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ABSTRACT
TheWebposesitself asthelargestdatarepositoryeveravailablein
the historyof humankind.Major efforts have beenmadein order
to provide ef�cient accessto relevant informationwithin this huge
repositoryof data. Although several techniqueshave beendevel-
opedto the problemof Web dataextraction, their useis still not
spread,mostlybecauseof theneedfor highhumaninterventionand
the low quality of theextractionresults. In this paper, we present
a domain-orientedapproachto Webdataextractionanddiscussits
applicationto automaticallyextractingnews from Websites. Our
approachis 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 thenews in a setof
4088pagesdistributedamong35 differentsites.

Categoriesand SubjectDescriptors
H.3.m [Inf ormation Storage and Retrieval]: Miscellaneous—
DataExtraction,schemainference, Web

GeneralTerms
Algorithms,Languages

Keywords
dataextraction,editdistance,trees,schema,electronicnews

1. INTRODUCTION
NowadaystheWebposesitself asthelargestdatarepositoryever

available in the history of humankind. Major efforts have been
madein order to provide ef�cient accessto relevant information
within this hugerepository. At leasttwo broadviews of this prob-
lem have evolved recently. The �rst one,characterizedby theun-
structuredview of data,hasdevelopedbreakthroughtechnologies
(suchas Web searchengines)basedon information retrieval [3]
methods,which have beenusedin many successfulcommercial
products.Thesecondone,characterizedby thestructuredor semi-
structuredview of data,borrows techniquesfrom thedatabasearea
to provide themeansto effectively managingthedataavailableon
the Web [9]. Thus,several techniqueshave beenadapted(or tar-
getedspeci�cally) to theproblemof extractingdatafrom theWeb
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for furtherprocessing(querying,integration,mediation,etc.)[13].
However, thesetechniquesarestill notspreadastheinformationre-
trieval basedones.This happensmostlybecauseof two problems
with thesetechniques:(1) theneedfor highhumaninterventionand
(2) thelow qualityof theextractionresults.Thus,themotivationto
develop new methodsandtools to allow theeffective deployment
of a more structuredview of the dataavailable on the Web still
remains.

Devising genericmethodsfor extractingWebdatais a complex
(if not impossible)task,sincethe Web is very heterogeneousand
therearenorigid guidelinesonhow to build HTML pagesandhow
to declaretheimplicit structureof theWebpages.Thus,in orderto
developeffective methodsfor extractingWebdatain a preciseand
completelyautomaticmanner, it is usually requiredto take into
accountspeci�c characteristicsof the domainof interest. Oneof
suchdomainsis that of on-line newspapersand news portalson
the Web, which have becomeoneof the most importantsources
of up-to-dateinformation.Indeed,therearethousandsof sitesthat
provide daily news in very distinct formatsandthereis a growing
needfor tools thatwill allow individualsto accessandkeeptrack
of this informationin a automaticmanner.

In this paper, we presenta domain-orientedapproachto Web
dataextractionanddiscussits applicationto automaticallyextract-
ing news from Web sites. This approachis basedon the concept
of tree-editdistance[17, 20] andallows not only theextractionof
relevant text passagesfrom thepagesof a givenWebsite,but also
thefetchingof theentireWebsitecontent,theidenti�cation of the
pagesof interest(thepagesthatactuallypresentthenews) andthe
extractionof the relevant text passagesdiscardingnon-usefulma-
terial suchasbanners,menus,andlinks.

To supportthis approach,we have developeda highly ef�cient
treestructureanalysisalgorithmthatoutperforms,for practicalpur-
poses,thebestresultson tree-editdistancecalculationin the liter-
ature.We have testedour approachwith several importantBrazil-
ian on-line news sitesandachieved very preciseresults,correctly
extracting87.71%of the news in a setof 4088pagesdistributed
among35 differentsites.

The restof this paperis organizedasfollows. Section2 gives
anoverview of thetheorybehindtreeedit distancealgorithms,the
basisof our work. Section3 presentsour improved treestructure
analysisalgorithm,while Section4 shows the applicationof this
algorithmin thevarioustasksthatcompriseour approach.Experi-
mentalresultsdemonstratingtheeffectivenessof our approachare
in Section5. Section6 discussesrelatedwork. Finally, conclusions
anddirectionsfor futurework canbefoundin Section7.



2. TREE EDIT DISTANCE
Theapproachwe have developedfor �nding andextractingdata

of interestfrom Webpagesis basedon theanalysisof thestructure
of thesetargetpages.More precisely, by evaluatingthestructural
similaritiesbetweenpagesin a target site we areable to perform
taskssuchasgroupingtogetherpageswith similarstructureto form
pageclustersand�nding a genericrepresentationof thestructure
of thepageswithin acluster. Indeed,asweshallsee,suchtasksare
key to ourapproach.

Sincethestructureof a Web pagecanbe nicely describedby a
tree (e.g., a DOM tree), we have resortedto the conceptof tree
editdistance[17, 20] to evaluatethestructuralsimilaritiesbetween
pages.Intuitively, theedit distancebetweentwo treesTA andTB

is the cost associatedwith the minimal set of operationsneeded
to transformTA into TB . In this sectionwe review this important
conceptalongwith its relatedformalismsanddescribehow weuse
it to analyzethestructureof Webpages.

