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Abstract. Thispaperpresentsnew methodsfor structuringandsearchingfor in-
formationstoredonWebFAQs.Thesemethodsarebasedontheassumptionthat
such pagesare implicitly organizedas a setof question-answerpairs (QAPs).
Theultimategoal is to improve the retrieval of answers availablein FAQs for
queriesthat can be answered usingthe informationcontainedin them. More
specifically, weproposemodificationsfor threeof themaintasksperformedby
search engines:crawling, indexingandqueryprocessing. To evaluateour pro-
posedmethods,we useda large collection of documentsfrom a real search
engine. Wepresenttheresultsof this evaluationfor each of thethreetasks.
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1. Intr oduction

Usersof the World Wide Web, from its very early yearsto the presentdays,have been
building andpublishingsemi-structureddocumentsspecializedin organizingknowledge
from certaindomainsin the form of descriptionsof commoncases.For this purpose,
very informaldocumentformatssuchasFAQ, HOWTO, Blog andForumhavebeenspon-
taneouslydefinedby communitiesof usersandarenow widely adoptedby personsand
institutionsof all kinds.

Out of all thesetypesof documents,FAQsarepossiblythebestknown example.
FAQ Webpagesgrouptogetheranswersandsolutionsto mostfrequentlyaskedquestions
by usersonagivensubject.PeopleusuallycreateFAQsto helpnew usersof acommunity
find quick solutionsto commonproblemsmembersmight have. This also freesmore
experiencedmembersfrom having to answerthesamequestionsseveraltimes.

Althoughtherearemany FAQsonabroadrangeof subjectsavailableontheWeb,
suchinformation is distributed in differentWeb pagesandseemto follow no standard
structure.SinceeachFAQ hasspecificknowledgeabouta specificsubject,thepotential
knowledgein thewholesetof FAQsavailableon theWebis tremendous.However, such
informationis probablyunderusedgiventhatit is spreadovera largenumberof resources
following nostandardstructure.

Herewe areinterestedin creatinga databasecontainingall theinformationavail-
ableon FAQs usingan unified structurefor representingsuchinformationandmecha-
nismsfor automaticallyupdatingthedatabasewith new records.Suchdatabasecouldbe
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extremelyusefulfor webusers.It couldbeused,for instance,for creatingnew intelligent
systemsfor processingknowledgeor asa sourceof information for QuestionandAn-
swering Systems[Burkeetal. 1997, Harabagiuetal. 2000, Katzetal. 2003, Lin 2002,
Lin andKatz2003].

In this paperwe proposea setof methodsfor automaticallydetectingandstruc-
turing FAQson theWeb. All thesemethodsarebasedon theassumptionthatFAQ Web
pagesareimplicitly organizedassetsof question-answerpairs (QAP). Theultimategoal
is to provideawayfor crawling andstructuringFAQsavailableontheWeb. Wealsoshow
anexampleof how thestructureof our FAQ databasecanbeusedfor improving there-
trieval of answers.Morespecifically, weproposemodificationsfor threeof themaintasks
performedby searchengine,crawling, indexing andqueryprocessing,adaptingthemfor
theproblemof creatingandprocessinginformationavailableonwebFAQs.

For the crawling task, we proposeheuristicsto selectamongthe visited pages
thosethatarelikely to containaFAQ. For indexing andstructuringtheinformationavail-
ableonthesepages,weproposeanalgorithmfor identifyingandextractingQAPs,sothat
they canbeusedin thequeryprocessing.Finally, anadaptationof thetraditionalvector
spacemodelis alsoproposedfor queryprocessing.

To evaluateourproposedmethods,wehaveusedacollectionof documentsfrom a
realsearchenginethathasover12million Webpages.Wepresenttheresultsof thiseval-
uationfor eachof thethreetasks.First, we show thatour FAQ selectionheuristicswere
ableto find 97%of thepagescontainingFAQsfrom theWeb pagedatabase.Next, were-
port theresultsobtainedusingour algorithmfor extractingQAPsfrom thesepages.This
algorithmwas ableto correctlyextractquestionsandanswersin nearly80%of thecases.
We alsopresentan exampleof how the structuredinformationobtainedcanbe applied
to improve searchresultson a FAQ database.In experimentswith our proposedquery
processingstrategy weachievedasignificantimprovementin thefinal rankingquality.

The paperis organizedasfollows: Section2 discussesrelatedwork. Section3
presentsour heuristicsfor identifying WebpagesthatcontainFAQs. Section4 presents
analgorithmfor extractingQAPsfrom FAQs.Section5 presentsourproposedadaptation
to thevectorspacemodelfor retrieving solutionsfor questionsgivenasqueries.Finally,
Section6 presentsconclusionsandfinal remarks.

2. RelatedWork

Several recentworks in the literaturehave addressedtheproblemof extractingvaluable
informationfrom semi-structuredWebpages.A brief survey of theseworks is presented
in [Laenderetal. 2002b].

