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Abstract

In this paper, weproposean innovativeapproach to ex-
tractingsemi-structureddatafromWebsources.Theideais
to collecta coupleof exampleobjectsfromtheuserandto
usethis informationto extract new objectsfromnew pages
or texts.Weproposea top-downstrategy thatextractscom-
plex objectsdecomposingthemin objectslesscomplex, un-
til atomicobjectshavebeenextracted.Throughexperimen-
tation, we demonstrate that with a small numberof given
examplesour strategy is able to extract mostof theobjects
presentin a Websourcegivenasinput.

1 Introduction

As the data on the Web grows at explosive rates, a
tremendousresearcheffort hasbeeninitiated to make such
dataavailable, usually in somestructuredform suchas a
table,for queryingandfurthermanipulation.Themainmo-
tivation is that structureddataallow askingquerieswhich
cannotbeaskedwith 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 data from a set of Web pagesfor
populatinga database.We considerthat the Web pages
presentsomeinherentstructurewhichcanbereadilyrecog-
nized. Sincethis structureappearsimplicitly on the pages
andmight vary from onepageto another, we saythat the
datais semi-structured[1].

To extractthedata,we needsomedescriptionof whatto
extract. A commonapproachto providing suchdescription
is to build a specificgrammarwhich detailsthe surround-
ingsof eachpieceof datato extract[5]. In this work, how-
ever, we considera new approachin which thedescription�
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of what to extract is fully basedon a small set of exam-
plesprovidedby theuser. Basedon this idea,we proposea
top-down strategy thatextractscomplex objectsdecompos-
ing themin objectslesscomplex, until atomicobjectshave
beenextracted.Throughexperimentation,we demonstrate
that just a coupleof examplesaresufficient for extracting
hundredsof objectsfrom new Webpages.Our approachis
simple, intuitively appealing,quite effective, anddoesnot
suffer from the main drawbacksof alternative approaches
in theliterature,asdiscussedbelow.

A numberof differentapproacheshavebeenproposedto
extractingdatafrom Web sources[2, 4, 5, 10, 11, 15, 17].
The mostcommonof suchapproachesinvolvesthe useof
wrappers[2, 4, 5, 11]. Although wrappersprovide an ef-
fective approachto dataextractionfrom Websources,they
have two majordrawbacks.Firstly, they requirea previous
knowledgeof thestructureof thedatasource.Secondly, ad-
ditional work might berequiredto adaptthewrapperwhen
thesourcechanges.

An alternative approachto extracting data from Web
sourcesis basedon naturallanguageprocessing(NLP). In
suchanapproach,NLP techniquesareusedto find relevant
fragmentsthatcanbeextractedfrom asourcedocument[8].
The systemdescribedin [17] is an exampleof a tool that
usessuchtechniques.Extractiontoolsbasedon NLP tech-
niquesareeffective, but they arevery specificandusually
demanda largenumberof trainingexamples.

An ontology-basedapproachto extracting data from
Web sourcesis presentedin [9, 10]. This approachuses
asemanticdatamodelto provideanontologythatdescribes
thedataof interestandits locationon thesourcepages,in-
cludingrelationships,lexical appearances,andcontext key-
words. Although this approachcanbequite effective with
the so-calleddatarich and narrow in ontologicalbreadth
Websources[10], it suffersfrom problemssimilar to those
facedby wrapper-basedapproachesin the sensethat it re-
quiresapreviousknowledgeof thedatasource.

Finally, a more specific but very interestingapproach



to extracting tabular data from Web sourcesis provided
by TINTIN (TableINformation-basedText INquery) [15].
This tool extractstabulardatafrom unstructureddocuments
basedon a purely structuralanalysisof suchdocuments.
Heuristicsareusedto recognizethe headingsandthe val-
uesthatcomposethedifferentcolumnsof a table.

The paperis organizedasfollows. In Section2, we in-
troducethe problemof dataextraction in moredetail. In
section3, we discusshow to generateautomaticallya text
context for dataselectedby theuser. Section4 presentsour
example-basedextractionstrategy. Section5 discussesour
experimentalresults.Our conclusionsfollow.

