
training.

“robust” tuplesin T into Seedfor thenext roundof sampling:
this choicecanbe basedon thenumberof documentsin U
from which thetupleswereextracted,which favorsselecting
“popular” tuplesthatarelikely to appearin many documents
in thedatabase4. The total sizeof the retrievedtrainingset,
MaxSampleSize, is aparameterthatwe tuneduringtraining.

Unfortunately, we cannotsimply continuethe sampling
processto retrieve all of the useful documentsin the
database.As we will show in Section4, if only a smallfrac-
tion of the documentscontaintuplesfor the target relation,
or very few tuplestendto appeartogetherin thesamedocu-
ment,DocumentSamplewould not beableto discovera sig-
ni�cant fractionof tuplesthatcouldotherwisebeextracted.

Our key observation is that usefuldocumentssharesim-
ilarities in content. For example,usefuldocumentsfor the
Headquartersrelationmaycontaincombinationsof termsor
phrasessothatthey matchqueriessuchas“headquartersof,”
“company AND based”,“areaAND companies,” etc. These
combinationsof termsaremorelikely to occurin usefuldoc-
umentsthanin uselessdocumentsfor the Headquarters re-
lation. Our goal now is to automaticallygeneratequeries
to retrieve thedocumentssimilar to thosethattheextraction
systemmarked as Useful. Hence,the Useful and Useless
documentsreturnedby DocumentSampleserve asthe train-

4Alternatively, we could usethe extractioncon�denceassociatedwith
thetuples,if this informationis exportedby theinformationextractionsys-
tem.
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ing setto learnqueriesfor promisingdocumentretrieval.

2.4 Learning Queriesfor PromisingDocument
Retrieval

Givenasetof usefulanduselessdocumentsasthetraining
set,our goal now is to generatequeriesthat would retrieve
many documentsthat the information extraction systemE
will �nd useful,andfew thatE will not beableto use.The
processconsistsof two stages:(1)Convertpositiveandnega-
tiveexamplesinto anappropriaterepresentationfor training,
and(2) usethetrainingexamplesto generateanorderedlist
of queriesexpectedto retrievenew usefuldocuments.Later,
in Section2.5 we will seehow to submitthe queriesto the
databaseto retrievepromisingdocuments.

2.4.1 RepresentationFeaturesfor Training Examples
For training,we remove any extractedtupleattributesfrom
the documents.For the currentexperiments,we usewords
asfeaturesto representthe training examples,andwill not
rely on othermoreadvancedqueryfeaturessuchasproxim-
ity operatorsor word “stems.” Of course,if suchadvanced
features(or alternativequerymodels)areavailable,wecould
applyoursamegeneralapproachandtailor it to thequeryin-
terfaceof choice.In thefuture,weplanto experimentfurther
with alternative documentfeatures,suchasword phrasesor
setsof wordswithin awindow.

2.4.2 Generationof Queriesfr om Examples
We now turn to the generationof queriesto retrieve use-
ful documentsfrom the database.The problemof retriev-
ing documentssimilar to a givensetof “relevant” examples
hasbeenstudiedextensively in boththeinformationretrieval
andthe machinelearningcommunities.In this section,we
discusshow we adaptwell-establishedsolutionsfrom both
communitiesto our (non-standard)problem. We �rst con-
siderquerygenerationasan IR automaticqueryexpansion
problem,usingastate-of-the-arttermweightingscheme.We
thenintroducequerygenerationtechniquesthat exploit the
outputof two machine-learningtext classi�ers. Finally, we
presenta hybrid querygenerationtechniquethat combines
thelearnedqueriesfrom all of theabovemethods.

Okapi: As a �rst querygenerationstrategy, we exploit
a state-of-the-artterm weightingschemefrom IR, from the
Okapi retrieval system[24]. While therearemany promis-
ing alternativesto this weightingschemein theIR literature
(e.g.,[29, 26]), we choseOkapibecauseit hasbeendemon-
stratedto performwell, is naturallywell suitedto our task,
andis relatively straightforwardto implement.Incorporating
alternative informationretrieval techniquesinto our system
is easyanddoesnot requirechangesto ourmodel.

