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Abstract

Awealthofinformationis hiddenwithin unstructuedtext.
This informationis oftenbestexploitedin structued or re-
lational form, which is suitedfor sophisticatecquery pro-
cessing for integration with relational databasesand for
datamining Currentinformationextraction techniquesex-
tractrelationsfroma text databaseby examiningeverydoc-
umentin thedatabaseor use Iter sto selectpromisingdoc-
umentsfor extraction. The exhaustivescanningapproac
is not practical or even feasiblefor large databasesand
the current ltering techniquesrequire humaninvolvement
to maintainandto adoptto new databasesnd domains.In
this paper we developan automaticquery-basedecnique
toretrievedocumentsisefulfor theextractionof userde ned
relationsfrom large text databaseswhich can be adapted
to new domainsdatabasesgr target relationswith minimal
humaneffort. We reporta thoroughexperimentalevaluation
over a large newspaperarchive that showsthat we signi -
cantlyimprove the ef ciency of the extraction processhy fo-
cusingonly on promisingdocuments.

1 Intr oduction

Text documentften hide valuablestructured data For
example, a newspaperarchive containsdatathat might be
usefulto analystswho want to track meigersand acquisi-
tions, or to governmentagencieghatareinterestedn mon-
itoring andtracing backinfectiousdiseaseoutbreaksasre-
ected in the news. Informationextractionsystemsproduce
astructuredepresentationf theinformationthatis “buried”
in unstructuredext documentsImproving the ef ciency of
information extraction systemsover large text databasess
thefocusof this paper

In general state-of-the-arextractionsystemdq16] apply
mary rules over eachavailable text segmentto determine
whetherthe sgmentcan be usedto Il a value of an at-
tribute in a tuple. Therefore,processingeachdocumentis
relatively expensve,andtypically involvessereralstepssuch
as named-entitytagging (e.g., identifying personnamesor
dates) syntacticparsing,and nally rule matching.This ap-
proachis not feasiblefor large databasesor for the web,
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when it is not realistic to tag and parse,or even simply

scan, every available document. For example, one highly

optimizedstate-of-the-arinformation extraction systemre-

quiresover 9 seconddo processan average-sizedhenspa-
per article on a high-endworkstation. As a result,over 15

daysof processingime arerequiredfor a 135K document
archive. With documentdatabassizecommonlyexceeding
millions of documentsprocessingime is becominga bot-

tleneckwhen exploiting information extraction technology
for any time-criticalapplicationsor for leveragingextracted
informationwith relationaldatabases.

Previous approachedor addressinghe high computa-
tional costof informationextractionresortedo document!-
teringto selecthedocumentshatdeserefurtherprocessing
by the informationextractionsystem.This Itering still re-
quiresscanninghecompletedatabas#o considereverydoc-
ument. Alternative approachesisedkeywordsor phrasess
Iters (which could be corvertedto queries)}thatwereman-
ually craftedandtunedby theinformationextractionsystem
developersaswe will discuss.

In this paperwe addresshe scalabilityof informationex-
traction systemsin a principled and generalmanner We
introduceautomaticquery-basedechniqueso identify the
databas@ocumentshatarepromisingfor theextractionof a
relationfrom text by anarbitraryinformationextractionsys-
tem, while assumingonly a minimal seach interfaceto the
text databaseOur techniquesnake it possiblefor aninfor-
mationextractionsystento operateoverlargetext databases,
oreventheweb,by rst retrieving thesetof documentsvorth
analyzingandthenproceedingvith theusualextractionpro-
cessoverthis smallerdocumentset.

Our approachautomaticallydiscorersthe characteristics
of documentghat are useful for extraction of a target re-
lation, startingwith only a handful of userprovided exam-
ples of tuplesof the relation to extract. Using thesetu-
ples, our systemretrievesa sampleof documentfrom the
databaseBy runningtheinformationextractionsystemover
the documentsye identify which documentsare usefulfor
the extractiontaskat hand. Then,we apply machinelearn-
ing andinformationretrieval techniquego learnquerieshat
will tendto matchadditionalusefuldocumentsFinally, the



documentghat areretrieved with theselearnedqueriesare
processety theinformationextractionsystento extractthe
nal relation.

Contributions: The key contribution of this paperis our
unsupervisedjuery-basednethodfor retrieving usefuldoc-

umentsfor informationextractionfrom large text databases.

Our methodrequiresthe documentdatabaséo supportonly
aminimal queryinterface,andis independenof the choice
of informationextractionsystem.Furthermorepur method
couldbeusedto querya standardveb searchengine,hence
providing infrastructurefor ef cient information extraction
from thewebatlarge.

Related Work:  Information extraction haslong beenthe
focusof active researchThemainemphasi®f thisresearch,
notablyin thecontet of the MessagdJnderstandin@onfer
encegMUCSs)[1], hasbeernonthequality of theextractedre-
lation. In contrastpurwork assumesa giveninformationex-
tractionsystem,andfocuseson retrieving a relatively small
setof documentghatwould allow the extractionof a close
approximatiorof thetargetrelationef ciently .

A relatedproblemis questionanswering Questionan-
sweringsystemsattemptto nd answerdo naturallanguage
guestionsn collectionsof text documents. Thesesystems
typically processeachquestionindividually [28]. In our
scenario,we are interestedin extracting a completerela-
tion (i.e., all tuplesin therelation). The extractedrelation
canbe viewed as a setof prepared‘answers”for a partic-
ular classof questions(e.g., “What is the location of the
headquartersf X ?”). While questionansweringechniques
may be usefulfor retrieving speci c tuplesin thetargetrela-
tion (e.g.,[4, 20Q)), the problemof retrieving documentghat
collectively containthe completerelation hasnot beenad-
dressedn the question-answeringterature, to the bestof
our knowledge.

Our work is also relatedto recentresearchon focused
web crawling (e.g., [6]), which addresseshe problem of
fetchingweb pagesrelevantto a giventopic. Our proposed
techniqueis tunedfor information extraction, and operates
over ary searchableext databasewhetherits contentsare
“crawlable” or not. Recentwork [23] addressethe problem
of crawling the“hiddenwely” the portion of theweb hidden
behindsearctorms. Ourgoalis different: we attemptto ex-
tractthemostcompleterelationfrom thetext database&vhile
retrieving asfew documentsis possible

Onesubtaslof theMUC evaluationstext ltering , is rel-
evantto our work. In thattask, eachparticipatingsystem
would judge which of the documentsare relevant for the
extractionscenario[1]. Documentscanbe ltered at vari-
ousstageof the extractionprocesg21]. Somesystemg9]
classi ed input documentdasedon singlewordsandword
n-gramsprior to doing ary further processingwhile oth-
ers usedmanually constructeckeywords and phrase lters

to discarddocumentsTheclassi cation-base@pproactre-
quired manuallylabeleddocumentdor training the classi-
ers. Other systemsdeveloped lters from the extraction
patternsdevisedto extractthe targetrelation. In Section4,
we evaluatea relatedstrateyy thatusesqueriesderivedfrom
extractionpatterns.In contrastto thesetechniquespur goal
is to automaticallygeneratestandardsearch-engingueries
(and not more general lter s) that would retrieve only the
relevantdocumentgor anextractiontask.

