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Abstract. Modernagentand mediatorsystemscommunicateo a multitude of
Webinformationprovidersto bettersatisfyuserrequestsThey usewrapperso
extractrelevantinformationfrom HTML responseandto annotatdt with user
definedabels.A numberof approachesxploit themethodsof machindearning
to induceinstance®f certainwrapperclassesby assuminghetakular structure
of HTML responseandby observingheregularity of extractedfragmentsn the
HTML structureln this work, we proposea generalapproachand considerthe
informationextractionconductedy wrappersasa speciafform of transduction.
We make no assumptioraboutthe HTML responsestructureand profit from
theadvancedmethodsf transducemduction,in orderto developtwo powerful
wrapperclassesfor samplesvith andwithout ambiguoudranslationsWe test
the proposednduction methodson a setof general-purposand bibliographic
dataprovidersandreportthe resultsof experiments.

1 Intr oduction

The World Wide Web hasbecomean enormousnformationresourceanda bunch of
new applicationsrely on Web searchengines news, weatheror shoppingsites,in or-
derto find and deliver informationrelevant to userneeds.The communicationwith
Web information providersis doneby retrieving Web pagesor sendingcgi-requests;
in eithercase an applicationfacesthe problemof understanding provider response
in HTML andextractingandlabelingrelevantinformationfragmentsspecialsoftware
componentsiedicatedo this taskarecorventionallycalledwrappers[5, 12].

The manualgeneratiorof wrapperss a time-consuminganderrorpronetaskand
a numberof methodshave addressedhe automaticwrappergenerationf4,8-11,13,
14]. Thesemethodsnvokethe machineearningtechniquesanddefinethe problemof
wrappergeneratiomasinduction of instancesf a certainwrapperclassfrom labeled
samples.

While wrappingone-walue or one-slotHTML responsessuchas stock valuesor
weatheforecastarelyposeseriougproblemgo ary learningprogramwrappingpages
with comple structureoften urveils its limitations. As an example,mostapproaches
to wrappingsearchenginesassumethe tatular form of answersand provide special
treatmenfor differentvariations like missingor multi-valuedattributes.However, the



assumptiomoesnot hold for searchengineswith sophisticatedes-Poncetructurdike
Medlineor Coral.

The power of a wrapperclassis crucial as more powerful classesallows oneto
successfullyvrapmoresites.In thiswork, we proposeagenerabpproactwhich makes
no assumptiomaboutthe responsestructureand considerthe information extraction
conductedy wrappersasa specialform of transductionOur approachis inspiredby
the OSTIA transduceinduction method[15] which learnstransducergrom positive
samplegndpushedacktheoutputlabelsto postpondranslatiorconflicts.By analogy
in our methodswe learnaccuratevrapperextractionrulesfrom positive samplesvhich
mayhave ambiguoudabeling.

Frowm Bibliogeaptor of the technical sepoets of the Toiversite of Waewdck:

o
(=x
1
e

Matasha Kurtoning snd kdaarten de Bijke
Expressiveness of First- Order Description Logics HThAL
Eesearch Report, Department of Computer 3 cience, University of Warwick,

Mumber S35 -ER-323, December 1997,

From The HCI Bibliograpbar fTOIS 15

Gonzalo Mavarro and Bicardo Baeza-Yates EBibTeX
Proximal Nodes: A Model to Query Document Datahases by Content E
and Structure

ACM Tromeactions on Informeion Systems, 15(4), pp. 400-435, 1997,

Fig. 1. Samplefragmentfrom CSBiblio site.

In HTML pageswith comple structure gxtractedinformationcanbe complex and
thuslabelsthatannotatextractedfragmentanay have a path-likeform. Theresultof
informationextractionis semistructued data, representedsa treewhereeachnodeis
labeledandmayhave avalue[5]. Theextractedsemistructuredatacanbesimilar, poor
or richerthanthe structureof original HTML file; its compleity is actuallydrivenby
theusers perceptiorandneedsThesemistructuredatamodelhasa highly expressie
power, it permitsoneto copewith all possiblevariationsin the pagestructureFigurel
shavs asamplefragmentfrom the ComputerScienceBibliographysite? Theextracted
datais showvn in Figure 2; it hasa nestedstructurewhereeachtuple groupscoherent
informationandtuplesaregroupedoy bibliographiccollections.

