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Abstract

Tableis a commonlyusedpresentatiorscheme especiallyfor describingrelationalinformation. Table under
standingon the web has manypotential applicationsincluding web mining knowledg manajement,and web
contentsummarizatiorand deliveryto narrow-bandwidthdevices. Althoughin HTML documentsablesare gen-
erally marked as <TABLE> elementspftenthe <TABLE> tag is usedliberally to achieve multi-columnlayout
effectsratherthanto presentralational information. In otherwords, a <TABLE> tag doesnot necessarilyindi-
catethe presencenf a genuinerelationaltable Thusthe importantfirst stepin table undestandingin the web
domainis the detectionof thegenuinetables.

In our earlier work we designeda basic rule-basedalgorithm to detectgenuinetablesin major newvs and
corporate homepagesas part of a webcontenffiltering systemln this paperwe investigatea madine learning
basedappmoad that is trainable and thus can be automaticallygenealized to including any domain. Various
featues reflectingthe layout as well as contentcharacteristicsof tablesare explored. The systemis teston a
large databasewhich consistsof 1,393 HTML files collectedfrom hundedsof different web sitesfrom various
domainsandcontainsl1, 477 leaf <TABLE> elementsput of which 1, 740 are genuinetables.Experimentsvere
conductedisingthecrossvalidationmethod.Themadinelearningbasedappioacd outperformedherule-based
systenmandachievedan F-measue of 95.88%.

1 Intr oduction

Theincreasingubiquity of the Internethasbroughtabouta constantlyincreasingamountof onlinepublications.
As a compactandefficient way to presentrelationalinformation, tablesare usedfrequentlyin web documents.
Sincetablesareinherentlyconciseaswell asinformationrich, the automaticunderstandingf tableshasmary
applicationsincluding knonvledge managementnformationretrieval, web mining, summarizationand content
delivery to mobile devices. The processe®f table understandingn web documentsnclude table detection,
functionalandstructuralanalysisandfinally tableinterpretatior3].

In this paperwe concentrat®n the problemof tabledetection.Theweb providesuserswith greatpossibilities
to usetheir own style of communicatiorand expressions.In particulay peopleusethe <TABLE> tag not only
for relationalinformationdisplaybut alsoto createary type of multiple-columnlayoutto facilitateeasyviewing,
thusthe presencef the <TABLE> tagdoesnot hecessarilyndicatethe presencef atruerelationaltable. In this
papeywe definegenuinetablesto bedocumentntitieswhereatwo dimensionagrid is semanticallysignificantin
conveying the logical relationsamongthe cells[2]. Corversely Non-genuinetablesaredocumengentitieswhere
<TABLE> tagsareusedasa mechanisnfor groupingcontentsnto clustersfor easyviewing only. Figurel gives
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Figure 1. Examples of genuine and non-g enuine tables.

afew examplesof genuineandnon-genuingables.While genuinetablesin webdocumentgouldalsobe created
withoutthe useof <TABLE> tagsat all, we do not considersuchcasesn this articleasthey seemvery rarefrom

our experience. Thus, in this study Table detectionrefersto the techniquewhich classifiesa documententity
enclosedy the<TABLE></ TABLE> tagsasa genuineor non-genuingable.

Severalresearcherbave reportedtheir work on webtabledetection1, 3, 4]. In [1], Chenet.al. usedheuristic
rulesandcell similaritiesto identify tables.They testedtheir tabledetectionalgorithmon 918 tablesfrom airline
informationweb pagesand achiered an F-measureof 86.50%. Yoshidaet.al. proposeda methodto integrate
WWW tablesaccordingo thecateyory of objectspresentedh eachtable[4]. Theirdatasetcontains35, 232 table
tagsgatheredrom theweh They estimatedheir algorithmparametersisingall of tabledataandthenevaluated
algorithmaccurayg on 175 of thetables.The averageF-measureeportedn their paperis 82.65%.

In our earlierwork, we proposedarule-basedlgorithmfor identifying genuinelytatular informationaspartof
aweb contentfiltering systemfor contentdelivery to mobile devices[2]. Thealgorithmwasdesignedor major
news and corporateweb site homepages. It wastestedon 75 web site front-pagesand achieved an F-measure
of 88.05%. While it worked reasonablywvell for the systemit wasdesignedor, it hasthe disadwantagethatit is
domaindependenanddifficult to extendbecausef its relianceon hand-craftedules.

