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ABSTRACT

TheWebposesdtself asthelargestdatarepositoryever availablein
the history of humankind.Major efforts have beenmadein order
to provide ef cient accesgo relevantinformationwithin this huge
repositoryof data. Although several techniqueshave beendevel-
opedto the problemof Web dataextraction, their useis still not
spreadmostlybecausef theneedfor highhumaninterventionand
the low quality of the extractionresults. In this paper we present
adomain-oriente@pproacto Web dataextractionanddiscussts
applicationto automaticallyextractingnews from Web sites. Our
approachs basedon a highly ef cient treestructureanalysisthat
producesvery effective results. We have testedour approachwith
several importantBrazilian on-line news sitesand achieved very
preciseresults,correctlyextracting87.71%of the news in a setof
4088pagedistributedamong35 differentsites.
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1. INTRODUCTION

NowadaysheWebposestself asthelargestdatarepositoryever
available in the history of humankind. Major efforts have been
madein orderto provide ef cient accesdgo relevantinformation
within this hugerepository At leasttwo broadviews of this prob-
lem have evolvedrecently The rst one,characterizedy the un-
structuredview of data,hasdevelopedbreakthrougtechnologies
(suchas Web searchengines)basedon information retrieval [3]
methods,which have beenusedin mary successfucommercial
products.The secondne,characterizedy the structuredor semi-
structuredview of data,borrowns techniquegrom the databasarea
to provide the meando effectively managinghe dataavailableon
the Web [9]. Thus, several techniqueshave beenadaptedor tar-
getedspeci cally) to the problemof extractingdatafrom the Web
Copyright is held by theauthor/evner(s).
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for furtherprocessingquerying,integration,mediation etc.)[13].
However, thesgechniquesrestill notspreadastheinformationre-
trieval basedones. This happensnostly becausef two problems
with thesetechniques(1) theneedfor highhumarninterventionand
(2) thelow quality of theextractionresults.Thus,themotivationto
develop nev methodsandtoolsto allow the effective deployment
of a more structuredview of the dataavailable on the Web still
remains.

Devising genericmethoddor extractingWeb datais a comple
(if notimpossible)task,sincethe Web is very heterogeneouand
therearenorigid guidelineson how to build HTML pagesandhow
to declareheimplicit structureof theWebpagesThus,in orderto
develop effective methoddor extractingWebdatain a preciseand
completelyautomaticmanner it is usually requiredto take into
accountspeci ¢ characteristicef the domainof interest. One of
suchdomainsis that of on-line newspapersand news portalson
the Web, which have becomeone of the mostimportantsources
of up-to-datenformation. Indeed therearethousandsf sitesthat
provide daily news in very distinctformatsandthereis a growving
needfor toolsthatwill allow individualsto accessaandkeeptrack
of thisinformationin a automatiananner

In this paper we presenta domain-orientecapproachto Web
dataextractionanddiscussts applicationto automaticallyextract-
ing news from Web sites. This approachis basedon the concept
of tree-editdistance[17, 20] andallows not only the extractionof
relevanttext passagefrom the pagesof a given Web site, but also
thefetchingof the entire Web site content theidenti cation of the
pagesof interest(the pageghatactuallypresenthe nens) andthe
extractionof the relevanttext passagesdiscardingnon-usefulma-
terial suchasbannersmenusandlinks.

To supportthis approachwe have developeda highly ef cient
treestructureanalysisalgorithmthatoutperformsfor practicalpur
posesthe bestresultson tree-editdistancecalculationin the liter-
ature. We have testedour approachwith severalimportantBrazil-
ian on-line news sitesand achieved very preciseresults,correctly
extracting 87.71%of the news in a setof 4088 pagesdistributed
among35 differentsites.

The restof this paperis organizedasfollows. Section2 gives
anoverview of thetheorybehindtreeedit distancealgorithms the
basisof our work. Section3 presentur improved tree structure
analysisalgorithm, while Section4 shavs the applicationof this
algorithmin the varioustasksthatcompriseour approach Experi-
mentalresultsdemonstratinghe effectiveneswf our approactare
in Sectionb. Section6 discusseselatedwork. Finally, conclusions
anddirectionsfor futurework canbefoundin Section7.



2. TREE EDIT DISTANCE

Theapproachwe have developedfor nding andextractingdata
of interestfrom Web pagess basedn the analysisof thestructure
of thesetarget pages.More precisely by evaluatingthe structural
similarities betweenpagesin a target site we are ableto perform
taskssuchasgroupingtogethempageswith similar structureto form
pageclustersand nding a genericrepresentationf the structure
of thepagewwithin acluster Indeedaswe shallsee suchtasksare
key to ourapproach.

Sincethe structureof a Web pagecanbe nicely describedby a
tree (e.g.,a DOM tree), we have resortedto the conceptof tree
editdistancg17, 20] to evaluatethe structuralsimilaritiesbetween
pages.Intuitively, the edit distancebetweerntwo treesTa andTg
is the cost associatedvith the minimal set of operationsneeded
to transformTa into Tg . In this sectionwe review this important
conceptalongwith its relatedformalismsanddescribenow we use
it to analyzethe structureof Webpages.

Treesareoneof the mostcommondatastructuresusedin com-
puterscience Formally, they arede ned asdirectedagyclic simple
graphs Althoughmostof thediscussiorin this sectioncanbegen-
eralizedto dealwith differenttypesof tree,we areinteresteconly
in onespeci c type of tree, calledlabeledordered rootedtree A
rootedtreeis atreewhoserootvertex is x ed. Orderedootedtrees
arerootedtreesin which the relative orderof the childrenis x ed
for eachvertex. Labeledorderedootedtreeshave alabell attached
to eachof their vertices.Figurel shavs anexampleof suchatree.
From now on, we referto labeledorderedrootedtreessimply by
trees,exceptwhenexplicitly stated.

