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Abstract

Integrating DeepWeb sourcesrequireshighly accurate
semanticmatchesbetweentheattributesof thesourcequery
interfaces.Thesematchesare usuallyestablishedby com-
paring the similarities of the attributes' labels and in-
stances.However, attributesonqueryinterfacesoftenhave
no or very few data instances. The pervasivelack of in-
stancesseriouslyreducestheaccuracyof currentmatching
techniques.To addressthis problem,we describeWebIQ,
a solution that learns from both the SurfaceWeb and the
DeepWebto automaticallydiscover instancesfor interface
attributes. WebIQ extendsquestionansweringtechniques
commonlyusedin the AI communityfor this purpose. We
describehowto incorporateWebIQ into current interface
matching systems. Extensiveexperimentsover �ve real-
world domainsshowtheutility of WebIQ. In particular, the
resultsshowthat acquired instanceshelp improve match-
ing accuracy from 89.5%F-1 to 97.5%,at only a modest
runtimeoverhead.

1 Intr oduction
The World-Wide Web is often divided into the Surface

WebandtheDeepWeb[11, 22, 12, 28]. TheSurfaceWeb
consistsof billions of browsablepages,while theDeepWeb
�elds hundredsof thousandsof datasources[6], suchas
amazon, expedia, andrealestate.com.

SinceDeep-Webdatasourcescontainmuchvaluablein-
formation hiddenbehindtheir query interfaces, many ef-
forts have focusedon queryingandintegratingthesources.
Early works include[22, 8, 14, 16, 20] in thedatabaseand
AI communities.Recentefforts include[11, 3, 12, 28, 26,
1, 18, 27], andrecentindustrialactivities involvemany star-
tups,suchasTransformic, Glenbrook Networks, andWeb-
scalers. Given a domainof interest,suchasbook, movie,
realestate,or air travel, an importantfocusof theseefforts
is to build a uniformqueryinterfaceto thedatasourcesin
thedomain,therebymakingaccessto theindividualsources
transparentto users.

To build sucha uniform query interface,a domainde-
veloperoften must solve the interfacematching problem:
givena largesetof sourcesin a domain,�nd semanticcor-
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FI GURE 1: Two query interfaces in the air travel do-
main and semanticmatchesbetweenthem.
respondences,calledmatches, betweentheattributesof the
queryinterfacesof thesources[11, 28, 26]. Considerfor ex-
ampletwoqueryinterfacesQa andQb in Figure1. Example
matchesincludeattributeA1 = From city of Qa matching
B1 = Departure city of Qb, A5 = Airline matchingB3 =
Carrier, andsoon. Oncetheinterfaceshavebeenmatched,
approachessuchas [27] can be employed to constructa
uniform queryinterfaceandto facilitatequeryingthe data
sources.

To matchattributesof queryinterfaces,virtually all cur-
rentsolutionsexploit thesimilarity betweenlabelsaswell
as that betweendata instances. Examplelabels include
From city for attribute A1 and Class of service for A4

(seeFigure1). Exampleinstancesinclude Economy for
attributeA4 andAir Canada for A5.

A major challengefacing thesesolutions,however, is
the pervasivelack of data instances. Query interfacesof-
tencontainmany attributeswith no instanceat all, suchas
attributesA1; B1, andB2 in Figure1. Indeed,for the � ve
datasetsusedin our experiments(seeSection6), the per-
centageof attributeswith no instancerangesfrom 28.1%to
ashigh as74.6%. For attributesthat comewith instances,
thenumberof suchinstancesis oftensmallandevenwhen
theattributesmatch,their instancesareoftendissimilar. For
example,the two attribute A5 = Airline andB3 = Carrier
match,but the former lists instancesthataremostly North
Americanairliners (e.g., Air Canada) and the latter lists
mostlyEuropeanairliners(e.g.,Aer Lingus).

Matching attributes with no or dissimilar instancesis
very challenging,sincewe can rely only on their labels,
whichareoftengenericor similar to many otherlabels.For
example,thelabelof attributeB1, Departure city, is simi-
lar to thatof bothA1 (From city, a matchingattribute)and
A2 (Departure date, anon-matchingattribute).As another
example,thetwo matchingattributesA5 = Airline, andB3



= Carrier, havenocommonword in their labels.
It is important to note that the lack of data instances

ariseseven in traditional schemamatchingcontexts, such
asduringschemaor view integration[23]. However, there
theschemasto bematchedoftencontaina varietyof other
meta-datainformationthat canbe exploited effectively by
currentmatchingtechniques[23]. Examplesof suchmeta
dataincludeattributetypes,cardinality, thestructuralinfor-
mationamongattributes,andsemanticintegrity constraints.
In contrast,by their nature,query interfaceson the Deep
Web containvery little or no suchmeta-datainformation.
Hence,herethelack of datainstancesseverelyexacerbates
thematchingproblem.Consequently, it is importantto de-
velopsolutionsthatdiscoverdatainstancesfor interfaceat-
tributes,asthesesolutionscansigni�cantly improvethein-
terfacematchingaccuracy.

In this paperwe describeWebIQ, a solutionthat learns
from both theSurfaceWeb andtheDeepWeb to automat-
ically discover instancesfor interfaceattributes. Thesolu-
tion consistsof thefollowing threecomponents:

Discover Instancesfr om the Surface Web: Givenan at-
tribute A, suchasDeparture city, WebIQ formulatesex-
tractionqueriessuchas“departurecitiessuchas”,usingthe
attribute label anda setof lexico-syntacticrules[13]. For
instance,a rulemayspecifythat“if thelabelL is asingular
nounphrase,thenform the query`[plural form of L] such
as”'.

Next, WebIQ posesthequeriesto a searchengine(e.g.,
Google),to obtaina setof resultsnippets.Figure2 shows
suchasnippet,in responseto theabovequery.

FI GURE 2: A result snippet fr om Google.

WebIQ thenexaminesthesnippetsto extractcandidatein-
stances.Fromtheabove snippet,WebIQ will extractthree
instancesBoston, Chicago, andLAX.