To summarizeprevious methodgor webtabledetectiorall relied on heuristicrulesandwereonly testedon a
databas¢hatis eithervery small[2], or highly domainspecific[1]. Hurstmentionedhata Naive Bayesclassifier
algorithmproducedadequateesultsbut no detailedalgorithmandexperimentainformationwasprovided[3].

In this paper we proposea new machinelearningbasedapproactfor tabledetectionfrom genericweb docu-
ments. While mary learningalgorithmshave beendevelopedandtestedfor documentanalysisandinformation
retrieval applicationsthereseemso be strongindicationthat good documentrepresentatiolincluding feature
selection's moreimportantthanchoosinga particularlearningalgorithm[14]. Thusin this work our emphasiss
onidentifying featureghatbestcapturethe characteristicef a genuinetablecomparedo a non-genuinene. In
particular we introducea setof novel featureswhich reflectthe layoutaswell ascontentcharacteristicsf tables.
Thesefeaturesarethenusedin a tree classifiertrainedon thousand®f examples. To facilitate the training and



evaluationof the table classifiey we designeda novel web documentable groundtruthing protocoland usedit
to build alarge tablegroundtruth databaseThe databaseonsistf 1,393 HTML files collectedfrom hundreds
of differentweb sitesandcontainsl1, 477 leaf <TABLE> elementsput of which 1, 740 aregenuinetables. Ex-
perimenton this databaseisingthe crossvalidationmethoddemonstrate significantperformancemprovement
overthepreviously developedrule-basesystem.

The restof the paperis organizedasfollows. We describeour featuresetin Section2, followed by a brief
descriptionof the decisiontree classifierin Section3. In Section4, we presenta novel table groundtruthing
protocol and explain how we built our database.Experimentalresultsare thenreportedin Section5 andwe
concludewith futuredirectionsin Section6.

2 Featuresfor Web Table Detection

Featureselectionis a crucial stepin ary machinelearningbasedmethods. In our case,we needto find a
combinatiorof featureghattogethemprovide significantseparatiobetweergenuineandnon-genuingableswhile
at the sametime constrainthe total numberof featuresto avoid the curseof dimensionality Pastresearctas
clearlyindicatedthatlayoutandcontentaretwo importantaspectsn tableunderstanding3]. Our featureswere
designedo captureboth of theseaspectsin particular we developed16 featureswhich canbe cateyorizedinto
threegroups:sevenlayoutfeatureseightcontentypefeaturesandoneword groupfeature.In thefirst two groups,
we attempto captureheglobalcompositiorof tablesaswell asthe consisteng within thewholetableandacross
rows andcolumns.With thelastfeature weinvestigatehediscriminatve powver of wordsenclosedn tablesusing
well developedtext catayorizationtechniques.

Beforefeatureextraction,eachHTML documents first parsednto adocumentierarchytreeusingJava Swing
XML parsemwith W3CHTML 3.2DTD [2]. A <TABLE> nodeis saidto bealeaftableif andonly if thereare
no <TABLE> nodesamongits children[2]. Our experiencdndicateghatalmostall genuingablesareleaftables.
Thusin this studyonly leaf tablesare considerecdcandidategor genuinetablesandare passedn to the feature
extractionstage.In thefollowing we describeeachfeaturein detail.

2.1 Layout Features

In HTML documentsalthoughtagslike <TR> and<TD> (or <TH>) maybeassumedo delimit tablerows and
tablecells,they arenotalwaysreliableindicatorsof the numberof rows andcolumnsin atable. Variationscanbe
causedy spanningecells createdusing<ROANSPAN> and <COL SPAN> tags. Othertagssuchas<BR> could be
usedto move contentinto the next row. Thereforeto extractlayoutfeatureseliably onecannot simply countthe
numberof <TR>’sand<TD>’s. For this purposewe maintaina matrix to recordall the cell spanningnformation
andsene asa pseudaenderingof thetable.Layoutfeaturedasednrow or columnnumbersarethencomputed
from this matrix.