Figure 1: A labeledorderedrootedtr eewith rootR

In its traditionalformulation,the treeedit distancgproblemcon-
sidersthreeoperations(a) vertex removal, (b) vertex insertion,and
(c) vertex replacementTo eachof of theseoperationsa costis as-
signed. The solution of this problemconsistsin determiningthe
minimal setof operationgi.e., the onewith the minimum cost)to
transformonetreeinto another Anotherequialent(andpossibly
more intuitive) formulation of this problemis to discoser a map-
ping with minimum cost betweenthe two trees. The conceptof
mapping(introducedn [18]) is formally de ned next.

DEFINITION 1. LetTy beatreeandletTx[i] bethei-ismvertex
oftreeTy in a preorder walk of thetree A mappingbetweeratree
T1 of sizen; andatreeT; of sizen; is a setM of ordered pairs
(i; j ), satisfyingthefollowing conditionsfor all (i1;j1); (i2;j2) 2
M

i1 = iz iffjl = jz;
Ti[i1] isontheleft of T1[i2] iff T2[j 1] is ontheleft of T[] 2];

T1[i1] is an ancestorof Ty[i2] iff T2[j1] is an ancestorof
Tafj 2]

In De nition 1,the rst conditionestablishethateachvertex can
appeamo morethanoncein a mapping the secondenforcesorder
preseration betweersibling nodesandthe third enforceshe hier
archicalrelationbetweerthe nodesn thetrees.Figure2 illustrates
amappingbetweertwo trees.

Intuitively, a mappingis a descriptionof how a sequencef edit
operationgransformatreeinto anotherignoringtheorderin which
theseoperationsareapplied. In Figure2, a dottedline from a ver
tex of T, to vertex of T, indicatesthatthe vertex of T1 shouldbe
changedf the verticesare different, remainingunchangedther
wise. Verticesof T1 nottouchedby dottedlinesshouldbedeleted,
andverticesof T, nottouchedshouldbeinserted.

Figure 2: A mapping example

As we have alreadymentioned,estimatinga tree edit distance
is equivalentto nding the minimum costmapping. Let M bea
mappingbetweentree T, andtreeT,, let S be a subsetof pairs
(i; j) 2 M with distinctlabels,let D bethesetof nodesin T; that
donotoccurinary (i;j) 2 M andlet| bethesetof nodesin T,
thatdonotoccurin ary (i; j) 2 M. Themappingcostis given by
c= Sp+ Ig+ Dr,wherep, gandr arethe costsassignedo the
replacementinsertion,andremoval operationsrespectrely. It is
commonto associat@ unit costto all operationshowever, speci ¢
applicationsmay requirethe assignmenbf distinct coststo each
typeof operationt

Thetreeedit distanceproblemis a dif cult one,andseveral al-
gorithms with differenttradeofs, have beenrecentlyproposedbut
all formulationshave compleities abore quadratic[6]. Further
it hasbeenproved that, if the treesare not ordered,the problem
is NP-complete[27]. The rst algorithm for the mappingprob-
lem was presentedn [18], andits complity is O(ninzhih2),
wheren; and n; are the sizesof the treesand h; and h, are
their heights. This is a dynamicprogrammingalgorithmthat re-
cursively calculatesthe edit distancebetweenthe stringsformed
by the sets of children vertices of each internal vertex in
the tree. In [21], a new algorithm was presentedwith cost
O(d?ninamin (h1;l1)min (h2;12)), whered is the edit distance
betweenthe treesandl; andl, arethe numberof leavesin each
tree. Notice that this costdependson the algorithm output. The
bestknown upperlimit for this problemis dueto analgorithmpre-
sentedn [6] with compleity O(ninz + 12 + 13°],).

Despitethe inherentcompleity of the mappingproblemin its
genericformulation, there are several practical applicationsthat
canbe modelledusingrestrictedformulationsof it. By imposing
conditionsto thebasicoperationsorrespondingo theoriginal for-
mulationin De nition 1 (i.e., replacementinsertionandremoval),
four classicalrestrictedformulationsare obtained:alignment dis-
tance betweenisolatedtrees top-downdistance and bottom-up
distance for which moreconvenientandfastalgorithmshave been
proposed19, 22].

Detailing eachone of theseformulationsand algorithmsis be-
yond the scopeof this paper but sinceour approachis basedon a
restrictedversionof thetop-davn mappingproblemwewill brie y
review andillustrateit. Informally, a top-davn mappingrestricts
theremoval andinsertionoperationgo take placeonly in theleaves
of thetrees.Figure3 illustratesa top-davn mappingwhich s for-
mally de ned asfollows.

!otherapplicationsnayevenrequirea distinctsetof operations.



DEFINITION 2. AmappingM betweeratreeT; andatreeT;
is said to be top-dowvn only if for every pair (i1;i2) 2 M ther
is also a pair (parent(i),parenti2)) 2 M, wheei; andi, are
non-ootnodesof T1 and T, respectively

Figure 3: A top-down mapping example

The rst algorithmfor the top-davn edit distanceproblemwas
proposedby Sellow [17]. In [25], Yang presentsa recursve dy-
namicprogrammingalgorithmwith costO(n1iny) for theproblem,
wheren; andn; arethesizesof T1 andT., respectiely.

Oneof themostpopularalgorithmsfor the problemis presented
in [5] alsowith costO(ninz). This algorithm, howvever, is not
recursve andthe problemis solved within a single dynamicpro-
gramminginstance. The paperalso presentsan external memory
variationfor this algorithm.