To predict which termsare most likely to retrieve use-
ful documents,wecomputethetermselectionweight[24] of
eachtermin thetrainingset.Thetermswith thehighestposi-
tiveweightaremostlikely to appearin usefuldocumentsand

not in theuselessones.First,eachtermt i in thedocumentis
assignedtheRobertson-SparkJonestermweightw(1)

i [25]:

w(1)
i = log

(r + 0:5)=(R � r + 0:5)
(n � r + 0:5)=(N � n � R + r + 0:5)

wherea documentis relevant if it wasmarkedusefulby the
extraction system,r is the numberof relevant documents
containingt i , N is thenumberof documentsin thedocument
sample,R is thenumberof relevantdocuments,andn is the
numberof documentscontainingt i . Intuitively, this weight
is high for termsthat tendto occur in many relevant docu-
mentsandfew non-relevantdocuments,andis smoothedand
normalizedto accountfor potentialsparsenessof the train-
ing data.Then,wecomputethequeryselectionweightwi of
eachtermt i asdescribedin [24] for automaticqueryexpan-
sion,wi = r � w(1)

i , wherer andw(1)
i arede�ned above. The

termsaresortedin descendingorderby wi , and�nally we
de�ne one-word queriesconsistingof eachtop-rankedterm
individually.

Ripper: As a secondquerygenerationstrategy, we ex-
ploit a highly-ef�cient rule-basedtext documentclassi�er,
Ripper[8]. Ripperlearnsconciserulessuchas“basedAND
company! Useful,” whichindicatesthatif adocumentcon-
tainsboth term basedandterm company, thenit shouldbe
declared“useful.” After Rippergeneratesclassi�cationrules,
wesorttherulesin descendingorderof theirexpectedpreci-
sion,calculatedastheratio of positive examplesto thetotal
examplesthatmatchtherule. (This informationis partof the
Ripperoutput.)Therulesarethentranslatedinto conjunctive
queriesin the searchenginesyntax. For example,the rule
abovemightbetranslatedto query“basedAND company.”

Support Vector Machines (SVMs): As a third query
generationstrategy, we exploit anotherfamily of classi�ers,
SVMs,which have beenshown to performwell in text clas-
si�cation [18]. To �lter out noise,we prunethesetof words
usedin trainingby discardingthosethatoccurin fewer than
1%, or in morethan99%of thetrainingexamples5. We use
a freely-available ef�cient implementationof linear-kernel
SVMs[18]. To generaterulesfrom SVM featureweights,we
computetheminimalsetsof wordsthatarecollectively suf-
�cient to imply a positive classi�cationof a document[15].
The result of this processis a set of “rules” similar to the
Ripperoutput.

QCombined: Okapi, Ripper, and SVM all use differ-
ent learningmodels,and the queriesthat they generateof-
tenhave little overlapacrosstechniques.We canexploit this
observationto improvetherobustnessof QXtractby combin-
ing therankedquerysetsgeneratedby eachquerygeneration
strategy. Speci�cally, we merge the query ranksgenerated

5Basedon our experimentswith linear-kernel SVMs on the training
database,we additionallyrestrictthedocumentfeaturesto thewordsin the
immediatecontext (i.e., within the sameline in theoriginal documentfor-
matting)of theextractedtuples.
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by Okapi, Ripper, andSVM in a round-robinfashion:The
�rst query in the merged rank is the highest-ranked query
generatedby Ripper, followed by the highest-ranked query
generatedby SVM, andsoon6.

2.5 Querying for PromisingDocuments

We describedabovehow to generatequeriesthatareused
to retrieve the �nal setof promisingdocumentsfrom which
the informationextractionsystemof choicewill extract tu-
ples.Thesizeof thisdocumentsethasadirectimpactonthe
qualityof theextractedrelation.

We assumethat, for ef�ciency considerations,we have a
prede�nedupperboundMaxFractionRetrieved onthefrac-
tion of thedatabaseD all thatwe arewilling to retrieve. The
higher this upperbound, the more completethe extracted
relation is likely to be. We submit the queries(generated
and ranked as in Section2.4.2) to the documentdatabase,
oneat a time. For eachquery, thedatabasereturnsthedoc-
umentidenti�ers (e.g.,URLs) of the matchingdocuments.
We retrieve thepreviously unseendocumentsuntil themax-
imum numberof resultsper query, MaxSearchResults, is
reached7. We keepthe running total of all documentsre-
trieved to avoid exceedingMaxFractionRetrieved. After
this boundis reached(or thereare no more documentsto
retrieve usingour queries),all retrieved documentsare re-
turnedastheoutputof QXtract. Thesepromisingdocuments
arethenusedasinput to the informationextractionsystem,
whichextractsthe�nal approximationof thetargetrelation.