HTML and XML. The problemof wrappingHTML pagesmay disappeamwith the
wide useof XML for dataexchange However, the currentexpansionof XML remains
essentialljimited to business-to-bsinessolutions thereforeHTML interfacewill re-
main, at leastfor sometime in future,the principalway of interactionwith thousands
of Webinformationproviders.

! http://mwwmedportal.comhttp://cora.whizbang.com.
2 http:/Mliinwww.ira.uka.de/bibliography/inaehtml.
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Fig. 2. Extractedsemistructuredata.

Determinism in wrappers. Applicationsrelying on Web datarequirefrom wrappers
the delivery of reliable and accuratedata.For this reason the determinismis of the
primeinterestin thewrapperinduction.While theinductionmethodscanbe nondeter
ministic or stochasticthe deterministicinformation extractionremainsa mustin the
wrappergeneration.

2 Transducers

WrappergarseinputHTML strings,extract sometokensandannotatehemwith user
labels. Thus, the information extraction conductedby a wrapperappearssimilar to
transductiorof stringsof aninput alphabeinto stringsof outputalphabe{9]. Below
wewe remindsomenotionsfrom theformallanguageaheoryanddiscusghedifference
betweertransducerandwrappers.

For ary stringxz overanalphabet”, " denoteghereverseof . Theconcatenation
of two stringsz andu is denotedcu. Thestringwv is aprefixof thestringz if andonly if
thereexistsastringu suchthatvu = z. A languages ary subsebf X*. Pr(L) denotes
all prefixesof I.. A positivesamplesetof thelanguagel. is afinite setof stringsfrom
L.

A transducelT is a6-tupleT = (X, H, @, q0, F, §), whereX and H areinputand
outputalphabets(), qo, F' aresetsof all, initial andfinal statesandd is a mapfrom
Q x Xto@ x H [7]. Transducefl" is deterministicjff thereis atmostonerule for ary
pair(q,a) ind:if 6(¢g,a) = (¢, h') andd(q, a) = (¢”, h"), theng’ = ¢’ andh’ = h",
wherea € X, b/, b € H,q,q',¢" € Q. For anacceptesgtringz € X*, transducefl’
translates: into anoutputy = T[z] € H*.

Wrappers and transducers. Thereare two main differencebetweenwrappersand
transducersThefirst, obviousoneis in thewaythey producetheoutput.Whenatrans-
ducerconsumesninputtokene andexecuteshetransitiond(q’, a) = (¢, h), it emits
an outputsymbol . A wrapperinsteadoutputsthe value of tokena labeledwith A,

denoteda(®). In otherwords, translationin transducersorrespondso labeling in

wrappers.One can easily establisha one-to-onemappingbetweenoutputsproduced
by transducerandwrappersin thefollowing we will usethenotionsof translatiorand
labelinginterchangeably

The second,more seriousdifferencebetweenwrappersand transducerss in the
way they treatinput strings. While transducergopewith acceptednput stringsand



their translation the prime interestin wrappersremainthe informationextractionand
correctlabeling.As result,we develop a wrapperrepresentatioalternatie to conven-
tional transducersAny wrapperis representedsa setof informationextractionrules;
it neglectstheissueof input stringsacceptancéut addressethe correctandvalid in-
formationextraction.

HTML tokenization. There are differentwaysto tokenizeHTML files, whereele-
mentsuseopeningandclosingtagsto group elementcontentsand sub-elementdJn-
fortunately unlike XML, the HTML standarddoesnot requirethe propertag nesting;
asconsequencehe majority of real-worldHTML files are not well-formed. For this
reasonwe considera simpletokenizationof HTML, wherealphabet® containsall
HTML tags(both openingand closing ones)and a specialtokenC for elementcon-
tents,X = {C,<htm >, </html >, <title>, ...}; ary HTML file is considereds
astringover X'. For example,anHTML fragment<ti t | e>HomePage</ti tl e>is
asequencef threetokens<titl e>, C and</titl e>, whereC’svalueis 'Home
Page’.