2 The Problem

Considera portion of a Web pageobtainedfrom the
DB&LP site [14] asillustratedin Figure1. We noticethat
thereis aninherentstructureto thetext on thepage.For in-
stance,we areableto distinguishfour objectsand,for each
object,we identify attributessuchasauthorsandtitle. Such
structurehasnotbeendeclaredanywherebut is clearlyiden-
tifiable. Texts or pageswhich presentsuchtypeof inherent

Figure 1. Web page from the DB&LP site illus-
trating a data ric h example (ACM TODS).

structurearesaidto bedatarich andnarrow in ontological
breadth[10]. Suchpagesconstitutethetargetof our study
andarereferredto simply asdatarich pages.

Given a set of datarich pages,we investigatehow to
extract (from them) objectsand their attributessuch that
they canbe insertedinto (nested)tablesfor laterquerying.
If properly done, this would allow retrieving information
whichcannotbeobtainedwith standardtext searchingtech-
niques.For instance,in Figure1, onemightbeinterestedin
all the titles which have beenpublishedby a given author
aloneandwhich arelongerthan20 pages.Notice that this
informationis presenton the pagebut cannotbe obtained
usingstandardtext retrieval techniques.

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

tract. For instance,we could assumethe existenceof a
grammardetailing how to parseand recognizetokensfor
insertionona table.In theexampleof Figure1, suchgram-
marcouldspecifythatnamesof authorsappearafterablack
dot and are separatedby commas. Further, the grammar
couldstatethat thetitle appearsin theline immediatelyaf-
ter the line containingnamesof authors.The main weak-
nessof grammar-basedapproachesis thatthey aretoo rigid
for processingtypical text which appearin practicalsitua-
tions(particularly, in theWeb).For instance,anentrymight
bemissingtheblackdot which identifiestheobject,might
be missinginformationon authors,or might misplacethe
informationon the title suchthat it appearsprior to the in-
formationon theauthors.To dealwith suchsituations,the
designerof thegrammarwouldhaveto anticipatewhichex-
ceptionscouldoccurin practiceandadaptthegrammarac-
cordingly. Clearly, suchtaskmight be quite hardin loose
domainssuchastheWeb.

In this work, we take a differentapproachandassume
thatanwell informedusersimplyspecifiesexamplesof ob-
jects to extract. Using theseexamples,we study how to
extract the datafrom new pages(with similar structure)in
thepresenceof mismatches,variationon theorderingof at-
tributes,andan inconsistent(implicit) structure. The user
providessuchexamplesby cuttingpiecesof datafrom the
pageandassemblinganexampleobject.Usingsuchexam-
pleobject,we investigatehow to processnew pages,recog-
nizeobjectsin them,extractthisobjects,andinsertthemon
a tablefor laterquerying.We expectthatacoupleof exam-
ple objectsshouldsuffice to allow processinghundredsof
new (but similar in structure)pages.

We considerthattheexampleobjecttheuserprovidesis
acomplex objectwith ahierarchicalstructure.For instance,
for theWebpagein Figure1, theusercouldspecifya2-level
hierarchicalexampleasillustratedin Figure2. In this case,
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Figure 2. Object provided as example for the
Web page in Figure 1

the userspecifieda singleexampleof a paperwith 4 au-



Edition
Volume Number Date Article

20 3 September1995
Author Title Pages;

DenisShasha,<=<�< ,Patrick Valduriez> Transaction<�<7< 325-363;
WidongChen> QueryEvaluation<?<7< 239-297<�<�< <�<�< <7<7<

20 4 December1995
Author Title Pages;

IMin A. Chen,<7<7< ,DenisMcLeod> AnExecutionModel<=<�< 365-413;
Piero Fraternali,LetiziaTanca> A Structured<=<7< 414-471<�<�< <�<7< <�<7<