Treesareoneof themostcommondatastructuresusedin com-
puterscience.Formally, they arede�ned asdirectedacyclic simple
graphs.Althoughmostof thediscussionin thissectioncanbegen-
eralizedto dealwith differenttypesof tree,we areinterestedonly
in onespeci�c type of tree,calledlabeledordered rootedtree. A
rootedtreeis atreewhoserootvertex is �x ed.Orderedrootedtrees
arerootedtreesin which the relative orderof thechildrenis �x ed
for eachvertex. Labeledorderedrootedtreeshavealabell attached
to eachof their vertices.Figure1 shows anexampleof sucha tree.
From now on, we refer to labeledorderedrootedtreessimply by
trees,exceptwhenexplicitly stated.

D E

B C

R

Figure1: A labeledordered rootedtr eewith root R

In its traditionalformulation,thetreeedit distanceproblemcon-
sidersthreeoperations:(a)vertex removal, (b) vertex insertion,and
(c) vertex replacement.To eachof of theseoperations,a costis as-
signed. The solutionof this problemconsistsin determiningthe
minimal setof operations(i.e., theonewith theminimumcost)to
transformonetreeinto another. Anotherequivalent(andpossibly
more intuitive) formulationof this problemis to discover a map-
ping with minimum cost betweenthe two trees. The conceptof
mapping(introducedin [18]) is formally de�ned next.

DEFINITION 1. LetTx bea treeandletTx [i ] bethei-ismvertex
of treeTx in a preorder walk of thetree. A mappingbetweena tree
T1 of sizen1 anda treeT2 of sizen2 is a setM of ordered pairs
(i; j ), satisfyingthefollowingconditionsfor all (i 1 ; j 1); (i 2 ; j 2) 2
M

� i 1 = i 2 iff j 1 = j 2 ;

� T1 [i 1 ] is on theleft of T1 [i 2 ] iff T2 [j 1 ] is on theleft of T2 [j 2 ];

� T1 [i 1 ] is an ancestorof T1 [i 2 ] iff T2 [j 1 ] is an ancestorof
T2 [j 2 ].

In De�nition 1, the�rst conditionestablishesthateachvertex can
appearno morethanoncein a mapping,thesecondenforcesorder
preservationbetweensibling nodesandthethird enforcesthehier-
archicalrelationbetweenthenodesin thetrees.Figure2 illustrates
a mappingbetweentwo trees.

Intuitively, a mappingis a descriptionof how a sequenceof edit
operationstransformatreeinto another, ignoringtheorderin which
theseoperationsareapplied.In Figure2, a dottedline from a ver-
tex of T1 to vertex of T2 indicatesthat thevertex of T1 shouldbe
changedif the verticesaredifferent, remainingunchangedother-
wise.Verticesof T1 not touchedby dottedlinesshouldbedeleted,
andverticesof T2 not touchedshouldbeinserted.

D E

C B

EA

RR

A

T1

G

T2

Figure2: A mapping example

As we have alreadymentioned,estimatinga treeedit distance
is equivalent to �nding the minimum costmapping. Let M be a
mappingbetweentreeT1 andtreeT2 , let S be a subsetof pairs
(i; j ) 2 M with distinctlabels,let D bethesetof nodesin T1 that
do not occurin any (i; j ) 2 M andlet I be thesetof nodesin T2

thatdo not occurin any (i; j ) 2 M . Themappingcostis givenby
c = Sp + I q + Dr , wherep, q andr arethecostsassignedto the
replacement,insertion,andremoval operations,respectively. It is
commonto associateaunit costto all operations,however, speci�c
applicationsmay requirethe assignmentof distinct coststo each
typeof operation.1

Thetreeedit distanceproblemis a dif�cult one,andseveral al-
gorithms,with differenttradeoffs, havebeenrecentlyproposed,but
all formulationshave complexities above quadratic[6]. Further,
it hasbeenproved that, if the treesarenot ordered,the problem
is NP-complete[27]. The �rst algorithm for the mappingprob-
lem was presentedin [18], and its complexity is O(n1n2h1h2),
where n1 and n2 are the sizesof the treesand h1 and h2 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(d2n1n2min (h1 ; l1)min (h2 ; l2)) , whered is the edit distance
betweenthe treesandl1 andl2 arethe numberof leavesin each
tree. Notice that this costdependson the algorithmoutput. The
bestknown upperlimit for thisproblemis dueto analgorithmpre-
sentedin [6] with complexity O(n1n2 + l2

1 + l2:5
1 l2).

Despitethe inherentcomplexity of the mappingproblemin its
genericformulation, there are several practicalapplicationsthat
canbe modelledusingrestrictedformulationsof it. By imposing
conditionsto thebasicoperationscorrespondingto theoriginal for-
mulationin De�nition 1 (i.e., replacement,insertionandremoval),
four classicalrestrictedformulationsareobtained:alignment, dis-
tancebetweenisolated trees, top-downdistance, and bottom-up
distance, for whichmoreconvenientandfastalgorithmshave been
proposed[19, 22].

Detailing eachoneof theseformulationsandalgorithmsis be-
yondthescopeof this paper, but sinceour approachis basedon a
restrictedversionof thetop-down mappingproblem,wewill brie�y
review andillustrateit. Informally, a top-down mappingrestricts
theremoval andinsertionoperationsto takeplaceonly in theleaves
of thetrees.Figure3 illustratesa top-down mappingwhich is for-
mally de�ned asfollows.
1Otherapplicationsmayevenrequirea distinctsetof operations.