3 Experimental Setting

We now reportthemetricswe useto evaluatethealterna-
tive querymethods(Section3.1). Then,we describethe in-
formationextractionsystems(Section3.2)andthetwo target
relationsthatweusein ourexperiments(Section3.3).Later,
we specifythetrainingandtestdatabases(Section3.4),and
concludeby describingthevariousqueryingtechniquesthat
wecompare(Section3.5).

3.1 Evaluation Methodologyand Metrics

As we discussed,our goal is to approximatetheRall re-
lation with all tuplesthat couldbe extractedthroughan ex-
haustive scanof thedatabaseD all (Section2.2). In contrast
to exhaustive scanning,QXtract retrievesa promisingsetof
documentsD , from whichtheinformationextractionsystem
obtainsa relationR to approximateRall . We thenevaluate
thedocumentretrieval methodbasedonR andD. Oureval-
uationfocuseson: (1) how closelyR approximatesRall , and

6More sophisticatedwaysof combiningthe generatedqueriesarepos-
sible(e.g.,to eliminateredundancy acrossqueries),andwe planto explore
someof themin our futurework.

7Many searchengineshave a prede�nedlimit on themaximumnumber
of resultsperquerythatthey return.

(2) how “useful” thedocumentsin D areonaverage8:
Recall: Thepercentageof theRall tuplesthatwerecaptured
in R is Recall= jR \ R all j

jR all j � 100%. Rall is computedby run-
ning theinformationextractionsystemovereverydocument
in theDall database.
Precision: Thepercentageof documentsin D thatwereuse-
ful for extractingR is Precision= jD \ U j

jD j � 100%, whereU is
thesubsetof D from which theextractionsystemmanaged
to extracttuples.

Note that we are not using Recall and Precision in a
strictly standardway. Our recall measureis basedon the
percentageof the tuples in Rall correctly extracted,while
our precisionmeasuresthe percentageof usefuldocuments
within theretrieveddocumentset. Intuitively, thedocument
retrieval methodhastwo purposes:the �rst is to extract a
closeapproximationof Rall , while the secondis to do so
ef�ciently, i.e., by retrieving few documents.The mostdi-
rectmeasureof successin the �rst taskis thepercentageof
Rall tuplesthatareactuallyextractedfrom thedocumentsre-
trievedby QXtract. Thesuccessin thelattertaskis naturally
measuredat thedocumentlevel, aswe feedthe information
extractionsystemonedocumentat a time, andgain oneor
more tuplesfor R if the documentis useful. If the docu-
ment is useless(i.e., no tuplesareextracted),the resources
requiredto retrieve and processthe documentare wasted.
Therefore,a largerfractionof theusefuldocumentsretrieved
translatesto a higheref�ciency of extraction,asquanti�ed
by our precisionmeasure.

To complementthe study of the ef�ciency of our tech-
niques,in Section4 we also report on the actual time re-
quired to extract an approximationof Rall from the docu-
mentsretrievedby QXtract, ascomparedto thetimerequired
to extractRall from thecompletedatabase.

3.2 Target Inf ormation Extraction Systems

The designof QXtract is generalin that we canuseany
informationextractionsystemaslongasit supports(through
a wrapper)thesimpleinterfacedescribedin Section2. For
our experiments,weconsiderthreeextractionsystems:
(1) DIPRE [5], whichusesasimplebootstrappingalgorithm
startingwith ahandfulof user-providedseedtuples.
(2) Snowball [3], which is an extensionof DIPRE that in-
cludesautomaticpatternandtupleevaluationto improvethe
quality of theextractedtable.
(3) Proteus[17], which is a sophisticated,manuallytrained
informationextractionsystemfrom NYU9.

8We do not considertheabsoluteaccuracy or “quality” of theextracted
tuples. Rather, we focuson how closelywe approximatethe bestpossible
relationthatcanbeproducedby a giveninformationextractionsystem,if it
hadexaminedevery documentin thedatabase.