<7<7< <�<7< <7<7< <=<�<
Figure 3. Nested table containing extracted objects

thors,39 pages,andwhich appearedin Septemberof 1995.
Onceanobjectis properlystructured,it canbedirectly in-
sertedinto a nestedtable for later querying,as illustrated
in Figure3. Further, this nestedtablecanbe flattenedfor
queryingasa standardrelationaltable. For eachpieceof
datain the exampleobjectin Figure2, we assumethatwe
know thepositionin theoriginal pagewhereit camefrom.
For instance,the authorname‘DennisShasha’ initiatesat
thesecondnon-blankcharacterof theninth non-blankline
in Figure1. If we assumetheexistenceof a graphicaltool
which allows theuserto markpiecesof dataon a pageand
dragthem,this positionalinformationis trivially generated
by storingthepositions(in thetext) of thepiecesmarkedby
theexpert. Sucha tool is actuallyimplementedandwe re-
fer thereaderto [13, 16] for furtherdetailson it. Positional
informationis easyto obtainbut representsa crucialpiece
of evidencefor assistingwith thedataextractionprocessas
we laterdemonstrate.

Givena very small setof exampleobjects,we conceive
a strategy for extractingdatafrom new pageswith similar
structure.This strategy is basedroughly on the algorithm
describedin Figure4 (considerfor a momentthat the ex-
amplesprovidedby theuserareflat i.e., they have a single
level hierarchicalstructure).

Thisalgorithmworksby assemblingacontext for anob-
ject andusingthis context descriptionto identify new ob-
jectsin new pages.Thecontext describesthesurroundings
of theobjectprovidedasexampleby theexpert.Despiteits
simplicity, this approach,which we call top-down, works
well with datarich pagespresentingsomevariationsin their
structure. This strategy will be further discussedin more
detailsin Section4.

foreach example object @BA do
begin

foreach attribute C of @DA do
begin

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

end;

combine all the local contexts and generate
a context for the object @DA ;
use the context description for @DA to recog-
nize and extract new objects in other pages;

end

Figure 4. Sketc h of the top-do wn extraction
algorithm.

3 Attribute-Value Pair (AVP) Patterns

To specify an example, the userselectspiecesof data
and usesthem as atomic componentsof an exampleob-
ject. Eachpieceof dataselectedis calledavaluewhile each
atomiccomponentis referredto asan attribute. Thus,we
usethe terminologyattribute-valuepair (or, AVP) to refer
to anattributeandoneof its values.A sameattributemight
havemultiple values,which form a list. In this casewe say
thattheattributeis itself a complex component.

The recognition and extraction of (implicit) objects
presenton a pageis basedon the notion of a local con-
text for eachattribute-valuepair (AVP). Local contexts are
derivedfrom the text in which the AVP occursasfollows.
Considerthepositionin the text (or Web page)of an AVP
valueselectedby theuser. ThetermssurroundingtheAVP
valueconstituteapassage(or window) [6, 12] whichcanbe



usedasa local context. For instance,Figure5a illustrates
the AVP value “Eric Simon” as seenand selectedby the
userfrom a pagepresentedby a Web browser. Figure5b
illustratesa passagewhich canbeusedasthelocal context
for the valueselectedas it occursin the HTML sourceof
thepage.Usingthis context informationwe build a pattern
(alsocalledAVPpattern) whichcanbelaterusedto identify
anauthornamesuchas“Eric Simon”.

E DennisShasha, FrancoisLlirbat, FG HIEric Simon Patrick Valduriez

(a)

Simon:Eric.html”JKFG HIEric Simon L /aJ , L ahref=”../../indices

(b)

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

To illustrate,theAVP patterncorrespondingto theAVP
value“Eric Simon” in Figure5 is shown in Figure6. In this

Simon:Eric.html”J F G HI* L /aJ , L ahref=”../../indices

Figure 6. AVP pattern corresponding to the
passa ge in Figure 5.

case,thesymbol* representsa stringpatternthatmatches
a sequenceof charactersof any length. This AVP pattern
can be usedto matchany authornamewhich appearsin
a context similar to the onepresentedin Figure5b. How-
ever, mostlikely, thisAVP patternwill notretrieveany other
authornamein any otherpage. Thus,to be ableto effec-
tively usethisAVP patternfor extractingnew authornames,
we mustadopta moreflexible patternrecognitionstrategy.
Thiscanbeaccomplishedasfollows.

