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Abstract

In this paper we proposean innovativeapproad to ex-
tractingsemi-structueddatafrom\Websouices.Theideais
to collecta coupleof exampleobjectsfromthe userandto
usethis informationto extract new objectsfrom new pages
or texts. We proposea top-downstrategy that extractscom-
plex objectsdecomposinghemin objectslesscomplex, un-
til atomicobjectshavebeenextracted. Throughexperimen-
tation, we demonstate that with a small numberof given
examplesour strategy is able to extract mostof the objects
presentin a Web sourcegivenasinput.

1 Introduction

As the data on the Web grows at explosive rates, a
tremendousesearcleffort hasbeeninitiated to make such
dataavailable, usually in somestructuredform suchasa
table,for queryingandfurthermanipulation.Themainmo-
tivation is that structureddataallow askingquerieswhich
cannotbe asledwith datain text form. A typical example
of sucha queryis: retrieve all hotels in downtown New
York with daily rate smaller than US$ 120.00.

In this work, we discussan innovative example-based
approachto extracting datafrom a set of Web pagesfor
populatinga database. We considerthat the Web pages
presensomeinherentstructurewhich canbereadilyrecog-
nized. Sincethis structureappearsmplicitly on the pages
and might vary from one pageto anothey we saythatthe
datais semi-structued[1].

To extractthedata,we needsomedescriptionof whatto
extract. A commonapproacho providing suchdescription
is to build a specificgrammarwhich detailsthe surround-
ings of eachpieceof datato extract[5]. In this work, how-
ever, we considera new approachin which the description
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of what to extractis fully basedon a small setof exam-
plesprovidedby the user Basedon thisidea,we proposea
top-down strateyy thatextractscomplex objectsdecompos-
ing themin objectslesscomple, until atomicobjectshave
beenextracted. Throughexperimentationywe demonstrate
that just a coupleof examplesare sufficient for extracting
hundredof objectsfrom new Web pages.Our approachs
simple, intuitively appealing quite effective, and doesnot
suffer from the main drawvbacksof alternatve approaches
in theliterature,asdiscussedbelow.

A numberof differentapproachebave beenproposedo
extractingdatafrom Web sourceq2, 4, 5, 10, 11, 15, 17].
The mostcommonof suchapproache#volvesthe useof
wrappers[2, 4, 5, 11]. Although wrappersprovide an ef-
fective approactto dataextractionfrom Web sourcesthey
have two major drawbacks.Firstly, they requirea previous
knowledgeof thestructureof thedatasource.Secondlyad-
ditional work might be requiredto adaptthe wrapperwhen
thesourcechanges.

An alternatve approachto extracting datafrom Web
sourceds basedon naturallanguageprocessingNLP). In
suchanapproachNLP techniquesreusedto find relevant
fragmentghatcanbeextractedfrom asourcedocument8.
The systemdescribedn [17] is an exampleof a tool that
usessuchtechniquesExtractiontools basedon NLP tech-
niquesare effective, but they arevery specificandusually
demanda large numberof trainingexamples.

An ontology-basedapproachto extracting data from
Web sourcesis presentedn [9, 10]. This approachuses
asemantiadatamodelto provide anontologythatdescribes
the dataof interestandits locationon the sourcepagesijn-
cludingrelationshipslexical appearancesndcontext key-
words. Although this approactcanbe quite effective with
the so-calleddatarich and narrov in ontological breadth
Websourceq10], it suffersfrom problemssimilar to those
facedby wrapperbasedapproachei the sensehatit re-
quiresapreviousknowledgeof thedatasource.

Finally, a more specific but very interestingapproach



to extracting takular datafrom Web sourcesis provided
by TINTIN (Table INformation-basedlext INquery) [15].
Thistool extractstabular datafrom unstructuredlocuments
basedon a purely structuralanalysisof suchdocuments.
Heuristicsare usedto recognizethe headingsand the val-
uesthatcomposehedifferentcolumnsof atable.