Top-davn mappingshave beensuccessfullyappliedto several
Webrelatedapplicationssuchasdocumentateyorization. For in-
stance Niermanand JagadisH16] usea top-davn distancealgo-
rithm to clusterXML documents.

In our case,we areinterestedn the problemof evaluatingthe
similarity betweerWeb pages.Indeed,mostWeb pagesarestruc-
tured accordingto formatssuchas HTML and XML which, as
mentionedbefore,canbe seenaslabeledorderedrootedtrees[7].
Actually, the DOM paradigm,commonly usedfor manipulating
Webpagesuseghis treerepresentation.

In the next section,we presenta new algorithm for determin-
ing arestrictedform of top-dowvn mappingbetweertwo treesthat
representVeb pagesand,asa consequencehe tree edit distance
betweerthem.

3. THE RTDM ALGORITHM

In this section,we presentan algorithmfor determininga new
type of mappingthat we call RestrictedTop-DownMapping In-
tuitively, in therestrictedtop-davn mapping besidesheinsertion
andremoval operationsthereplacemenbperationof differentver-
ticesis alsorestrictedto the leavesof thetrees.More formally, we
have thefollowing de nition.

DEFINITION 3. Atop-downmappingM betweeratreeT; and
a tree T is said to be restrictedtop-davn only if for every pair
(i1;i2) 2 M, sudthatty[i1] 6 t2[i2], ther is no descendendf
ip oriz in M, wheei; andi, are non-mot nodesof T; and T»
respectively

Figure4 shavs a restrictedtop-davn mapping.As donefor the
family of edit distancesmentionedbefore,we cande ne the re-
strictedtop-downedit distancebetweertwo treesT; andT, asthe
costof therestrictedtop-davn mappingbetweerthetwo trees.

The RTDM algorithmcombinesthe ideaspresentedn [25] and
[19]. To determinetherestrictedtop-davn mappingbetweentwo
treesT1 andT,, the RTDMalgorithm rst nds all identicalsub-
treesthat occur at the samelevel of the input trees. This stepis
performedin linear time using a graphof equivalenceclassesin

Figure4: A restricted top-down mapping example

a similar way to whatis donein [19]. Our algorithm,however, is
basedon a post-ordettraversalof the trees.We canusethis much
simplerapproactbecauseve only look for theidenticalsub-trees
of the samelevel. This rst stepof the algorithmhaslinear cost,
with respecto the numberof verticesin thetrees.

Oncethe verticesin thetreesaregroupedin equivalentclasses,
anadaptatiorof Yang$salgorithm[25] is appliedto obtainthemin-
imal restrictedtop-davn mappingbetweerthe trees. This second
stepof thealgorithmis shavn in Figure5. This gure only shavs
the algorithmversionfor calculatingthe tree edit distance but its
modi cation for obtainingthe mappingis straightforvard.

As we have alreadymentionedthetraditionaltop-davn editdis-
tancealgorithmby Chavathe[5] hasa complity of O(nin2) for
all casesthatis, the best,the expectedandthe worst cases.The
RTDM algorithm also hasa worst casecompleity of O(ninz),
but, in practice,it performsmuchbetterdueto thefactthatit only
dealswith restrictedop-davn mappings.

The worst caseof the RTDM algorithm occurswhen the two
treesbeingcomparedareall identical,exceptfor theirleaves.n all
othercasesthecostis amortizedby theshort-cutdn lines20 25,
whichwe call thetop-downshort-cut orin lines17 18, whichwe
call the bottom-upshort-cut Further whenall we wantto know is
whetherthetreeedit distanceas undera giventhreshold the short-
cutin lines15 16 preventsthe recursionto continue. Thisis a
very commonsituationwhenwe needo clustertreeshasedntheir
structuralsimilarities.

We alsonoticethatwe cantrivially alterlines20 25 (the so-
calledtop-downshort-cu}, to createan algorithmthat determines
the traditional (i.e., non-restrictedYop-dovn edit distance. Thus,
we alsohave a new algorithmfor thetraditionalformulationof the
problem.

Anotherinterestingaspectof the RTDM algorithmis its e xi-
bility with respecto the costof the edit operations.This property
allowsusingthealgorithmin morecomple derivationsof theprob-
lem. For instance;t allows comparinga given tree instancewith
a tree patternof variablesize. This problemis analogougo the
problemof matchingregularexpressionsvith stringsandhasbeen
addresseth theliterature[26].

In the next section,we shav how the RTDM algorithmcanbe
appliedto the problemof automatically nding news availableon
Web sitesand extractingtheir componentge.g., titles, body; etc.)
for furtherprocessing.

4. AUTOMATICALL Y EXTRACTING WEB
NEWS

In this sectionwe discussa Web news extractionapproactthat
relies on the RTDM algorithm to identify relevant text passages
containingnews and their componentsextract them and discard
uselessnaterialsuchasbanners|inks, etc. Our approachthasba-
sically two main tasks: (1) the crawvling of news portalsto fetch
the pagesof interestand (2) the extraction of the news from the