Similar query-the-Surface-Web approacheshave also
beenstudiedin theAI community, for exampleto populate
ontologies[10]. However, in thecontext of interfacematch-
ing, formulating extraction queriesis signi�cantly more
challenging.This is becauseattributelabelsoftentakesyn-
tactic forms that are not nounsor noun phrases,suchas
From city (a prepositionalphrase).To addressthis prob-
lem, WebIQ performsa shallowsyntacticanalysison the
attribute label,usingpart-of-speech(POS)tagging[5] and
patternmatching,thenusestheanalysisresultsto form ap-
propriatequeries. It also addsto suchquerieskeywords
formedfrom labelsof otherattributes,to narrow thescope
of thequeries.

Sincethe Web is often noisy, in the next stepWebIQ

mustensurethattheextractedinstancesareindeedinstances
of theattribute. Towardthis goal, it employs a two-phased
validationprocess.First,in theoutlier detectionphase,We-
bIQ detectsandremovesfalseinstancesby performingdis-
cordancy tests[4], basedonasetof type-speci�cteststatis-
tics. Second,in the Web validation phase,WebIQ forms
a set of validation queries,using the attribute label, the
extractedinstancecandidates,anda set of validationpat-
terns. For example,a validationqueryfor instancecandi-
dateBoston is “Departurecity Boston”.WebIQ thenposes
validationqueriesto theSurfaceWeb,computesfor eachin-
stancecandidatea validationscore,andreturnsthosewith
suf�ciently high scores.This two-phasevalidationprocess
hasanadditionaladvantagethatit greatlyreducesthenum-
berof validationqueriesposedto searchengines.

Borr ow Instancesfr om Other Attrib utes: Given an at-
tributeA, WebIQ alsoattemptsto “borrow” instancesfor A
from otherattributes.Speci�cally, supposeb is an instance
of attributeB , thenWebIQ will try to ascertainif bcanalso
beaninstanceof A. Notethatthis cansigni�cantly helpus
to matchA andB . In Figure1, for example,WebIQ can
try to ascertainif instanceJan of attributeA2 = Departure
date canalsobe an instanceof attribute B2 = Departure
on, or if instanceAer Lingus of B3 = Carrier canalsobe
aninstanceof A5 = Airline.

To verify thatan instanceb of attributeB is alsoan in-
stanceof A, one approachis to obtain a set of instances
from theSurfaceWebfor A, thencheckif b is amongthem.
We found that this approachdoesnot work well becauseb
often is not in the top instancesfor A (asdiscoveredfrom
the SurfaceWeb). Anotherapproachis to form validation
queriesasdescribedearlier, but usingthelabelof A andthe
instanceb, thencheckif thevalidationscoresarecompara-
ble to thosefor the(existing) instancesof A. We foundthat
this approachdoesnot work well becausevalidationscores
for b(e.g.,Aer Lingus) areoftenmuchlowerthanthosefor
theexisting instancesof A (e.g.,Air Canada).

We observedthata morereliableway to assesstheval-
idation scoresfor b is to comparethemwith thosefor the
non-instancesof A (e.g., if A is Airline then Economy
from attribute Class of service is a non-instanceof A).
The intuition is that thevalidationscoresfor the instances
andthe non-instancesof an attribute arelikely to be quite
separable,andthisseparationcanbeexploitedto accurately
classifynew instances.Basedonthis intuition, WebIQ �rst
trainsavalidation-basedclassi�er for A usingtheinstances
of other attributeson A's interfaceas negative examples,
thenemploys theclassi�er to predictthemembershipof b.

Validate Borr owed Instancesvia the Deep Web: Con-
sideragainan attribute A. As discussedearlier, if A's la-
bel is not in “benign” syntacticform (e.g., noun or noun
phrase),it may be dif�cult to formulatereliableextraction
queries.Furthermore,theextractionqueriesmayfail to ob-
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FI GURE 3: Stepsin discovering instancesfr om the SurfaceWeb.

tain instancesfrom theSurfaceWeb.
In thesecases,wecanborrow instancesfor A from other

attributes,as just discussed.However, it is unlikely that
validatingthemvia theSurfaceWebwill work well, given
thatit is hardto formulatereliableextractionqueriesor that
thesequerieshavenot returnedinstances.

To addressthis problem,WebIQ developsa solutionto
validateinstancesvia theDeep-Web sources.Speci�cally,
to verify thatbis aninstanceof attributeA, WebIQ submits
aqueryto thedatasourceof A, with A'svaluesetto b, then
observestheresponsefrom thesource.Thekey intuition is
thatin many casestheDeep-Websourcewill beableto dis-
tinguishinstancesof anattributefrom non-instancesevenif
theSurfaceWebcannot.For example,consideranattribute
with label from (for the �ight origin) on an airfare inter-
face.While both from January andfrom Chicago might
frequentlyoccuron theSurfaceWeb(thusmakingvalidat-
ing via theSurfaceWebdif�cult), oftenqueryingthesource
with attribute from setto Chicago will yield somemean-
ingful results,whereasqueryingwith from setto January
will not.

In summary, we make thefollowing contributions:

� A set of novel techniques,as embodiedby the We-
bIQ system,that automaticallyacquireinstancesfor
attributesof queryinterfacesfrom theSurfaceWeband
theDeepWeb(Sections2-4). Thetechniquesalsohave
potentialapplicationsin thegeneralschemamatching
contexts (Section8).

� Theincorporationof theabovetechniquesinto astate-
of-the-artinterfacematchingsystem(Section5).

� Extensive experimentsover � ve real-world domains
thatdemonstratetheutility of our techniques.In par-
ticular, the resultsshow that acquiredinstanceshelp
improvematchingaccuracy from 89.5%F-1to 97.5%,
atonly amodestruntimeoverhead(Section6).

2 Discover Instancesfr om the SurfaceWeb
We now describethethreecomponentsof WebIQ. This

sectiondescribesSurface, thecomponentthatdiscoversin-
stancesfrom theSurfaceWeb,while thenext two sections
describetheremainingtwo components.Section5 thendis-
cusseshow thecomponentsareincorporatedinto IceQ [28],
a recentlydevelopedinterfacematchingsystem.