The paperis organizedasfollows. In Section2, we in-
troducethe problemof dataextractionin moredetail. In
section3, we discusshow to generateautomaticallya text
contet for dataselectedy theuser Section4 presentour
example-basedxtractionstratgy. Section5 discussesur
experimentakesults.Our conclusiongollow.

2 TheProblem

Considera portion of a Web page obtainedfrom the
DB&LP site[14] asillustratedin Figurel. We noticethat
thereis aninherentstructureto thetext onthepage.For in-
stancewe areableto distinguishfour objectsand,for each
object,we identify attributessuchasauthorsandtitle. Such
structurehasnotbeendeclaredanywherebutis clearlyiden-
tifiable. Texts or pageswvhich presensuchtype of inherent
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Figure 1. Web page from the DB&LP site illus-
trating a data rich example (ACM TODS).

structurearesaidto be datarich andnarrow in ontological
breadth[10]. Suchpagesconstitutethe targetof our study
andarereferredto simply asdatarich pages.

Given a set of datarich pages,we investigatehow to
extract (from them) objectsand their attributes such that
they canbeinsertedinto (nested}ablesfor later querying.
If properly done, this would allow retrieving information
whichcannotbeobtainedwith standardext searchingech-
nigues.For instancejn Figurel1, onemight beinterestedn
all the titles which have beenpublishedby a given author
aloneandwhich arelongerthan20 pages.Notice thatthis
informationis presenton the pagebut cannotbe obtained
usingstandardext retrieval techniques.

To beableto extractinformationfrom a setof datarich
pages,we needsometype of descriptionof what to ex-

tract. For instance,we could assumethe existenceof a
grammardetailing how to parseand recognizetokensfor
insertionon atable.In the exampleof Figurel, suchgram-
marcouldspecifythatnameof authorsappearfterablack
dot and are separatecby commas. Further the grammar
could statethatthetitle appearsn theline immediatelyaf-
ter the line containingnamesof authors. The main weak-
nessof grammarbasedapproachets thatthey aretoo rigid
for processingypical text which appearin practicalsitua-
tions(particularly in theWeb). Forinstanceanentrymight
be missingthe black dot which identifiesthe object, might
be missinginformation on authors,or might misplacethe
informationon thetitle suchthatit appearsrior to thein-
formationon the authors.To dealwith suchsituationsthe
designeinf thegrammamould have to anticipatewhich ex-
ceptionscould occurin practiceandadaptthe grammarac-
cordingly. Clearly, suchtaskmight be quite hardin loose
domainssuchasthe Weh

In this work, we take a differentapproachand assume
thatanwell informedusersimply specifiesexamplesof ob-
jectsto extract. Using theseexamples,we study how to
extractthe datafrom new pages(with similar structure)in
thepresencef mismatchesyariationon the orderingof at-
tributes,and an inconsisten{implicit) structure. The user
providessuchexamplesby cutting piecesof datafrom the
pageandassemblingan exampleobject. Using suchexam-
ple object,we investigatehow to procesew pagesrecog-
nizeobjectsin them,extractthis objects andinsertthemon
atablefor laterquerying.We expectthata coupleof exam-
ple objectsshouldsuffice to allow processindhundredsof
new (but similarin structure)pages.

We considerthatthe exampleobjectthe userprovidesis
acomple objectwith ahierarchicaktructure For instance,
for theWebpagein Figurel, theusercouldspecifya2-level
hierarchicalkexampleasillustratedin Figure?2. In this case,

Volume

20" Date
Number “September 1995”

1st. Level %"

2nd. Level
Pages
Title "325-363"
"Transcation Chopping...”