1 RTDM (T, T2, : threshold
2 begin
3 let m bethenumberof childrenof T1 root

4 let n bethenumberof childrenof T, root
7 MJi;0] Oforalli=0;:::;
8 MI[0;j] Oforallj =0;:::;n
9 fori=1tom
10 forj = 1ton
11 Ci descendentg(t1[i])
12 G descendents(t2[j ])
13 d MI[i 1j]+_ K2 delete(ts[k])
14 i M) 11+ 2M7% inser t(ta[k])
15 fM[ 1) 1]>
16 s 1
17 elsift1[i] andt,[j ] areidenticalsub-trees
18 s 0
19 elsif
20 if t1[i] is aleaf
21 s replgee(tifil; t2[i])
t2[k]2Cj .
22 s s+ inser t(t2[k])
23 elsift,[j ] is aleaf
24 s repIBce(tl[i];tz[j])
25 s s+ MG gelete(ts[k])
26 else
27 s RTIDM(ti[il;t2[i]; )
28 _
29 _
30 MTi;j]  min(d;i; s);
31 end
32 end
33 returnM [m; n]
34 end

Figure 5: The RTDM Algorithm. The functions replace delete
and insertgive the costsof vertex replacement,vertex removal
and vertex insertion, respectiely

HTML pagescollected.SinceWeb crawling techniqueshave been
extensiely discussedtlsavhere[12], we focusour discussioron
the extractiontask,in which residesmostof our contrilutions.

To extract the desirednews, our approachrecognizesand ex-
plorescommoncharacteristicthatareusuallypresentn news por-
tals. For instancemostnews siteshave thefollowing organization:
(a) ahomepagethat presentssomeheadlines(b) several section
pages(or channels}that provide the headlinedivided in areasof
interest(e.qg.,sports,technologyinternational etc.), (c) pageshat
actuallypresenthenews, containingthetitle, author dateandbody
of the news. The goal of our approachis to correctly extract the
news, disrggardingthe otherpages.

Our approactrelies on the basicassumptiorthat the news site
contentcan be divided in groupsthat sharecommonformat and
layoutcharacteristicsThisis rathera safeassumptionsincenowa-
daysmostof theWebcontentis built usingprogramsor scriptsthat
readthecontentfrom adatabasefprmatit, andgeneratehe output
asan HTML page. We call this setof commonlayout and for-
matfeaturesatemplate Figure6 presentswo differenttemplates
availablein the CNN site.

DEFINITION 4. Atemplatds thesetof commonrayoutandfor-
matfeatuesthat appearin a setof HTML pagesthat is produced
bya singleprogramor scriptthatdynamicallygeneatestheHTML
page content.

In the caseof news, templatesare lled by journalists,usually

throughtheuseof speci ¢ Webapplicationor somedatabasanter-
face.Each eld of atemplatgle.g.,anewstitle) we call adata-rich
object Ideally, the extractorsgeneratedby our approactshouldbe
ableto identify eachone of thesedata-richobjects,anddiscover,
amongthem,which onescorrespondo thetitle andthebodyof the
news.

Accordingto our approachthe extractiontaskis performedin
four distinct steps:(1) pageclustering,(2) extractionpatterngen-
eration,(3) datamatchingand(4) datalabeling.Figure7 illustrates
thesesteps.

In the following sectionswe detail eachstepthatcompriseghe
extraction task. We notice that our approachis simple and or-
thogonal,oncethe core of the main steps(clustering,extraction
andmatching)is the RTDM algorithm,with variationson the cost
modelfor theedit operations.

4.1 PageClustering

This rst steptakesasinput a previously cravled setof pages
(atraining set)andgenerateslustersof pageshatsharecommon
formating/layoutieaturesij.e., sharethe sametemplate Eachclus-
teris latergeneralizednto anextractionstructurefor atemplatejn
the extractionpatterngeneratiorstep.Notice thatthe clusteralgo-
rithm cannotsimply group pagesby their addresgURL), because
subtle changesin script or cgi parametersnay resultin a com-
pletelydifferentHTML page.

To generatehe clusters we usetraditional hierarchicalcluster
ing technique$23] in whichthe distancemeasureds the outputof
our RTDMalgorithm. Thereareno pre-de nednumberof clusters.
Instead,we adopta constantthresholdto determineif two given
clustersshouldbe meiged. In ourimplementatiorwe used80% of
similarity asthe thresholdvalue. The costmodelfor this stepis
the simplestone. Every vertex insertion,removal or replacement
hasunit cost. Thereplacementf equallylabeledverticeshascost
zero. Otherworks [16] suggest more sophisticatedsetof oper
ations,but our experimentshave shawvn that this simple modelis
effective for our purposes.The outputof this stepis a setof page
clusterghatsharethe sametemplate.

4.2 Extraction Pattern Generation

In thisstep,ourapproactgeneralizes clusterof pagesnto what
we call a node extraction pattern (ne-pattern) Formally, an ne-
patternis atreede ned asfollows.

DEFINITION 5. Leta pair of sibling sub-tieesbe a pair of sub-
treesrootedat sibling vertices.A nodeextractionpatternis arooted
ordered labeledtreethat can containspecialverticescalled wild-
cards. Everywildcard mustbea leafin thetreg andead wildcard
canbeof oneof thefollowing types:

SINGLE () A wildcard that captuesonesub-teeandmust
beconsumed.

PLUS (+) A wildcard that captuses sibling sub-teesand
mustbe consumed.

OPTION (?) Awildcard that captuesonesub-teeandmay
bediscaded.

KLEENE ( ) Awildcard thatcaptuessibling sub-teesand
maybediscaded.

We canthink of anne-patterrasakind of regularexpressiorfor
trees. We call a wildcard every vertex in the treethat canmatch
ary symbol(ary label)with its associatedlype. Our purposen this
stepis to assurehateachwildcardcorrespond#o adata-richobject
in the template. Single and plus wildcardsshould correspondo



CAN.commus.
[ =0 g

Section page temnplaie

CNcom THEEE TS

i s [
TECHNOLOG =.