Given an attribute A anda constantk, Surface returns
up to k instancesof A, asgleanedfrom the SurfaceWeb.

It operatesin two phases:extractionandveri�cation (Fig-
ures3.a-b,respectively).

In theextractionphase,Surface analyzesthesyntaxof
A's label,andformulatesasetof extractionqueries.It then
posesthequeriesto asearchengine,obtainstheresults,and
extractsinstancecandidates.In theveri�cation phase,Sur-
face �rst removesstatisticaloutlier candidates,thenveri-
�es therestof thecandidatesvia theSurfaceWeb. Finally,
it returnsthe top k candidates,as ranked by their valida-
tion scores(if therearefewer thank candidates,thenit re-
turnsall of them).Therestof thissectiondescribesthetwo
phasesin detail.

2.1 The InstanceExtraction Phase
Analyze Label Syntax: As discussedearlier, an attribute
label may take a variety of syntacticforms suchas noun
phrase(e.g., Departure city and Type of job), preposi-
tionalphrase(e.g.,From andFrom city), verbphrase(e.g.,
Depart from), andeven a sentence.Intuitively, it is rela-
tively easierto formulatereliableextractionqueriesusing
nounsor nounphrasesthanothermoreopen-endedforms
suchasprepositions.As such,thisstepanalyzesanattribute
labelto extractnounsor nounphrases,whicharethenused
in subsequentstepsto form extractionqueries.

Speci�cally, given an attribute A, Surface checksA's
label for the occurrenceof eithera nounphrase,a prepo-
sitional phrase(a prepositionfollowed by a nounphrase),
or a nounphraseconjunction(a setof nounphrasescon-
nectedby conjunctivessuchas“and” and“or”, e.g.,First
name or last name). For a prepositionalphrase,thenoun
phraseafter theprepositionis obtained.For a nounphrase
conjunction,all noun phrasesin the conjunctionare ob-
tained,andtherestof the instancediscovery processis re-
peatedfor eachnounphrase.If the labeldoesnot contain
nounphrases,theextractionphaseterminatesandreturnsan
emptysetof instances.

To determinethe syntacticform of the label, Surface
employs a shallowsyntacticanalysisapproach,which in-
volvespart-of-speech (POS)taggingandpatternmatching.
Speci�cally, �rst Brill' s tagger[5] is employed to tag the
label.TheobtainedPOStagsarethenmatchedagainstaset
of pre-determinedpatternsto identify the interestingsyn-
tacticforms(asdescribedabove). For example,thepattern
for nounphrasesis:

optional determiner + optional modi�ers
(adjectives/noun-adjectives) + noun + optional
post-modi�er(e.g.,prepositionalphrase).



Setextractionpatterns:
s1: Lssuch asNP1, ...,NPn s3: Ls includingNP1, ...,NPn

s2: such LsasNP1, ...,NPn s4: NP1, ...,NPn , andotherLs

Singletonextractionpatterns:
g1: theL of theO is NP g3: NP is theL of theO
g2: theL is NP g4: NP is theL

FI GURE 4: Extraction patterns (L: label; Ls: L'splural
form; NP: noun phrase;O: object name)

Sucha patternmatchingapproachhasbeenshown to be
moreaccuratein many applicationsthanmoresophisticated
syntacticparsing[17].

Formulate Extraction Queries: Given the nounphrases,
this stepformulatesa setof extractionqueriesfor attribute
A. At a high level, we view instancediscovery asa ques-
tion answeringproblem,as commonlyunderstoodin AI:
weposea question,theextractionquery, to a searchengine
to obtaina setof instancesas the answer. The extraction
queriescan be regardedas incompletesentences,and the
job of the searchengineis to completethe sentenceswith
instances.

Speci�cally, Surface formulatesextractionqueriesus-
ing thenounphrasesobtainedfrom thelabelof A andsome
domaininformationfrom theschema1 of A. Domaininfor-
mation is usedto narrow the scopeof formulatedqueries
asmuch aspossible. We considerthe following typesof
domaininformation:

� Thenameof thereal-world entity thatA is associated
with (e.g.,“book” ona bookstoreinterface).

� The nameof the domain(e.g. “real estate”for a real
estateinterface),and

� The labels and instancesof other attributes in the
schema (e.g., “title” and “isbn” in a bookstore
schema).

We notethatthenameof theobjectis typically thesameas
thenameof thedomain,andfurther that theseinformation
canbeobtainedautomatically.

Extractionqueriesfall into two categories:setextraction
queriesandsingletonextractionqueries,with theformerex-
tractinga set of instancesand the latter one instanceat a
time. Theformulationof both typesof queriesis basedon
asetof genericextractionpatternslistedin Figure4, where
si 's (gj 's)aretheset(singleton) extractionpatterns,respec-
tively. Note that the set extractionpatternsare similar to
thoseusedin [13] for theacquisitionof hyponymsfrom nat-
ural languagetexts. Eachextractionpatternconsistsof two
parts: cuephrase(shown in italic) andcompletion(NP or
NPi 's). For example,the cuephrasein s1 is Ls such as,

1In the restof thepaper, we usethetermsªschemaºandªqueryinter-
faceºinterchangeably.

whereLs is theplural form of thelabelL , andthecomple-
tion is alist of nounphrases:NP1, ...,NPn , eachconsidered
to beaninstancecandidatefor theattribute.

Given the set of extraction patterns, the extraction
queriesare formed using the cue phrasesin the patterns.
Speci�cally, for eachpattern,its cuephraseis �rst materi-
alizedby replacingL with the nounphraseobtainedfrom
the label of attribute A. For example,supposethat A is
anattribute in a bookstoreschemaandhasa labelauthor.
Then,s1 will generateauthors such as andg1 will yield
the author of the book is. Next, thecuephrasesareaug-
mentedwith the domaininformationandproperlyformat-
tedaccordingto thequerysyntaxof searchengines,result-
ing in the �nal extractionqueries. For example,onesuch
extractionqueryto Googleis

“authors such as” +book +title +isbn

wherebook is thenameof thedomain,title andisbn arethe
labelsof someattributesin the schema.Note that double
quotesenclosea phrase,while `+' signsrequestGoogleto
ensurethattheresultscontainthespeci�edkeywords.
Extract Instances fr om the Surface Web: The extrac-
tion queriesare then posed to a searchengine, which
is Google in our experiments (using its Web API at
www.google.com/apis). For each extraction query, we
downloadtopk snippetsreturnedfrom Google.Finally, we
employ a setof extraction rules to obtain instancecandi-
datesfrom the snippets.Eachrule correspondsto oneex-
tractionpatternin Figure4. An extractionrule consistsof
two parts: the �rst part identi�es the cue phraseand the
secondpart extractsthe completion. For example,the ex-
tractionrule for thesnippetin Figure2 is: (1) identify the
occurrenceof the cuephrase“departurecities suchas” in
the snippet;and(2) extract the list of nounphraseswhich
immediatelyfollow thecuephrase,i.e., Boston, Chicago,
andLAX.