9While theProteussystemis not publicly distributed,we wereallowed
to useaninstancethatwastunedfor extractinginfectiousdiseaseoutbreaks,
with kind help andpermissionfrom RomanYangarber, Ralph Grishman,
andSilja Hattunen.
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Headquarters DiseaseOutbreaks
Organization Location DiseaseName Location

Microsoft Redmond Malaria Ethiopia
Exxon Irving Typhus Bergen-Belsen
Boeing Seattle Flu TheMidwest
IBM Armonk Mad Cow Disease TheU.K.
Intel SantaClara Pneumonia TheU.S.

Figure5. Initial seedtuplesprovided to QXtract for extract-
ing theHeadquarters andtheDiseaseOutbreaksrelations.

Thethreesystemsabovearerepresentativeof thestateof
the art in information extraction, and rangefrom a simple
strategy with minimal manualtraining (DIPRE) to a highly
sophisticatedstrategy with extensive manualtraining (Pro-
teus).

3.3 TargetRelationsfor Extraction

Weevaluatetheperformanceof QXtractontheextraction
of two relations,with theinitial seedtuplesof Figure5:
Headquarters(Organization,Location), as de�ned in Sec-
tion 2.1. TheattributesOrganizationandLocationareused
for querying for sampledocuments. We use DIPRE and
Snowballto extractthis relation.

DiseaseOutbreaks(DiseaseName, Location, Country,
Date, : : :). Each tuple < n, l, c, d, : : : > (e.g., < “Mad
Cow Disease”,“The U.K.”, “U.K.”, “3/27/1996”, : : : > )
correspondsto an outbreakof a diseasen in a locationl of
a countryc, on dated, andother attributesthat we do not
discusshere for brevity. The attributesDiseaseNameand
Locationareusedfor queryingfor sampledocuments.We
useProteusto extractthis relation.

3.4 Training and TestDatabases

Our training databaseconsistsof 137,893documents
from the �rst nine monthsof the 1996 New York Times
archive10. Thetest databaseconsistsof 135,438documents
from the 1995 New York Times archive. For our experi-
ments,we indexedthe trainingandtestdatabasesusingthe
Glimpsesearchengine.GlimpsesupportsaBooleanretrieval
model with no documentranking. Queriesspecify either
exact phrases(which do not ignore punctuation)or single
words11.

3.5 Alter nativeDocumentRetrieval Methods

We experimentallycomparea numberof alternativesto
retrievepromisingdocuments:
QXtract: This is thetechniquedescribedin Section2, whose
parameters(tunedusingthe training databaseandsumma-
rizedin Figure7) includeMaxSampleSize, MaxSeedResults,

10Available as part of the North AmericanNews Text Corpusfrom the
LinguisticDataConsortiumathttp://www.ldc.upenn.edu .

11Glimpsealsosupportslimited regular expressionmatching,which we
donotexploit.

andthequerygenerationstrategy.
Tuples: This techniqueusestuples to retrieve promising
documents.TuplesproceedsessentiallyasprocedureDoc-
umentSamplein Section2.3,with thedifferencethatTuples
doesnotretrievetherandomdocumentsamplein Step1. The
modi�ed versionof DocumentSamplecontinuesto extracttu-
plesto useasqueriesuntil a fractionMaxFractionRetrieved
of thedatabasehasbeenretrieved.Weincludethis technique
in the experimentalevaluationto study the bene�ts of QX-
tract'squerygenerationstage,which is missingin Tuples.
Baseline: Thissimplebaselinetechniquereturnsarandomly
chosenfraction MaxFractionRetrievedof the databasedoc-
uments,andprocessesthemusinga previously trainedex-
tractionsystem.Thedocumentsample,if any, thatwasused
to train theextractionsystem,is not countedtowardsthere-
trieveddocumentquotafor Baseline.
Manual: This techniqueis basedon hand-crafted�lters.
We implementthis strategy only for extractionof the Dis-
easeOutbreaksrelation,usingmanuallyconstructedqueries
basedon the �lters provided to us by the developersof the
Proteussystem.Thesearethecurrent�lters thatareapplied
to documentsbeforerunningProteuson them12. The �lters
were convertedto the closestphraseand Booleanqueries.
In Figure13 we show a sampleof theautomaticallylearned
queriesgeneratedby QXtract that weresomewhat closeto
theManualqueries.We do not apply this techniquefor the
Headquarters relation,for which we did not have an exter-
nally providedsetof manuallyconstructedqueriesor �lters.
Patterns: This techniqueexploits the terms in the extrac-
tion patternsgeneratedby the information extraction sys-
tem over the trainingdocuments,if available. For instance,
one of the examplepatternsfor extracting the Headquar-
ters relation in Figure 1 is “< ORGANIZATION> , based
in < LOCATION> ”. We canconstructa query“based in”
from this pattern,since this phrasewill have to appearin
any documentthatmatchestheextractionpattern.(Notethat
we cannotusethe named-entitytagsLOCATION and OR-
GANIZATIONin thequeriessincesuchtagsaretypically not
acceptedasqueryfeaturesby standardsearchengines.)For
Snowball, theextractionpatternsarenot phrases,but rather
unorderedvectorsof terms.In this case,eachpatternis con-
vertedto a conjunctive querywith all the termsin the pat-
tern. An advantageof thePatternsstrategy is its simplicity:
queriesarereadilyderivedfrom theextractionpatterns,with-
out further training. A disadvantageof this approachis that
theassociatedqueriesmight betoo broad,asin theexample
above,or toospeci�c, andretrievetoofew usefuldocuments.
Also, extraction patternsvary considerablyby information
extractionsystem(Section2.2), which makesthis approach