For this problem,a variety of techniqueshave beendeployed, suchasmachine
learning[HsuandDung1998,Kushmerick2000,Musleaetal. 2001],treestructureanaly-
sis [Crescenzietal. 2001, deCastroReisetal. 2004, Liu etal. 2000], databasemodel-
ing [Laenderetal. 2002a]andontologies[Embley etal. 1999]. In all casestheultimate
goalof theseworks is to developmethodsandtools to generatewrappersto extractdata
from a setof data-richWebpages.All of themrely on samplingsor examplesprovided
by usersthataregeneralizedto build extractionpatterns.

In tools suchasDEByE [Laenderetal. 2002a],WIEN [Kushmerick2000], and
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STALKER [Musleaetal. 2001],examplesmustbe provided of the dataitemsto be ex-
tracted,e.g., dataon booksin an electronicbookstore. Other tools suchasRoadRun-
ner [Crescenzietal. 2001] and Nodes[deCastroReisetal. 2004] requiredsamplesof
thepagescontainingdata ofinterestto besupplied.TheOntostool [Embley etal. 1999]
is basedon specialist-craftedontologies.Onceanontologyis built for a certaindomain,
e.g.,caradds,it canbeusedfor severalWebsiteson thatdomain.

In comparisonwith theproblemaddressedby thesemethodsandtools,theprob-
lem we addressedherehasan importantparticularity: the FAQs from which we extract
QAP areusuallyhandmadeby humansusingtext or HTML editors. In contrast,those
genericmethodsaretargetedto data-richWebsitesthataregeneratedfrom databasesus-
ing templates.Moreover, by basingour methodon specificFAQ features,we wereable
to deviseasinglealgorithmto automaticallyextractQAPfrom severaldistinctWebsites,
while thosegenericmethodsusuallyrequiresomeform of samplingto take placebefore
processingeachWebsite.

The idea ofusingtheWebasa sourceof informationfor answeringquestionsis
not new. QuestionAnswering(QA) systemshave beendeployed for finding answerson
theWebto questionsposedasqueries[Kwok etal. 2001].Thisusuallyinvolvessearching
onavery largedocumentbaseof ageneraldomainapplication.AskJeeves1 andStart2 are
two examplesof commercialsearchengineswhich deploy the techniquesrelatedto this
area.

Theapproachusedby earlyQA systemscombinedinformationretrieval (IR) and
naturallanguageprocessing(NLP) techniques[Harabagiuet al. 2000]. Themain ideais
to presentan answerto a questionbasedon the documentsreturnedby a conventional
searchengine.Thefirst stepinvolvesprocessingthequeryusingNLP techniquesin order
to understandwhat the userwantsto know. After the searchprocessperformedby a
conventionalsearchengine,thereturneddocumentsarealsoprocessedbyNLP techniques
trying to find evidenceswhichmight indicatethedesiredanswer.

An exampleof aQA systembaseonFAQsis FAQ Finder [Burkeetal. 1997].This
systemusesNLP techniquesto “understand”themeaningof a queryposedby usersand
try to matchthis queryagainsta setof questionsfrom FAQs. Then,thesystemproduces
asa resultasetof possibleanswersto thequery.

In additionto NLP, several otherapproacheshave beenproposedfor the imple-
mentationof QA systems[Katz etal. 2003,Lin 2002,Lin andKatz2003]. In all cases,
thesesystemsandapproachescanbenefitfrom thework wepresenthere,sinceourmeth-
odscanbeusedto automaticallybuild andmaintainstructuredFAQ databaseswith ques-
tionsandanswersextractedfrom theWeb.

Anotherapproachadoptedfor searchinganswersto specificquestionsin domain
specificapplicationsis Case-BasedReasoning(CBR) [Bartsch-Sp̈orl et al. 1999]. CBR
techniquesfocuson reusingknowledgeacquiredfrom solutionsgiven to previousprob-
lems. Problem-solutionpairsarestoredin a semi-structuredknowledgebasethatcanbe
usedto solvesimilar problems.

1http://www.ask.com
2http://www.ai.mit.edu/projects/infolab/
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Whentheknowledgebaseis organizedasa non-structureddocumentcollection,
the problemis usuallynamedtextual CBR [Bartsch-Sp̈orl et al. 1999,Lenzetal. 1998].
In thiscasedocumentsareconsideredascasesandqueriesaretheproblemsto besolved.

CBR techniquesassumea specificdomain[Bartsch-Sp̈orl et al. 1999], therefore
allowing thereuseof knowledgeobtainedfrom previoussolutionsto solve andimprove
solutionsfor new problems.Specifictermsrelatedto theproblemdomainareidentified
and their occurrencein documentsis exploited during the searchingprocess. In order
to determinethesimilarity betweencases,it is alsoassumedthatproblemswith similar
descriptionshavesimilar solutions.

The FALLQ project [LenzandBurkhard1997] is a CBR tool for finding docu-
mentsrelatedto a query as answersin FAQs, in the domainof technicalsupportof a
telecommunicationcompany.