Theevaluationpresentedn [12] usesideasrelatedto our
work. The authorsconsiderd manuallygeneratedkeywords
originally usedfor compiling the 100 testdocumentaused
in the MUC-6 evaluation. Thesekeywordswere submitted
to a web searchengineand the resultingdocumentswvere
processedy the extraction systemand evaluatedfor rele-
vancefor the extraction scenario. In a different setting of
compilingconferencéCalls for Papers’extractedfrom web
documents|19] usesacombinatiornof focusedcrawling and
manuallygeneratedjueriego retrieve promisingdocuments.
In Sectiond, we evaluatea relatedmanualquerystrateyy to
compareagainsour automaticquerygeneratiormethod.

The problemof retrieving documentghat are “relevant”
to a users information needhasbeenthe core focus of the
informationretrieval (IR) eld [27]. Althoughourproblemis
differentin nature we exploit state-of-the-artermweighting
and query expansionresults[24] from IR in the designof
onevariantof our system(Section2.4.2). Alternatively, the
characterizationf the usefuldocumentzouldbeviewedas
atraditionalclassi cationproblem.We explore a numberof
machinelearningtechniqueq8, 18] in the designof other
variantsof our system(Section2.4.2).

Several techniquesuse supervisedlearning to devise
queriesthat matchdocumentsabouta speci ¢ category of
interes15]. [7] constructedopic-speci cdirectoriesonthe
web by training a classi er with a labeledsetof documents
andthenderiving queriesto retrieve additionaldocuments.
Flake et al. [11] extractedcateyory-speci ¢ query modi -
cationsfrom a non-linearSVM classi er. Recently Ghani
et al. [14] presenteda techniquethatis similar in spirit to
our currentwork, but for a differenttask: identifying web
pagesin a “minority” language(e.g., Slovenian)by query-
ing a searchengine.Theirtechniquestartswith a setof web
pageghatarefedto alanguagedenti er andlabeledaspos-
itive or negative examples.This setof pagess thenusedto
derive Booleanqueriesthatwill tendto identify morepages
in the languageof choice,andthe processterates. In our
work, on ef cient informationextraction,we considerquery
generatiortechniquedasednatermweightingschemehat
is relatedto someof thetechniquesn [14], aswell asother
querygeneratiorstratgiesthatexploit machinéearningre-
sults.

The restof the paperis organizedasfollows. Section2
presentsur new documentetrieval methodin detail. Then,
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Figurel. Extractingtuplesfor the Headquartes relation.

Section3 summarizeghe generalexperimentalsetting, in-
cluding the evaluationmethodology metrics,and databases
we usedfor tuning and evaluatingour stratgly. Section4
reportstheresultsof anexperimentakvaluationof our tech-
nigue (andseveral otherstratgjies)on a large text database.
Finally, Section5 concludeghe paper

2 Retrieving Promising Text Documents

In this section,we presenta new, automaticmethodfor
generatingjueriego matchthedocumentshatareusefulfor
extractionof atargetrelation.Beforedescribingouridea,we
presenta brief overview of how informationextractionsys-
temswork (Section2.1). Then, we de ne the problemon
which we focusin this paperandthe overall architectureof
our QXtract: system(Section2.2). QXtract startsby retriev-
ing asmallsampleof document$rom atext databasendde-
terminingthosefrom which the extractionsystemis ableto
extracttuplesfor thetargetrelation(Section2.3). This sam-
ple is usedto provide examplesof usefulanduselessiocu-
mentsto our methodf generatingjueriego retrievethere-
mainingpromisingdocumentsn the databas¢Section2.4).

2.1 Overview of Information Extraction

Information extraction usually refersto identi cation of
instancesf particular eventsand relationshipsin unstruc-
turednaturallanguagedext documents.The extractedstruc-
tured recordscan be usedto populatea relationaltable for
answeringqueriesandrunningdatamining tasks. Thus,in-
formationextractionis a crucial stepfor fully exploiting nat-
urallanguagedocuments.

As an example of information extraction, considerex-
tracting a Headquartes(Omganization, Location) relation,
which containsa tuple< o;l > if organizationo hashead-
guarterdn locationl. Figurel showvs the basicstagesn the
extractionof atuplefrom adocumenfragment.We omit the
more sophisticategost-processingnd analysisperformed
by mary state-of-the-arinformation extractionsystemsas
thisis beyondthe scopeof this discussion(Referto [16] for
anin-depthdiscussion.)

1QxXtract standsfor Queryingfor eXtraction.

As one of the rst stagesof extraction, the input docu-
mentsare typically passedhrougha named-entitytagger,
which is ableto recognizeentities(e.g.,organizations|oca-
tions, and persons).Named-entitytaggingis a well studied
problem,with tools publicly availablefor themorecommon
entity types[10]. Theseentitiesare potentialvaluesof at-
tributesin the target relation. To nd relatedentities, the
taggeddocumentsare processedby applyingextractionpat-
ternsin the pattern matcing step. Thesepatternsmay be
manuallyconstructed30], automaticallylearned[31, 3], or
createdby usinga combinationof the two methods. Each
patternis appliedto eachtext fragment,instantiatingappro-
priate slotsin the patternwith entitiesfrom the document.
Theseentitiesare combinedinto candidateuples,andafter

ltering andpost-processingrereturnedasextractedtuples.

In the examplein Figure 1, a sampledocumentdoc4is

rst passedhrougha named-entitytaggerthat recognizes
person organization and location entities. The text frag-
mentcontainingentitiesof interestnamelyorganizationand
location, is matchedwith one of the extraction patterns,
“< ORGANIZATION>'sheadquartersn < LOCATION>",
instantiatingthe generic entity types with entities Apple
Computerand Cuperting respectrely. Finally, the tuple
< Apple Computer Cuperting> is generated.In Figure 1,
a check-marknext to a documentindicatesthat a tuple was
successfullyextractedfrom the document\We considersuch
documentsisefulfor theextractiontask.Also notethataddi-
tionalinformationmay be availablefrom the extractionsys-
tem. For example,the information extraction systemmay
assignaweightor con dence(W) to eachextractedtuple.

The extractionprocesutlinedabore is too expensve to
performon every documentn alargedatabaseBy focusing
only on potentially usefuldocumentswe can dramatically
improve the ef ciency andscalabilityof the informationex-
tractionprocessNext, we introduceQXtract, our automatic
techniquéor retrieving such“promising” documents.