Elementaryinformationextractedfrom atokenizedHTML file canbe onetokenor
a partof token,like hr ef attributein an<a> elementor sr ¢ attributein an<i ng>
elementHowever, in thefollowing, we assumehatonly elementtontentgdenotedoy
C) are extractedfrom afile, thatis, labeledwith userdefinedlabels,like Author or
Title, while all othertokensarelabeledwith adummylabel A € H.2 This assump-
tion is madeonly for the sakeof simplicity; in the generalkcase the algorithmscanbe
directly extendedo allowing userdefinedabelsonary tokensfrom X' [3].

Examplel. Assumean informationprovider / generate$iTML pagesusingthe fol-
lowing regular structure:<hr > ( C(Author) <p>(C(Title)<hr>| <br>))*. The
correspondingransducef; is givenby (X, H, @, qo, F, §), where X={<hr >, <p>,
<br >, C}, O = {Author, Title, A}, @ = {qo,...,qa}, F = {q1} andd = {
6(qo,<hr>)=(q1,A), 6(q1,C) = (g2, Author), 6(¢q2,<p>) = (g3, A),

3(g3,C) = (qa, Title), d(qs,<br>)=(qa,)), &(qa,<hr>)=(q1,M)}.
Thetransducers shavn in Figure3; for transparencwe omit all occurrencesf A.

Author
<hr> C . <p>

<br>

Fig. 3. Transducefl .

3 Thoseelementontentavhich arenot extractedfrom afile areequallylabeledwith .



3 Induction from positive samples

Toinduceawrappeifor aninformationprovider, onehasto collectsampleHTML pages
generatethy theprovider; suchpagegorm apositive samplesetdenoteds, fromwhich
thetransduceshouldbeinduced[15]. Any elements € S is acouple(z,y), z € £*,
y € H*. Inthecaseof HTML sampless is atokenisedHTML file, pre-processeldy
annotatingall occurence®f C with labelsfrom H. The transducetnductionfrom a
samplesetconsistdn building a prefix treetransduceandgeneralizingt by meging
somestatesFor the wrapperinductionhowever, we modify the procedurewvhich will
build a prefix treetransduceandtheninfer thewrapperextractionrulesfrom it.

For a samplesetS = {(z,y)}, we definethe prefix tree transducerPTT(S) as
(X, H,Q,qu, F,0), whereX = {z}, Q = Pr(X), F = {X}, 6(u,a) = (ua,h),
wheneeru,ua € Q,a € X, T[ua] = h.

Example2. Let the labelset / includelabelsaAuthor andTitle andthe annotated
samplesetsS; bethefollowing: { <hr >,

<hr >C(Author)<p>C(Title)<hr >C(Author)<p><br >,

<hr >C(Author)<p><br >C(Author)<p><br >,

<hr >C(Author)<p>C(Title)<hr >}.

Theprefix treetransducefor S; is givenin Figure4.

utho C C
?O <p> <br>

Author <br> Author

OW:@T.O?[);OLEQO<W> O C . <p> <br>

Fig. 4. Prefixtreetransduce7T7T(S1).

Unlike the prefix treesfor finite-stateautomatavhich arealwaysdeterministid1],
prefix treetransducerganbe deterministic like transducer?T'7'(S;) above, or non-
deterministic.Two wrapperinductionalgorithmsintroducedin the following sections
areinspiredby the OSTIA transduceinferencemethod[15]. Our algorithmsdepend
on whetherthe prefix treetransducebuilt for a sampleset.S is deterministicor not.
First, we considerdeterministicprefix treetransducersand develop a wrapperinduc-
tion methodbasedon the analysisof prefixes of labelsin S andthe constructionof
minimal prefix sets analyzingsuchsetswill be sufiicient to detectuniquelabelsfor
input tokens.Then,in Section5 we considerthe casethe nondeterministigrefixtree
transducersvhich raisethe problemof ambiguoudabeling; we will extendthe first
inductionmethodwith the combinedanalysisof prefixesandsufiixesto disambiguate
thetokenlabeling.