{"Denis Shasha’,...,
"Patrick Valduriez"}

Figure 2. Object provided as example for the
Web page in Figure 1

the userspecifieda single example of a paperwith 4 au-



Edition
Volume [ Number | Date | Article

| Author | Title | Pages |

20 3 Septembet995 | [ {DenisShasha,. .,Patrick Valduriez} Transaction. . 325-363

{WdongChenr} QueryEvaluation.. | 239-297
| Author | Title | Pages |

20 4 Decemberl 995 {IMin A.Chen,..,DenisMcLeod | AnExecutionModel .. | 365-413

{Piero Fraternali, Letizia Tanca} A Structued . . 414-471

Figure 3. Nested table containing extracted objects

thors,39 pagesandwhich appearedn Septembeof 1995.
Oncean objectis properlystructuredjt canbedirectly in-
sertedinto a nestedtable for later querying,asillustrated
in Figure3. Further this nestedtable can be flattenedfor
gueryingasa standardrelationaltable. For eachpiece of
datain the exampleobjectin Figure2, we assumehatwe
know the positionin the original pagewhereit camefrom.
For instance the authorname' DennisShasha initiates at
the secondnon-blankcharacteof the ninth non-blankline
in Figurel. If we assumehe existenceof a graphicaltool
which allows the userto mark piecesof dataon a pageand
dragthem,this positionalinformationis trivially generated
by storingthepositions(in thetext) of thepiecesmarkedby
the expert. Suchatool is actuallyimplementedandwe re-
fer thereadetto [13, 16] for furtherdetailsonit. Positional
informationis easyto obtainbut represents crucial piece
of evidencefor assistingwith the dataextractionprocessas
we laterdemonstrate.

Givenavery small setof exampleobjects,we conceve
a strat@yy for extractingdatafrom new pageswith similar
structure. This strat@y is basedroughly on the algorithm
describedn Figure4 (considerfor a momentthat the ex-
amplesprovidedby the userareflat i.e., they have a single
level hierarchicalstructure).

This algorithmworksby assemblingcontext for anob-
ject and using this context descriptionto identify new ob-
jectsin new pages.The contect describeghe surroundings
of theobjectprovidedasexampleby the expert. Despiteits
simplicity, this approachwhich we call top-down works
well with datarich pagegresentingsomevariationsin their
structure. This strategy will be further discussedn more
detailsin Sectior4.

foreach example object O, do
begin

foreach attribute A of O, do

begin
determine a local text context for the
piece of data associated with A;

end;
combine all the local contexts and generate
a context for the object Oe;

use the context description for O, to recog-
nize and extract new objects in other pages;

end

Figure 4. Sketch of the top-do wn extraction
algorithm.

3 Attribute-Value Pair (AVP) Patterns

To specify an example, the userselectspiecesof data
and usesthem as atomic componentf an example ob-
ject. Eachpieceof dataselecteds calledavaluewhile each
atomic components referredto asan attribute Thus,we
usethe terminologyattribute-valuepair (or, AVP) to refer
to anattributeandoneof its values.A sameattribute might
have multiple valueswhich form alist. In this casewe say
thattheattributeis itself a comple« component.

The recognition and extraction of (implicit) objects
presenton a pageis basedon the notion of a local con-
text for eachattribute-value pair (AVP). Local contects are
derived from the text in which the AVP occursasfollows.
Considerthe positionin the text (or Web page)of an AVP
valueselectedby the user Thetermssurroundinghe AVP
valueconstitutea passagé€or window) [6, 12] whichcanbe



usedasa local contet. For instance Figure5aillustrates
the AVP value “Eric Simon” as seenand selectedby the
userfrom a pagepresentedy a Web browser Figure5b
illustratesa passagevhich canbe usedasthelocal context
for the value selectedasit occursin the HTML sourceof
thepage.Usingthis context informationwe build a pattern
(alsocalledAVP patterr) which canbelaterusedto identify
anauthornamesuchas“Eric Simon”.

e DennisShashaFrancoisLlirbat, Patrick Valduriez

(@

Simon:Eric.htmI’></a>, <ahref="../../indiceg

(b)

Figure 5. AVP value Eric Simonand its local
conte xt (or passage).