DEFINITION 2. A mappingM betweena treeT1 anda treeT2

is said to be top-down only if for every pair (i 1 ; i 2) 2 M there
is also a pair (parent(i 1 ),parent(i 2 )) 2 M , where i 1 and i 2 are
non-root nodesof T1 andT2 respectively.
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Figure3: A top-down mapping example

The �rst algorithmfor the top-down edit distanceproblemwas
proposedby Selkow [17]. In [25], Yangpresentsa recursive dy-
namicprogrammingalgorithmwith costO(n1n2) for theproblem,
wheren1 andn2 arethesizesof T1 andT2 , respectively.

Oneof themostpopularalgorithmsfor theproblemis presented
in [5] also with cost O(n1n2). This algorithm, however, is not
recursive andthe problemis solved within a singledynamicpro-
gramminginstance.The paperalsopresentsan externalmemory
variationfor thisalgorithm.

Top-down mappingshave beensuccessfullyappliedto several
Webrelatedapplicationssuchasdocumentcategorization.For in-
stance,NiermanandJagadish[16] usea top-down distancealgo-
rithm to clusterXML documents.

In our case,we are interestedin the problemof evaluatingthe
similarity betweenWebpages.Indeed,mostWebpagesarestruc-
tured accordingto formatssuchas HTML and XML which, as
mentionedbefore,canbeseenaslabeledorderedrootedtrees[7].
Actually, the DOM paradigm,commonlyusedfor manipulating
Webpages,usesthis treerepresentation.

In the next section,we presenta new algorithm for determin-
ing a restrictedform of top-down mappingbetweentwo treesthat
representWebpagesand,asa consequence,the treeedit distance
betweenthem.

3. THE RTDM ALGORITHM
In this section,we presentan algorithmfor determininga new

type of mappingthat we call RestrictedTop-DownMapping. In-
tuitively, in therestrictedtop-down mapping,besidestheinsertion
andremoval operations,thereplacementoperationof differentver-
ticesis alsorestrictedto theleavesof thetrees.More formally, we
have thefollowing de�nition.

DEFINITION 3. A top-downmappingM betweena treeT1 and
a tree T2 is said to be restrictedtop-down only if for every pair
(i 1 ; i 2) 2 M , such that t1 [i 1 ] 6= t2 [i 2 ], there is no descendentof
i 1 or i 2 in M , where i 1 and i 2 are non-root nodesof T1 and T2

respectively.

Figure4 shows a restrictedtop-down mapping.As donefor the
family of edit distancesmentionedbefore,we can de�ne the re-
strictedtop-downeditdistancebetweentwo treesT1 andT2 asthe
costof therestrictedtop-down mappingbetweenthetwo trees.

TheRTDMalgorithmcombinesthe ideaspresentedin [25] and
[19]. To determinethe restrictedtop-down mappingbetweentwo
treesT1 andT2 , theRTDM algorithm�rst �nds all identicalsub-
treesthat occurat the samelevel of the input trees. This stepis
performedin linear time usinga graphof equivalenceclasses,in
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Figure4: A restricted top-down mapping example

a similar way to what is donein [19]. Our algorithm,however, is
basedon a post-ordertraversalof thetrees.We canusethis much
simplerapproachbecausewe only look for the identicalsub-trees
of the samelevel. This �rst stepof the algorithmhaslinear cost,
with respectto thenumberof verticesin thetrees.

Oncetheverticesin the treesaregroupedin equivalentclasses,
anadaptationof Yang'salgorithm[25] is appliedto obtainthemin-
imal restrictedtop-down mappingbetweenthe trees.This second
stepof thealgorithmis shown in Figure5. This �gure only shows
the algorithmversionfor calculatingthe treeedit distance,but its
modi�cation for obtainingthemappingis straightforward.

As wehavealreadymentioned,thetraditionaltop-down editdis-
tancealgorithmby Chawathe[5] hasa complexity of O(n1n2) for
all cases,that is, the best,the expectedandthe worst cases.The
RTDM algorithm also hasa worst casecomplexity of O(n1n2),
but, in practice,it performsmuchbetterdueto thefact that it only
dealswith restrictedtop-down mappings.

The worst caseof the RTDM algorithm occurswhen the two
treesbeingcomparedareall identical,exceptfor their leaves.In all
othercases,thecostis amortizedby theshort-cutsin lines20� 25,
whichwecall thetop-downshort-cut, or in lines17� 18, whichwe
call thebottom-upshort-cut. Further, whenall we wantto know is
whetherthetreeedit distanceis undera giventhreshold,theshort-
cut in lines 15 � 16 preventsthe recursionto continue. This is a
verycommonsituationwhenweneedto clustertreesbasedontheir
structuralsimilarities.

We alsonoticethatwe cantrivially alter lines20 � 25 (theso-
calledtop-downshort-cut), to createanalgorithmthatdetermines
the traditional(i.e., non-restricted)top-down edit distance.Thus,
we alsohave a new algorithmfor thetraditionalformulationof the
problem.

Another interestingaspectof the RTDM algorithm is its �e xi-
bility with respectto thecostof theedit operations.This property
allowsusingthealgorithmin morecomplex derivationsof theprob-
lem. For instance,it allows comparinga given treeinstancewith
a tree patternof variablesize. This problemis analogousto the
problemof matchingregularexpressionswith stringsandhasbeen
addressedin theliterature[26].

In the next section,we show how the RTDM algorithmcanbe
appliedto theproblemof automatically�nding news availableon
Websitesandextractingtheir components(e.g.,titles, body, etc.)
for furtherprocessing.