4 Deterministic prefix tr eetransducer

Leth € H labelsomeoccurrencesfC in s € S. We denoteas R(s, h) the setof all
reverseprefixesfor labeledtokensC(h) in s, R(s, h) = {s]|s = s1C(h)s2}. Theunion
of reverseprefixesfor hin all s € S givesthesetR(h) = {U;esR(s, h)}.

In Example2, thereverseprefixsetsfor labelsTit1le andAuthor arethefollowing:
R(Author) ={<hr >, <hr >C(Title)<b>C(Author)<hr >, <br ><p>C(Author)<hr >}
and R(Title)={<p>C(Author)<hr>}.

Thefollowing prepositionestablishesnimportantrelationshipbetweerthe deter
minism of a prefix treetransducerlandthe emptinesf intersectionof reverseprefix
sets.

Preposition1 For a samplesetS, the correspondingprefix treetransducerPTT'(S)
is deterministidff for anypair of differentlabelsk andh’ in .S, R(h) N R(h') = 0.

The prepositionprovides a generalmechanisnfor the deterministicinformation
extractionin wrappersnducedfrom samplesAssumethepropositionholdsfor agiven
setS, reverseprefix setsarebuilt for all labelsin S andwe wantto extractinformation
fromanew sampler € X*. Then,for ary occurrencef C in z, it is sufficientto build
its reverseprefix,comparingt to all setsR(h) will uniquelyidentify the labelfor C.

Prepositionl usesthe full reverseprefixesfor labelsin S. However, full reverse
prefixesis of little practicaluseasthey canrequirelong learningand huge sample
sets.Below we proposeminimal prefix setsas an alternatve to full prefix sets.This
alternatve representationpn one side, preseres the the relationshipestablishedy
Prepositiorl and,on otherside,is compaciandefficientin use.

4.1 Minimal prefixindex

For a labeledsamples = (z,y), k leadinglabeledtokensof s is called k-prefix and
denotedvy s[k] = (z[k], y[k]); if len(s) < k, s[k] = s. Giventheprefix setR(h) for
label n is S, theset Ri(h) = {s[k]|s € R(h)} is calledthe k-prefix setof A in S,
k = 0,1,2, ... For two distinctlabelsh andA’, the minimal prefix index is given by
k(h,h') = min{k|Rx(h) N R (') = 0}.

Example3. For the sampleset.S; in Example2, we obtain k(Author, Title) = 1.
Indeed,since Ry (Author)={<hr >, <br >} and R;(Title)={<p>}, we obtainthat
Ri(Author) N Ry(Title)=(.

For theentiresetS, we calculatethe minimal prefixindex asthe maximumamong
k(h, ') for all labelpairsin H: ks = max{k(h, h')|h # h'}. Thevalueks establishes
the upperboundon the lengthof the reverseprefixesto deterministicallylabel ary C
occurrencen S.

Minimal prefix set. The way we obtainthe minimal prefix index ks shavs how to

replacethe full prefix setsR(h) for all labelsin S with minimal prefix sets,denoted
M R(h). Thedefinitionfor minimal prefix setsis givenbelaw; in additionto thefeature
establishedh Prepositionl, calledseparabilitysuchsetsshouldsatisfytwo additional
conditions hamelycompletenesandminimality.



Definition 1. Theminimal(reverse)prefixsetM R for label h in a samplesetsS is sudh

a setof reverseprefixesfor which threefollowing featueshold:

Separability: Vh' # hin S: MR(h) N R(R') = 0.

Completeness:for anyreverseprefixs in R(h), there existsa prefixp € M R(h) sut
thatp is a prefixof s.

Minimality: Vp € M R(h), replacemenbf p with any proper prefix of p resultsin
loosingthe separbility featue.