To illustrate,the AVP patterncorrespondingo the AVP
value“Eric Simon”in Figure5is shavn in Figure6. In this

Simon:Eric.htmI‘></a>, <ahref="../../indiceg

Figure 6. AVP pattern corresponding to the

passage in Figure 5.

casethesym bol* represents string patternthatmatches
a sequencef characterof ary length. This AVP pattern
can be usedto matchary authornamewhich appearsn
a context similar to the one presentedn Figure5b. How-
ever, mostlik ely, thisAVP patternwill notretrieveary other
authornamein ary otherpage. Thus,to be ableto effec-
tively usethis AVP patternfor extractingnew authomames,
we mustadopta moreflexible patternrecognitionstrateyy.
This canbeaccomplishedsfollows.

Givenan AVP selectedy the user we determinea pas-
sagesurroundingthis AVP valuein thetext. In this work,
we adoptsymmetricpassagesomposedf W termsto the
rightandW termsto theleft of the AVP value.Thefollow-
ing two restrictionsapply: (1) apassageoesnotgobeyond
a (textual) newline mark and (2) a new passageanustnot
overlapwith passagesorrespondindo previous AVP val-
uesselectedvy the user Dueto theserestrictions,an AVP
patternmight beasymmetric.

The width W of an AVP patternis determinedempiri-
cally for eachtype of AVP asfollows. We startwith asmall
patternrepresentety the symbol* , atermtoits rightand
atermtoits left. Thesetermscanbewordsor specialsym-
bols. Forinstancejn Figure6 theinitial AVP patternwould

becomposedf thesymbol* surroundedy the prefix“ >"
and the suffix “<”. Notice that the prefix and the suffix
are presentin the page,and can be recognizedautomati-
cally oncethe usermarks“Eric Simon” asa value of his
interest. We then parsethe excerptof a pagefrom which
the userselectsthe AVP value, compareit with the AVP
patternjust defined,andcountthe numberof matchesFol-
lowing, we askthe userfor the numberof string valuesfor
authors’nameshe canseeandcomparethis with the num-
ber of matcheswe just counted.If the numberof matches
exceedghe numberspecifiedby the userwe addadditional
termsto the pattern,ncreasingts width W andtheamount
of contextual informationattachedo it. This processds re-
peatedautomaticallyuntil we have a gooddefinitionfor the
local context of the AVP in considerationwe stop when
the numberof matcheds smallerthanthe numberof val-
uesidentified by the user). Notice that all the userhasto
provide is a single numberwhich indicatesthe numberof
occurrence®f valuesfor authors’namesin the excerptof
the Web pagehe is working with. Suchan informationis
quite simple to provide and presentano incorvenienceto
theuser

TheAVP patternggenerate@rethenusedasthebuilding
blocksof our extractionstrategy aswe now discuss.

4 Top-Down Extraction

We discusshereour top-downstrateyy to extract com-
plex objectsfrom datarich Web sourcesBeforediscussing
the detailsof the proposedstrateyy, we definesomebasic
conceptsaandterminologyrequiredto dealwith the hierar
chicalstructureof complex objects.

Sincethestructureof Webpageobjectsis notalwaysflat,
it is necessaryo introducethe conceptof acomplec object
with a hierarchicalstructureaswe now do. Insteadof for-
mally definingacomple< object,weintroducetheterminol-
ogy throughthe discussiorof anexample.The examplewe
adoptis the complex objectlabeledEdition in Figure2.

TheobjectEdition in Figure2 is composeaf four other
objectswhich arecalledcomponenbbjectsor simply com-
ponents The first threecomponenbbjects(i.e., Volume,
Number, and Date) are atomic and are referredto as at-
tribute objectsor simply attributes The fourth component
(i.e., Article) is a list objector simply a list. This list is
formedby severalidentical complex objects.Eachof these
objectds composedf alist (i.e., Author) andtwo attributes
(i.e., Title andPages). Thelist Author is itself formedby
atomicelements.