Although the ideasherepresentedaim at producinggeneralsubjectFAQ data-
bases,they canalsobe appliedto addressFAQs availableon specific domainWeb por-
tions.Thus,our methodsarealsoableto produceinputsfor CBRsystems.

3. Identifying FAQs

Thefirst stepto allowing a searchengineto dealwith FAQsis to identify theWebpages
thatcontainthem. Herewe presenttwo simpleheuristicsfor this identificationstepthat
can be easily adaptedto a typical searchenginecrawler. We also presentthe results
obtainedwhentestingtheseheuristicover a largecollectionof realWebpages.

First, we investigatethemaincharacteristicsof FAQsandof theWebpagescon-
tainingthem.For this purposewe gathereda smallsampleof 50 FAQs.This samplewas
obtainedwith thefirst 50FAQsreturnedasa resultof aquerysubmittedto a realpopular
searchengineusingtheterm“FAQ”. After athoroughanalysisof thereturneddocuments,
thefollowing observationscanbeformulatedaboutFAQ Webpages:

1. All documentshave thestring“f aq” in theHTML title or in theURL of thepage;
2. Over 70%of thepagesdescribetheFAQ subjectin theHTML title;
3. Over 95%of thepagespresentspecificHTML format featuresfor thequestions

andanswerstext;
4. All questionscorrespondto singleparagraphsin thepage;
5. Around90%of thequestionsaresentencesendingin questionmark;

(a) many questionsbegin with someform of enumeration,suchas1.), A), i-,
etc;

(b) mostquestionsendingin questionmarkhaveaninterrogative termsuchas
“what”, “when”, “who”, “where”, “how”, etc;

(c) somepagespresentquestionswhicharenot relatedto aFAQ, asfor exam-
ple “forgot your password ?”

6. Around 60% of the pageshave aquestionindex, which includelinks to the an-
swers.

(a) mostlinks areinternal(to thepage)andthequestionsareusuallyrepeated
nearthecorrespondinganswers;

(b) in someFAQs,thelinks point to otherHTML pages;
(c) many FAQshavebothinternalandexternallinks.
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Giventhoseobservations,weformulatedtwo heuristicsto determinewhenapage
canbeconsideredasaFAQ.

Heuristic 1 In order to be considered as a FAQ, a page musthavethe string “ faq”
eitherin thecontentof thetag TITLE or in its URL.

Heuristic 2 In order to beconsideredasa FAQ, a page musthavea setof oneor more
questionsin its textual content.

As anexample,Figure1 presentstwo distinctportionsof a sameWeb pagecon-
taininga FAQ. Thefirst portion (a) correspondsto a questionindex which, accordingto
our observations,is quite commonin FAQs, andthe secondportion (b) correspondsto
the pageregion containingthe questionsalongwith its answers.This pagesatisfiesthe
conditionsstatedin bothHeuristics1 and2. Thestring“faq” appearsin its URL, circled
in Figure1. Furthermore,thereareseveralquestionsidentifiablein thepage´stext.

Figure 1. Example of Web page containing a FAQ.

In orderto implementHeuristic1, findingtheword“f aq” in thetitle or in theURL
of aHTML pageinvolvesasimplestringsearchoperation.However, theimplementation
of Heuristic2 consistsin findingquestionsin apage.Thisis amorecomplicatedoperation
becauseit requiresdelimiting paragraphswhich end with a questionmark within the
HTML page.

As HTML pagesaredesignedto facilitateits visualization,it is commonto find
HTML tagswithin the text. In somesituationsthesetagsareusedto emphasizea word
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or part of a text (e.g. tagsB andI). Thus, by simply removing thesetagswe could
reconstitutetheparagraphswith plain text. However, othertagschangethepositionof a
text to otherlocationsin a page.For instance,the tagH is usedto format theheaderof
HTML pagesandtheheadertext usuallydoesnothaveany punctuationsign.If thissortof
tagsareremoved,theheadertext wouldbewrongly concatenatedto thebodytext. Given
thattheheaderdoesnot have any punctuationthewholetext would beconsideredasone
singleparagraph.For thatreasonwehavedevisedastrategy for identifyingparagraphsin
HTML pages.

Our strategy for separatinga pagetext in distinct paragraphsconsidersa subset
of the W3C3 standardHTML tag setof paragraphseparators.This subsetwasdefined
after inspectingthe pagesin our sample. Thesetags,which in someway modify the
text positioningon the pagepresentedby a browser, we call structural tags. They are
presentedin Table1.

TagType Tag list
Basic HTML, BODY,P, BR, HR

Heading H1, H2, H3, H4, H5, H6

Table TABLE, THEAD, TBODY, TFOOT, TR, TD, TH

List UL, OL, LI, DL, DT, DD

Other CAPTION, DIR, MENU, CENTER

Table 1. HTML tags we consider as structural.