For ary h, M R(h) is obtainedfrom R(h) by replacingary elementof R(h), first
with its k¢ -prefixwhich satisfieghe separabilityandcompletenessequirementibore.
Then,we cantry to reducetheprefix further, till theminimality is reachedThereexists
anincrementalprocedurevhich constructghe minimal prefix setsfor all labelsin a
samplesetin polynomialtime [2]. For the sampleset.S;, we obtainthe minimal prefix
index ks equalsl, and M R(Author)= {<hr >, <br >} and M R(Title) ={<p>}.

5 Nondeterministic prefix tr eetransducer

In the previous section we have studiedthe casewhenthe prefix treetransducebuilt
from sampleset.S is deterministicHowever, aswe mentioned,PTT(S) canbenon-
deterministicln sucha case Prepositiornl doesnot hold andanalysisof tokenprefixes
is insufficientto disambiguatéhe tokenlabeling.In this sectionwe extendthe prefix-
basedanalysisto sufiixesaswell andproposea wrapperinductionmethodthat copes
with non-determinisnin samplesets.

Assumethattwo annotatecsampless', s? € S startwith the prefixesuC(h) and
uC(h"), respectiely, whereh andh’ aredifferentlabelsof H. Any treetransducebuilt
from setS will have a non-deterministichoicewhentrying to labelthetoken(, since
sampless! ands? exemplify thedifferentlabelingof C, with A andh’, respectiely.

ThoughS canbenondeterministicwe still assuméhat S is consistentthatis, there
arenotwo differentsampless’ = (2!, y') ands? = (z?,y?) in S, suchthatz® = z?
buty! # 2.

We will saythattwo distinct occurrence€(h) andC(h'), h, ' € H conflictin
sampleset S, if R(h) N R(h') # 0. As an example,considerthe transducefT> in
Figureb. It hasanondeterministichoiceatstatey;, wheretokencalC' canbelabeledas
eitherasAuthor or Title. Considemnexampleof annotatedamplesetcorresponding
to this transducer

<p>

Nﬂe
Title C ¢
<hr> \%thgr/'

<br>

Fig. 5. Nondeterministicransducef>.
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Exampled. Let the label set H includelabelsAuthor andTitle andthe annotated
samplesetS; be{ <hr >, <hr >C(Author)<p>C(Title)<hr >C(Author)<p><br >,
<hr >C(Author)<p><br >C(Author)<p><br >,

<hr >C(Title)<hr >C(Author)<p>C(Title)<br>}.

For the sampleset S-, we obtain the following inverseprefix setsfor Author and
Title: R(C, Author) ={<hr>, <hr>C(Title)<p>C(Author)<hr >,

<br ><p>C(Author)<hr >, <hr>C(Title)<hr>}, and

R(C,Title) ={<hr>, <p>C(Author)<hr >, <p>C(Author)<hr >C(Title)<hr >}.

(PO 0x0

<br>T
h i Auth
O<hr> @Au(tj O{ ) <p>< >T4I(,t‘le>O<hr> U(t;' O <p> <br>

CyTitle

uthor, Title
é)<hr>< j C O<4p>’©—c’O <hr>©

Fig. 6. Prefixtreetransducefor S, .

Thesetwo reverseprefix setsconflictashaving thecommonitem <hr >. Thesolu-
tion to the prefix conflictsis in extendingthe analysis beyond prefixes,to suffixes of
inputtokens.Indeed for alabeledtokenC (k) in two conflictingsampless! ands?, the
prefix comparisornis insufficient,andthe conflict resolutionmightrequireto lookahead
andto comparesufiixesof uC in s' ands?. Suchtechniquecorrespondso postponing
theconflictresolutionin sub-sequentidtansducergl5]. If thesamplesetis consistent,
observinghoth prefixesandsuffixescanprovide sufiicientinformationto disambiguate
labelingin conflict casesBeyondthe caseof nondeterminisnin samplesetstheanaly-
sisof suffixescanbeequallyhelpfulwhenthe minimal prefixindexesandsetsobtained
by the previous methodaretoo large. In suchcasesgconsideringvindowswhich com-
bineprefixesandsufiixescanconsiderablyeducehenumberof contet tokensneeded
for thelabeldisambiguation.