2.2 The InstanceVeri�cation Phase
Remove Outliner Instance Candidates: Given a set of
instancecandidates,Surface prunesthe setfurther in two
steps:pre-processing, which determinesthetypeof thein-
stancedomainandremovescandidateswhicharenotthede-
terminedtype; andtype-speci�cdetection, which employs
asetof type-speci�cteststatisticsto detectandremovefur-
theroutliercandidates.

The pre-processingstep employs a set of type-
recognizingregularexpressionsto determinethetypeof the
instancedomain.Currentlyweconsideronly two types:nu-
mericandstring.If themajorityof instancecandidates(e.g.,
80% in our experiment)are either monetaryvalues(e.g.,
$15,200),integers,or real numbers,the instancedomain
will bedeterminedto benumeric;otherwiseit is string.

Next, the type-speci�c detectionstepperformsdiscor-
dancytests[4] with a setof teststatistics,all assumedto be



normally distributed. An instancecandidateis considered
to be an outlier if its teststatisticis at leastthreestandard
deviationsawayfrom theaverageoverall thecandidates.

For instancesof numerictype,theteststatisticsaretheir
values.For example,it is unusualfor thepriceof a bookto
be $10,000.For instancesof string type, the teststatistics
are:

� thenumberof wordsin theinstance,e.g.,it is unusual
for a person'snameto havemorethanfour words;

� the numberof capital lettersin the instance,e.g., the
�rst letterof acity nameis typically capitalized;

� the lengthof the instance(i.e., thenumberof charac-
ters in the instance),e.g., it is unusualfor the make
of a vehicle(suchasHonda, Toyota) to have over 20
characters;and

� thepercentageof numericalcharactersin theinstance,
e.g.,theisbn of a booktypically hastendigits andno
morethanthreehyphensor white spaces.

Validate Instancesvia SurfaceWeb: Webvalidationfur-
ther removesfalseinstancesfrom the candidatesetby as-
sessingthesemanticconnectionbetweenthecandidatesand
theattribute,basedon their co-occurrencestatisticson the
SurfaceWeb. Theideais thatthemeaningof aninstancex
canbepartlycharacterizedby thecontextswherex appears.
As such,if x is indeedaninstanceof attributeA, weexpect
that the label of A may frequentlyco-occurwith x. Such
co-occurrencestatisticscan then be exploited to measure
thesemanticconnectionbetweenA andx.

As anexample,supposethatA haslabelmake (for au-
tomobiles). ConsiderHonda, one of A's instances. We
would expect that make can often be found in the con-
text of Honda in variedwaysover theSurfaceWebpages,
e.g.,“a variety of makes such as Honda, Mitsubishi”,
“Make: Honda, Model: Accord”, and“This car's make
is Honda”, asindicatedby Google.

Basedon the above observation, for eachinstancecan-
didatex of attributeA, we form severalvalidationqueries
usinga setof validationpatterns.Eachvalidationpattern
hastwo parts: a validationphraseV andthe candidatex.
Currently, weconsidertwo typesof validationpatterns:

� Proximity-basedpattern“L x”, whereV = L , the la-
bel of A. This patternsimply considersthe proxim-
ity of L andx. For example,this patterngives“make
honda”asthevalidationqueryfor L = make andx =
Honda.

� Cuephrase-basedpatternssuchasLs such as x and
such Ls as x, whichutilize thecuephrasesin theex-
tractionpatterns(Figure4) as the validationphrases.
For example,makes such as Honda is a validation
queryformedby thesepatterns.

Intuitively, validationphrasesserve the purposeof distin-
guishinginstancesof an attribute from non-instances. In
otherwords,we expect that instancesof an attribute tend
to occurmore frequentlywith the validationphrasesthan
non-instances.A possiblemeasureon theco-occurrenceof
an instancewith a validationphraseis the numberof hits
obtainedfrom a searchenginefor the validation queries
constructedasabove. A problemwith this measureis the
potentialbiastowardspopularinstances(or non-instances).

To handle this problem, we adapt the pointwise mu-
tual information(PMI) [10] to measuretheco-occurrence.
Speci�cally, consideravalidationphraseV andaninstance
candidatex. Let V + x bethevalidationquery(whichcom-
binesV and x). The PMI betweenV and x, denotedas
PMI (V; x), is thengivenby:

NumHits( V + x)
NumHits(V ) � NumHits(x)

;

whereNumHits(V ) andNumHits(x) arerespectively the
numberof hitsobtainedfrom asearchengineonthevalida-
tion phraseandtheinstancecandidate,andNumHits(V +
x) is thenumberof hits on thevalidationquery. Intuitively,
PMI betweenV andx measuresthestatisticaldependence
of V andx suchthata largerPMI indicatesa strongerde-
pendence.

Denotethe set of validation phrasesfor attribute A as
V = f V1; V2; :::; Vn g. The con�dencescoreof x beingan
instanceof A is then taken to be the averagePMI score
of x, i.e.,

P
i (PMI( Vi ; x))=n. Surface thenreturnsthe k

instancecandidateswith topscore.