GivenanAVP selectedby theuser, we determinea pas-
sagesurroundingthis AVP valuein the text. In this work,
we adoptsymmetricpassagescomposedof M termsto the
right and M termsto theleft of theAVP value.Thefollow-
ing two restrictionsapply: (1) apassagedoesnotgobeyond
a (textual) newline mark and (2) a new passagemust not
overlapwith passagescorrespondingto previousAVP val-
uesselectedby theuser. Dueto theserestrictions,anAVP
patternmightbeasymmetric.

The width M of an AVP patternis determinedempiri-
cally for eachtypeof AVP asfollows. Westartwith asmall
patternrepresentedby thesymbol* , a termto its right and
a termto its left. Thesetermscanbewordsor specialsym-
bols.For instance,in Figure6 theinitial AVP patternwould

becomposedof thesymbol* surroundedby theprefix“ N ”
and the suffix “ O ”. Notice that the prefix and the suffix
are presentin the page,and can be recognizedautomati-
cally oncethe usermarks“Eric Simon” asa valueof his
interest. We thenparsethe excerptof a pagefrom which
the userselectsthe AVP value, compareit with the AVP
patternjust defined,andcountthenumberof matches.Fol-
lowing, we asktheuserfor thenumberof stringvaluesfor
authors’nameshecanseeandcomparethis with thenum-
berof matcheswe just counted.If the numberof matches
exceedsthenumberspecifiedby theuserweaddadditional
termsto thepattern,increasingits width M andtheamount
of contextual informationattachedto it. This processis re-
peatedautomaticallyuntil wehaveagooddefinitionfor the
local context of the AVP in consideration(we stop when
the numberof matchesis smallerthanthe numberof val-
uesidentifiedby the user). Notice that all the userhasto
provide is a singlenumberwhich indicatesthe numberof
occurrencesof valuesfor authors’namesin the excerptof
the Web pagehe is working with. Suchan informationis
quite simple to provide and presentsno inconvenienceto
theuser.

TheAVP patternsgeneratedarethenusedasthebuilding
blocksof our extractionstrategy aswe now discuss.

4 Top-Down Extraction

We discusshereour top-downstrategy to extract com-
plex objectsfrom datarich Websources.Beforediscussing
the detailsof the proposedstrategy, we definesomebasic
conceptsandterminologyrequiredto dealwith the hierar-
chicalstructureof complex objects.

Sincethestructureof Webpageobjectsis notalwaysflat,
it is necessaryto introducetheconceptof a complex object
with a hierarchicalstructureaswe now do. Insteadof for-
mally definingacomplex object,weintroducetheterminol-
ogy throughthediscussionof anexample.Theexamplewe
adoptis thecomplex objectlabeledEdition in Figure2.

TheobjectEdition in Figure2 is composedof four other
objectswhicharecalledcomponentobjectsor simply com-
ponents. The first threecomponentobjects(i.e., Volume,
Number, andDate) areatomicandare referredto asat-
tributeobjectsor simply attributes. The fourth component
(i.e., Article) is a list object or simply a list. This list is
formedby several identicalcomplex objects.Eachof these
objectsis composedof alist (i.e.,Author) andtwo attributes
(i.e., Title andPages). The list Author is itself formedby
atomicelements.