Similar to prefix sets,we considerthe setof all sufiixesfor C(k) in S. Let C(h)
appeain s € S, s = s1C(h)z’'(y'). Thewindowfor the given labeledtokenC(h) is
definedasapair (s7, z); it containghe (labeled)reverseprefixand(notlabeled)suffix
of C(h). The setof all windows of C(h) in s is denotedi¥(h, s) and the setof all
windowsof C(h) in S is denoted¥ (h): W(h) = {Us;esW (h,s)}.

Thefollowing prepositiorestablisheanimportantrelationshipbetweertheconsis-
teng of asamplesetandlabeldisambiguation.

Preposition2 If a samplesetS is consistentthenfor anypair of labelsh andh’ in S,
wehaveW (h) " W(h') = 0.

Proof. (Sketch)From contradiction)et assumehata givensamplesetsS is consis-
tentbut a pair of labelsh andh’ in S, W(h) N W (k') # 0. Thenthereexistsawindow
w = (s, z) sharedy bothsetsiW (k) andW (k). ThereforeS shouldhave two samples
st ands? suchthats' = sC(h)z(y) ands? = sC(h')z(y'), andwhatever y andy’ are,
S is notconsistent.



5.1 Minimal window index

Prepositiorn2 givesa generalmethodfor the deterministiclabelingwhensamplesets
containambiguougranslationsSimilarly to the prefix case now we introduceminimal
window indexes and setsas compactalternatie to the entire window sets.We will
determineminimalwindow setsfor all labelsby observinghe k-prefixesandi-sufiixes,
we canuniquelyidentify thelabelingfor ary C occurrencen S.

Given the window set W (h) for C(h), the set Wy ;(h) = {(s[k],u[l]|(s,u) €
W(h)} is calledthe kl-windowsetof C(h) in S, k,l = 0,1,2,.... For two distinct
labelsh and”’, the minimalwindowindex is givenby ki(h, h') = {(k,{)| Wk .(h) N
Wi 1(h') = 0}. andmorewer thesumk + [ is minimal amongall similar pairs.

For a givensampleset .S, we calculatethe minimalwindowindex asthe maximal
window index kls = (k',!") for all pairsof labelsin H, where

k' = max{k|(k,1) = kl(h,h"),h £ h'},
U =maz{l|(k,1) = kl(h,h"),h £ h'}.

Thevaluekls establisheshe upperboundon the lengthsof &-prefix and!-suffix
thatguarante¢he uniquelylabelingof ary occurrencef C in S.

Minimal prefix set. Theminimalwindow setM W for all 4 in S aredefinedin the
way similar to the minimal prefix sets.Unfortunately unlike the minimal prefix sets,
theremay exist mary differentminimal window setsfor the sameset S andfinding
a globally minimal oneis an computationallyexpensve task. However, thereexists a
greedyalgorithmthatbuild the (locally) minimal window setsfor all labelsin S.

For the sampleset S, above, we obtain the (globally) minimal window setsfor
Author andTitle asfollows: MW (Author)={( §, <hr>), ( (@, <br >} and
MW (Title)={( 0, <p>) }. Finally, kl(Author)=kI(Title)) = (0,1).

6 Relatedwork

The wrapperinduction problemhasbeenintensiely studiedover lastyears [4, 6,9,
11,13,14].In [11], KushmericKirst identifiedsomesimpleclasse®f HTML wrappers
which canbe efficiently inferredfrom labeledsamplesTheseclassesssumea takular
structureof theresponsgage.The wrapperinferenceis thereforereducedo the effi-
cientdetectionof tag sequenceprecedingeachlabelin sucha takular form. In [13],
awider setof HTML wrappersis consideredBeyond the takular forms, the method
alsoinduceswrappergrammarsn caseswhen somemissinglabelsarethey change
theappearancerderontheresponsg@age Otherwrapperclassehasbeenproposedo
treatmultiple-valuedabels labelpermutation$9], nestedabelsin well-formedHTML
paged14] anddisjunctiong4, 9,13]. Somemethodqd9] arebasedntransducebased
extractorshowever, becaus¢hesimplifying assumptionaboutthepagestructurenone
of thesemethodshashowever reachedhe 100%successate.