2.2 Problem Statementand Notation

Considetthe problemof extractingarelationfrom alarge
databas®f text documents.Often, only a small fraction of
thedocumentgontaininformationthatis relevantto the ex-
tractiontask. Henceit is not necessaryor extractioncom-
pleteness-or desirablé€rom anef ciency viewpoint—to run
theinformationextractionsystemover every databaselocu-
ment. Furthermoreif ourdatabasés thesetof all webpages
indexed by a searchenginesuchasGoogle,thenit is virtu-
ally impossibleto scanevery pageto extracttuples.Forthese
reasonspurapproactzoomsin onthepromisingdocuments,
while ignoring the rest. We now statethe problemthat we
are addressingand introducethe notationthat we will use
in therestof the paper For our purpose a databaseanbe
eitherlocal (e.g.,a compary's archive of legal documents
or customere-mails)or remote(e.g.,theweb-accessibland
searchablarchive of anewspaper).
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Figure2. Thearchitectureof anef cient informationextrac-
tion systemthatidenti es promisingdocumentsvia query-

ing.

Problem Statement: We aregivenaninformationextrac-
tion systemE anda text documentdatabas® , , together
with a few exampletuplesof the relationto be extracted.
Let Ry denotethe instanceof the relation that would be
extractedfrom the entiredatabas® 5, . Our goalis to con-
structa closeapproximatiorof Ry , R, by retrieving asmall
subsetD of the documentdatabaseD 4, , and then having
the extractionsystemoperateon D ratherthanon the much
largeroriginal databas® 5, . We assumehatthe userspec-
i es the maximumfraction of D4, thatcanbe retrievedto
extractR 2. This parameterMaxFractionRetrieed would
vary dependingon the needsof the user andon the size of
theoriginal database.

Note that Ry may not containall of the correcttuples
that could be extractedfrom the D, databasdy a perfect
extractionsystem.Ratherwe arelimited by thebestrelation
thatsystemE canextract,andwe try to approximatehatre-
lationin anef cient mannerWe alsoassumehatE canonly
extractatuplet if all of t's attributesoccurwithin the same
document.(In otherwords,we assumehatthe information
extractionsystemdoesnot “glue” togethemiecesof atuple
from multiple documents.)

Ef cient Information Extraction Architecture: The

overall architectureof the ef cient information extraction
systemthat we ervision is shovn in Figure2. We interact
with thetargetinformationextractionsystemthrougha uni-

ed information extraction systeminterface,which we de-

scribenext. Thetext databasés accessibléhrougha search
engineinterface.As we will discussQXtract, thepromising
documentretrieval componentjnteractswith the extraction
systemandthe databaséo retrieve promisingdocuments.

Information Extraction Systeminterface: To handlea
variety of arbitraryinformationextractionsystemsywe treat
themas“black boxes”andinteractwith themthroughsimple
extraction systemwrappes. Thesewrapperscanbe easily
built to supportthefollowing uni ed interface:

Input: A setof document®D for the extractionsystem
to processasshawvn in Figurel.

2|f thedatabassizeis unknavn, thenanabsolutenumberof documents
canbe speci edinsteadto controlthe ef ciency of theextractionprocess.

Input: User-Provided
Seed Tuples

Document Sample
Retrieval

jara
[se=t ] ]
Information Extraction System |

Sample

Learning Queries from
Sample Documents

Output: Generated
Queries

QXtract

company AND based
headquarters AND office

Figure3. QXtract Promisingdocumentetrieval.

Output: The setof tuplesextractedfrom D, Tuples
andfor eachtuplet; 2 Tuples, the setof identi ers U;

of the“useful” document$rom whicht; wasextracted.
The wrapperreturnsthe identity of all the usefuldocu-
mentsde nedasUseful= Uy [ Uz [ [ Ujtypesj. In

theexamplein Figurel, Useful = f do@; docig.

Optional Output: Patterns:An extractionsystemmay
export the setof all the extraction patternsthatit has
availablefor extractingthe targetrelation(e.g.,the ex-
tractionpatternsn Figurel).

Designingfor a minimal, uniform interfaceto the extraction
systemallows usto plug in any informationextractionsys-
tem to take advantageof our queryingtechniqueswithout
ary changedo the QXtract system.

Text Database Search Interface: We assumethat the
searchinterface of the databasesupportssimple Boolean
queriessuchas “data AND mining AND text; aswell as
phrasequeries.This querymodelprovidessufcient expres-
sivenessandis widely supportedall of the major available
text indexing tools (e.g., Glimpse[22]) andweb searchen-
ginessupportsuchquerieswith minorvariationsin syntax.

The QXtractSystem: Intherestof thissectionwewill de-
scribe QXtract, whoseoverall architecturas shavn in Fig-
ure 3. Startingwith a setof userprovided seedtuples,we
rst usethe sampling proceduredescribedin Section2.3
to retrieve a small sampleof documentslikely to be use-
ful to the extractionsystemfor extractingthe targetrelation,
aswell as otherrandomly chosendocumentsjikely to be
uselesgo the extractionsystem.Theinformationextraction
systemis run over this sampleset,producingasoutputa set
of extractedtuplesandthe identi ers of usefuldocuments.
The documentsn the samplearethuslabeledautomatically
as either positive or negative examples,wherethe positive
examplesrepresenthe documentsn the samplefrom which
the information extraction systemwas able to producetu-
ples. Theseexamplesallow usto derive queriestargetedto
match—andretrieve—documentssimilar to the positive ex-
ampleg(Section2.4). Thesequeriesareusedto retrieve a set
of promisingdocumentgrom the databas¢Section2.5),to



bereturnedasQXtract's outputand nally processedy the
informationextractionsystem.

2.3 Retrieving Documentsfor Query Training

At theinitial stageof the overall documentretrieval pro-
cesswe havenoinformationaboutthedocumentshatmight
be useful for extraction. The only informationwe require
aboutthetargetrelationis a setof userprovidedexampletu-
ples,includinga speci cationof therelationattributesto be
usedfor documentretrieval. Our goalis to retrieve a docu-
mentsampleof sizespeci ed by the MaxSampleSizgaram-
eterwith agoodmix of usefulanduselesslocumentsor the
subsequenyuerytraining stage.To accomplistthis, we use
the DocumentSamplalgorithn® shavn in Figure4. After

initialization, eachroundof samplingconsistof two stages:

(1) We retrieve documentdor the sampleby queryingthe
searchenginewith the attribute valuesof the currentseed
tuples,which initially are provided by the userasthe input

parameteBeed

(2) WeruntheinformationextractionsystemE overthedoc-
umentsin the currentsample extractinga new setof tuples.
A subsebf thesetuplesis selectecasthe new Seeduplesto

starta new samplinground.

We initialize the documensamplewith randomlypicked
documentgline 1 in Figure 4), the majority of which are
likely notto beusefulfor extractionandwill beusedas“neg-
ative” examplesfor training. The restof the Sampledoc-
umentswill be retrieved usingattributesof the Seedtuples,
whichresultsin documentshatarelik ely to be usefulfor ex-
tractionandwill beusedas“positive” examplesfor training.