GivenatableT', we computethe following four layoutfeatures:

e (1)and(2): Averagenumberof columns computedastheaveragenumberof cellsperrow, andthe standard
deviation.

¢ (3)and(4): Averagenumberof rows, computedasthe averagenumberof cellspercolumn,andthe standard
deviation.

Sincethemajority of tablesin webdocumentgontaincharactersywe computehreemorelayoutfeaturesased
on cell lengthin termsof numberof characters:

e (5)and(6): Averageoverall cell lengthandthe standardleviation.

¢ (7): AverageCumulativelengthconsistencyC' LC'.
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Thelastfeatureis designedo measurehe cell lengthconsisteng alongeitherrow or columndirections.lt is
inspiredby the factthatmostgenuinetablesdemonstrateertainconsisteng eitheralongthe row or the column
direction,but usuallynot both, while non-genuindablesoften shav no consisteng in eitherdirection. First, the
averagecumulatve within-row lengthconsisteng, CLC,, is computedasfollows. Let the setof cell lengthsof
thecellsfromrow i be R;, 7 = 1,...,r (consideringonly non-spanningells), andthe the meancell lengthfor
row R; bem;:

1. Computecumulatve lengthconsisteng within eachR;: CLC; = chen LC,. Here LC, is definedas:

LC, = 0.5 — D, whereD = mzn{'CZ m" ,1.0}. Intuitively, LC,; measureshe degreeof consisteng
betweert! andthemeancell length,with ~0. 5 indicatingextremeinconsisteng and0.5 indicatingextreme
consisteng Whenmostcellswithin R; areconsistentthecumulatve measure’ LC; is positive, indicating
amoreor lessconsistentow.

2. Taketheaverageacrossall rows: CLC, = %Z;Zl CLC;.

After the within-row length consisteng CLC, is computed,the within-column length consisteng CLC,
is computedin a similar manner Finally, the overall cumulatve length consisteng is computedas CLC' =
max(CLC,,CLC,).

2.2 Content Type Features

Web documentsare inherently multi-mediaand hasmore typesof contentthan ary traditional documents.
For example,the contentwithin a <TABLE> elementcould include hyperlinks,images,forms, alphabeticabr
numericalstrings,etc. Becauseof the relationalinformationit needsto corvey, a genuinetableis morelikely
to containalphaor numericalstringsthan, say images. The contenttype featurewas designedo reflectsuch
characteristics.

We definethesetof contentypes7 = {Image, Form, Hyperlink, Alphabetical, Digit, Empty, Others}. Our
contenttypefeaturednclude:

e (1) - (7): Thehistogramof contenttypefor agiventable. This contritutes? featuredo thefeatureset;
e (8): AveragecontenttypeconsistencyCTC.

Thelastfeatureis similar to the cell lengthconsisteng feature.First, within-row contenttype consisteng CTC.
is computedasfollows. Let the setof cell typeof thecellsfromrow i as7;,i = 1,...,r (again,consideringpnly
non-spanningells),andthedominanttypefor 7; be DT;:

1. Computethe cumulatve type consisteng with eachrow R;, i = 1,...,r: CTC; = them D, where
D = 1if ctisequalto DT; andD = —1, otherwise.

2. Taketheaverageacrossll rows: CTC, = % i, CTC;.

Thewithin-columntype consisteng is thencomputedn a similar manner Finally, the overall cumulatie type
consisteng is computedas: CT'C = max(CTC,,CTC,).

2.3 Word Group Feature

If welook attheenclosedext in atableandtreatit asa“mini-document”,tableclassificatiorcould beviewed
asatext catgyorizationproblemwith two broadcateyories: genuinetablesand non-genuingables. In orderto
explore the the potentialdiscriminatve power of tabletext at the word level, we experimentedwith several text
catgyorizationtechniques.



Text catayorizationis awell studiedproblemin the IR communityandmary algorithmshave beendeveloped
over theyears(e.g.,[7, 8]). For our application,we are particularlyinterestedn algorithmswith the following
characteristicsFirst, it hasto be ableto handledocumentswith dramaticallydiffering lengths(sometablesare
very shortwhile otherscanbe morethana pagelong). Second,t hasto work well on collectionswith a very
skewed distribution (thereare mary morenon-genuindablesthangenuineones). Finally, sincewe arelooking
for afeaturethatcanbeincorporatedilongwith otherfeaturesit shouldideally producea continuousconfidence
scoreratherthanabinarydecision.In particular we experimentedvith threedifferentapproachesvectorspace,
nave BayesandweightedkNN. The detailsregardingeachapproactaregivenbelow.