Training
Pages

,,,,,,,,,,,,,,,,,,,

el e srviomn

shaoting COM TECHNOLOGY

First slected miack aoverner
FRTLI Bo poitice

News page template

|

|

Z;)?ﬁ + D Crawled |
Pages I

* |
|

|

|

|

|

|

|

Data Matching

ne patterns

. . \
% :gg%;;'_fgllttl)%?jyk <title> ... </title>
|

<body> ... </body

<title> ... </title>
<body> ... </body

I

<title> ... <ftitle> |

% ~*<bodys .. </bodyx
I

Data Labeling

Figure 7: The main extraction steps

requiredobjects suchasthetitle of anews, andoptionandKleene
wildcards should correspondo optional objects,suchas related
newslists.

Further we saythatan ne-patterraccepts(or matcheskh given
treeif thereis a mappingwith no in nite cost betweenthe ne-
patternandthe target tree. We de ne formally this conceptand
the costmodelassociatedvith this mappingin Section4.3.

The goal of this stepin the extractiontaskis, takingasinput a
pagecluster to generatean ne-patterrthatacceptsall the pagesn
this cluster Thus,the contentdifferencesdetweerthe pagesn the
clusterare modeledas wildcardsin our ne-patterns.To generate
suchne-patternsye rely on whatwe call acompositioroperation,
de ned asfollows.

DEFINITION 6. Let Ty and TS be distinct ne-patterns. Then
the compositionof T{ and TS, T  T5, is a ne-patternT sud
that:

LetS; bethesetof treesacceptedy Ty .

LetS, bethesetof treesacceptedy TS .

LetS; bethesetof treesacceptedy T3 .
ThenSl[ S, Ss.

The procesf generatingan ne-patterrconsistsof iteratingall
the treesthat representhe pagesin the clusterandincrementally
composingpneto eachotherin thecluster Noticethatary treecan
be seenasan ne-patternwithout ary wildcard. At the end of the
processwe have anne-patterrthatacceptsll pagesn thatcluster

Let us seehow we canusethe RTDM algorithmto implement
thecompositionoperation First, we saythatverticesa andb of an
ne-patterrareequalif andonly if:

a andb arewildcardsandbothareof the sametype;

a andb are not wildcardsand the labelsassociatedvith a
andb areequal.

Thisis the equalityoperatorfor the RTDMalgorithm. As a cost
model, we give the sameweight, 1, to ary edit operationin the



trees. Given two ne-patternsTy and TS, we usethe RTDM al-
gorithm to obtaina mappingM+x: 75 . From this mapping,we
createthecompositene-patterimy = T{ T usingthefollowing
rules:

if a is notin the mapping,thenadda® to T wherea® =
f(a;?);

if a mapsto bthenadda®to T wherea’ = f (a; b);

andf (a; b) is de ned as:

f(;) = f(+.+) = +|f() = ¢
f(;+) = f(+;) = +|f(H?2) = ?
f(:;?2) = f(+;?) = f(zn) =
f(:;:) = f(+;n) = + |f(%?) = 2
f(;n) = f(zn) = 2
f(ni;n2) = if n1 andnz have identicallabels
f(ni;ng) =: if N1 andn, have differentlabels

wheren, n1, n, arenon-wildcardverticesandthe parameteorder
is notrelevant.

Themotivationbehindthis setof operationds thatoptionalver
ticesof thetemplatehatthene-patterns trying to modelshouldbe
kept optional after composingthe ne-patternwith a new tree,and
higherquanti ers(i.e., Kleeneandplus)shouldbekeptin the nal
ne-patternNon-wildcardverticesin thene-patterrihataremapped
to different(asde ned by our equalityoperatornon-wildcardver
ticesin thetreebeingcomposedhouldresultin nev wildcards.

We notice that somedata-richobjectsin the pagesmight span
throughseveral sibling sub-treesjike a text of a news body that
is composeaf mary adjacenparagraphsCapturingeachof these
objectsasasingleentityis thepurposeof theplusandKleenewild-
cards.

If we look carefully at the de nition of the function
f (a; b) above, we will seethatthereis nowildcardquanti er “pro-
motion” policy, or, in otherwords,wildcardsplusandKleenewill
never be generatedf there are no plus or Kleene wildcardsin
the input of the function. Thesewildcardsare createdin a post-
processingtepwheneer we composawo ne-patterns.

This post-processings actually quite simple. Every wildcard
followed by a setof option wildcardsshouldbe corvertedinto a
wildcardfor variablesizeobjects thatis, Kleeneor pluswildcards.
If thewildcardbeforethesetof optionwildcardsis asingleor aplus
wildcard, thenthe setof optionwildcardsandthe precedentvild-
cardarecorvertedto a pluswildcard. If thewildcardis anoption
or Kleenewildcard,thenboththis wildcardandtheadjacenbption
wildcardsare corvertedto a Kleenewildcard. Figure8 illustrates
thewhole ne-patterrgeneratiortask,includingthe “promotion” of
awildcard. In our approachevenif wildcardsare separatedy a
maximumof 3 non-wildcardverticesthey canbe meiged (includ-
ing the non-wildcardvertices)into a singlevariablesizewildcard
(plusor Kleene).

4.3 Data Matching

In this step, our approach matchesthe set of generated
ne-patterngo the setof recentlycravled pages.To nd the most
appropriatene-patterrto a cravled HTML page,we againrely on
our RTDMalgorithm.