3 Borrow Instancesfr om Other Attrib utes
Given an attribute A, WebIQ can also “borrow” in-

stancesfor A from otherattributes.Speci�cally, supposeb
is aninstanceof attributeB , thenWebIQ will try to verify
if b canalsobean instanceof A. This veri�cation process
canbe donevia the SurfaceWeb or the DeepWeb. This
sectiondescribesAttr-Surface, theWebIQ componentthat
veri�es instancesvia theSurfaceWeb. Thenext sectionde-
scribesAttr-Deep, thecomponentthatveri�es instancesvia
theDeepWeb.

To verify if instancesof B canbe instancesof A, Attr-
Surface �rst learnsaninstanceclassi�er for A from atrain-
ing set, thenemploys the learnedclassi�er to classify the
instancesof B . Many previous works on schemamatch-
ing [9, 23] haveutilizedvariedformsof instanceclassi�ers,
but they all rely on a large numberof training examples.
Suchalargetrainingsetis notavailablefrom theinterfaces,
sincean interfaceattribute typically hasonly a handfulof
instancesavailableon its interface. Furthermore,it might
beexpensiveto obtaina largenumberof instancesfrom the
Web. To addressthesechallenges,we developa novel ap-
proachto learninganinstanceclassi�er for aninterfaceat-
tribute.Thelearnedclassi�ercanberegardedasavariantof
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FI GURE 5: An exampleon training the validation-basedclassi�er.

traditionalnaive Bayesclassi�er, but basedon a validation
scheme.Anotherdistinctaspectof theapproachis that the
training of the classi�er is fully automatic, with no needs
for manuallypreparedtrainingexamples.We now describe
theclassi�er andits trainingalgorithmin detail.

3.1 A Validation­basedNaiveBayesClassi�er
A naive Bayesclassi�er [19] is a probabilisticfunction

which,givenanobjectrepresentedby afeature-valuevector
anda �nite setof classes,predictstheclassmembershipof
theobject.Thepredictionis basedon prior probabilitiesof
theclasses,class-conditionalprobabilitiesof theobject,and
theassumptionthatthefeaturesof anobjectareindependent
of eachothergivenits classlabel.

More precisely, consideran object x representedby a
vector <f 1; f 2; :::; f n > , wheref i is the value of the i -th
featureof x. Assumetwo classes:c and: c. Theprobability
of x belongingto the classc, denotedby P(cjx), is then
givenby:

P(c)� i P(f i jc)
P(c)� i P(f i jc) + P(: c)� i P(f i j: c)

: (1)

Clearly, featuresfor a classshouldcapturethe salientas-
pectsof theinstancesof theclasssothatthey canbedistin-
guishedfrom thenon-instancesof theclass.Ourkey obser-
vation is that the statisticsobtainedfrom the SurfaceWeb
on thevalidationqueriesfor anattributecanbe utilized as
thefeaturesfor theattribute.Speci�cally, weexpectthatthe
PMI scoresof validationqueriesfor instancesof anattribute
arelikely to bemuchhigherthanthosefor non-instancesof
the attribute, and that this distinction can be exploited to
performclassi�cation.

Motivatedby theaboveobservation,werepresentanob-
ject by its thresholdedvalidationscores.Speci�cally, con-
sider attribute A and an object x. Let V = f V1; :::; Vn g
be the set of validationphrasesassociatedwith A. First,
we obtainx's validationscoresandstorethemin a valida-
tion vector M = <m 1; :::; mn > , wherem i is x's valida-
tion scoreon the i -th validationqueryof A. Let t i be the
thresholdfor thei -th validationscore(which we show how
to estimatein the next subsection).Then we usethe t i 's

to representx with an n-dimensionalvector<f 1; :::; f n > ,
wheref i = 1 if m i > t i , and0 otherwise.Intuitively, the
thresholdscharacterizethe separationin validationscores
betweentheinstancesandthenon-instancesof A.

3.2 The Training Algorithm
Trainingtheclassi�er for anattributeA amountsto esti-

matingtheprobabilitiesin Formula1. Thetrainingprocess
can be divided into threesteps: training set preparation,
thresholdestimation,andprobability estimation. We now
describeeachstepin detail. Figure5 illustratestheprocess
of trainingtheclassi�er for theAirline attribute(A5) on the
interfaceQa shown in Figure1.
1. Create Training Set T : First, we obtain a set of in-
stancesandnon-instancesfor A. Thenon-instancesof A are
obtainedfrom other attributeson the sameinterfaceasA.
For example,Figure5.ashows instancesandnon-instances
of Airline usedfor the training. Next, for eachinstanceof
A, we obtain its validationscoresasdescribedin Section
2.2, using the SurfaceWeb, and then turn it into a posi-
tive example.Similarly, we createnegativeexamplesusing
non-instancesof A. For example,Figure5.bshowstwo val-
idationphrasesassociatedwith theattributeA5, andFigure
5.cshowstheobtainedtrainingsetT , wherethem1 andm2

columnsshow the�rst andsecondvalidationscores,respec-
tively.

Finally, T is divided into two parts: T1 andT2, where
T1 is usedto estimatethethresholdsandT2 to estimatethe
probabilities.For example,Figure5.dand5.eshowsT1 and
T2, respectively. NotethatT1 containsthe�rst two positive
examplesandthe�rst two negativeexamplesin T .
2. Estimate the Thr esholds: In this step,we useT1 to
estimatethresholdst i 's. Considerthresholdt i for the fea-
ture f i . Intuitively, a good thresholdshould be the one
thatbestseparatespositive andnegative trainingexamples
in T1. For this, we useinformationgain [19] to measure
the quality of t i . Speci�cally, supposethat t i divides T1

into T11 (wheref i < t i ) andT12 (wheref i � t i ). The
information gain with respectto t i is then computedas
E(T1) � (jT11 j=jT1j � E (T11)+ jT12j=jT1j � E (T12)) , where
E(x) denotestheentropy of x. In otherwords,we choose



t i suchthatit leadsto thelargestreductionin theentropy of
thetrainingexamplesin T1. For example,Figure5.f shows
thederivationof t1 andt2.
3. Estimate the Probabilities: In this step,we �rst apply
the learnedthresholdst i 's on T2 to transformeachvalida-
tion vectorinto a featurevector. This resultsin T 0

2 asshown
in Figure5.g. T 0

2 is thenusedto estimatetheprobabilities.
Speci�cally, P(f i = 1j+) is estimatedto bethepercentage
of positive examplesin T 0

2 with f i = 1. To avoid extreme
0/1 probabilityestimates,Laplaceansmoothing[19] is ap-
plied. Other conditionalprobabilitiesare estimatedsimi-
larly. Figure5.hshows theestimatedprobabilitieswith the
smoothing(e.g.,P(f 1 = 1j+) = (2 + 1)=(2 + 2) = 3=4).