Throughoutour discussiorbelow, we usethe following
notation:

A: an attribute or atomic component;
C'": an object component (atomic or complex);



function pattern(A) {

/* returns an AVP pattern for the attribute A */ )
This function works as discussed in Section 3 and is not

} detailed here

function o-pattern(Oe¢) {

/* returns a pattern for the object O, */

op = nil; /* initialize an objectpatternstring */

Traverse the structure of O, in pre-order and visit all its compo-
nents;

foreach visited component C do

begin

case type of C'is:
‘atomic’: op = op . * . pattern(C);
‘complex’: op = op . * . o-pattern(C);

end list: op = op . *.“(" . o-pattern(C) . “)*";
return(op); }

function top-down-extraction(G,0¢) {

[* extracts from set G all the objects similar to O, */

R = 0; I* a set variable for holding the extracted objects */
foreach page ¢, g € G, do

begin

while not end of page g do

begin

o-string=string-match(g,o0-pattern(O));

R = R + object-from-string(o-string);

end
end
return(R);}

Figure 7. Detailed top-do wn extraction algo-
rithm.

O.: an example object specified by the user;
G a set of sample pages for extracting data from;
g: a single page from the set G.

Ourtop-downn extractionstratey follows the mainsteps

presentedn Section2. The centralideais to find new ob-
jectswhich have a structureidenticalto the structureof an
objectO, provided asexample. We considerthat eachat-
tribute of O, hasbeenreplacedby its respectie AVP pat-
tern. Thus,theexampleobjectO, combinesnformationon

the objectstructurewith information on the AVP patterns

associatedvith its attributes. This is a crucial aspectbe-
causeallows that all the extractionprocedurebe basedon
theexampleobjectO, only.

A detailedview of ourtop-downn extractionalgorithmis
presentedn Figure?.

The top-down-extraction function appliesthe (string)
patternfor the whole objectO, (generatedy the function
o-pattern) to eachpageg in thesetof pagess. Thestrings

in g thatmatchthe O, patternareretrieved. Eachof these

stringscorrespond$o anew complex objectwhosecompo-

nentsare readily determinedthrougha top-dovn decom-

positionoperationperformedby the function object-from-

string). Eachnew complex objectis thenstoredin theresult
variableR.

The function o-pattern is at the core of our top-down
extractionstrateyy. It works by traversingthe structureof
the objectO. in pre-ordervisiting all its componentsand
concatenatingherespectie AVP patterndn aresultantob-
ject patternop. Concatenations an operationon strings
indicatedasa dot. An atomiccomponentieadsto the di-
rect concatenatiorof its AVP pattern(intermediatedoy a
wild character*”) to the resultantpatternop. A complex
(componentpbjectthatis notalist requiredirst deriving its
pattern(througharecursve call to the function o-pattern)
prior to theconcatenationA list objectrequirederiving its
patternand surroundingit with the strings“(” and“)*” to
indicatethatrepetitionis allowed (becausét is alist).

We saythatthis strateyy is top-dovn becauseeachnew
object is recognizedand extractedin its entirety (using
string pattern matching) prior to the identification of its
componenbbjects(which is donethrougha top-dovn de-
compositionoperation).Figure8 illustratesgraphicallythe
behavior of our extractionstrateyy.

Top-Down Extraction

\

Volume
ate
Number

@

e Pages

L0
L] ...
Author #0g 99
Tile  Pages

Figure 8. Behavior of our extraction strategy .

5 Reaults

In this sectionwe discussthe applicationof our extrac-
tion stratgyy to HTML pagescollectedfrom popularWeb
sources.Theresultsare presentedn two parts. In thefirst
part,we useWebsourcesvhose(implicit) objectsarestruc-
turedin one-level. In the secondpart,we usea Web source
whose(implicit) objectsare structuredn two-level hierar
chies.