The initial Seedtuplesare provided by the user andare
augmentedy the tuplesextractedby the extractionsystem
E from Samplg(lines 2 and3). To retrieve additionalsam-
ple documentsyve build querieswith the attribute valuesof
eachtuplet in the currentsetof Seedtuples. Eachtuplet
is usedto constructa queryq = t:a; AND t:a, AND :::

relation(line 7). Queryq will retrieve documentsvhereall
attributesof t appeamwithin thesamedocumentin principle,
thesearedocumentgrom whicht could have beenextracted
by the information extraction system. We retrieve the rst
MaxSeedResultmatcheseturnedby the databasdor each
query(line 8). Thequeryresultsareaddedo thesetof Like-
lyUseful documentsetrieved during the currentsampling
round.

Clearly, notall documentsn the LikelyUsefulsetwill ac-
tually be usefulfor extraction. To determinewhich docu-
mentsare indeeduseful, we run the information extraction
systemE over LikelyUseful(line 9), returningthe extracted
tuplesT andidenti ers of usefuldocumentdJ from which
the tupleswere extracted. In line 10, we choosethe most

3IndependentlyGhaniand Joneg13] have recentlyintroduceda simi-
lar strat@y to constructa training corpusfor a bootstrapping-basegkneral
entity tagger

ProcedureDocumentSample(SeetlaxSampleSize)
//Seeds a setof exampletuples.MaxSampleSizis themaximum
/Inumberof documentso retrieve asa training sample
/[First, retrieve a randomsampleof MaxSampleSize2 documents,
/Ithatwill likely be “negative” exampledor training
1 Sample= Retris’eRandom(MaxSampleSiz2)
/l\dentifythe minority of usefuldocumentén therandomsample
/IAugmentthe Seedsetwith the extractedtuplesT.
(T, Useful)= E.Extract(Sample)
Seed= Seed T

w N

/INow retrieve MaxSampleSize2 documentsvith tupleattributes,
ikely to be “useful”, to provide positiveexampledor training
while jSamplg < MaxSampleSize
LikelyUseful= ;
for eadh t in Seed:
g= tia; ANDt:ap AND...t:an
LikelyUseful=
LikelyUseful[ RetrieveSeedDocuments(daxSeedResul
//Skipto line 9 if MaxSampleSizexceeded.
9 (T, U) = E.Extract(LikelyUseful)
//SetSeeduplesfor next iteration.
10 Seed= PickBestTiples(T U)
11 Useful= Useful [ U
12 Sample= Sample[ LikelyUseful

co~NO O A

//Samplenow consistsof MaxSampleSizeéocuments.
13 Uselesss Sample Useful
14 Return(UsefulUseless)

Figure4. Retrieving sampledocumentdor subsequergquery
training.

“robust” tuplesin T into Seedor thenext roundof sampling:
this choicecanbe basedon the numberof documentsn U
from whichthetupleswereextracted which favorsselecting
“popular” tuplesthatarelik ely to appeaiin mary documents
in the databast The total size of the retrieved training set,
MaxSampleSizés a parametethatwe tuneduringtraining.
Unfortunately we cannotsimply continuethe sampling
processto retrieve all of the useful documentsin the
databaseAs we will show in Sectiond, if only asmallfrac-
tion of the documentsontaintuplesfor the targetrelation,
or very few tuplestendto appeartogetheiin the samedocu-
ment,DocumentSampie@ould not be ableto discover a sig-
ni cant fractionof tuplesthatcould otherwisebe extracted.
Our key obsenationis that usefuldocumentsharesim-
ilarities in content. For example,usefuldocumentdor the
Headquartesrelationmay containcombinationof termsor
phrasesothatthey matchqueriessuchas“headquartersf,”
“compary AND based”,"areaAND companie$,etc. These
combination®f termsaremorelik ely to occurin usefuldoc-
umentsthanin uselesslocumentdor the Headquartes re-
lation. Our goal now is to automaticallygeneratequeries
to retrieve the documentsimilar to thosethatthe extraction
systemmarked as Useful Hence,the Useful and Useless
documentseturnedby DocumentSamplgene asthe train-

4Alternatively, we could usethe extraction con dence associatedvith
thetuples,if thisinformationis exportedby theinformationextractionsys-
tem.



ing setto learnqueriesfor promisingdocumentetrieval.

2.4 Learning Queriesfor Promising Document
Retrieval

Givenasetof usefulanduselesslocumentsisthetraining
set,our goal now is to generatequeriesthat would retrieve
mary documentghat the information extraction systemk
will nd useful,andfew thatE will notbeableto use.The
processonsistof two stages(1) Corvertpositiveandnega-
tive examplesinto anappropriateepresentatiofor training,
and(2) usethetraining examplesto generatexn orderedist
of queriesexpectedo retrieve new usefuldocumentsLater,
in Section2.5 we will seehow to submitthe queriesto the
databas¢o retrieve promisingdocuments.

2.4.1 RepresentationFeaturesfor Training Examples
For training, we remove ary extractedtuple attributesfrom
the documents.For the currentexperiments we usewords
asfeaturesto representhe training examples,and will not
rely on othermoreadwancedqueryfeaturessuchasproxim-
ity operatorsor word “stems’ Of course,if suchadwanced
featureqor alternatve querymodels)areavailable,we could
applyoursamegenerabpproactandtailor it to thequeryin-
terfaceof choice.In thefuture,we planto experimentfurther
with alternatve documenfeaturessuchasword phrasesor
setsof wordswithin awindow.

2.4.2 Generation of Queriesfrom Examples

We now turn to the generationof queriesto retrieve use-
ful documentdrom the database.The problemof retriev-

ing documentsimilar to a givensetof “relevant” examples
hasbeenstudiedextensiely in boththeinformationretrieval

andthe machinelearningcommunities. In this section,we

discusshow we adaptwell-establishedsolutionsfrom both

communitiesto our (non-standardproblem. We rst con-

siderquerygeneratiorasan IR automaticquery expansion
problem,usinga state-of-the-atiermweightingschemeWe

thenintroducequery generatiortechniqueghat exploit the

outputof two machine-learningext classi ers. Finally, we

presenta hybrid query generatiortechniquethat combines
thelearnedqueriesfrom all of theabove methods.

Okapi: As a rst querygenerationstratey, we exploit
a state-of-the-arterm weightingschemefrom IR, from the
Okapiretrieval system[24]. While thereare mary promis-
ing alternatvesto this weightingschemen the IR literature
(e.g.,[29, 26]), we choseOkapibecausét hasbeendemon-
stratedto performwell, is naturallywell suitedto our task,
andis relatively straightforwardto implement.Incorporating
alternative informationretrieval techniquesnto our system
is easyanddoesnot requirechangego our model.