4 Validate Instancesvia the DeepWeb
Besidesvalidatinginstancesvia theSurfaceWeb,asde-

scribedin the previous section,WebIQ can also validate
instancesvia the DeepWeb. It implementsthis validation
schemein a third componentcalledAttr-Deep. Given an
attributeA andaborrowedinstancex (of attributeB ), Attr-
Deep proceedsasfollows.

FormulateandSubmita Query: First,aprobingqueryis
formulatedby settingthevalueof A to x andthevaluesof
otherattributesto their default values.Note that thequery
interfacemay containsomeattributesthat do not have in-
stances.Thedefault valuesfor theseattributesaretypically
emptystrings. (Our experimentsindicatethat many inter-
facespermit partial querieswherethe valuesof someat-
tributescanbeleft unspeci�ed.)Next, theprobingqueryis
posedto thesource.

AnalyzetheResponse:This stepappliesseveralheuris-
tics to analyzetheresponsepagefrom thesourceanddeter-
mineif thesubmissionwassuccessful.Weemploy avariant
of theheuristicsusedfor a similarpurposein [22].

To reducethenumberof queriesto thesource,if thesub-
missionis successfulfor at leastonethird of the instances
of B , thenwe assumethatall instancesof B areinstances
of A.

5 LeverageWebIQ in a Matching System
We now describehow to incorporatethe above three

componentsof WebIQ into an interfacematchingsystem.
Theincorporationproceedsin two steps:

InstanceAcquisition: Let f X 1; X 2; : : : ; X n g bethesetof
all attributesover all query interfaces. This stepemploys
WebIQ to gatherinstancesfor theseattributes. Consider
attributeX 1. WebIQ gathersinstancesfor X 1 asfollows:

1. If X 1 hasnoinstances,thengatherinstancesfor X 1 via
the SurfaceWeb, usingthe Surfacecomponent(Sec-
tion 2).

(a) If this gatheringis successful,that is, at leastk
instanceshave beengathered,for a pre-de�ned
k, thenstop.

(b) Otherwise, borrow instances for X 1 from
X 2; : : : ; X n andvalidatethemvia theDeepWeb,
usingtheAttr-Deepcomponent(Section4). The
reasonthatWebIQ doesnotvalidatethemvia the
SurfaceWeb is becauseit is unlikely to be suc-
cessful,giventhat the instancegatheringvia the
SurfaceWebin Step1.ahasbeenunsuccessful.

2. If X 1 hasseveral pre-de�nedinstances,thenborrow
instancesfor X 1 from X 2; : : : ; X n andvalidatethem
via theSurfaceWeb,usingtheAttr-Surfacecomponent
(Section3). Theinstancescannotbevalidatedvia the
DeepWeb becauseX 1 acceptsonly pre-de�nedval-
ues.Thus,we cannotsetthevalueof X 1 on thequery
interfaceto aborrowedvalue,if thatvalueis not in the
setof pre-de�nedvaluesfor X .

Note thatwe canalsoobtaininstancesfor X 1 via in-
stancediscoveryon theSurfaceWeb. However, we do
not considerthat possibility in the currentscheme,to
minimize theoverheadcausedby queryingthesearch
engine.

In Steps1.band2, to minimizeoverhead,WebIQ doesnot
borrow instancesfrom all attributes. Instead,it borrows
only from thoseattributeswhosedomainsaredeemedpo-
tentially similar to thatof X 1. Speci�cally, consideranat-
tributeX i (i 6= 1) from a differentinterfaceasX 1. There
aretwo cases:(1) X 1 doesnot haveany pre-de�nedvalues
(asin Step1.b). In thiscase,thedomainof X i is likely to be
similar to thatof X 1 if the labelsof X 1 andX i aresimilar
(so they arelikely to match)andthedomainof X i is very
different from the domainof any otherattribute Y on the
sameinterfaceasX 1 (intuitively, if Y andX 1 have simi-
lar domains,it is veryunlikely thatY hassomepre-de�ned
valueswhile X 1 doesnot). (2) X 1 hasa setof pre-de�ned
values(asin Step2). In thiscase,thedomainof X i is likely
to be similar to that of X 1 if thereareat leasttwo values,
onefrom eachdomain,whichareverysimilar.

Theabovestepsarethenrepeatedto gatherinstancesfor
X 2; X 3, andsoon.

Interface Matching: OnceWebIQ hasgatheredinstances
for all attributesX 1; X 2; : : : ; X n , aninterfacematchingal-
gorithm is employedasusualto matchtheseattributes. In
thecurrentimplementation,we useIceQ, a recentlydevel-
opedinterfacematchingalgorithm[28]. Brie�y , IceQ em-
ploys interactiveclusteringto groupattributesinto clusters,
eachcontainingall attributesthatmatch. To cluster, given
any two attributesA and B , IceQ computesa similarity
scorebasedon thesimilarity of their labelsandinstances.

The similarity of their labels, denoted as
LabelSim(A; B ), is given by Cos( ~A; ~B ), where Cos
is the Cosine function commonly employed in Infor-
mation Retrieval and ~X denotes a vector of words



transformedfrom the label of attribute X . The sim-
ilarity of their domains, denoted as DomSim(A; B ),
is evaluated based on the (inferred) types of the do-
mains (such as integer, real, monetaryvaluesand date)
and the values in the domains. Finally, the similarity
of A and B , denotedby Sim(A; B ), is computedas:
Sim(A; B ) = � � LabelSim(A; B ) + � � DomSim(A; B ),
where � and � are two constants(respectively set to .6
and.4 in our experiments,usingnumbersin [28]). During
theclusteringprocessIceQ canalsointeractwith theuser
to automaticallylearn a thresholdingvalue. However, in
the currentimplementationwe employ only the automatic
versionof IceQ, andsetthe thresholdmanually. See[28]
for a detaileddescriptionof IceQ.