In orderto avoid collectingpartsof text from scripts,framesandHTML forms(we
considerthat theseelementsarevery likely not to be part of a FAQ), all theseelements
areremovedbeforeextractingtheparagraphs.Paragraphscomposedof symbolsor spaces
only (includingtabs,CR, LF, etc)arealsoremoved. After separatingtheparagraphsof a
page,we simply selectthoseendingwith a questionmark. If a numberk of questionsis
found,wesaythattheconditionin Heuristic2 is met.

Evaluation of the Heuristics

In orderto evaluateour heuristicsfor identifying WebpagescontainingFAQswe useda
largedocumentdatabasefrom a realsearchenginecomposedby morethan12 million of
pages.Theresultsarepresentedin Tables2, 3 and4.

In Table2 we show that 0.08%of the pagesin the documentdatabasewerese-
lectedascontaininga FAQ basedon our two heuristics.Notice that6.90%of thedocu-
mentsin thedatabasearenotHTML pagesandwerediscarded.

Table3 shows that our simpleheuristicsachieved a very goodprecisionresult,
since97,57%of thepagesselectedwereconfirmedascontaininga FAQ. This evaluation
wasmadeby manuallyinspectingeachpageselectedby theheuristics.

To estimatetherecallachievedby ourheuristicswerandomlyselected5,890Web
pagesfrom ourdocumentdatabaseandinspectedeachof themmanually. Then,weapply
ourheuristicsoverthissubset.Theresultsin Table4 show thatthetwo evaluationsagreed,
which leadedto anestimatedrecallof 100%.

3http://www.w3.org/TR/REC-html40/
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Total Docs 12,029,981
PagesSelected 9,306(0.08%)
Non-HTML Docs 829,260(6.90%)

Table 2. FAQ identification re-
sults

PagesSelected 9,306
PageFAQ confirmed 9,080
EstimatedPrecision 97.57%

Table 3. Estimated precision in
FAQ identification

Total Pages 5,890
PagesSelected 7 (0.12%)
PageFAQ found 7 (0.12%)
EstimatedRecall 100%

Table 4. Estimated recall in FAQ
identification

In thenext sectionwe discusshow to extractquestion-answerpairspresentin the
pagesselectedaccordingto our heuristics.

4. Extracting Question-AnsweringPairs

In thissectionwedetailourmethodfor extractingquestion-answerpairs(QAPs)from the
WebpagesselectedascontainingFAQsby our two heuristicsfor FAQ identification.This
methodis basedon otherheuristicswe formulatedbasedon observationswe madeafter
analyzingthesetof FAQ samplesdescribedin Section3. Theseheuristicsfor thebasisof
a QAP extractionalgorithmwe proposeandpresentherealongwith experimentalresults
thatevaluateits effectiveness.At theendof this sectionwe discussa simplestrategy for
extracting the subjectof the FAQs. Determiningthe subjectof FAQs is useful for the
searchmethoddiscussedin Section4.

4.1. CommonFeaturesin QAP

In almostall of the sampleFAQs, we found that question-answerpairs (QAP) form a
sequencein which questionsandanswersoccurinterleaved. Also, questionsareusually
consistentlyformattedwith somepresentationfeaturesthatmake themeasyfor usersto
identify, suchasdistinctfont type,color or size.

Basedon this,we concludedthatto extractQAPswe canbegin by locatingques-
tions in the page,so that a text region denselypopulatedwith questionswould indicate
whereQAPsare.Furthermore,onceweidentify eachquestion,all theanswers,exceptfor
the lastone,areplacedbetweentwo questions.Thus,answerscanbe trivially extracted
oncequestionshavebeenlocated.

In somecases,larger FAQ pagespresenta questionindex, which is a list where
thequestionsof theFAQ appearcontiguouslyand,in mostcases,eachof thesequestions
have links to the actualquestionandits answerin the FAQ. Questionindexesoccur in
the beginning of the FAQ page. This situationis illustratedin the Web pagepresented
in Figure1. Notice that for the sake of QAP extraction,we areprimarily interestedin
locatingthequestionsappearingin Figure1(b).

For applyingtheextractionheuristics,wefirst consideraWeb pageasasequence
of paragraphsP = 〈p1, p2, . . . , pn〉. If the web pagecontainsa FAQ, then thereis a
subsequenceL ⊂ P suchthat L = 〈q1, a1, q2, a2, . . . , qk, ak〉, whereeachpair 〈qi, ai〉
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correspondsto aquestionsandits answer, respectively. Thus,our initial goalis to find the
setQ = {q1, q2, . . . , qk} in thepageandthenextracttheset{a1, a2, . . . , ak} of answers.

Our strategy for locatingquestionsconsistsin initially taking the paragraphsin
thepage´stext thatwereidentifiedasbeingquestionsbecausethey endedwith aquestion
mark.Thisstepcorrespondsto ourfirst heuristic.However, sinceit is toorough,weapply
otherheuristicsto refinetheextraction. Theseheuristicsareusedin theQAP extraction
algorithmwediscussin thefollowing.