To predictwhich termsare most likely to retrieve use-
ful documentswe computethetermselectionweight[24] of
eachtermin thetrainingset. Thetermswith thehighestposi-
tiveweightaremostlik ely to appeain usefuldocumentand

notin theuseles®nes.First,eachtermt; in thedocuments

assignedheRobertson—SparRonestermweightwi(l) [25]:
(r + 0:5)=(R

r+ 05=N n

r + 0:5)
R+ r + 0:5)

1
Wi() = log G

wherea documents relevantif it wasmarked usefulby the

extraction system,r is the numberof relevant documents
containingtj, N isthenumberof documentsn thedocument
sampleR is thenumberof relevantdocumentsandn is the

numberof documentgontainingt;. Intuitively, this weight

is high for termsthat tendto occurin mary relevantdocu-

mentsandfew non-releyantdocumentsandis smoothedand

normalizedto accountfor potentialsparsenessf the train-

ing data.Then,we computethequeryselectionwveightw; of

eachtermt; asdescribedn [24] for automatioqueryexpan-

sion,w; = r Wi(l) , Wherer andwi(l) arede ned above. The

termsare sortedin descendingrderby w;, and nally we

de ne one-word queriesconsistingof eachtop-ranledterm

individually.

Ripper: As a secondquery generationstrateyy, we ex-
ploit a highly-efcient rule-basedext documentclassi er,
Ripper[8]. Ripperlearnsconciserulessuchas“based AND
company Useful, whichindicateghatif adocumenton-
tainsboth term basedandterm company thenit shouldbe
declareduseful! After Rippergenerateslassi cationrules,
we sorttherulesin descendingrderof their expectedoreci-
sion, calculatedastheratio of positive examplesto the total
exampleghatmatchtherule. (Thisinformationis partof the
Ripperoutput.) Therulesarethentranslatednto conjunctive
queriesin the searchenginesyntax. For example,the rule
above might betranslatedo query“based AND company

Support Vector Machines (SVMs): As a third query
generatiorstratgy, we exploit anotherfamily of classi ers,
SVMs, which have beenshownn to performwell in text clas-
si cation [18]. To lter outnoise,we prunethesetof words
usedin training by discardingthosethatoccurin fewer than
1%, or in morethan99% of the trainingexamples. We use
a freely-available ef cient implementationof linearkernel
SVMs[18]. Togenerateulesfrom SVM featureweights we
computethe minimal setsof wordsthatarecollectively suf-

cient to imply a positive classi cationof a documen{15].
The result of this processis a setof “rules” similar to the
Ripperoutput.

QCombined: Okapi, Ripper and SVM all use differ-
entlearningmodels,andthe queriesthat they generateof-
tenhavelittle overlapacrosgechniquesWe canexploit this
obsenationto improvetherobustnes®f QXtractby combin-
ing therankedquerysetsgeneratedy eachquerygeneration
stratgyy. Speci cally, we mege the queryranksgenerated

5Basedon our experimentswith linearkernel SVMs on the training
databasewe additionallyrestrictthe documenfeatureso the wordsin the
immediatecontet (i.e., within the sameline in the original documenfor-
matting)of the extractedtuples.



by Okapi, Ripper andSVM in a round-robinfashion: The
rst queryin the memgedrank is the highest-rankd query
generatedy Ripper, followed by the highest-rankd query
generatedby SVM, andsoon®.

2.5 Querying for Promising Documents

We describedabore how to generatejuerieshatareused
to retrieve the nal setof promisingdocumentsrom which
the information extraction systemof choicewill extracttu-
ples.Thesizeof thisdocumensethasadirectimpactonthe
quality of theextractedrelation.

We assumehat, for ef ciency considerationsywe have a
prede nedupperboundMaxFractionRetrieved onthefrac-
tion of the databas® 4, thatwe arewilling to retrieve. The
higher this upperbound, the more completethe extracted
relationis likely to be. We submitthe queries(generated
andranked asin Section2.4.2)to the documentdatabase,
oneat atime. For eachquery the databaseeturnsthe doc-
umentidenti ers (e.g., URLS) of the matchingdocuments.
We retrieve the previously unseerdocumentsaintil the max-
imum numberof resultsper query MaxSearchResults, is
reached. We keepthe runningtotal of all documentse-
trieved to avoid exceedingMaxFractionRetrieved. After
this boundis reached(or thereare no more documentso
retrieve using our queries),all retrieved documentsare re-
turnedasthe outputof QXtract Thesepromisingdocuments
arethenusedasinput to the informationextractionsystem,
which extractsthe nal approximatiorof thetargetrelation.

3 Experimental Setting

We now reportthe metricswe useto evaluatethe alterna-
tive querymethodgSection3.1). Then,we describethe in-
formationextractionsystemgSection3.2)andthetwo target
relationsthatwe usein our experimentgSection3.3). Later,
we specifythe trainingandtestdatabasegSection3.4),and
concludeby describingthe variousqueryingtechniqueghat
we compargSection3.5).

3.1 Evaluation Methodology and Metrics

As we discussedour goalis to approximateghe Ry re-
lation with all tuplesthat could be extractedthroughan ex-
haustve scanof the databas® 5, (Section2.2). In contrast
to exhaustve scanning QXtract retrievesa promisingsetof
document® , from whichtheinformationextractionsystem
obtainsarelationR to approximateR,; . We thenevaluate
thedocumentetrieval methodbasecon R andD . Oureval-
uationfocuseon: (1) how closelyR approximate® 4, , and

SMore sophisticatedvays of combiningthe generatedjueriesare pos-
sible (e.g.,to eliminateredundang acrossjueries)andwe planto explore
someof themin our futurework.

"Mary searchengineshave a prede nedlimit onthe maximumnumber
of resultsperquerythatthey return.

(2) how “useful” thedocumentsn D areon averagé:
Recalt ThepercentageftheR,, tuplesthatwerecaptured
in R is Recall= jRj\R%'J!j 100% R4 is computedby run-
ning theinformationextractionsystemover everydocument
in theD 4, database.

Precision Thepercentagef documentsn D thatwereuse-

ful for extractingR is Precisior= IPLYi 1009 whereU is

D
the subsetof D from which the ext]ra::tion systemmanaged
to extracttuples.

Note that we are not using Recall and Precisionin a
strictly standardway. Our recall measures basedon the
percentagef the tuplesin Ry correctly extracted,while
our precisionmeasureshe percentagef usefuldocuments
within theretrieveddocumenset. Intuitively, the document
retrieval methodhastwo purposes:the rst is to extracta
close approximationof Ry, while the secondis to do so
efciently, i.e., by retrieving few documents.The mostdi-
rect measureof successn the rst taskis the percentag®ef
Ran tuplesthatareactuallyextractedfrom thedocumentse-
trievedby QXtract Thesuccesn thelattertaskis naturally
measuredht the documentevel, aswe feedtheinformation
extraction systemone documentat a time, and gain one or
more tuplesfor R if the documentis useful If the docu-
mentis uselesqi.e., no tuplesare extracted),the resources
requiredto retrieve and processthe documentare wasted.
Thereforealargerfractionof theusefuldocumentsetrieved
translatego a higherefciency of extraction, as quanti ed
by our precisionmeasure.

To complementthe study of the efciency of our tech-
niques,in Section4 we also report on the actual time re-
quiredto extract an approximationof Ry, from the docu-
mentsretrievedby QXtract, ascomparedo thetimerequired
to extractRy, from thecompletedatabase.