The above descriptionof the similarity measureshows
that its computationcan bene�t signi�cantly from addi-
tional instancesgatheredby WebIQ. This bene�t is also
con�rmed in our experimentsin Section6.

6 Empirical Evaluation
WehaveevaluatedWebIQ usingtheICQdatasetin [28],

which contains� ve real-world domains– airfare,automo-
bile, book, job, andrealestate,with 20 queryinterfacesin
eachdomain. The �rst � ve columnsof Table1 show the
characteristicsof the dataset. For eachdomain,it shows
theaveragenumberof attributesper interface(Column2),
thepercentageof interfacescontainingattributeswithoutin-
stances(Column 3), and amongtheseinterfaces,the per-
centageof attributeswithout instances(Column4).

Columns3-4 clearly show that an overwhelmingnum-
berof interfacescontainattributeswith no instances(92%
on averageacrossthedomains,asshown in the last row of
Column3). They furthershow thatonaverage40.7%of at-
tributesin theseinterfaceshavenoinstances.Thus,thelack
of instancesis pervasive.

We thenmanuallyexaminedthat, for theattributeswith
no instances,whetherit is reasonableto expect their in-
stancesto be found on the SurfaceWeb, taking into con-
siderationthe fact that it is dif�cult to obtaininstancesfor
generic attributes(e.g., keyword and description)and at-
tributesrelatedto personalinformation(e.g.,buyer id and
referencenumber). Column5 shows that on average,we
canobtaininstancesfor 89.6%of attributes,suggestingthe
potentialsof anWebIQ-likeapproach.

InstanceAcquisition: Next, for eachdomainweevaluated
theeffectivenessof WebIQ for instanceacquisition,focus-
ing in particularon attributeswith no instance,sincethey
aremuchharderto matchthanthosewith somepre-de�ned
instances.For eachsuchattribute,if WebIQ obtainsat least
10 instances,then the acquisitionprocessis deemedsuc-
cessful.

The last two columns(6-7) of Table1 show theresults.
Column6 shows the successrateswhenWebIQ employs

Instance Extraction
Domain #Attr

IntNoInst
(%)

AttrNoInst
(%)

ExpInst
(%) Surface

(%)
Surface+
Deep (%)

Air fare 10.7 85 32.2 100 19.0 81.1

Auto 5.1 95 28.1 100 58.7 82.2

Book 5.4 85 38.6 98 84.4 84.4

Job 4.6 100 74.6 83.1 72.2 72.2

Real Est 6.5 95 30.0 66.7 49.1 56.3

Average 6.7 92 40.7 89.6 56.7 75.2

TABL E 1: Characteristicsof our data setsand resultson
gathering instances

only the componentthat discoversinstancesfrom theSur-
faceWeb(seeStep1.ain Section5). Column7 shows the
successrateswhenWebIQ alsoemploys instanceborrow-
ing andvalidationvia theDeepWeb (seeStep1.b in Sec-
tion 5).
Acquisitionvia theSurfaceWeb: Column6 shows thesuc-
cessratesbetween19% in the airfare domainand 84.4%
in the book domain,with an averageof 56.7%. The air-
faredomainhasa relatively low successrate becausethe
labelsof many attributeswithout instancesareprepositions
and verb phrases(e.g., from and depart from). As dis-
cussedearlier, it is verychallengingto form reliableextrac-
tion queriesfor theseattributes. Several attributesin the
autodomainhave very ambiguouslabels(e.g.,zip for “zip
code”), reducingthe successrate in that domain. Finally,
the real estatedomainhasseveral attributesfor measure-
mentunits (e.g.,square feet andacreage), for which the
extractionpatternsarenotaseffective.

Both the book and job domainshave very high suc-
cessrates. This is not surprising,sincethe labelsof most
attributes with no instancesin thesedomainsare either
nounsor noun phrasessuchas publisher, author, com-
pany name, andcity. The extractionpatternstend to be
veryeffective for theseattributes.
InstanceValidationvia theDeepWeb: Column7 showsthat
thisstepsigni�cantly improvesthesuccessratesin boththe
airfareandautodomains. Interestingly, theseare the dif-
�cult domainsfor gettinginstancesfrom the Web. On the
average,thesuccessrateincreasesby 18.5%,demonstrating
theeffectivenessof validationvia theDeepWeb.

Interface Matching with WebIQ: In thenext stepweeval-
uatedtheextent to which WebIQ helpsimprove matching
accuracy of IceQ (seeSection5). Following [28], we mea-
surethematchingaccuracy via threemetrics:precision,re-
call, andF-1measure[25]. PrecisionP is thepercentageof
correctmatchesover all matchesidenti�ed by the system,
while recall R is the percentageof correctmatchesiden-
ti�ed by thesystemover all matchesgiven by domainex-
perts. F-1 measureincorporatesboth precisionandrecall,
andis computedas2PR=(R + P).

For eachdomain,weperformedthreeexperiments.First,
we collectedthe resultsof both IceQ andIceQ + WebIQ
with no thresholding. That is, the clusteringthresholdof
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IceQ is setto zeroso thataslong astwo attributeshave a
positive similarity, they may potentiallybe matched.This
wouldallow usto directlycompareourresultswith thosein
[28]. Then,theresultsof IceQ + WebIQ wererecollected
with thethreshold� uniformly setto :1 (which is aboutthe
averageof the thresholdslearnedfor the � ve domainsin
[28]).

Figure6 shows the results. For eachdomain,it shows
threebarswhich represent(from left to right) theF-1 accu-
racy of IceQ, IceQ + WebIQ, and IceQ + WebIQ with
thresholding(in the �gure, IceQ is referredto as “base-
line”).

The resultsshow that IceQ + WebIQ signi�cantly im-
proved accuracy over IceQ, acrossall � ve domains. The
improvement rangesfrom 4.2% in the book domain to
11.7% in the job domain. On the average,accuracy in-
creasesfrom 89.5%to 95.8%.Thethresholdingfurther in-
creasesaccuracy to 97.5%. Detailedresultsindicatethat
mostof theimprovementswith thethresholdingwerein the
precision. This is not surprisinggiven that the purposeof
WebIQ is to increasetheoverall similarity of matchingat-
tributesby makingtheir domainsmoresimilar.