Beforediscussinghe costmodelfor thematchingstep,we need
to understandvhat the intuition behindthe matchingof the ne-
patternsis. In this contet, we saythat, in a given mapping, if
onewildcardvertex in the ne-patterrmapsto avertex in thetarget
HTML tree, thenthe wildcard consumeshe vertex. Now let us
de ne the desiredbehaior for a mappingbetweernthe ne-pattern
andthetargettree,sothatwe cancreateanappropriatecostmodel.

DEFINITION 7. We de ne a matchbetweeran ne-patternand
atarget HTML treeasa mappingsud that thefollowing rulesare
satis edin thisorder:

1. Everynon-wildcad vertex in the ne-patternmustmapto an
identicalvertexin thetargettree

2. Everyvertex in thetarget treemustmapto anidenticalnon-
wildcard vertex in the ne-patternor be consumedy a wild-
card.

3. Singlewildcards () mustconsumenesub-teeof the target
tree

4. Pluswildcards(+) mustconsumaet leastonesub-teeof the
targettree

5. Optionwildcards(?) mustconsumenesub-teeof thetarget
treg if it is possible

6. Kleenewildcards ( ) mustconsumeat leastone sub-tee of
thetargettreeg if it is possible

7. Pluswildcards (+) mustconsumes manysibling sub-tees
of thetargettreeaspossible

8. Kleenewildcards ( ) mustconsumeas many sibling sub-
treesof thetargettreeaspossible

The satishction of Rules1, 2, 3 and4 is enoughto guarantee
that the ne-patternacceptsthe target tree. Rules5 and6 assure
that the matchis astight as possible,or, if it is possibleto use
anoptionalwildcard without violating the acceptanceondition, it
mustbeused.Rules7 and8 arealwaysautomaticallysatis ed,and
aredeclaredo helpunderstandinghe behaior of thene-pattern.

The equality function for the RTDM algorithmis very simple.
Non-wildcardverticeswith identicallabelsareequalandtheequal-
ity comparisorwith awildcard vertex alwaysfails. Let a beaver
tex in thene-patternandb avertex in thetamgettree.We de ne the
costmodelfor the RTDMalgorithmasfollows:

Vertex Replacement
(A) aisawildcard! 0

(B) else! 1

Vertex Insertion

(C) Thereis anancestoof b suchthatit is consumed
by awildcard! 0

(D) Theleft sibling of bis consumedya ! 0
(E) Theleft sibling of bis consumedya+ ! 0
(F)else! 1

Vertex Removal
(G)a=?ora= ! 1

(H) else! 1

Thereplacementost(A) guaranteethatonly wildcardscanbe
replacedby the sub-treesthey consume. The insertioncost (C)
allows completesub-treego be consumedy thewildcards. Costs
(D) and(E) allow wildcardsto consumdists of sibling sub-trees.
The vertex removal cost(G) assureghat only optionalwildcards
canbe deleted,andit associates non-zerocostwith the deletion
of anoptionalwildcard,sothey arepreferablycoveredby cost(A).
Finally, costs(B), (F) and(H) togetherguarante¢hatthene-pattern
mustacceptthetargetpage,or the mappingwill have in nite cost.
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Figure 8: How an ne-patternis createdfr om a cluster of similar pages

Although costs(C), (D) and (E) seemquite complicatedat a rst
glance,they aretrivially implementedn constantime. To check
the validity of ary of them,we just needto checkif the vertex in
the targettreeis beinginsertedin the positionof (or immediately
after)awildcardin the ne-patternThis costmodelguaranteethat
eithertheconditionsin De nition 7 aresatis edorthemappinghas
in nite cost.

Oncethe ne-patterrhasbeenselectedthe extractionprocesss
straightforvard. Both trees(the ne-pattermrandthe HTML page)
aretraversedin pre-orderandfor eachwildcard foundin the ne-
pattern,the text passagén the verticesconsumedy thewildcard
is extractedfrom theHTML page.Figure9 illustratesthe matching
process.

4.4 DataLabeling

The outputof thedatamatchingstepis a setof orderedext pas-
sagesgachone correspondindo a setof verticesconsumedy a
ne-patterrwildcard. More formally, we cande ne the outputof a
matchasasetT = (t1;p1); (t2; p2);:::; (tn; pn) Whereeacht; isa
text passageetrievedby awildcardandp; is thevertex positionof
thiswildcardif we performa pre-ordertraversalof the ne-pattern.

The goal of the datalabelingstepis to selectfrom T the pas-
sageg; andt; thatcorrespondo thetitle andthebodyof thenews
being extractedfrom the Web pagé. To achieve this, we apply
simpleheuristicso T asdiscussedbellon. Givenasetof extracted
passage¥ = (ti1;p1);(t2;p2);::; (tn; pn) Wesaythat:

length (t;) is thenumberof terms(words)in passageé;;

j tk \ ti j is the numberof termsthatoccurin passages«
andt;;

ti is anews bodyiff length(ti) > length(tx) 8 1< k <
n; k 6 i andlength(tx) > 100 (Bodylabelingheuristics);

tj isanewstitle iff 1 length(t;) 20 andj;j"\—tp‘ij >
Rl 81 < k< ik 8 j (Title labelingheuristics).
2In this paperwe do not focuson the extractionof the news date,
becauseave cantrivially determineit from the datethe news rst
appearednthe Website.

In otherwords, the passagelectedto be the body of the news
is thelongestonewith morethan100words. Further the passage
selectedo bethetitle is onethat hasrangesfrom 1 to 20 words,
hasa maximumintersectiorwith abodypassageandis theclosest
oneto thebody Theintuition behindthetitle selections thatmost
of thetimesthetitle is placednearthe body andits termsusually
appeain the nens body

Despiteusingthis simpleheuristicspurlabelingstrateyy is very
effective, asshavn next by our experiments.