Throughoutour discussionbelow, we usethe following
notation:

C : an attribute or atomic component;P
: an object component (atomic or complex);



function pattern( Q )
;

/* returns an AVP pattern for the attribute Q */
This function works as discussed in Section 3 and is not
detailed here>

function o-pattern( R A )
;

/* returns a pattern for the object RSA */T�U = nil; /* initialize an objectpatternstring */
Traverse the structure of RSA in pre-order and visit all its compo-
nents;
foreach visited component V do
begin

case type of V is:

‘atomic’: T�U = T�U . * . pattern( V );

‘complex’: T�U = T�U . * . o-pattern( V );

‘list’: T�U = T�U . * . “(” . o-pattern( V ) . “)*”;end
return( T�U ); >
function top-down-extraction( W , R A )

;
/* extracts from set W all the objects similar to R A */XZY\[

; /* a set variable for holding the extracted objects */
foreach page ] , ]_^`W , do
begin
while not end of page ] do
begin

o-string=string-match( ] ,o-pattern( RSA ));X
=

X
+ object-from-string(o-string);

end

end

return(
X

); >
Figure 7. Detailed top-do wn extraction algo-
rithm.

@ A : an example object specified by the user;a
: a set of sample pages for extracting data from;b : a single page from the set

a
.

Our top-down extractionstrategy follows themainsteps
presentedin Section2. Thecentralideais to find new ob-
jectswhich have a structureidentical to thestructureof an
object ced providedasexample. We considerthat eachat-
tribute of cfd hasbeenreplacedby its respective AVP pat-
tern.Thus,theexampleobject cfd combinesinformationon
the objectstructurewith informationon the AVP patterns
associatedwith its attributes. This is a crucial aspectbe-
causeallows that all the extractionprocedurebe basedon
theexampleobject c d only.

A detailedview of our top-down extractionalgorithmis
presentedin Figure7.

The top-down-extraction function appliesthe (string)
patternfor thewholeobject ced (generatedby the function
o-pattern) to eachpageg in thesetof pagesh . Thestrings
in g thatmatchthe ced patternareretrieved. Eachof these
stringscorrespondsto anew complex objectwhosecompo-
nentsare readily determined(througha top-down decom-
positionoperationperformedby thefunctionobject-from-

string). Eachnew complex objectis thenstoredin theresult
variablei .

The function o-pattern is at the coreof our top-down
extractionstrategy. It works by traversingthe structureof
theobject ced in pre-order, visiting all its components,and
concatenatingtherespectiveAVP patternsin aresultantob-
ject pattern j�k . Concatenationis an operationon strings
indicatedasa dot. An atomiccomponentleadsto the di-
rect concatenationof its AVP pattern(intermediatedby a
wild character“*”) to the resultantpattern j�k . A complex
(component)objectthatis notalist requiresfirst deriving its
pattern(througha recursive call to thefunctiono-pattern)
prior to theconcatenation.A list objectrequiresderiving its
patternandsurroundingit with the strings“(” and“)*” to
indicatethatrepetitionis allowed(becauseit is a list).

We saythat this strategy is top-down becauseeachnew
object is recognizedand extracted in its entirety (using
string patternmatching)prior to the identification of its
componentobjects(which is donethrougha top-down de-
compositionoperation).Figure8 illustratesgraphicallythe
behavior of our extractionstrategy.
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Figure 8. Behavior of our extraction strategy .

5 Results

In this sectionwe discusstheapplicationof our extrac-
tion strategy to HTML pagescollectedfrom popularWeb
sources.Theresultsarepresentedin two parts. In thefirst
part,weuseWebsourceswhose(implicit) objectsarestruc-
turedin one-level. In thesecondpart,we usea Websource
whose(implicit) objectsarestructuredin two-level hierar-
chies.