3.2 TargetInformation Extraction Systems

The designof QXtract is generalin that we canuseary
informationextractionsystemaslongasit supportgthrough
awrapper)the simpleinterfacedescribedn Section2. For
our experimentswe considertthreeextractionsystems:

(1) DIPRE [5], which usesa simplebootstrappinglgorithm
startingwith a handfulof userprovidedseedtuples.

(2) Snawball [3], which is an extensionof DIPRE thatin-
cludesautomatigpatternandtuple evaluationto improve the
quality of the extractedtable.

(3) Proteus[17], which is a sophisticatedmanuallytrained
informationextractionsystemfrom NYU?,

8We do not considerthe absoluteaccuray or “quality” of the extracted
tuples. Rathey we focuson how closelywe approximatethe bestpossible
relationthatcanbe produceddy a giveninformationextractionsystemif it
hadexaminedevery documenin the database.

SWhile the Proteussystemis not publicly distributed, we wereallowed
to useaninstancethatwastunedfor extractinginfectiousdiseas@utbreaks,
with kind help and permissionfrom RomanYangarberRalph Grishman,
andSilja Hattunen.



Headquartes DiseaseOutlwaks
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 SanteClara || Pneumonia TheU.S.

Figureb5. Initial seedtuplesprovidedto QXtract for extract-
ing theHeadquartes andthe DiseaseOutl@aksrelations.

Thethreesystemsabove arerepresentatie of the stateof
the art in information extraction, and rangefrom a simple
stratgy with minimal manualtraining (DIPRE) to a highly
sophisticatedstratgy with extensive manualtraining (Pro-
teus.

3.3 TargetRelationsfor Extraction

We evaluatethe performancef QXtractonthe extraction
of two relationswith theinitial seeduplesof Figure5:
HeadquartergOrganization,Location) as de ned in Sec-
tion 2.1. The attributesOrganizationandLocationareused
for querying for sampledocuments. We use DIPRE and
Snowballto extractthis relation.

DiseaseOutbreak®iseaseName Location, Country
Date :::). Eachtuple<n, |, ¢, d,::: > (e.g.,, <"Mad
Cow Disease”,“The U.K.", “U.K.", “3/27/1996", ::: >)
correspondso an outbreakof a diseasen in a location| of
a countryc, on dated, and other attributesthat we do not
discussherefor brevity. The attributes DiseaseNameand
Locationareusedfor queryingfor sampledocuments.We
useProteusto extractthis relation.

3.4 Training and TestDatabases

Our training databaseconsistsof 137,893 documents
from the rst nine monthsof the 1996 New York Times
archive!®. Thetest databaseonsistsof 135,438documents
from the 1995 New York Times archive. For our experi-
ments,we indexedthe training andtestdatabasessingthe
Glimpsesearckengine.GlimpsesupportaBoolearretrieval
model with no documentranking. Queriesspecify either
exact phrasegwhich do not ignore punctuation)or single
words',

3.5 Alternative DocumentRetrieval Methods

We experimentallycomparea numberof alternatvesto
retrieve promisingdocuments:
QXtract Thisis thetechniquedescribedn Section2, whose
parametergtunedusingthetraining databasendsumma-
rizedin Figure7) includeMaxSampleSizélaxSeedResults

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

11Glimpsealsosupportdimited regular expressionmatching,which we
do notexploit.

andthequerygenertion strategy.

Tuples This techniqueusestuplesto retrieve promising
documents.Tuplesproceedsessentiallyas procedureDoc-
umentSamplen Section2.3, with the differencethat Tuples
doesnotretrievetherandomdocumensampldan Stepl. The
modi ed versionof DocumentSamplgontinuego extracttu-
plesto useasqueriesuntil afraction MaxFactionRetrieed
of thedatabas&asbeenretrieved. We includethis technique
in the experimentalevaluationto studythe bene ts of QX-
tract s querygeneratiorstage which is missingin Tuples
Baseline This simplebaselingechniqueeturnsarandomly
chosenfraction MaxFractionRetrieed of the databaseloc-
uments,and processeshemusing a previously trained ex-
tractionsystem.The documensamplejf ary, thatwasused
to train the extractionsystemjs not countedtowardsthere-
trieveddocumentjuotafor Baseline

Manual: This techniqueis basedon hand-crafted lters.
We implementthis stratgy only for extraction of the Dis-
easeOutheaksrelation, usingmanuallyconstructedjueries
basedon the Iters providedto us by the developersof the
Proteussystem.Thesearethecurrent Iters thatareapplied
to documentseforerunningProteuson them'?. The lters
were cornvertedto the closestphraseand Booleanqueries.
In Figure 13 we shav a sampleof the automaticallylearned
queriesgeneratedy QXtract that were someavhat closeto
the Manual queries.We do not apply this techniquefor the
Headquartes relation, for which we did not have an exter-
nally providedsetof manuallyconstructedjueriesor lters.
Patterns This techniqueexploits the termsin the extrac-
tion patternsgenerateddy the information extraction sys-
tem over the training documentsif available. For instance,
one of the example patternsfor extracting the Headquar
ters relationin Figure 1 is “< ORGANIZATION>, based
in <LOCATION>". We canconstructa query“basedin”
from this pattern,sincethis phrasewill have to appearin
ary documenthatmatcheghe extractionpattern.(Notethat
we cannotusethe named-entitytags LOCATION and OR-
GANIZATIONin thequeriessincesuchtagsaretypically not
acceptedhsqueryfeaturesby standardsearchengines.)For
Snowball the extractionpatternsare not phrasesbut rather
unorderedrectorsof terms.In this case gachpatternis con-
vertedto a conjunctive querywith all the termsin the pat-
tern. An advantageof the Patternsstratay is its simplicity:
queriesarereadilyderivedfrom theextractionpatternsyvith-
out furthertraining. A disadwantageof this approachis that
theassociatedjueriesmight betoo broad,asin the example
above,ortoospeci ¢, andretrievetoofew usefuldocuments.
Also, extraction patternsvary considerablyby information
extractionsystem(Section2.2), which makesthis approach

12Note that these Iters were originally conceied to be appliedto ev-
ery available news documentbeforerunning Proteus The lters werede-
signedprimarily to maximizethe recall of the extractionsystemwith less
importancegivento precisionof theresultingdocumenset(i.e., processing
potentiallyuselesslocumentsvasacceptable).



RelationandExtractionSystem | % jUsefuj | jRay j iDaij
Headquartes: Snowball 23 24,536
Headquartes: DIPRE 22 20,952 | 135,438
DiseaseOutlwaks: Proteus 4 8,859

Figure6. Thetestdatabasstatistics.