4. AUTOMATICALL Y EXTRACTING WEB
NEWS

In this sectionwe discussa Web news extractionapproachthat
relies on the RTDM algorithm to identify relevant text passages
containingnews and their components,extract them and discard
uselessmaterialsuchasbanners,links, etc. Our approachhasba-
sically two main tasks: (1) the crawling of news portalsto fetch
the pagesof interestand (2) the extractionof the news from the



1 RTDM (T1 , T2 , � : threshold)
2 begin
3 let m bethenumberof childrenof T1 root
4 let n bethenumberof childrenof T2 root
7 M [i; 0]  0 for all i = 0; : : : ; m
8 M [0; j ]  0 for all j = 0; : : : ; n
9 for i = 1 to m

10 for j = 1 to n
11 Ci  descendents(t1[i ])
12 Cj  descendents(t2[j ])
13 d  M [i � 1; j ] +

P t 1 [k ]2 C i
k delete(t1[k])

14 i  M [i; j � 1] +
P t 2 [k ]2 C j

k inser t(t2 [k])
15 if M [i � 1; j � 1] > �
16 s  1
17 elsif t1 [i ] andt2 [j ] areidenticalsub-trees
18 s  0
19 elsif
20 if t1 [i ] is a leaf
21 s  r eplace(t1[i ]; t2 [j ])
22 s  s +

P t 2 [k ]2 C j
k inser t(t2 [k])

23 elsif t2 [j ] is a leaf
24 s  r eplace(t1[i ]; t2 [j ])
25 s  s +

P t 1 [k ]2 C i
k delete(t1[k])

26 else
27 s  RTDM (t1 [i ]; t2 [j ]; � )
28 �
29 �
30 M [i; 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, respectively

HTML pagescollected.SinceWebcrawling techniqueshave been
extensively discussedelsewhere[12], we focusour discussionon
theextractiontask,in which residesmostof ourcontributions.

To extract the desirednews, our approachrecognizesand ex-
plorescommoncharacteristicsthatareusuallypresentin newspor-
tals.For instance,mostnewssiteshave thefollowing organization:
(a) a homepagethat presentssomeheadlines,(b) several section
pages(or channels)that provide the headlinesdivided in areasof
interest(e.g.,sports,technology, international,etc.),(c) pagesthat
actuallypresentthenews,containingthetitle, author, dateandbody
of the news. The goal of our approachis to correctlyextract the
news,disregardingtheotherpages.

Our approachrelieson the basicassumptionthat the news site
contentcan be divided in groupsthat sharecommonformat and
layoutcharacteristics.This is ratherasafeassumption,sincenowa-
daysmostof theWebcontentis built usingprogramsor scriptsthat
readthecontentfrom adatabase,formatit, andgeneratetheoutput
as an HTML page. We call this set of commonlayout and for-
mat featuresa template. Figure6 presentstwo differenttemplates
availablein theCNN site.

DEFINITION 4. A templateis thesetof commonlayoutandfor-
mat featuresthat appearin a setof HTML pagesthat is produced
bya singleprogramor scriptthatdynamicallygeneratestheHTML
page content.

In the caseof news, templatesare�lled by journalists,usually

throughtheuseof speci�c Webapplicationsorsomedatabaseinter-
face.Each�eld of a template(e.g.,anews title) wecall adata-rich
object. Ideally, theextractorsgeneratedby our approachshouldbe
ableto identify eachoneof thesedata-richobjects,anddiscover,
amongthem,whichonescorrespondto thetitle andthebodyof the
news.

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

In thefollowing sections,we detaileachstepthatcomprisesthe
extraction task. We notice that our approachis simple and or-
thogonal,oncethe core of the main steps(clustering,extraction
andmatching)is theRTDMalgorithm,with variationson thecost
modelfor theedit operations.

4.1 PageClustering
This �rst steptakesas input a previously crawled setof pages

(a trainingset)andgeneratesclustersof pagesthatsharecommon
formating/layoutfeatures,i.e.,sharethesametemplate.Eachclus-
ter is latergeneralizedinto anextractionstructurefor atemplate,in
theextractionpatterngenerationstep.Noticethattheclusteralgo-
rithm cannotsimply grouppagesby their address(URL), because
subtlechangesin script or cgi parametersmay result in a com-
pletelydifferentHTML page.

To generatetheclusters,we usetraditionalhierarchicalcluster-
ing techniques[23] in which thedistancemeasuredis theoutputof
ourRTDMalgorithm.Therearenopre-de�nednumberof clusters.
Instead,we adopta constantthresholdto determineif two given
clustersshouldbemerged.In our implementationwe used80%of
similarity as the thresholdvalue. The costmodel for this stepis
the simplestone. Every vertex insertion,removal or replacement
hasunit cost.Thereplacementof equallylabeledverticeshascost
zero. Otherworks [16] suggesta moresophisticatedsetof oper-
ations,but our experimentshave shown that this simplemodel is
effective for our purposes.Theoutputof this stepis a setof page
clustersthatsharethesametemplate.

4.2 Extraction Pattern Generation
In thisstep,ourapproachgeneralizesaclusterof pagesinto what

we call a nodeextraction pattern (ne-pattern). Formally, an ne-
patternis a treede�ned asfollows.

DEFINITION 5. Leta pair of siblingsub-treesbea pair of sub-
treesrootedat siblingvertices.A nodeextractionpatternis a rooted
ordered labeledtreethat can containspecialverticescalledwild-
cards.Everywildcard mustbea leaf in thetree, andeach wildcard
canbeof oneof thefollowing types:

� SINGLE (�) A wildcard that capturesonesub-treeandmust
beconsumed.