12Note that these�lters were originally conceived to be appliedto ev-
ery availablenews documentbeforerunningProteus. The �lters werede-
signedprimarily to maximizethe recall of theextractionsystem,with less
importancegivento precisionof theresultingdocumentset(i.e.,processing
potentiallyuselessdocumentswasacceptable).
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RelationandExtractionSystem % jUsefulj jRall j jD all j
Headquarters: Snowball 23 24,536
Headquarters: DIPRE 22 20,952 135,438
DiseaseOutbreaks:Proteus 4 8,859

Figure6. Thetest databasestatistics.

Parameter Value Description
MaxSampleSize 2,000or 5,000 if MaxFractionRetrieved� 5%

then2,000;otherwise5,000
MaxSeedResults 50 Max. documentsretrievedper

individual seedtuple
NumSeeds 1,000 Max. new seedtuplespicked
Querystrategy QCombined Querygenerationstrategy
MaxSearchResults 1,000 Max. documentsretrievedper

individual query

Figure7. Final con�guration of QXtract asusedfor evalua-
tion on thetestdatabase.

not generallyapplicable. For example,sophisticatedinfor-
mationextractionsystemsincorporatesyntacticinformation
into theextractionpatterns(e.g.,parsinginformation),which
typically cannotbeusedfor querying.We implementedthe
Patternsstrategy only for DIPRE and Snowball: the Pro-
teuspatternsexploit speci�c syntacticrelationshipsbetween
terms,so they arenot easilyconvertedto regularsearchen-
ginequeries.

4 Experimental Results

In this section,we evaluateour techniqueson the test
database(Section3.4). The statisticsfor the occurrenceof
tuplesin the target relationsin thesedatabasesaresumma-
rizedin Figure6. Thesestatisticsweregeneratedby running
eachextractionsystemover the completedatabasein order
to generateRall . This exhaustive extractionprocesslasted
for many daysfor oneof theextractionsystems.As we can
see,the tuplesin the Headquarters relationasextractedby
Snowballfrom the test databasearerelatively frequent: tu-
ples for this relationoccur in approximately23% of all of
thedocumentsin thedatabase.In contrast,theDiseaseOut-
breakstuplesoccur in lessthan4% of the documents.As
we will see,QXtract exhibits the greatestgainsin extrac-
tion ef�ciency for this kind of sparserelation, where it is
challengingto identify thefew documentswith usefulinfor-
mation.However, QXtractsigni�cantly improvestheextrac-
tionperformanceonbothtypesof relation,demonstratingthe
robustnessof our techniques.The experimentsin this sec-
tion were run using the QXtract con�guration summarized
in Figure 7. This con�guration was determinedby tuning
thesystemover thetraining database(Section3.4),andwe
do not report further detailsdueto spacelimitations. Note
thatthedocumentsamplingandquerylearningareautomat-
ically performedfrom scratchon thetest databaseaspartof
theQXtract method,while thepurposeof thesystemtuning
over the training databasewassolely to setthebestvalues
for theparametersin Figure7.
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Figure8. Recall (a) andprecision(b) of QXtract, Patterns,
Tuples, andBaselineoverthetestdatabaseusingSnowballas
theinformationextractionsystem(Headquarters relation).