Value
2,0000r 5,000

Parameter
MaxSampleSize

Description
if MaxFractionRetriged 5%
then2,000;0therwise5,000

MaxSeedResults 50 Max. documentsetrieved per
individual seedtuple

NumSeeds 1,000 Max. new seedtuplespicked

Querystrategy QCombined | Querygeneratiorstratgy

MaxSeachResults 1,000 Max. documentsetrieved per

individual query

Figure7. Final con guration of QXtract asusedfor evalua-
tion onthetestdatabase.

not generallyapplicable. For example,sophisticatednfor-

mationextractionsystemsncorporatesyntacticinformation
into theextractionpatternge.g.,parsinginformation),which

typically cannotbe usedfor querying. We implementedhe
Patterns strateyy only for DIPRE and Snowbali the Pro-

teuspatternsexploit speci ¢ syntacticrelationshipdbetween
terms,sothey arenot easilycorvertedto regular searchen-
ginequeries.

4 Experimental Results

In this section,we evaluate our techniqueson the test
databas€Section3.4). The statisticsfor the occurrenceof
tuplesin the targetrelationsin thesedatabaseare summa-
rizedin Figure6. Thesestatisticaveregeneratedby running
eachextractionsystemover the completedatabasén order
to generateRy, . This exhaustve extractionprocesdasted
for mary daysfor oneof the extractionsystems As we can
see,the tuplesin the Headquartes relation as extractedby
Snowballfrom the test databasarerelatively frequent: tu-
plesfor this relation occurin approximately23% of all of
the documentsn the databaseln contrastthe DiseaseOut-
breakstuplesoccurin lessthan 4% of the documents.As
we will see,QXtract exhibits the greatestgainsin extrac-
tion efciency for this kind of sparserelation, whereit is
challengingto identify the few documentsvith usefulinfor-
mation. However, QXtractsigni cantly improvesthe extrac-
tion performancenbothtypesof relation,demonstratinghe
robustnesf our techniques.The experimentsin this sec-
tion were run using the QXtract con guration summarized
in Figure 7. This con guration was determinedby tuning
the systemover thetraining databas€Section3.4),andwe
do not reportfurther detailsdueto spacelimitations. Note
thatthe documensamplingandquerylearningareautomat-
ically performedfrom scratchon thetest databasaspart of
the QXtract method while the purposeof the systemtuning
over thetraining databasevassolelyto setthe bestvalues
for theparameterin Figure?7.
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Figure 8. Recall(a) and precision(b) of QXtract, Patterns
Tuples andBaselineoverthetestdatabasesingSnowballas
theinformationextractionsystem(Headquartes relation).

Extraction of the Headquartersrelation: Figure8 showvs
the performanceof the alternatve documentretrieval meth-
odson the test databasevith Snowballasthe target infor-
mation extraction system. Overall, the QXtract and Tuples
stratgies have the bestrecall. For example, Figure 8(a)
shows that when QXtract returns10% of the databaseloc-
uments,Snowballmanagedo extract about21% of the tu-
plesin Ry from this reduceddocumentset. Furthermore,
Figure 8(b) shavs that 35% of the retrieved documentsare
actually useful, meaningthat Snowballmanagedo extract
Headquartes tuplesfrom them. By comparisonuplesex-
hibits higherprecisionof 46%,while therecallremainssim-
ilar to thatof QXtract mary of the tuplesusedfor querying
for new documentdy Tuplestendto occurin multiple doc-
uments,causingSnowballto extractthesetuplesrepeatedly
from the retrieved documents As aresult,2,276out of the
5,339tuplesextractedfrom the documentgetrieved by Tu-
pleswereextractedrepeatedlyffrom multiple documentsin
contrast,only 1,292 of the 5,213tuplesextractedfrom the
documentgetrieved by QXtract camefrom multiple docu-
ments. Thereasorfor the high recall of the Tuplesstratgy
is thatmary of thedocumentgontainmultiple Headquartes
tuples,allowing thetuple-basedjueryingto retrieve mary of
the usefuldocumentsn the database However, suchtuple
distribution cannotbegenerallyexpectedand,aswe will see,
QXtractis the mostrobustmethodoverall. Interestingly the
Patternsstratgy®® is only ableto retrieve 11% of the doc-
umentsin the test databasewhich resultsin the maximum
recall of 21%. Snowballgeneratesbout50 patterngor ex-
tracting the Headquartes relation, and approximatelyhalf
of theseresultedn valid queries.Furthermoreno querywas
allowed to retrieve morethan 1,000documentgsimulating
a commonpolicy of web searchengines)which prevented
someof the potentiallyproductive SnowballPatternsqueries

13Many automaticallygenerate®nowballpatterngely on stopvordsand
punctuatiorto extractHeadquartes tuples,andthewordsthatcomprisethe
patternsare not ordered,or contiguous.As a result, Snowballpatternsare
not expressibleas phrasequeries. Sinceour searchengine,Glimpse does
not supportproximity querieswe omit thestopwordsandpunctuatiorwhen
gueryingfor Snowballpatterns.



Patterns QXtract
of ce releases
High unit compary AND unit AND week
recall headquarters companieAND
largestAND including

High brokerageAND companieAND basedAND
precision | chattingAND of ce assetAND rose

Low includingAND issues
precision supermarkts

Figure 9. Some Snowball Patterns and QXtract queries
(Headquartes relation; MaxFactionRetri#ed = 10% of
iDau j).

to retrieve all matcheddocuments. Figure 9 reportssome
Patternsand QXtract queries.QXtract queriesappearo be
moretopical, resultingin higherrecall of Showballover the
retrieved documents.For this extractiontask, the Baseline
stratgyy performsrelatively well, becausdHeadquartesis a
“dense’relationwith 23% of the documentsn the database
beinguseful,asdiscussed.

To evaluatethegeneralityandrobustnes®f our approach,
we run the sameQXtract con gurationreportedn Figure7,
but now using DIPRE asthe underlyinginformationextrac-
tion system.Figure 10 summarizeshe recall and precision
results,which are consistenwith the resultsfor Snowball
Figure 11 reportssomePattern and QXtract queries. Note
thatthe Patternsqueriesfor DIPRE weretreatedasconjunc-
tions of oneor morephrases requiringexactstring equality
(including punctuation)for a successfumatch. As we see
in Figure 11, DIPREs Patternsqueriesare highly speci c.
This prevents Patterns from retrieving more than 10% of
thedatabaseaesultingin relatively low recall(Figure10(a)),
while maintainingrelatively high precision(Figure10(b)).

To summarizehe resultsfor the denseHeadquartes re-
lation, QXtract andTuplesperformedbestoverall: the docu-
mentsetsthatthey retrieve resultin signi cantly betterpre-
cisionandrecallthanrandomdocumensamplesThis holds
for boththe SnowballandDIPREinformationextractionsys-
tems. However, therecallvaluesof all techniqgueseemlow
whenthey retrieve modestfractionsof the testdatabaseas
discussedhislow recallis dueto thefactthatalargefraction
of thedocumentén thetestdatabasareusefulfor extracting
theHeadquartes relation.