� PLUS (+ ) A wildcard that captures sibling sub-treesand
mustbeconsumed.

� OPTION (?) A wildcard thatcapturesonesub-treeandmay
bediscarded.

� KLEENE (� ) A wildcard thatcapturessiblingsub-treesand
maybediscarded.

Wecanthink of anne-patternasa kind of regularexpressionfor
trees. We call a wildcard every vertex in the tree that canmatch
any symbol(any label)with its associatedtype.Ourpurposein this
stepis to assurethateachwildcardcorrespondsto adata-richobject
in the template. Singleandplus wildcardsshouldcorrespondto



Figure6: Sometemplatesavailable in the CNN site
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Figure7: The main extraction steps

requiredobjects,suchasthetitle of a news,andoptionandKleene
wildcardsshouldcorrespondto optional objects,suchas related
news lists.

Further, we saythatan ne-patternaccepts(or matches)a given
tree if there is a mappingwith no in�nite cost betweenthe ne-
patternand the target tree. We de�ne formally this conceptand
thecostmodelassociatedwith this mappingin Section4.3.

The goal of this stepin the extractiontaskis, taking asinput a
pagecluster, to generateanne-patternthatacceptsall thepagesin
this cluster. Thus,thecontentdifferencesbetweenthepagesin the
clusteraremodeledaswildcardsin our ne-patterns.To generate
suchne-patterns,werely onwhatwecall acompositionoperation,
de�ned asfollows.

DEFINITION 6. Let T x
1 and T x

2 be distinct ne-patterns.Then
thecompositionof T x

1 andT x
2 , T x

1 � T x
2 , is a ne-patternT x

3 such
that:

� LetS1 bethesetof treesacceptedbyT x
1 .

� LetS2 bethesetof treesacceptedbyT x
2 .

� LetS3 bethesetof treesacceptedby T x
3 .

� ThenS1 [ S2 � S3 .

Theprocessof generatinganne-patternconsistsof iteratingall
the treesthat representthe pagesin the clusterandincrementally
composingoneto eachotherin thecluster. Noticethatany treecan
be seenasan ne-patternwithout any wildcard. At the endof the
process,wehaveanne-patternthatacceptsall pagesin thatcluster.

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

� a andbarewildcardsandbothareof thesametype;

� a andb arenot wildcardsand the labelsassociatedwith a
andb areequal.

This is theequalityoperatorfor theRTDMalgorithm.As a cost
model, we give the sameweight, 1, to any edit operationin the



trees. Given two ne-patternsT x
1 and T x

2 , we usethe RTDM al-
gorithm to obtaina mappingM T x

1 ! T x
2

. From this mapping,we
createthecompositene-patternT x

3 = T x
1 � T x

2 usingthefollowing
rules:

� if a is not in the mapping,thenadda0 to T x
3 wherea0 =

f (a; ?);

� if a mapsto b thenadda0 to T x
3 wherea0 = f (a; b);

� andf (a; b) is de�ned as:
f (� ; � ) = � f (+ ; +) = + f (:; :) = :
f (� ; +) = � f (+ ; :) = + f (:; ?) = ?
f (� ; ?) = � f (+ ; ?) = � f (:; n) = :
f (� ; :) = � f (+ ; n) = + f (?; ?) = ?
f (� ; n) = � f (?; n) = ?
f (n1 ; n2) = n1 if n1 andn2 have identicallabels
f (n1 ; n2) = : if n1 andn2 have differentlabels

wheren, n1 , n2 arenon-wildcardverticesandtheparameterorder
is not relevant.

Themotivationbehindthis setof operationsis thatoptionalver-
ticesof thetemplatethatthene-patternis trying to modelshouldbe
kept optionalafter composingthene-patternwith a new tree,and
higherquanti�ers(i.e.,Kleeneandplus)shouldbekeptin the�nal
ne-pattern.Non-wildcardverticesin thene-patternthataremapped
to different(asde�ned by our equalityoperator)non-wildcardver-
ticesin thetreebeingcomposedshouldresultin new wildcards.

We noticethat somedata-richobjectsin the pagesmight span
throughseveral sibling sub-trees,like a text of a news body that
is composedof many adjacentparagraphs.Capturingeachof these
objectsasasingleentityis thepurposeof theplusandKleenewild-
cards.

If we look carefully at the de�nition of the function
f (a; b) above,wewill seethatthereis nowildcardquanti�er “pro-
motion” policy, or, in otherwords,wildcardsplusandKleenewill
never be generatedif there are no plus or Kleene wildcards in
the input of the function. Thesewildcardsarecreatedin a post-
processingstepwhenever we composetwo ne-patterns.

This post-processingis actually quite simple. Every wildcard
followed by a setof option wildcardsshouldbe convertedinto a
wildcardfor variablesizeobjects,thatis,Kleeneor pluswildcards.
If thewildcardbeforethesetof optionwildcardsisasingleor aplus
wildcard, thenthesetof optionwildcardsandtheprecedentwild-
cardareconvertedto a pluswildcard. If thewildcard is anoption
or Kleenewildcard,thenboththiswildcardandtheadjacentoption
wildcardsareconvertedto a Kleenewildcard. Figure8 illustrates
thewholene-patterngenerationtask,includingthe“promotion” of
a wildcard. In our approach,even if wildcardsareseparatedby a
maximumof 3 non-wildcardverticesthey canbemerged(includ-
ing thenon-wildcardvertices)into a singlevariablesizewildcard
(plusor Kleene).