Extraction of the Headquartersrelation: Figure8 shows
theperformanceof thealternative documentretrieval meth-
odson the test databasewith Snowballas the target infor-
mationextractionsystem. Overall, the QXtract andTuples
strategies have the best recall. For example, Figure 8(a)
shows that whenQXtract returns10% of the databasedoc-
uments,Snowballmanagesto extract about21% of the tu-
ples in Rall from this reduceddocumentset. Furthermore,
Figure8(b) shows that 35% of the retrieved documentsare
actuallyuseful,meaningthat Snowballmanagedto extract
Headquarters tuplesfrom them. By comparison,Tuplesex-
hibitshigherprecisionof 46%,while therecallremainssim-
ilar to thatof QXtract: many of thetuplesusedfor querying
for new documentsby Tuplestendto occurin multipledoc-
uments,causingSnowballto extract thesetuplesrepeatedly
from the retrieveddocuments.As a result,2,276out of the
5,339tuplesextractedfrom the documentsretrievedby Tu-
pleswereextractedrepeatedlyfrom multiple documents.In
contrast,only 1,292of the 5,213tuplesextractedfrom the
documentsretrieved by QXtract camefrom multiple docu-
ments.Thereasonfor thehigh recallof theTuplesstrategy
is thatmany of thedocumentscontainmultipleHeadquarters
tuples,allowing thetuple-basedqueryingto retrievemany of
the usefuldocumentsin the database.However, suchtuple
distributioncannotbegenerallyexpectedand,aswewill see,
QXtract is themostrobustmethodoverall. Interestingly, the
Patternsstrategy13 is only able to retrieve 11% of the doc-
umentsin the test database,which resultsin the maximum
recallof 21%. Snowballgeneratesabout50 patternsfor ex-
tracting the Headquarters relation, and approximatelyhalf
of theseresultedin valid queries.Furthermore,noquerywas
allowed to retrieve morethan1,000documents(simulating
a commonpolicy of web searchengines),which prevented
someof thepotentiallyproductiveSnowballPatternsqueries

13Many automaticallygeneratedSnowballpatternsrely onstopwordsand
punctuationto extractHeadquarters tuples,andthewordsthatcomprisethe
patternsarenot ordered,or contiguous.As a result,Snowballpatternsare
not expressibleasphrasequeries.Sinceour searchengine,Glimpse, does
notsupportproximity queries,weomit thestopwordsandpunctuationwhen
queryingfor Snowballpatterns.
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Patterns QXtract
of�ce releases

High unit company AND unit AND week
recall headquarters companiesAND

largestAND including
High brokerageAND companiesAND basedAND

precision chattingAND of�ce assetsAND rose
Low includingAND issues

precision supermarkets

Figure 9. Some Snowball Patterns and QXtract queries
(Headquarters relation; MaxFractionRetrieved = 10% of
jD all j).

to retrieve all matcheddocuments.Figure 9 reportssome
PatternsandQXtract queries.QXtract queriesappearto be
moretopical,resultingin higherrecallof Snowballover the
retrieved documents.For this extraction task, the Baseline
strategy performsrelatively well, becauseHeadquarters is a
“dense”relationwith 23%of thedocumentsin thedatabase
beinguseful,asdiscussed.

To evaluatethegeneralityandrobustnessof ourapproach,
we run thesameQXtract con�gurationreportedin Figure7,
but now usingDIPREastheunderlyinginformationextrac-
tion system.Figure10 summarizesthe recall andprecision
results,which areconsistentwith the resultsfor Snowball.
Figure11 reportssomePattern andQXtract queries. Note
thatthePatternsqueriesfor DIPREweretreatedasconjunc-
tionsof oneor morephrases, requiringexactstringequality
(including punctuation)for a successfulmatch. As we see
in Figure11, DIPRE's Patternsqueriesarehighly speci�c.
This preventsPatterns from retrieving more than 10% of
thedatabase,resultingin relatively low recall(Figure10(a)),
while maintainingrelatively high precision(Figure10(b)).