5. EXPERIMENT AL RESULTS
5.1 Setup

Our experimentswere run using 4088 HTML pagescollected
from 35 different Brazilian on-line news sites. The siteschosen
arethe mostpopularvehiclesfrom the Brazilian press,including
country-wide newspapers, news agencies, magazines and
main regional publications. All the experimentswere carriedout
usinga 700MHz Pentiumlll processowith 128MB of RAM.

5.2 The RTDM algorithm

Consideringthat the RTDM algorithmis the basisof the news
extractionapproactdescribedn this paper we mustassurehatit
runsfastandscaleswvell. To the bestof our knowvledge thereis no
other restrictedtop-davn mappingalgorithmin the literature, so
we decidedto comparethe RTDM algorithmwith the competitve
top-davn editdistancealgorithmpresentedby Chavathein [5].

AdaptingChawathes algorithmto the extractionpatterngenera-
tion anddatamatchingstepsof our approachis not trivial, but the
pageclusteringstep can be easily adaptedto usethis algorithm.
Thus,we built two versionsof the clusteringstep,onepoweredby
the RTDM algorithm, and the other one powveredby Chavathes.
Comparingthe executionstimes, the RTDM algorithmin general
outperformghe alternatve algorithmby 4 times,but sometimest
is morethanl10timesfaster Themaindisadwantageof Chavathes
algorithmis that it is always quadraticwith respectto the num-
ber of verticesof the treesbeingcompared Figure 10 shavs how
thealgorithmsperformwhenthe averagenumberof verticesof the
treesbeingcomparedncreaseslf we analyzethe behaior of the
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Matching the ne patterns

Each HTML page is converted to tree, and a set of ne pattem
is matched against the tree. The first pattern matches

with cost 1, because it discards its Kleene wildcard.

The second pattern matches with 0 cost and is the selected
ne pattern. The last pattern fails to match because there |s
no possible mapping for the G vertex.

Figure9: How ne-pattems are matchedwith Web pages

RTDMalgorithmwhenthe numberof verticesgrowns, we seethatit
dependsotonly onthenumberof verticesin thetrees but alsoon
the propertiesof thetrees.Thisis dueto the several short-cutghat
thealgorithmusesto avoid recursvely checkingthecompletetrees
andto thedifferentpropertiesf therestrictedtop-davn mappings.
Eachpointin Figure10 roughlycorrespondso a cluster

Figure 10: RTDM and Chawathe's algorithm - the bezier ap-
proximation of the curvesshownsthat Chawathe'salgorithm has
quadratic growth

5.3 NewsExtraction

The secondpart of our experimentsconsistedof analyzingthe
outputof the completeextractionprocess We manuallycompared
the extractednews with the original HTML pages,to checkfor
their correctionandcompletenessTable 1 presentghe resultsfor
all 35sites. Our approachwasableto extractcorrectlyanaverage
of 87.71%of the news, while 9.25% were erroneouslyextracted
and3.04%werenot extracted.

During our experimentswe noticedthattheuseof restrictedop-
down mappingss really suitablefor identifying data-richportions
of Webpages.n thedatalabelingstep,however, it is still dif cult
to preciselyidentify the title of the news. Most of the errorswere

dueto subtitlesandauthorsnameghatweremisidenti ed astitles.
Despitethis, we achieved very goodresultswith a completelyau-
tomaticapproactandsimplelabelingheuristics.

Eventhoughwe have usedsimplelabelingheuristicsthereason
for this high level of effectivenessis that, after the extraction of
thedata-richportionsof the pagesthe sizeof the setof candidates
text passagefor title andbody is usuallyreducedrom a rangeof
hundreddo thousandso arangeof twoto ve candidates.

6. RELATED WORK

Oneof the reasonsvhy the Web hasachieved its currenthuge
volume of datais the fact that a greatand increasingnumberof
data-richWeb siteshave their pagesautomaticallygeneratedrom
databasesTaking advantageof this, a numberof approachebave
beernrecentlyproposedo analyzethestructureof thepagef these
Web siteswith the purposeof inferring a generaldataschemdfor
themandultimately generatingvrapperdo extractthis data.

The rst solutionfor this problemwas proposedoy Grumbach
andMecca[11] assuminghe existenceof collectionsof data-rich
pagesbearinga similar structureor schema.In [7], an algorithm
is proposedo infer union-freeregular expressionghat represent
pageschemas For complex schemaswith optionalattributes,the
algorithmexecutioncanexplodeandthusit is considere@shaving
exponentiakost[7]. By usingseveralheuristics ArasuandGarcia-
Molina [1] have recentlyproposed polynomialtime algorithmfor
the problem. Sincethe approacheproposedn [1] and[7] require
no humanintervention, an importantproblemthat they have left
openis how to automaticallylabelthe extracteddata. This problem
is addresseth [2] but the solutionproposeds notgeneraknough.