4.2. QAP Extraction Algorithm

OurQAPextractionalgorithmis presentedin Figure3. It takes asinputaWeb pageW , in
whichweassumethatthereis aFAQ,andoutputsasetof question-answerpairs.In Line 3
of this algorithmwe breakthepageP into paragraphs,assumingthesameprocedurewe
usein Section3. Then,following thestrategy outlinedabove, in Line 4, we build a first
approximationof the setof questionsQ by selectingall paragraphsin p that endwith
a questionsmark. In Line 5 we remove all sequencesof k > 2 consecutive questions
in P . This accountsfor the occurrenceof questionsindex beforethe actualquestions
andanswersappearin theFAQ. To exemplify this, Line 5 would filter out thequestions
appearingin Figure1(a).

Up to thispoint,Q storesall paragraphsin thetargetpagethatendwith aquestion
mark,exceptfor thosethatcouldhaveappearedin anindex. Noticethatnotall paragraphs
in Q arequestionsandtherecouldbequestionsin theFAQ thatdonotendwith aquestion
markand,thus,maynot bein Q. To dealwith that,we resortto a simpleheuristicbased
on thecommonpresentationfeaturesof thequestions.

First, we considerthat all questionsin a FAQ sharesimilar formatting features.
Thus,we try to determinewhat thesefeaturesarein orderto (1) filter out all paragraphs
in Q thatdo not displaythesefeaturesand(2) includein Q paragraphsfrom P thathave
thesamefeatures.For instance,all threequestionsin Figure1(b)sharesimilar formatting
features,however, asthethird onedoesnotendwith aquestionmark,it wasnot included
in Q. Ontheotherhand,theparagraphendedby “What IsLinux’sOpen-SourceLicense?”
waswrongly includedin Q.

To determinethe formatting featurescommonto the questionsin the FAQ, in
Line 6 we take the underlyingDOM tree H of the target pageW . As we know that
the text in any questionq in Q is spannedinto oneor more leafs,we considerthat the
formattingfeaturesof q aredeterminedby theformatingtagsthatencompassthesenodes
in H. We call this thecontext of q in H. In Table5 we presentthesubsetof theHTML
settagsweconsiderasformatingtags.Thisnotionis morepreciselystatedasfollows

Let p be a paragraphextractedfrom a Web pageP whoseDOM tree is given
by H. Let η( p) = {n1, . . . , nm} (m ≥ 1 ) be a set of leaf nodesin H such that
T(n1) • . . . • T(nm) = p, whereT (ni) is the text containedin the leaf ni and• de-
notesthestringconcatenationoperation.Also, let τ ( p) bethedeepestcommonancestor
of all nodesin η( p) andlet π( p) thesetof nodesin thepathfrom τ ( p) to theroot of H.
Wedefinethecontextof p, Π ( p) , asthesetof formatingtagsfoundin thenodesof π( p) .

Figure2 illustratestheconceptof context. In this figure,we have 2 paragraph(or
questions),sayq1 andq2, placedrespectively in nodeslabeleda andb, i.e., η( q1) = {a}
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and η( q2) = {b}. Also, a third paragraph/questions,say q3, spansthroughoutnodes
labeledc1, c2 andc3. Thus,η( q3) = {c1, c2, c3}. This occurredbecausetheauthorof the
FAQ chooseto format the word “new” in boldface,henceit is enclosedin a BF tag. In
thiscase,thedeepestcommonancestorof nodesc1,c2 andc3 is thenodecorrespondingto
the tagFONT. Thus,thecontext of thethreeparagraphs/questionsis thesetof formating
tagsfound in the path, from nodesFONT to the root HTML, that is, Π ( q1) = Π ( q2) =
Π ( q3) = {FONT,DIV,DIV,. . .}.

Figure 2. Illustration of three paragraph/questions common conte xt

In Line 7 of the algorithm we usethe function Π ( p) that gives the context of
paragraphp to identify the largestsetR of paragraphsin Q thathave asamecontext or,
in otherwords,thesameformatingfeatures.R correspondsto thesetof questionsin the
FAQ. Thus,we replacethe paragraphsin Q by thosein R in Line 8. This removesall
paragraphsin Q thatdo not sharea samecontext with themajority of otherquestionsin
Q. Next, in Line 9, we look for otherparagraphsin P that have this samecontext and
includethemin Q. Finally, theloop in Lines10–12builds thesetof QAPs.

TagType Taglist
Font FONT(SIZE,COLOR,FACE,WEIGHT), BASEFONT
Style B, I, U, S, STRIKE, SUB, SUP, TT, PRE, BLINK
PredefineStyle BLOCKQUOTE, Q, EM, STRONG, CITE, CODE

SAMP, KBD, VAR, BIG, SMALL, ADDRESS
Other A, H, DIV, SPAN

Table 5. List of HTML tags we consider as formating tags.