2.3.1 Vector SpaceApproach

After morphing[1Q andremoving the infrequentwords, we obtainthe setof wordsfoundin the training data,
W. We thenconstructweightvectorsrepresentingenuineandnon-genuingablesandcomparethatagainsthe
frequeng vectorfrom eachnew incomingtable.

Let Z representhe non-ngative integerset. Thefollowing functionsaredefinedon set\y.

e df%: W — Z,wheredf®(w;) is thenumberof genuinetableswhichincludeword w;, i = 1, ..., |W|;

tf9: W — Z,wheretf%(w;) is thenumberof timesword w;, i = 1, ...,|W|, appearsn genuingtables;

dfV : W — Z, wheredf " (w;) is thenumberof non-genuingableswhichincludewordw;, i = 1, ..., [W]|;

tfN . W — Z, wheretf" (w;) is the numberof timesword w;, i = 1, ...,|[W|, appearsn non-genuine
tables.

tfT: W — Z,wheret T (w;) is thenumberof timesword w;, w; € W appearsn anew testtable.

To simplify thenotationsin thefollowing discussionwewill usedfZ,tf¢ , df N andtfN torepresendf® (w;),
tf9 (w;), dfN (w;) andtfN (w;), respectiely.

Let N4, NV bethe numberof genuinetablesand non-genuingablesin the training collection, respectiely
andlet C = max(N%, NV). Withoutlossof generalitywe assumeV® # 0 andN® # 0. For eachword w; in
W,i=1,..,|[W|, two weights,p{ andp! arecomputed:

dfG NN
G _ tfflog(J&G fiVN +1), whendfN #0 )
" l &

tfSlog(45C +1),  whendfN =0

dfN NG
N _ thNlog(Aj;ﬁv é;? +1), whendf #0 @

thNlog(d]&z C+1), when df¢ =0

As canbe seenfrom the formulas,the definitionsof theseweightswerederived from the traditionalt f « idf
measuresisedin informationalretrieval ([7]), with someadjustmentsnadefor the particularproblemat hand.

Givenanew incomingtable,let us denotethe setincludingall thewordsin it asW,,. SinceW is constructed
usingthousand®f tables the wordsthatarepresenin bothW andW,, areonly asmallsubsebf WW. Basedon
the vectorspacemodel, we definethe similarity betweenweight vectorsrepresentinggenuineand non-genuine
tablesandthe frequeng vector representinghe incomingtable as the correspondinglot products. Sincewe
only needto considerthe wordsthat are presentin both YW and W,,, we first computethe effectiveword set
We =W NW,. Letthewordsin W, berepresentedsw,,, , wheremy, k = 1, ...,|W,|, areindexesto thewords
from setW = {w1, wa, ..., wy }. we definethefollowing vectors:



= - . .
e \Weightvectorrepresentinghe genuinetablegroup: Gs= (Tl, - ,%),WhereU is thecosine

normalizationterm: U = \/kaj S XS, -

¢ Weightvectorrepresentinghe non-genuindable group: ]?5: (%,%,--- ,%), whereV is the
cosinenormalizationterm: V' = \/Ekwj . X ph. .

e Frequeny vectorrepresentinghenew incomingtable:I_T): (tf,ﬂl,tf%,--- ,tfglwel).

Finally, theword groupfeatureis definedastheratio of thetwo dot products:

P S o
-GS when I - Ng# 0
IT-Ng
_ - = - -
Wos =4 1, when Ir - Gg=0and Ip - Ng=0 )
S5 = S5
10, when It - Gg# 0and It - Ng=0

2.3.2 Naive Bayesapproach

In the Bayesianearningframework, it is assumedhattext datahasbeengeneratedy a parametrionodel,and
a setof training datais usedto calculateBayesoptimal estimatef the model parameters Then, usingthese
estimatesBayesrule is usedto turn the generatie modelaroundandcomputethe probability of eachclassgiven
aninputdocument.