Extraction of the DiseaseOutbreakselation: To further
test the generalityof our approach,we evaluatedthe per
formanceof QXtract and the othertechniqueson the Dis-
easeOQutheaksrelation(Section3.3). Theresultsonthetest
databaseare shavn in Figure 12'4. DiseaseOutlwaksis a
“sparse”relation, with tuplesoccurringin a much smaller
fraction of the testdatabaséhanis the casefor Headquar
ters. lessthan4% of the testdatabaselocumentsareuseful

14This gure is a revised versionof the onethat appearedn the ICDE
2003proceedings.
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Figure10. Recall(a) andprecision(b) of QXtract, Patterns
Tuples andBaselineover the test databaseising DIPRE as
theinformationextractionsystem(Headquartes relation).

Patterns QXtract
“, basedn” releases
High “is basedn” compay AND basedAND
recall stockAND agreed
“ of” compary AND basedAND
acquisitionAND buy
High “, abiotechnology | compary AND basedAND
precision | company basedn” largestAND shareAND
buy AND big
Low “ the” reports
precision

Figure 11. Some DIPRE Patterns and QXtract queries
(Headquartes relation; MaxFactionRetri#ed = 10% of

iDai J).

for extractingthis relation (Figure 6). The performanceof

QXtract for this scenarias remarkable:for example,when
QXtract retrievesonly 5% of the databaselocumentdi.e.,

MaxFactionRetri#ed = 5%), Proteusmanageso extract
48%of thetuplesin Ry (Figurel12(a)).Figurel2(b)shavs

that29% of the documentsetrievedby QXtract areactually
useful, meaningthat Proteusmanagedo extract Disease-
Outbreakstuplesfrom them. In contrastthe Baselinestrat-
egy exhibits the expectedrecall and precisionfor a random
sampleof 5% of thedatabaselocumentsUnlike theresults
for the Headquartes relation, the Tuplesstratgy performs
worsethan QXtract for DiseaseOutlaks Usingthe same
seeduplesasthe QXtract strat@y, Tuplesis ableto retrieve

lessthan5% of the documentsn thetest databaseresulting
in 46%recall.

QXtract also performs better than the Manual strat-
egy, andrequiresno humaninvolvementto generatehese
queries. For example,when Manual retrieves 10% of the
databaselocumentsProteusmanageso extract50% of the
tuplesin Ry (Figure12(a)). In comparisonProteusman-
agedo extract60%of the Ry, tuplesfrom thedocumenset
of thesamesizeretrievedby QXtract Figurel3reportssome
Manual and QXtract queries. For this extractiontask, QX-
tract approximategloselysomeof the Manual queries but
includesmore speci ¢ words discoveredduring the Docu-
mentSamplerocedue (e.g.,“ebola”). Thisresultsin higher
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Figure 12. Recall (a) and precision (b) of QXtract, Tu-
ples Manual Manual+QXtract, and Baselineover the test

databasaising Proteusas the target information extraction
system(DiseaseOuttgraksrelation).

recallthanmanuallyconstructedjuerieswhich weredevel-
opedwithoutthebene t of analyzingthetestdatabase.

The tradeof betweenthe completenessf the extracted
relationandthe numberof documentsetrievedis apparent
in Figure12(a): retrieving a larger setof documentsallows
Proteusto extract a closerapproximationof Ry . For ex-
ample,to extract an additional12% of the R, tuplesaf-
ter extracting48%of R, from 5% of the databaseequires
that QXtract retrieve an additional5% of the databaseloc-
uments. This tradeof betweenrelation completenessnd
extraction ef ciency canbe managedy the userto incre-
mentally extract the target relation by increasingthe value
of the MaxFractionRetri@ed parametel(therebyretrieving
additionaldocumentsyuntil the extractedrelationis “suf -
ciently complet€.

We alsoexploredcombiningthe existing Manual queries
with QXtract queriesyesultingin a hybrid strateyy to which
wereferasManual+QXtract We submitthesequeriesoneat
atime, alternatingpetweerQXtractandManualquerieuntil
thedesiredractionof the databasés retrieved. Figure12(a)
shavsthataddingManualqueriesto QXtract resultsin only
a slight improvementin the quality of the retrieved docu-
ments.

In summarythe resultsfor the sparseDiseaseOutlwaks
relation shov that QXtract accuratelyidenti es the useful
documentsn the test databaseallowing Proteusto extract
the closestapproximationof Ry, for all fractions of the
databaseetrieved. Dependingon the MaxFractionRetriered
parameterQXtract allows Proteusto extract between48%
and74%of thetuplesin Ry , while retrieving only between
5% and 25% of the documentdn the testdatabase.Over
all, QXtract emegesasthe mostrobusttechnique perform-
ing well on boththe denseHeadquartes relationandon the
sparseDiseaseOutlwaksrelation.

Actual Running Times: To further illustrate the perfor
manceadwantageof usingQXtract, we computedthe actual
running times for extracting tableswith and without QX-
tract The experimentswererun on 1 GHz Pentiumlll ma-
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Manual QXtract

virus diseasAND died
High recall infected virus

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

Figure13. SomeManualand QXtract queries(DiseaseOut-
breaksrelation,MaxFractionRetriged= 10%0f jD 4 j).

chinesrunningLinux RedHat7.1. The speedumachiezedby
QXtract is remarkable:Runningthe Proteussystemto ex-
tract the DiseaseOutlgaksrelation from the completetest
databaseequiredover 15 daysto nish. In contrast,our
QXtract-basedapproachrequired0.83and 1.45daysto ex-
tract,respectiely, 48% and60% of the Ry, tuplesfrom the
5% and 10% retrieved fractions of the test database.Us-
ing QXtract for extractingthe Headquartes relation using
SnowballandDIPRE alsoresultedn ef ciency gains.Over
all, QXtract emepgesasa highly effectiveandefcient tech-
niquefor extractingrelationsfrom largetext databases.

5 Conclusions

In this paper we developedan automatictechniquefor
generatingyueriesto retrieve documentghat are promising
for the extractionof atargetrelation. We demonstratethat
our methodis generalndef cient througha comprehensie
experimentalevaluationover morethan270,000real docu-
ments.Our techniquesllow for signi cant improvementin
extractionef ciency in thenumberof documentprocessed:
for the Headquartes relation, QXtract retrieves document
setsallowing SnowballandDIPREto approximatehetarget
relationsigni cantly betterthanBaseline For the Disease-
Outbreaksrelation, the improvementis dramatic: QXtract
allows Proteusto extract48%of thetuplesin thetargetrela-
tion whenretrieving only 5% of the documentsdn the test
database.Hence QXtract will help deploy existing infor-
mation extraction systemsat a larger scaleandfor a wider
rangeof applicationghanpreviously possible.In additionto
improving ef ciency of extraction, our automaticquerying
techniquescan be usedto extract a target relationfrom an
arbitrary“hidden-web"databasaccessibl@nly via asearch
interface[2]. As anotherexample,our techniquesould be
usedto exploit information behind a standardweb search
engine, henceproviding a building block for scalableand
portableinformation extraction over the web at large. We
planto evaluateQXtractin thesescenariosspartof our fu-
turework.
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