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

We collectedsamplepagesfrom our threesourcesand
appliedthe top-down extractionalgorithmto them. A sin-
gle exampleobjectis providedfor eachsource.Theresults
areillustratedin Table1. Thesamplepagesfrom CDNow



(a)CDNow

(b) Travelocity

(c) Amazon

Figure 9. Excerpts from three Web sour ces
used in our experiments.

contain219 retrievableobjectswhich wereall recognized
andextracted.Thesamplepagesfrom Travelocity contain
162 retrievableobjects. The algorithmwasableto recog-
nize 79% of them (i.e., 57 or 21% of the objectsare not
retrieved). The reasonis that the implicit objectstructure,
while presentin all pages,is now moredifficult to beiden-
tified. The samplepagesfrom Amazoncontain178 rec-
ognizableobjects.For this source,the top-down algorithm
presentsa poor retrieval performanceandis ableto recog-
nize only 30% of the objects. The main reasonis that the
objectsmight now havecomponentswhich areout of order
or missing. However, we canimprove the performanceof
thetop-down algorithmby increasingthenumberof exam-
plesgiven,asdiscussedbelow.

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 appearance.Giventhis unusual
rankingof theobjectsto beretrieved,wecanplot curvesof
precisionandrecall(in 11-standardrecall levels)for there-
sultsof thetop-down algorithm,asillustratedin Figure10.
Precisionis measuredas the ratio betweenthe numberof
objectsretrievedandthetotal numberof objectsthatcould
have beenretrieved at any point in the ranking. Recall is
measuredin conventionalform.
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Figure 10. Precision and recall cur ves relative
to sample pages from Amazon.

Eachcurve in thegraphof Figure10 refersto anextrac-
tion using increasingnumbersof examples(e.g., 1, 2, 3,
4 and5). We first noticethat the retrieval performanceof
theextractionusinga singleexampledeterioratesasit pro-
ceeds.This is alsotruefor theextractionusing2 examples.
Thiseffect indicatesthatthetop-down algorithm,with such
a few numberof examples,fails to matchobjectsearly on
andnever recovers. When3 examplesaregiven, the algo-
rithm is ableto maintainhigh precisionfor levelsof recall
up to 90%.Then,its precisionsuddenlydropsto zero.This
indicatesthat the objectsin the final samplepageshave a
distinctstructure.We thenbuilt anadditionalexampleob-
ject (derivedfrom oneof thefinal samplepages),andrerun
our algorithmusingnow 4 exampleobjects(the threepre-
viously usedand the new one just built). As a result, the
correspondingprecision/recallcurve (labeled4) indicatesa



very nice improvement.In fact, the levelsof precisionare
now very closeto 100%for thevariousrecallnumbers.As
thegraphshows,thereis alsoa little improvementwhenwe
give an additionalexample,what correspondsto the curve
labeled5.

For the secondpart of our experiments,we use Web
pagesfrom DB&LP ACM TODS[14]. Theobjectsin these
pageshavea two-level hierarchicalstructureasindicatedin
Figures1 and2. To demonstratethe efficiency of the top-
down algorithmin dealingwith multi-level hierarchies,we
useit to extract complex objectsrepresentingjournal vol-
umesandpapersfrom 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 retrie ved by
our top-do wn algorithm for the DB&LP Web
sour ce

to extractmostof theobjectspresentin thepages.The20
first-level Edition objectswereextracted. Then,theseob-
jectsweredecomposedandthe76 Article objectscompos-
ing themwerealsoextracted.We noticethatfor this exper-
iment only oneobjectof eachtype wasgiven asexample.
This retrieval performancewasobtainedbecauseDB&LP
pagespresent,in general,averyregular(implicit) structure.
Indeed,the top-down algorithmpresentsvery nice extrac-
tion capabilityfor Websourceslike this.

6 Conclusions

We have studied the problem of extracting semi-
structureddatafrom Webpages.Ourapproachis innovative
becauseit is basedsolelyonacoupleof examplesprovided
by theuser.

We showedanexample-baseddataextractiontop-down
strategy, discussedit in detail and analyzedits behavior.
Throughexperimentation,we demonstratedthat the strat-
egy workswell wheneitherthetargetWebsource(implicit)
objectspresentlittle variationsin their structuresor when
enoughexamplesaregivento capturethevarietyof possi-
blestructures.

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

which aremissinga component)is not done. To address
this,wearecurrentlyworkingonanew improvedextraction
strategy that is adaptive andthat canretrieve moreobjects
with fewerexamplesprovided.
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