7 Experimentsand analysis

For experimentswe have selected 6 informationprovidersamongaboutl00onesgen-
eratedor Xerox’sAskOncemeta-searchéhttp://www.mkms.erox.com/askoncepe-



lectedproviderscover two large domainsgeneral-purpossearchengineg8 sites)and
bibliographic dataproviders (8 sites). They representa wide rangeof compleity in
responsepages,ncluding suchdifferentfeaturesas varying occurrencesnd permu-
tationsof labels,interlearing responseétemswith adwertisementshighlighting query
keywords,labelnesting.etc.

Thecomplity of asiteis measuredby thenumberof labels by thesizeof minimal
prefix/iwindow sets(elementf eithersetare calledextractionrules)and by minimal
prefix/windovsindexes.Comple siteshave numeroudabelsandlarge M R and M W
sets,andconsequentlythey requiremoresampledor theaccuratdearning.

The wrappersbasedon both minimal prefix and minimal window setshave been
successfullygeneratedor all sites;in otherwords,samplesetsfor all sitesare con-
sistentand deterministic.In general,for the selectedset, the window-basedmethod
outperformsthe prefix-basednethodon 11%in the learningspeedreduceghe total
numberof ruleson 6% andnumberof tokensneededor disambiguationn 1.6times.
Tablel reportsthe experimentresultsfor all sites.Abbreviationsusedin thetableare
thefollowing:

H - totalnumberof labelsin A, includingA andStop,

Sz - total sizeof minimal prefix/iwindowv sets,y ", |M R(h)| or ", |MW (h)|,

RL-m(a), RL-a - maximalandaveragesizeof M R(h) or MW (h),

ks,kls - minimal prefix/window indexes,

PL-a, WL-a - averagdengthof prefixes/windavsin M R(h) or MW (h), PL-a< ks,
WL-a< klg;

L-a - averagenumberof samplesieededo reach99%-accurac

ThelabelsetH for all wrapperdhave beenextendedwith aspecialabelstop which
is learnedlike ary otherlabel; it resultsin halting the informationextraction process.
Using Stop allows wrapperso skip the mutetails of HTML pagesandthusto make
theminimal prefix/windav setssmaller

For eachsite, |S| = 15 labeledsampleshave beenpreparedfor the evaluation
of wrapperinductionprocessAccurag of learningis measuredy the percentag®f
correctly extractedand labeledtokensfrom a page.For eachsite, 5 testshave been
performedgeachtestconsistsn learningtheminimal prefix/windav setsfrom i=1,2,3,...
randomlychosersamplesandtestingtheremaining(15-) samplesagainsthelearned
set.Theaveragenumber(over5 experimentspf samplesieededo learn99%-accurate
prefix/window setsis reportedn thetable.Herewe summarizesomeimportantresults.

1. The secondgroup of providers appearso be more comple than the first one.
Deja.comandGo.comarethesimplestamongselectedroviders,theirresultshave
aregulartable-likeform. Theprefix/window setsfor bothsitescontainonerule per
eachvaluabldabelandtheremainingrules,15and16 respectrely, copewith label
A usedto ignoreHTML fragmentseforeandwithin theanswelist.

2. Mary siteshave a large gapbetweernRL-m (referringalwaysto label A) andRL-
avalues.This gapis particularlyimportantfor adwertisement-basesiteslike Al-
tavistaandExcite,while it remaingminimalfor no-adwertisemensites(Google.com,
DBLP, ACM* andMedline).

* http://wwwinformatik.uni-trer.defey/db, http://mwwacm.og/dl/Search.html.
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3. Corais an exampleof searchenginesthatvisualizequery keywords in answers
by using a particularfont. This splits a uniqueuserlabel, suchasAbstract, in
multiple fragmentsijt resultsin animportantnumberof rulesfor Abstract label,
in both prefix-based@ndwindow-basednductionmethods.

4. Yahoo.comanswerssombinecatgory entriesand sites. Thesetwo sublistshave
commonand differentlabels. This makesthe learning of Yahoowrappermuch
longerascomparedo ary otherproviderin thefirst group.