4.3 Data Matching
In this step, our approach matches the set of generated

ne-patternsto the setof recentlycrawled pages.To �nd the most
appropriatene-patternto a crawled HTML page,we againrely on
our RTDMalgorithm.

Beforediscussingthecostmodelfor thematchingstep,weneed
to understandwhat the intuition behindthe matchingof the ne-
patternsis. In this context, we say that, in a given mapping,if
onewildcardvertex in thene-patternmapsto a vertex in thetarget
HTML tree, then the wildcard consumesthe vertex. Now let us
de�ne the desiredbehavior for a mappingbetweenthe ne-pattern
andthetargettree,sothatwecancreateanappropriatecostmodel.

DEFINITION 7. We de�ne a matchbetweenan ne-patternand
a target HTML treeasa mappingsuch that thefollowing rulesare
satis�ed in thisorder:

1. Everynon-wildcard vertex in thene-patternmustmapto an
identicalvertex in thetarget tree.

2. Everyvertex in thetarget treemustmapto an identicalnon-
wildcard vertex in thene-patternor beconsumedby a wild-
card.

3. Singlewildcards(:) mustconsumeonesub-treeof thetarget
tree.

4. Pluswildcards(+ ) mustconsumeat leastonesub-treeof the
target tree.

5. Optionwildcards(?) mustconsumeonesub-treeof thetarget
tree, if it is possible.

6. Kleenewildcards (� ) mustconsumeat leastonesub-treeof
thetarget tree, if it is possible.

7. Pluswildcards(+ ) mustconsumeasmanysibling sub-trees
of thetarget treeaspossible.

8. Kleenewildcards (� ) must consumeas many sibling sub-
treesof thetarget treeaspossible.

The satisfactionof Rules1, 2, 3 and4 is enoughto guarantee
that the ne-patternacceptsthe target tree. Rules5 and6 assure
that the match is as tight as possible,or, if it is possibleto use
anoptionalwildcardwithout violating theacceptancecondition,it
mustbeused.Rules7 and8 arealwaysautomaticallysatis�ed,and
aredeclaredto helpunderstandingthebehavior of thene-pattern.

The equality function for the RTDM algorithm is very simple.
Non-wildcardverticeswith identicallabelsareequalandtheequal-
ity comparisonwith a wildcardvertex alwaysfails. Let a bea ver-
tex in thene-pattern,andbavertex in thetargettree.Wede�ne the
costmodelfor theRTDMalgorithmasfollows:

� Vertex Replacement

(A) a is awildcard! 0

(B) else! 1

� Vertex Insertion

(C) Thereis an ancestorof b suchthat it is consumed
by a wildcard! 0

(D) Theleft siblingof b is consumedby a � ! 0

(E) Theleft siblingof b is consumedby a + ! 0

(F) else! 1

� Vertex Removal

(G) a =? or a = � ! 1

(H) else! 1

Thereplacementcost(A) guaranteesthatonly wildcardscanbe
replacedby the sub-treesthey consume. The insertioncost (C)
allows completesub-treesto beconsumedby thewildcards.Costs
(D) and(E) allow wildcardsto consumelists of sibling sub-trees.
The vertex removal cost (G) assuresthat only optionalwildcards
canbedeleted,andit associatesa non-zerocostwith thedeletion
of anoptionalwildcard,sothey arepreferablycoveredby cost(A).
Finally, costs(B), (F) and(H) togetherguaranteethatthene-pattern
mustacceptthetargetpage,or themappingwill have in�nite cost.



to a vertex with different label in
the target tree, we consider it as 

Required wildcards

Optional wildcards

If a vertex in the source tree maps

Variable size objects

After creating each new pattern,
evidence of a variable size object.
following another wildcard is the

we look for wildcards followed 

The presence of optional wildcards

a required wildcard, since it is 
and create a new wildcard that can 
by a series of optional wildcards

capture variable sized objects.
present in both trees.

D E

A

B C

A

F C

D

��

?

C

A

D

A

C

D

? ���

���

�����

�����

�����

�����

�����

�����

�����

�����

�����

�����

?

�������������

�������������

...
Page Cluster

A

G F C

D E

...

?

A

C

D

+

.

in a target tree, we consider the presence
When a vertex in a tree has no equivalent

of the vertex optional in our extractor 
and generate an optional wildcard.

Figure8: How an ne-patternis createdfr om a cluster of similar pages

Although costs(C), (D) and(E) seemquite complicatedat a �rst
glance,they aretrivially implementedin constanttime. To check
the validity of any of them,we just needto checkif the vertex in
the target treeis beinginsertedin the positionof (or immediately
after)a wildcardin thene-pattern.This costmodelguaranteesthat
eithertheconditionsin De�nition 7 aresatis�edor themappinghas
in�nite cost.

Oncethene-patternhasbeenselected,theextractionprocessis
straightforward. Both trees(the ne-patternand the HTML page)
are traversedin pre-orderand for eachwildcard found in the ne-
pattern,the text passagein theverticesconsumedby thewildcard
is extractedfrom theHTML page.Figure9 illustratesthematching
process.

4.4 Data Labeling
Theoutputof thedatamatchingstepis asetof orderedtext pas-

sages,eachonecorrespondingto a setof verticesconsumedby a
ne-patternwildcard. More formally, we cande�ne theoutputof a
matchasasetT = (t1 ; p1); (t2 ; p2); :::; (tn ; pn ) whereeacht i is a
text passageretrievedby awildcardandpi is thevertex positionof
this wildcardif we performapre-ordertraversalof thene-pattern.