For the first part of our experimentswe usethreeWeb
sources{a) CDNow [7], (b) Travelocity[18], and(c) Ama-
zon[3]. Figure9 illustratesexcerptsof pagesfrom these
threesources We noticethatthe (implicit) objectsin these
sourcesare all flat (i.e., their structureis given by a one-
level hierarchy).

We collectedsamplepagesfrom our three sourcesand
appliedthe top-down extractionalgorithmto them. A sin-
gle exampleobjectis providedfor eachsource.Theresults
areillustratedin Table1. The samplepagesrom CDNow



Placebo Without You I'm Nothing $16.97 $11.88

Portishead Pnyc $16.97 $11.88

Louis Prima Collectors Series $11.97 $3.38

Queen Greatest Hits T & 1T $29.97 $2098

REM. Up $16.97 $11.88
(a) CDNow

Sam Lord’s Castle - Barbados $333- (3 nts) Stay at this legendary landmark castle
an ane of the world?s most beautiful beaches! Dive into 3 pools, soak in the
whirlpool, play tennis on lighted courts, sail, snorkel, waterski, and work out in the
fitness room. All on 72 landscaped acres.

d-Might Southern Caribbean Cruise $349- Mow you can explore the faraway
islands of the Southern Caribbean on a three-night cruise -- and save a minimum
of $140 off the brochure rate! Aboard the Acwic Smpress, vou will depart San Juan
and visit 5t. Thomas and 5t. Maarten.

wyndham Atuba Beach Resort & Casing $366- (3 nts.) Couples, singles and
families alike will love this resort located on Aruba’s most exclusive beach. Enjoy
swimming, water sports, tennis and nearby championship golf. And the Kids Klub is
fun for all ages

(b) Travelocity

Internet Publishing Kit
Hardcover / Published 1995
Our Price: $149.95 (Special Order)

Internet Publishing with Microsoft Word 7.0; With CDROM
With CDROM

Connie Dunn / Paperback / Published 1998

Our Price: $29.95 (Not Yet Published)

Read more about this title...

Internet Quick Reference Guide
Glenn Davis / Paperback / Published 1997
Our Price: $9.60 ~ You Save: $2.40 (20%) (Back Ordered)
Read more about this title...

(c) Amazon

Figure 9. Excerpts from three Web sources
used in our experiments.

contain219 retrievable objectswhich were all recognized
andextracted. The samplepagesfrom Travelocity contain
162 retrievable objects. The algorithmwas ableto recog-
nize 79% of them (i.e., 57 or 21% of the objectsare not
retrieved). The reasonis thatthe implicit objectstructure,
while presentn all pagesjs now moredifficult to beiden-
tified. The samplepagesfrom Amazoncontain178 rec-
ognizableobjects.For this source the top-davn algorithm
presentsa poor retrieval performanceandis ableto recog-
nize only 30% of the objects. The main reasonis thatthe
objectsmight now have componentsvhich areout of order
or missing. However, we canimprove the performanceof
thetop-davn algorithmby increasinghe numberof exam-
plesgiven,asdiscussedbelon.

Consideragainthe samplepagesfrom Amazonandas-
sumethat the (implicit) objectson thosepagesareranked

Source Total Retrieved
CDNow 219 | 219(100%)
Travelocity 162 129(79%)
Amazon 178 54 (30%)

Table 1. Number of objects retrie ved by our
top-do wn algorithm for three Web sour ces.

accordingto their orderof appearanceGiventhis unusual
rankingof the objectsto beretrieved,we canplot curvesof

precisionandrecall(in 11-standardecalllevels)for there-

sultsof thetop-davn algorithm,asillustratedin Figure10.