ComponentContrib utions: Wefurtherexaminedthecon-
tributionsof theindividualWebIQ componentsto theover-
all accuracy. Figure7 showstheresults,wherethefour bars
for eachdomainrepresenttheF-1accuracy of baseline(i.e.,
IceQ), thenbaselinewith theWebIQ componentsconsec-
utively incorporated.Here,Surface refersto the WebIQ
componentthat discovers instanceson the SurfaceWeb,
Attr-Deep refersto borrowing andvalidatingattributesvia
the DeepWeb, andAttr-Surface refersto borrowing and
validatingattributesvia theSurfaceWeb.

The resultsshow that Surface signi�cantly improved
matchingaccuracies(e.g.,4.6%increasein theairfaredo-
main and4.4%in the real estatedomain). Attr-Deep had
themostsigni�cant impactin thejob domain(with a 9.5%
improvement).Finally, Attr-Surface wasvery effective in
four out of the � ve domains.On the average,it improved
accuracy by 1.8%.

Overhead Analysis: Finally, we examinedthe overhead
incurredby WebIQ. For eachdomainFigure8 shows the
times(in minutes)that IceQ + WebIQ spentmatchingat-
tributes(the�rst bar),gatheringinstancesfrom theWeb(the
secondbar), validatinginstancesvia the SurfaceWeb (the

third bar), andvalidatinginstancesvia the DeepWeb (the
lastbar). In otherwords,the last threebarsshow theover-
headincurredby eachindividualcomponentof WebIQ.

The resultsshow that matchingtime rangesfrom 1.9
minutesin theautodomainto 4.7minutesin theairfaredo-
main. Time spentwith Surface rangesfrom 1.2 minutes
in the job domainto 5.3 minutesin theautodomain. This
timevariesin differentdomainsdueto differentnumbersof
queriessentto Google. For example,the total numberof
extractionandvalidationqueriesfor the job domainis 432
(over 20 sourceschemas).Note that the typical retrieval
time from Googlefor onequeryis 0.1–0.5second.

Time spentwith Attr-Surface wasat most3.5 minutes
(in thejob domain),timespentwith Attr-Deep wasatmost
5.9 minutes(in the airfare domain). The total overhead
rangesfrom 5.7minutesin therealestatedomainto 11min-
utesin theairfaredomain.Theseresultsdemonstratethatit
is possibleto employ WebIQ withoutincurringasigni�cant
overhead.

7 RelatedWork
Schemaanddataintegrationareimportantproblemsand

have beenextensively researched[23]. The problem of
matchingand integrating sourcequery interfaceson the
DeepWebhasreceivedmuchrecentattention[12, 11, 28].
In [11], matchesare identi�ed by learning a generative
modelover a setof interfaces,but themodelexploits only
thestatisticson thelabelsof theattributes.Theimportance
of instancesin matchinginterfaceattributeshasbeenob-
servedin bothWise-Integrator[12] andIceQ [28]. In par-
ticular, IceQ conductsa comparative study which shows
thatinstancesgreatlyimprovematchingaccuracy.

Naive Bayesclassi�ers have beenemployed in many
schemamatchingtasks[9, 23]. Comparedto theseconven-
tional classi�ers,a distinctaspectof validation-basednaive
Bayesclassi�er is that its featuresarebasedon thevalida-
tion scoresof the instancesratherthan the frequenciesof
wordsin theinstances.

Questionansweringhasbeenan active researchareain
both AI and IR communities(e.g., [15, 21, 24]). Our ap-
proachof gatheringinstancesfrom theSurfaceWebis mo-
tivatedin partby workson Web-basedquestionanswering
suchasAskMSR [2] andMulder [15]. In particular, sim-
ilar to Mulder and AskMSR, we also exploit the idea of



“redundancy-basedextraction”,wherethescaleandthere-
dundancy of the informationon theSurfaceWebarelever-
agedto extract answersto the questionsfrom simplesen-
tences,whosesyntaxis relatively easyto analyze.

Therehave beenmany workson informationextraction
[7, 10]. Many of themrely on theuseof supervisedlearn-
ing techniquesto train the system,while our approachof
training instanceclassi�ers for interfaceattributesis fully
automatic.

Ourapproachof gatheringinstancesfrom theWebis also
inspiredby theworkson populatingontologiesby exploit-
ing theWeb,suchasKnowItAll [10]. But thetaskof gather-
ing instancesfor interfaceattributesis morechallengingas
we have discussed.Furthermore,we believe that the tech-
niqueswedevelopedfor gatheringinstancesof interfaceat-
tributessuchaslabelsyntaxanalysisandoutlier detection,
canalsobe incorporatedinto otherWeb-basedinformation
extractionsystemssuchas[7, 10].

8 Conclusion& Future Dir ections
We have describeda setof novel techniques,asembod-

ied by the WebIQ system,that automaticallyacquirein-
stancesfor attributesof query interfacesfrom the Surface
Web and the DeepWeb. We showed how the techniques
canbeincorporatedinto aninterfacematchingsystem.Ex-
tensive experimentsover � ve real-world domainsshow the
utility of our approach.In particular, the resultsshow that
acquiredinstanceshelp improve matchingaccuracy from
89.5%F-1 to 97.5%,at only a modestruntimeoverhead.

Besidesimproving theeffectivenessof thecurrentsolu-
tions,our future work will studyhow to transferour tech-
niquesto othercontexts,suchasminingtheextensivebioin-
formaticsliteratureto help matchschemasof datasources
in thatdomain,andmining text documentsthataccompany
real-world databaseschemasfor furthermetadatainforma-
tion. Overall,we believetheincorporationof shallow natu-
ral languageprocessingtechniquesovercorporaof domain
datacangreatlyhelp semanticintegrationtasks,including
matchingDeep Web query interfaces,schemamatching,
andrecordlinkage. Our currentwork is a �rst stepin this
direction.
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