The goal of the datalabelingstepis to selectfrom T the pas-
sagest i andt j thatcorrespondto thetitle andthebodyof thenews
being extractedfrom the Web page2. To achieve this, we apply
simpleheuristicsto T asdiscussedbellow. Givenasetof extracted
passagesT = (t1 ; p1); (t2 ; p2); :::; (tn ; pn ) we saythat:

� length (t i ) is thenumberof terms(words)in passaget i ;

� j tk \ t i j is thenumberof termsthatoccurin passagest k

andt i ;

� t i is a news body iff length (t i ) > length (t k ) 8 1 < k <
n; k 6= i andlength (t k ) > 100(Body labelingheuristics);

� t j is a news title if f 1 � length (t j ) � 20 and j t j \ t i j
p j � p i

>
j t k \ t i j
pk � p i

8 1 < k < i; k 6= j (Title labelingheuristics).

2In this paperwe do not focuson theextractionof thenews date,
becausewe cantrivially determineit from the datethe news �rst
appearedon theWebsite.

In otherwords,the passageelectedto be the body of the news
is thelongestonewith morethan100words. Further, thepassage
selectedto be the title is onethat hasrangesfrom 1 to 20 words,
hasamaximumintersectionwith abodypassage,andis theclosest
oneto thebody. Theintuition behindthetitle selectionis thatmost
of the timesthe title is placednearthebodyandits termsusually
appearin thenews body.

Despiteusingthissimpleheuristics,our labelingstrategy is very
effective,asshown 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 experimentswerecarriedout
usinga 700MHzPentiumIII processorwith 128MBof RAM.

5.2 The RTDM algorithm
Consideringthat the RTDM algorithmis the basisof the news

extractionapproachdescribedin this paper, we mustassurethat it
runsfastandscaleswell. To thebestof our knowledge,thereis no
other restrictedtop-down mappingalgorithm in the literature,so
we decidedto comparetheRTDMalgorithmwith thecompetitive
top-down edit distancealgorithmpresentedby Chawathein [5].

AdaptingChawathe'salgorithmto theextractionpatterngenera-
tion anddatamatchingstepsof our approachis not trivial, but the
pageclusteringstepcan be easily adaptedto usethis algorithm.
Thus,we built two versionsof theclusteringstep,onepoweredby
the RTDM algorithm,andthe otheronepoweredby Chawathe's.
Comparingthe executionstimes,the RTDM algorithmin general
outperformsthealternative algorithmby 4 times,but sometimesit
is morethan10timesfaster. Themaindisadvantageof Chawathe's
algorithm is that it is always quadraticwith respectto the num-
berof verticesof the treesbeingcompared.Figure10 shows how
thealgorithmsperformwhentheaveragenumberof verticesof the
treesbeingcomparedincreases.If we analyzethebehavior of the
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RTDMalgorithmwhenthenumberof verticesgrows,weseethatit
dependsnotonly on thenumberof verticesin thetrees,but alsoon
thepropertiesof thetrees.This is dueto theseveralshort-cutsthat
thealgorithmusesto avoid recursively checkingthecompletetrees
andto thedifferentpropertiesof therestrictedtop-down mappings.
Eachpoint in Figure10 roughlycorrespondsto a cluster.

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

5.3 NewsExtraction
The secondpart of our experimentsconsistedof analyzingthe

outputof thecompleteextractionprocess.We manuallycompared
the extractednews with the original HTML pages,to checkfor
their correctionandcompleteness.Table1 presentstheresultsfor
all 35 sites.Our approachwasableto extractcorrectlyanaverage
of 87.71%of the news, while 9.25%wereerroneouslyextracted
and3.04%werenot extracted.

Duringourexperiments,wenoticedthattheuseof restrictedtop-
down mappingsis really suitablefor identifying data-richportions
of Webpages.In thedatalabelingstep,however, it is still dif�cult
to preciselyidentify the title of thenews. Most of theerrorswere

dueto subtitlesandauthorsnamesthatweremisidenti�ed astitles.
Despitethis, we achievedvery goodresultswith a completelyau-
tomaticapproachandsimplelabelingheuristics.

Eventhoughwe haveusedsimplelabelingheuristics,thereason
for this high level of effectivenessis that, after the extraction of
thedata-richportionsof thepages,thesizeof thesetof candidates
text passagesfor title andbody is usuallyreducedfrom a rangeof
hundredsto thousandsto a rangeof two to � ve candidates.

6. RELATED WORK
Oneof the reasonswhy the Web hasachieved its currenthuge

volume of datais the fact that a greatand increasingnumberof
data-richWebsiteshave their pagesautomaticallygeneratedfrom
databases.Takingadvantageof this,a numberof approacheshave
beenrecentlyproposedtoanalyzethestructureof thepagesof these
Websiteswith the purposeof inferring a generaldataschemafor
themandultimatelygeneratingwrappersto extractthisdata.

The �rst solutionfor this problemwasproposedby Grumbach
andMecca[11] assumingtheexistenceof collectionsof data-rich
pagesbearinga similar structureor schema.In [7], an algorithm
is proposedto infer union-freeregular expressionsthat represent
pageschemas.For complex schemaswith optionalattributes,the
algorithmexecutioncanexplodeandthusit is consideredashaving
exponentialcost[7]. By usingseveralheuristics,ArasuandGarcia-
Molina [1] haverecentlyproposedapolynomialtimealgorithmfor
theproblem.Sincetheapproachesproposedin [1] and[7] require
no humanintervention, an importantproblemthat they have left
openis how to automaticallylabeltheextracteddata.Thisproblem
is addressedin [2] but thesolutionproposedis notgeneralenough.