4.3. Experimental Resultswith QAP Extraction

We now presentexperimentalresultswith theQAP extractionalgorithm. For theexper-
imentswe have usedthe9,306WebpagescontainingFAQsthatwereselectedfrom our
Webpage.A totalof 96,651QAPwereextractedfrom thesepages.Therefore,in average
we foundmorethantenQAPperFAQ.

To evaluatethe quality of the extraction,we manuallyextracted731 QAP from
80 FAQ randomlypicked out of the 9,306FAQs. The manualextraction resultswere
comparedwith the extractionresultsobtainedwith the QAP extractionalgorithm. The
evaluationof this comparisonis presentedin Tables6 and7, wherethe standardpreci-
sion, recall andF measuresareused. In eachof thesetables,we presenttheaverageof
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Algorithm:QAP Extraction1

Input : A Web pageW containingaFAQ
Output : A set QA = {〈q1, a1〉, 〈q2, a2〉, . . . , 〈qn, an〉} of QAP
begin2

let P = {p1, . . . , pn} bea list of paragraphsextractedfrom W3

/*First approximation:All paragraphsendingwith a “?” */
Q ← {p ∈ P | p endswith a “?” }4

/*Filters out thequestionsin theindex */
if there is I = 〈pi, pi+1, . . . , pi+k〉 ⊂ P wherepi+j andk > 2 ∈ Q then5

Q ← Q − I

let H betheDOM treeof pageW6

/*R is subsetof questionswith themostfrequentcontext */
let R = {r1, . . . , rm} bethelargestsubsetof Q where7

Π ( r1) = . . . = Π ( rm)
/*Considersonly thequestionswith asamemostfrequentcontext */
Q ← R8

/*Adds otherparagraphshaving thesamecontext asquestions */
Q ← Q ∪ {p ∈ P − Q | Π ( p) = Π ( r1) }9

/*Builds thesetof QAPs */
foreach pi ∈ P ∪ Q do10

QA ← QA ∪ {〈pi, pi+1〉}11

end12

end13

Figure3: QAPExtractionAlgorithm

thesemeasuresconsideringtheQAP in eachFAQ individually, which correspondsto the
row labeled“eachFAQ”, andconsideringthe whole set of QAP from all FAQ, which
correspondsto therow labeled“all FAQ”.

Table6 presentsthe resultsconsideringtheQAP presentin eachpage,that is, it
comparestheQAPmanuallyfoundin eachpagewith theQAPextractedby thealgorithm.
Table7 showsamoredetailedresult.For eachQAPextracted,it presentsanevaluationof
how correctlythequestionsandanswerswereextractedwith respectto thetermsfoundin
thetext of thesequestionsandanswers.In this table,theF measurewascalculatedusing
theaverageof theprecisionandrecall from questionsandanswers.

Averagefor Precision Recall F
eachFAQ 88.02% 84.23% 86.08%
all FAQ 89.57% 70.26% 78.75%

Table 6. QAP extraction evaluation

Averagefor
Questions Answers

F
Precision Recall Precision Recall

eachFAQ 86.90% 88.02% 82.96% 73.32% 82.65%
all FAQ 88.95% 89.57% 84.42% 83.13% 86.51%

Table 7. Questions and Ans wer extraction evaluation
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Fromthefiguresin Tables6 and7 weobserve thattheextractionasperformedby
theQAP extractionalgorithmachievesgoodquality level. Notice,however, that thereis
a cleardifferencebetweenF measurevaluesobtainedin Tables6 and7 consideringeach
FAQ (86.08%)andfor all FAQ (78.75%).Thiscanbeexplainedby thefactthatthereare
afew FAQswith veryfew questions(say, 3 or less)in ourFAQ collection.In thiscase,the
heuristicfor determiningacommoncontext behavespoorly. Still, thedifferencebetween
thetwo valuesis under9 points.

As afinal remark,it is worth noticingthattheresultsin Tables6 and7 aresimilar
to thoseobtainedwith sitespecificWebdataextractionmethods[Laenderetal. 2002b]in
termsof quality.

4.4. Extraction of FAQ Subject
To complementthe informationextractedfrom questionsandanswersin the FAQ, it is
oftenusefulto addcontextual informationprovidedby theFAQ subject.For instance,the
searchmethodwe discussin Section5 takesadvantageof suchinformation,whenit is
available.For extractingthis subjectwe simply take thetext presentin theTITLE of the
page.Examiningtherandomsampleof 80 FAQswe useto evaluatetheQAP extraction
algorithm,we verified that in approximately50%of them,thesubjectwasexpressedin
the title of thepage.Although this couldbemuchimprovedusinga moresophisticated
method,we did not do additionalinvestigation on this matter, since,aswe show in the
next section,this extractionratewasgoodenoughfor the requirementsof thesearching
method.