To summarizetheresultsfor thedenseHeadquarters re-
lation,QXtract andTuplesperformedbestoverall: thedocu-
mentsetsthat they retrieve resultin signi�cantly betterpre-
cisionandrecallthanrandomdocumentsamples.Thisholds
for boththeSnowballandDIPREinformationextractionsys-
tems.However, therecallvaluesof all techniquesseemlow
whenthey retrieve modestfractionsof the testdatabase:as
discussed,thislow recallisdueto thefactthatalargefraction
of thedocumentsin thetestdatabaseareusefulfor extracting
theHeadquartersrelation.

Extraction of the DiseaseOutbreaksrelation: To further
test the generalityof our approach,we evaluatedthe per-
formanceof QXtract and the other techniqueson the Dis-
easeOutbreaksrelation(Section3.3). Theresultson thetest
databaseareshown in Figure1214. DiseaseOutbreaksis a
“sparse”relation, with tuplesoccurringin a much smaller
fraction of the testdatabasethanis the casefor Headquar-
ters: lessthan4% of the testdatabasedocumentsareuseful

14This �gure is a revisedversionof the onethat appearedin the ICDE
2003proceedings.

(a)
 (b)


0


5


10


15


20


25


30


35


40


45


5%
 10%
 15%
 20%
 25%


re
ca

ll 
(%

)


QXtract

Patterns

Tuples

Baseline


MaxFractionRetrieved (% |Dall|)


20


25


30


35


40


45


50


55


60


65


5%
 10%
 15%
 20%
 25%


pr
ec

is
io

n 
 (

%
)


QXtract
 Patterns

Tuples
 Baseline


MaxFractionRetrieved (% |Dall|)


Figure10.Recall(a) andprecision(b) of QXtract, Patterns,
Tuples, andBaselineover the test databaseusingDIPREas
theinformationextractionsystem(Headquarters relation).

Patterns QXtract
“, basedin ” releases

High “is basedin ” company AND basedAND
recall stockAND agreed

“, of ” company AND basedAND
acquisitionAND buy

High “, abiotechnology company AND basedAND
precision company basedin” largestAND shareAND

buy AND big
Low “, the” reports

precision

Figure 11. Some DIPRE Patterns and QXtract queries
(Headquarters relation; MaxFractionRetrieved = 10% of
jD all j).

for extracting this relation(Figure6). The performanceof
QXtract for this scenariois remarkable:for example,when
QXtract retrievesonly 5% of the databasedocuments(i.e.,
MaxFractionRetrieved = 5%), Proteusmanagesto extract
48%of thetuplesin Rall (Figure12(a)).Figure12(b)shows
that29%of thedocumentsretrievedby QXtract areactually
useful, meaningthat Proteusmanagedto extract Disease-
Outbreakstuplesfrom them. In contrast,theBaselinestrat-
egy exhibits theexpectedrecall andprecisionfor a random
sampleof 5% of thedatabasedocuments.Unlike theresults
for the Headquarters relation, the Tuplesstrategy performs
worsethanQXtract for DiseaseOutbreaks. Using the same
seedtuplesastheQXtract strategy, Tuplesis ableto retrieve
lessthan5% of thedocumentsin thetestdatabase,resulting
in 46%recall.

QXtract also performs better than the Manual strat-
egy, and requiresno humaninvolvementto generatethese
queries. For example,when Manual retrieves 10% of the
databasedocuments,Proteusmanagesto extract50%of the
tuplesin Rall (Figure12(a)). In comparison,Proteusman-
agesto extract60%of theRall tuplesfrom thedocumentset
of thesamesizeretrievedbyQXtract. Figure13reportssome
Manual andQXtract queries. For this extractiontask,QX-
tract approximatescloselysomeof theManualqueries,but
includesmore speci�c words discoveredduring the Docu-
mentSampleprocedure (e.g.,“ebola”). This resultsin higher
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Figure 12. Recall (a) and precision (b) of QXtract, Tu-
ples, Manual, Manual+QXtract, andBaselineover the test
databaseusingProteusas the target informationextraction
system(DiseaseOutbreaksrelation).

recall thanmanuallyconstructedqueries,which weredevel-
opedwithout thebene�t of analyzingthetestdatabase.