Precisionis measuredsthe ratio betweenthe numberof

objectsretrieved andthe total numberof objectsthatcould
have beenretrieved at ary point in the ranking. Recallis

measuredh corventionalform.

Amazon Bookstore Sample Objects
120 ‘ ;

100 ¢

mx
Bx
o x
X

Y

i i

13
b

80

60 1

Precision (%)

40 | 1

20 | |

0 . . i " : .
0 20 40 60 80 100 120
Recall (%)

Figure 10. Precision and recall curves relative
to sample pages from Amazon.

Eachcurwein the graphof Figure10 refersto anextrac-
tion using increasingnumbersof examples(e.g., 1, 2, 3,
4 and5). We first noticethatthe retrieval performanceof
the extractionusinga singleexampledeteriorategsit pro-
ceedsThisis alsotruefor the extractionusing2 examples.
This effectindicateghatthetop-down algorithm,with such
a few numberof examples fails to matchobjectsearly on
andnever recovers. When3 examplesaregiven, the algo-
rithm is ableto maintainhigh precisionfor levels of recall
upto 90%. Then,its precisionsuddenlydropsto zero. This
indicatesthat the objectsin the final samplepageshave a
distinct structure.We thenbuilt anadditionalexampleob-
ject (derivedfrom oneof thefinal samplepages)andrerun
our algorithmusingnow 4 exampleobjects(the threepre-
viously usedandthe new onejust built). As aresult, the
correspondingprecision/recalturve (labeled4) indicatesa



very nice improvement.In fact, the levels of precisionare
now very closeto 100%for the variousrecallnumbers As
thegraphshaws, thereis alsoallittle improvementwhenwe
give an additionalexample,what correspondso the curve
labeled5.

For the secondpart of our experiments,we use Web
pagesrom DB&LP ACM TODS[14]. Theobjectsin these
pageshave atwo-level hierarchicaktructureasindicatedin
Figuresl and2. To demonstrateéhe efficiency of the top-
down algorithmin dealingwith multi-level hierarchieswe
useit to extract complex objectsrepresentingournal vol-
umesand papersfrom thesepages. The resultsare sum-
marizedin Table2. Thealgorithmwasableto identify and

1st. Level
Object | Total Retrieved
Volume 20 20(100%)
Number 20 20(100%)
Date 20 | 20(100%)
Edition 20 20(100%)
2nd. Level
Title 76 76 (100%)
Author 188 | 187(99.5%)
Page 66 | 66(100%)
Article 76 | 76(100%)
Table 2. Number of objects retrieved by

our top-do wn algorithm for the DB&LP Web
sour ce

to extractmostof the objectspresentin the pages.The 20
first-level Edition objectswere extracted. Then, theseob-
jectsweredecomposedndthe 76 Article objectscompos-
ing themwerealsoextracted.We noticethatfor this exper
imentonly oneobjectof eachtype wasgivenasexample.
This retrieval performancewvas obtainedbecauseDB&LP
pagegresentin generalaveryregular(implicit) structure.
Indeed,the top-down algorithm presentsvery nice extrac-
tion capabilityfor Web sourcedik e this.

6 Conclusions

We have studied the problem of extracting semi-
structureddatafrom Webpages Ourapproachs innovative
becausét is basedsolely on acoupleof examplesprovided
by the user

We shoved an example-basedataextractiontop-down
stratgyy, discussedt in detail and analyzedits behaior.
Throughexperimentationwe demonstratedhat the strat-
egy workswell wheneitherthetargetWebsource(implicit)
objectspresentittle variationsin their structuresor when
enoughexamplesare givento capturethe variety of possi-
ble structures.

The top-down strateyy recognizesobjectsin their en-
tirety. Thus, recognitionof partial objects (i.e., objects

which are missinga component)s not done. To address
this,we arecurrentlyworkingonanew improvedextraction

stratgyy thatis adaptive andthat canretrieve moreobjects
with fewer examplesprovided.
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