5. Searching on FAQ Databases
In thissectionwediscusshow to takeadvantagefrom thestructuredinformationobtained
by the QAP extractionover pagescontainingFAQ whendevelopingsearchsystems.In
thissectionweassumethat,afterperformingFAQ extraction,weobtainasetof tuplesof
theform 〈s, q, a〉, wheres is thesubjectof aFAQ, q is aquestionanda is ananswerto q.
This tuplesarecalledSQAtuplesor simply SQAandthesetof all SQA extractedfrom a
setof FAQ Webpagesis calledaFAQ Database.

Contraryto documentdatabasesof ordinaryWebsearchengines,whoseelements
aremonolithicpages,theelementsin FAQ databasesareSQA,whichexhibitsanexplicit
structuralinformation. We claim that this information can be usedto derive a search
systemspecificfor retrieving information from FAQ databases.In this searchsystem,
SQAarethebasicunitsto beretrievedandwill alsobenamedhereasdocuments.

On the InformationRetrieval field, oneof themostpopularmodelsdo represent
documentsandqueriesis theVectorSpaceModel [Baeza-YatesandRibeiro-Neto1999].
In this model,queriesanddocumentsarerepresentedasvectorsin a spacewith dimen-
siondeterminedby thenumberof distinct terms(words)of thecollectionof documents
searched.Thecoordinatesof eachdocumentin this modelaredeterminedby computing
theweightof eachtermin thedocument.Theweightformulais usuallygivenby:

wd,t = tfd,t × idft (1)

wheretfd,t is a functionof thenumberof occurrencesof term t in documentd andidft

accountsthe importanceof term t for the whole collection. A typical way to compute
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tfd,t is simply countingtheoccurrencesof t in d, while theidf for a termis givenby the
formulaidft = lo g N

ft
, whereft is thenumberof documentswheretermt occursandN is

thenumberof documentsin thecollection.

Given a queryQ, the VectorSpaceModel obtainsthe rankingof documentsby
computingthesimilarity of eachdocumentd with respectto Q, andsortingthedocuments
in decreasingorderof similarity. Thesimilarity formulaadoptedis usuallythecosineof
theanglebetweenthevectorsof d andQ:

sim(Q, d) =
�Q · �d

| �Q | · | �d |
(2)

TheVectorSpaceModelconsidersthatthereis nostructurewithin thedocuments,
consideringthemjust assetsof words. However, in our FAQ database,eachdocument
is representedby a SQA tuple 〈s, q, a〉. Thus,a direct applicationof the vector space
modelwouldnotconsiderthestructureof cases,andwouldconsiderthemasunstructured
documents.However, giventhatweknow eachelementof acasehasadifferentmeaning
to theusers,we decidedto computefrequenciesof termsin eachelementseparately. We
thenexperimentedwith differentcombinationsof thesevaluesto checkhow goodeach
field in a SQA tuple is asa sourceof evidenceto determinethe importanceof a SQA
to a given query. To performtheseexperiments,we adoptedthe following formula for
computingtf :

tfd,t = α × tfds,t + β × tfdq ,t + γ × tfda,t (3)

wheretfds,t is the frequency of t in the subjectof d, tfdq ,t is the frequency of t in the
questionof d andtfda,t is the frequency of t in theanswerof d. The values α, β andγ

arecoefficientsthatrepresenttheusefulnessof eachfield andshouldbeadjustedthrough
experiments.

Sincethesubjectof aFAQ (field s) determinesthecontext whereeachdocumentis
embedded,thisfield will mostlikely playanimportantrole in theretrieval process.When
consideringthequestion(field q) andanswers(field a), it is expectedthat thetermsof q

will bemoresimilar to a userquerywhena documentis relevantto thatquery, while the
answermaynot have acontentsimilar to theuserquery, evenwhenit is thebestanswer
for suchquery. Therefore,thefield q is expectedto beimportantto determinetheranking
andfield a is notexpectedto besouseful.

Weperformedexperimentstoevaluateresultsachievedwith thenew weightscheme
of Equation3 andto selectthebestcoefficientsfor eachfield in our SQA tuples.Theex-
perimentswereconducedwith the sameFAQ collectionwe usefor the experimentsin
Section4. We defined15 questionqueriesrelatedto topicscoveredin theFAQ database,
andsubmittedthesequeriesto our systemvaryingthevaluesof α, β andγ, from 0 to 10.

Given eachcombinationof coefficients, for eachquerysubmittedwe manually
searchedfor thefirst resultthatgaveanappropriateanswerto thequery(thefirst relevant
answer). We thencomputedthe meanreciprocalranking (MRR) for eachresult. The
MRR is a measurewhich computeshow nearis thefirst relevantanswerfrom thetop of
theranking,varyingfrom 0 to 1, where1 meansthattheansweris in thetopand0 means
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thattheansweris far from thetop. MRR is usuallydeployedfor evaluatingIR systemsin
which thenumberof relevantanswersis expectedto besmall. In scenariossuchasthis,
which is our case,othermeasuressuchasprecisionarenot suitable.