The tradeoff betweenthe completenessof the extracted
relationandthe numberof documentsretrieved is apparent
in Figure12(a): retrieving a largersetof documentsallows
Proteusto extract a closerapproximationof Rall . For ex-
ample, to extract an additional12% of the Rall tuplesaf-
ter extracting48%of Rall from 5% of thedatabaserequires
that QXtract retrieve an additional5% of the databasedoc-
uments. This tradeoff betweenrelation completenessand
extractionef�ciency can be managedby the userto incre-
mentally extract the target relation by increasingthe value
of the MaxFractionRetrievedparameter(therebyretrieving
additionaldocuments)until the extractedrelation is “suf�-
cientlycomplete.”

We alsoexploredcombiningtheexisting Manualqueries
with QXtract queries,resultingin a hybrid strategy to which
wereferasManual+QXtract. Wesubmitthesequeriesoneat
atime,alternatingbetweenQXtractandManualqueriesuntil
thedesiredfractionof thedatabaseis retrieved.Figure12(a)
showsthataddingManualqueriesto QXtract resultsin only
a slight improvementin the quality of the retrieved docu-
ments.

In summary, the resultsfor the sparseDiseaseOutbreaks
relation show that QXtract accuratelyidenti�es the useful
documentsin the test database,allowing Proteusto extract
the closestapproximationof Rall for all fractions of the
databaseretrieved.Dependingon theMaxFractionRetrieved
parameter, QXtract allows Proteusto extract between48%
and74%of thetuplesin Rall , while retrieving only between
5% and25% of the documentsin the testdatabase.Over-
all, QXtract emergesasthemostrobusttechnique,perform-
ing well on boththedenseHeadquarters relationandon the
sparseDiseaseOutbreaksrelation.
Actual Running Times: To further illustrate the perfor-
manceadvantageof usingQXtract, we computedtheactual
running times for extracting tableswith and without QX-
tract. Theexperimentswererun on 1 GHz PentiumIII ma-

Manual QXtract
virus diseaseAND died

High recall infected virus
infection infected

High precision “outbreakhadspread” virus AND ebolaAND recent
Low precision “new caseof” health

Figure13. SomeManualandQXtract queries(DiseaseOut-
breaksrelation,MaxFractionRetrieved= 10%of jD all j).

chinesrunningLinux RedHat7.1. Thespeedupachievedby
QXtract is remarkable:Runningthe Proteussystemto ex-
tract the DiseaseOutbreaksrelation from the completetest
databaserequiredover 15 daysto �nish. In contrast,our
QXtract-basedapproachrequired0.83and1.45daysto ex-
tract,respectively, 48%and60%of theRall tuplesfrom the
5% and 10% retrieved fractionsof the test database.Us-
ing QXtract for extracting the Headquarters relationusing
SnowballandDIPREalsoresultedin ef�ciency gains.Over-
all, QXtract emergesasa highly effectiveandef�cient tech-
niquefor extractingrelationsfrom largetext databases.

5 Conclusions

In this paper, we developedan automatictechniquefor
generatingqueriesto retrieve documentsthatarepromising
for theextractionof a target relation. We demonstratedthat
ourmethodis generalandef�cient throughacomprehensive
experimentalevaluationover morethan270,000real docu-
ments.Our techniquesallow for signi�cant improvementin
extractionef�ciency in thenumberof documentsprocessed:
for the Headquarters relation, QXtract retrieves document
setsallowing SnowballandDIPREto approximatethetarget
relationsigni�cantly betterthanBaseline. For theDisease-
Outbreaksrelation, the improvementis dramatic: QXtract
allowsProteusto extract48%of thetuplesin thetargetrela-
tion when retrieving only 5% of the documentsin the test
database.HenceQXtract will help deploy existing infor-
mationextractionsystemsat a larger scaleandfor a wider
rangeof applicationsthanpreviouslypossible.In additionto
improving ef�ciency of extraction,our automaticquerying
techniquescanbe usedto extract a target relation from an
arbitrary“hidden-web”databaseaccessibleonly via asearch
interface[2]. As anotherexample,our techniquescould be
usedto exploit information behinda standardweb search
engine,henceproviding a building block for scalableand
portableinformation extraction over the web at large. We
planto evaluateQXtract in thesescenariosaspartof our fu-
turework.
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