5. Medlinediffersfrom othersitesby thelarge numberof userlabels(21). Although
otherparametersiave valuescloseto averageones,sucha large numberof labels
andtheir combinationsesultsin the biggestsizeof the samplesetandthe longest
learningprocess.

6. The mostdifficult casetakesplacewith CSBiblio and IEEE ® siteswheresev-
eral labelslike referencego PDF/PS/HTML copiesof a publicationoften share
the samecontet (seeFigure 1); this resultsin a very large prefix and window
indexes (65 and 44 for CSBiblio, 45 and 23 for IEEE). Consequentlylarge pre-
fixes/windavs requirealongerlearning.Possiblesolutionsfor casedike CSBiblio
and |IEEE are either the normalizationof conflicting labelsby meging themin
onejoint label [3] or the extensionof purely grammaticalnferencemethodswith
somenon-grammaticatomponentgsuchas recognizerdor explicit stringslike
'PDF'HTML’, etc.)[2,9,11].

Site H Prefixes Windows
SzRL-alRL-m|PL-a ks|L-a|| SzRL-aRL-mWL-a|kls|L-a
Altavista.com 7\ 37 5.3 26| 1.5 4{2.1| 37| 5.3 26| 1.5 4|2.1
Google.com 9 29 3.2 11 2.4 4({2.3| 27| 3.0 11 2.3 3|2.1
Excite.com 7\ 27 3.9 19| 1.4 3(2.0f 27 3.9 19| 1.3 3(2.0
Yahoo.com 6| 30| 5.0 14| 3.8 20{4.4| 29 4.8 14| 1.3 4/3.8
Metacravler.com 9|| 37| 4.1} 21| 2.2 6(2.6| 34 2.8 18 2.0 5|2.2
Go.com 6| 21 3.5 16| 1.8 8(1.2| 19 3.2 14| 1.5 4|1.1
Deja.com 6| 20 3.3 15 1.6/ 4({1.1| 17| 2.8 12| 1.4 3|1.1
CNN.com 7\ 36| 5.1 22| 1.5 4{2.2| 35 5.1 21 1.5 4|2.2
DBLP 8|l 13 1.6 3| 1.8 3|1.6| 13 1.6 3| 1.8 3|1.6
Researchinde | 5| 28 5.6/ 17| 2.2 7/2.5| 24 4.9 15 1.9 4|2.2
CSBiblio 10| 32| 3.2 17| 4.6| 65/8.7]| 32| 3.2 17| 3.8 44(8.2
ACM Search 9| 18 2.0 9 2.1y 4|1.6] 18 2.0 9| 2.1 4|1.6
IEEEDL 7\ 231 3.3 16| 3.8 45/6.5| 21| 3.0 15 2.7| 23|5.0
Elsevier 12| 28 2.3 12| 2.7 9|1.5] 26| 2.1 11} 2.1 4{1.5
Medline 21| 43 2.0 6| 2.2 5(9.2| 38 1.8 6| 2.00 5/8.5
Cora 12| 34| 2.8 15| 2.7| 6(3.3]| 32| 2.6 15 2.5 6(3.0
||Average |8.8||28.q 3.5| 14.9| 2.4|12.3| 3.3||26. 3.2| 14.]4 2.0| 7.7| 3.0||
Table 1. Resultoof wrapperinductionfor 16 informationproviders.

5 http://wwwcomputesorg/search.htm
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Conclusion

We have proposediwo powerful wrapperclassesor mediatorand agentWeb sys-
tems.The wrappergeneratiorbasedon the transduceinductionhasbeentestedwith
a numberof real Web informationproviders.Experimentsdhave shovn a large expres-
sive power of new wrapperclassesExperimentaith suchsitesas|IEEE andCSBiblio
have beenparticularly helpful, asthey helpto establishthe limits of prefix-basedand
window-basedmethodsandpuregrammatbasedmethodsn general.They shav that
if theperfectinformationextractionandlabelingis requiredfrom wrapperspuregram-
maticalmethodsshouldbe extendedwith non-grammaticatomponents.
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