For thesakeof simplicity, Table8 presentsonly thebestcombinationsandacom-
binationwith values(1,1,1),which is similar to theoriginalvectorspacemodel.As it can
beobserved,usingour proposedweightschemawe wereableto improve theMRR from
0.60up to 0.76,which meansthesystemwith separateweightsfor eachfield presented
relevantanswerscloserto thetopwhencomparedto theoriginal VectorSpaceModel.

Thebestcombinationof valuesfor thecoefficientswereα = 4 , β = 4 andγ = 1 ,
( 4 , 4 , 1 ) , which indicatesthat the subjectandthe questionfields areindeedmoreuseful
thanthe answerfield. However, noticethat for combinationα = 4 , β = 4 andγ = 0 ,
( 4 , 4 , 0 ) , the resultswereslightly worse,which meansthe answerfield still have some
positive contribution to the ranking. This conclusioncanalsobe obtainedwhen look-
ing at ( 8 , 8 , 1 ) , whereagain theresultswereworsethan ( 4 , 4 , 1 ) , meaningthat the ideal
combinationin our experimentsalsotook theanswerasmuchlessusefulinformation.

The overall gain in MRR when comparingthe systemwith the non-structured
searchwasroughly25%,which is asignificantimprovement.A final commentis thatthe
high MRR valuesachievedin all casesis dueto thehigh quality collectionextractedand
theseparationof casesprovidedby thepreviousmethodsof our proposal.

Weights(α,β,γ) (1,1,1) (4,4,1) (4,4,0) (8,8,1)
MRR 0.60 0.76 0.64 0.70

Table 8. MRR values achieved with diff erent weight schema.

This sectionpresentedanexampleof how thestructuredinformationachievedin
the FAQ extractionprocessmay be exploited to improve the searchprocess.This first
exampleshowsthepotentialbenefitsof extractingcasesfrom FAQsto thesearchprocess.
Otheralternative ideasandmodelscouldbederivedfrom thestructure.

6. Conclusions
In this paperwe have presentedmethodsfor automaticallydetectingandstructuringweb
FAQs. Theultimategoalwasto createa structureddatabaseto storeall the information
availableon FAQscreatedby userson theWeb. We arguethatFAQsarerich sourcesof
very specializedknowledge,but currentsearchsystemsfail in properlyexploiting their
potentialsincethey considerthem as ordinary Web pagesand sincetheir information
seemsto beunstructured.Throughoutthepaper, wehaveseenthatFAQsin factexhibit a
very consistentstructure,thatalthoughimplicit andsimple,canbeexploitedto improved
theway informationin it is processed.

Basedonthisassumption,wehaveproposedaspecificsearchenginefor creatinga
FAQ database,modifying threeof themaintasksperformedby searchengines:crawling,
indexing andqueryprocessing.

For thecrawling task,we proposedheuristicsto selectamongthepagescrawled
thosethat are likely to containa FAQ. Our experimentsshow that theseheuristics,al-
thoughvery simple,arevery effective, beingableto correctlyselectWebFAQsin more
then97%of thecases.
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We alsoshow that insteadof indexing Web FAQs asmonolithic pages,we can
make their innerstructureexplicit by extractingquestion-answerpairs(QAP).This way,
insteadof processingwholepages,QAPwill betheinformationunit tobeprocessed.We
have presentedan algorithm for QAP extraction that correctly extractedquestionsand
their answersin nearly80%of thecases.

Furthermore,we have presentedan exampleof how the QAP structurecould be
usedfor improving effectivenessof asearchsystembasedon thevectorspacemodeland
developedfor searchontheFAQ database.For processingqueriesovertheQAPextracted,
we have proposeda schemethatassignsdistinctweightsto questionsandanswersto be
usedwith thevectorspacemodel.This schemealsoincorporatesthesubjectof theFAQ
when it is available, also assigningto it a specificweight. After experimentingwith
severalweightvalues,we reacheda particularconfigurationthatgave anoverall gain of
25%in comparisonwith thetraditionalweightschemeusedwith thevectorspacemodel,
achieving 0.77in theMRR measure.

As future directionsfor the work herepresented,we intendto studyhow to de-
velop domain focusedautomaticdetectionand extraction of information available on
FAQs. For this, we foreseethe needingof improving our strategy for identifying the
subjectof theFAQs,sinceour currentstrategy for this is tooshallow.

The lessonslearnedwith thedevelopmentof themethodspresentedhereleadus
to theconclusionthatby exploiting the inner featuresof specifictypesof documentson
the Web it is possibleto improve the way they arecurrentlyprocessed,andassistWeb
usersin usingsuchtypesof documentsmoreeffectively. This seemsa promisingpath
for thefutureof researchon Webinformationsystems.In particular, asblogsarerapidly
growing asa popularway of publishinginformationon the Web, we feel that someof
the ideasheredevelopedcould be usedfor dealingwith suchtype of documentsmore
effectively.
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