Thereare also several works in the literaturethat addressthe
problemof schemaextractionfrom collectionsof XML documents.
TheXTRACT system[10] usesMDL, aninformationtheorytech-
nique,to infer conciseandaccurateschemasfrom a collectionof
XML documents.Min et al. presenteda muchfastersystem,with
betterresultsin [15]. Although we do not directly considerthe
schemaextractionproblemin this work, thene-patternswe gener-
ateresembleschemade�nitions, andwebelievethatthetechniques
proposedherecanalsobe appliedto the schemaextractionprob-
lem. Also, the ideasbehindthe XML schemaextractionsystems
can be usedto improve our work in situationsin which the data



Site
p

� Not Extracted # pages
A not́�cia Joenville 83.95% 13.58% 2.47% 81
AOL Brasil 87.60% 12.40% 0.00% 121
AgênciaEstado 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
DiáriodeNatal 96.62% 0.00% 2.90% 206
DiárioGrandeABC 100.00% 0.00% 0.00% 8
Diáriodo Maranh̃ao 75.00% 25.00% 0% 48
DiárioPopular 100.00% 0.00% 0.00% 85
DiáriodeCuiaba 85.26% 12.82% 1.92% 154
Diáriodo Com.BH 92.31% 3.85% 3.85% 26
EstadodeMinas 77.40% 21.47% 1.13% 177
EstadodeSãoPaulo 84.33% 15.21% 0.46% 217
FolhadePernam. 91.18% 1.47% 7.35% 68
FolhadeSãoPaulo 77.78% 13.33% 8.89% 225
GazetaDigital 88.17% 10.75% 1.08% 185
GazetaMercantil 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
InvestNews 95.47% 0.00% 4.53% 329
JornaldaTardeSP 90.57% 5.66% 3.77% 159
O Dia RJ 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
TribunadaImprensa 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

Table1: Resultsobtained for the newsextraction process.

beingextractedis ruled by morecomplex schemasthan thoseof
foundin on-linenews. Actually, theproblemof schemaextraction
for WebpageshasbeenprovenNP-Completerecently[24].

Theautomaticclassi�cationof Webpagesbasedon their struc-
tureis addressedin [8]. However, thiswork differsfrom ourssince
in ourcasetheclassi�cationis basedon thestructuralpropertiesof
thepagesandnoton theresultsof thewrappingprocess.

TheChangeDetectorT M system[4] usesanalgorithmverysimi-
lar to oursin its entity-basedchangedetectionstep.Thealgorithm,
however, workswith hashesof thecontentsof thesubtrees,falling
back to the tree view when any hashcomparisonsfails. This is
equivalentto our bottom-upshortcut. Furthermore,whenaligning
child vertices,it doesnot take into accountthecostof therecursive
operations.

Bing Liu etal. havedevelopedaneffective algorithmfor mining
datarecordsfrom Web pages[14]. The algorithmhastwo steps.
In the�rst stepit identi�es thedataregion of theWebpageandin
the secondoneit extractsthe recordsthemselves. The algorithm
workseachtime in a singlepage,so it doesnot comparethepage
trees.Although achieving goodresults,the algorithmonly works
with multi-recordpagesandthereforecannotbeappliedto on-line
news pages,thatarealmostexclusively single-recordpages.

Comparedto the recentwork in the literature,the work in this
paperoffersanalternativeanduniformsolutionfor threeimportant

problemsin automaticWeb dataextraction: structure-basedpage
classi�cation,extractorgeneration,anddatalabeling.Thefactthat
this solution is basedon the well establishedconceptof tree-edit
distancebringstheadditionaladvantageof allowing theuseof ex-
isting resultsfor studyingtheseproblemsfrom a new perspective.

7. CONCLUSIONS AND FUTURE WORK
In this paperwe have introduceda new algorithmfor calculat-

ing the edit distancebetweentwo given trees,which is basedon
a restrictedform of top-down mapping.This algorithm,which we
call RTDM, improvesexistingresultsin theliterature[5, 25] for the
problemof automaticallyanalyzingthestructureof Webpages.

Furthermore,weshow how thisalgorithmcanbeappliedto solve
three important problems in automatic Web data extraction,
namely: structure-basedpageclassi�cation, extractorgeneration,
and datalabeling. In particular, we have addressedthe problem
of automatically�nding andfetchingnews availableon Websites,
andextractingtheircomponents.Throughexperimentationwith 35
news Websites,wehavedemonstratedthattheRTDMalgorithmis
highly effectivefor thesetasks.Indeed,theresultsshow anaverage
of 87.71%correctlyextractednews without any humaninterven-
tion.

Theapproachprovidedby theRTDM algorithmis currentlybe-
ing usedasthecoreof a fully operationalWebnews clipping sys-



tem,calledAkwanClipping3, which providesdaily news from the
mostimportantBraziliannewspapersto over �fty companies.

As futurework, we planto generalizetheproposedapproachto
dealwith differentapplicationdomains,especiallythosein which
the schemaof the dataon the pagesis complex. In fact, it is a
challengeto provide a genericmethodfor automaticWebdataex-
traction[24]. Furthermore,we planto usetheRDTMalgorithmto
improve Websearchenginesby incorporatingstructuralevidences
derivedfrom Webpagesin additionto contentevidencestradition-
ally usedby currentsearchengines.
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