There are also several works in the literature that addresshe
problemof schemaextractionfrom collectionsof XML documents.
The XTRACT system[10] usesMDL, aninformationtheorytech-
nigue, to infer conciseandaccurateschemagrom a collection of
XML documentsMin etal. presentedh muchfastersystemwith
betterresultsin [15]. Although we do not directly considerthe
schemaextractionproblemin this work, the ne-patternsve genef
ateresembleschemale nitions, andwe believe thatthetechniques
proposecherecanalsobe appliedto the schemaextraction prob-
lem. Also, the ideasbehindthe XML schemaextractionsystems
canbe usedto improve our work in situationsin which the data
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Site Not Extracted| # pages
A nofcia Joenwille 83.95% | 13.58% 2.47% 81
AOL Brasil 87.60% | 12.40% 0.00% 121
AgénciaEstado 94.90% | 4.08% 1.02% 98
CorreioBrazilense 71.43% | 11.90% 16.67% 119
CorreiodaBahia 98.15% | 1.85% 0.00% 54
DCI 96.55% | 0.00% 1.72% 228
DiariodeNatal 96.62% | 0.00% 2.90% 206
DiarioGrandeABC | 100.00%| 0.00% 0.00% 8
DiariodoMarantdo | 75.00% | 25.00% 0% 48
Diario Popular 100.00%| 0.00% 0.00% 85
DiariodeCuiaba 85.26% | 12.82% 1.92% 154
Diariodo Com.BH 92.31% | 3.85% 3.85% 26
Estadode Minas 77.40% | 21.47% 1.13% 177
Estadode SaoPaulo | 84.33% | 15.21% 0.46% 217
FolhadePernam. 91.18% | 1.47% 7.35% 68
Folhade SaoPaulo 77.78% | 13.33% 8.89% 225
GazetaDigital 88.17% | 10.75% 1.08% 185
Gazetdviercantil 87.01% | 0.65% 12.34% 154
HojeemDia 90.91% | 9.09% 0.00% 66
IDG Now 93.18% | 2.27% 4.55% 44
ITWeb 96.88% | 0.00% 3.13% 32
InvestNavs 95.47% | 0.00% 4.53% 329
JornaldaTardeSP 90.57% | 5.66% 3.77% 159
ODiaRJ 75.86% | 22.07% 2.07% 144
O Globo 99.35% | 0.65% 0% 307
TribunaSantos 75.00% | 22.58% 2.42% 123
TribunadaBahia 81.13% | 15.09% 3.77% 53
Tribunadalmprensa| 90.63% | 9.38% 0% 32
UoL 74.53% | 23.58% 1.89% 106
ValorOnLine 91.45% | 4.27% 4.27% 117
VerdadeOnLine 82.61% | 13.04% 4.35% 22
Vox News 80.00% | 0.00% 20.00% 35
Yahoo 93.64% | 0.91% 5.45% 208
ZeroHora 83.22% | 16.11% 0.67% 149
Total 87.71% | 9.25% 3.04% 4088

Table 1: Resultsobtained for the newsextraction process.

being extractedis ruled by more complex schemaghan thoseof
foundin on-linenews. Actually, the problemof schemaextraction
for Webpageshasbeenproven NP-Completaecently[24].

The automaticclassi cation of Web pageshasedon their struc-
tureis addresseth [8]. However, thiswork differsfrom ourssince
in our casetheclassi cationis basedn the structuralpropertiesof
thepagesandnot ontheresultsof thewrappingprocess.

TheChangeDetectdM systenf4] usesanalgorithmvery simi-
lar to oursin its entity-baseadhangedetectionstep.Thealgorithm,
however, works with hashe®f the contentsf the subtreesfalling
backto the tree view when ary hashcomparisondails. This is
equivalentto our bottom-upshortcut Furthermorewhenaligning
child vertices,it doesnottake into accounthecostof therecursve
operations.

Bing Liu etal. have developedaneffective algorithmfor mining
datarecordsfrom Web pageg14]. The algorithmhastwo steps.
In the rst stepit identi es the dataregion of the Web pageandin
the secondoneit extractsthe recordsthemseles. The algorithm
works eachtime in a singlepage,soit doesnot comparethe page
trees. Although achieving goodresults,the algorithmonly works
with multi-recordpagesandthereforecannotbe appliedto on-line
news pagesthatarealmostexclusively single-recorgages.

Comparedo the recentwork in the literature,the work in this
paperoffersanalternatve anduniform solutionfor threeimportant

problemsin automaticWeb dataextraction: structure-basegage
classi cation,extractorgenerationanddatalabeling. Thefactthat
this solutionis basedon the well establishedonceptof tree-edit
distancebringsthe additionaladwantageof allowing the useof ex-
isting resultsfor studyingtheseproblemsfrom a new perspectie.

7. CONCLUSIONS AND FUTURE WORK

In this paperwe have introduceda new algorithmfor calculat-
ing the edit distancebetweentwo given trees,which is basedon
arestrictedform of top-davn mapping.This algorithm,which we
call RTDM, improvesexisting resultsin theliterature[5, 25] for the
problemof automaticallyanalyzingthe structureof Web pages.

Furthermorewe shav how thisalgorithmcanbeappliedto solve
three important problems in automatic Web data extraction,
namely: structure-baseg@ageclassi cation, extractor generation,
and datalabeling. In particular we have addressedhe problem
of automatically nding andfetchingnews availableon Web sites,
andextractingtheircomponentsThroughexperimentatiorwith 35
news Websites,we have demonstratethatthe RTDMalgorithmis
highly effective for thesetasks.Indeed theresultsshav anaverage
of 87.71%correctly extractednews without ary humaninterven-
tion.

Theapproactprovided by the RTDM algorithmis currentlybe-
ing usedasthe coreof afully operationaM/eb news clipping sys-



tem, called AkwanClipping, which providesdaily news from the
mostimportantBraziliannenvspaperso over fty companies.

As future work, we planto generalizethe proposedapproacho
dealwith differentapplicationdomains,especiallythosein which
the schemaof the dataon the pagesis comple. In fact, it is a
challengeto provide a genericmethodfor automaticWeb dataex-
traction[24]. Furthermoreyve planto usethe RDTMalgorithmto
improve Web searchenginedy incorporatingstructuralevidences
derivedfrom Webpagesn additionto contentevidencegradition-
ally usedby currentsearchengines.
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