Word clusteringis commonlyusedin a Bayesapproachto achieze morereliable parameteestimation. For
this purposewe implementedhe distributional clusteringmethodintroducedby Baker andMcCallum[9]. First
stopwordsandwordsthatonly occurin lessthan0.1%of thedocumentsireremoved. Theresultingvocalulary has
roughly 8000 words. Thendistribution clusteringis appliedto groupsimilar wordstogether Herethe similarity
betweerntwo wordsw; andw; is measuredsthe similarity betweerthe classvariabledistributionsthey induce:
P(C|w:) and P(C|ws), andcomputedasthe averageKL divergencebetweerthe two distributions. (see[9] for
moredetails).

Assumethe whole vocalulary hasbeenclusterednto M clusters.Let w, represenaword cluster andC =
{g,n} representhe setof classlabels(g for for genuine;n for non-genuine)the classconditionalprobabilities
are(usingLaplacianprior for smoothing):

tfG(ws) +1
PluyC —g) = LWL @
M + Ei:1 tfC (wi)
tfN (ws) +1
Pluy|C=n)= L)L ©)
M+ 320 tf Y (wi)
Theprior probabilitiesfor thetwo classesre: P(C = g) = #C;VN andP(C =n) = N(ﬁiNM

Givena new tabled;, let d; ; representhe kth word cluster Basedon the Bayesassumptionthe posterior



probabilitiesarecomputedas:

P(C = g)P(d;i|C = g)

P(C =gld;) = @) (6)
P(C = g) 1%, P(wis|C = g)

N Pd) ’ )

P(C=nld) = 2= ”}fé‘j'c =n) (®)
P(C = n) [, P(wix|C = n)

~ ];’(ldi) ) ©

Finally, theword groupfeatureis definedastheratio betweerthe two:

W, — P(C = g) [}, P(wix|C = g) (10)

PIC =) [IZ, P(wiplC =)

d;
_ N¢ A P(wiglC = g) (11)
NN 2L P(wig|C =mn)

2.3.3 WeightedkNN Approach

kNN standdor k-nearesheighborclassificationawell known statisticalapproachlt hasbeenappliedextensvely
to text cateyorizationandis one of the top-performingmethodg([8]). Its principleis quite simple: given a test
documentthesystenfindsthek nearesheighborsamongthetrainingdocumentsanduseshe cateyory labelsof
theseneighbordo computethelikelihoodscoreof eachcandidatecateyory. Thesimilarity scoreof eachneighbor
documento the testdocumentss usedasthe weightfor the categyory it belongsto. The cateyory receving the
highestscoreis thenassignedo thetestdocument.

In our applicationthe above procedurds modifiedslightly to generateahe word groupfeature. First, for ef-
ficiengy purposethe samepreprocessingndword clusteringoperationsasdescribedn the previous sectionis
applied,whichresultsin M word clusters.Theneachtableis representetly an M dimensionalvectorcomposed
of thetermfrequencie®f the M word clusters.Thesimilarity scorebetweenwo tablesis definedto bethecosine
value ([0, 1]) betweenthe two correspondingectors. For a new incomingtabled;, let the & training tablesthat
aremostsimilar to d; berepresentetdy d; ;,j = 1, ..., k. Furthermorelet sim(d;, d; ;) representhe similarity
scorebetweend; andd; ;, andC'(d; ;) equalsl.0 if d; ; is genuineand—1.0 otherwise the word groupfeatureis
definedas:

¥y C(dij)sim(d;, di z)

1% -
e S5y sim(d;, di j)

12)

3 ClassificationScheme

Variousclassificatiorschemesave beenwidely usedin webdocumenprocessingandprovedto be promising
for webinformationretrieval [13]. For thetabledetectiortask,we decidedo useadecisiontreeclassifiebecause
of the highly non-homogeneousatureof our features. Anotheradwantageof usinga tree classifieris that no
assumptionsf featureindependencarerequired.

An implementatiorof the continuous-alueddecisiontreedescribedn [5] wasusedfor our experiments.The
decisiontreeis constructedisinga training setof featurevectorswith true classlabels. At eachnode,a discrim-
inantthresholdis chosensuchthatit minimizesanimpurity value. The learneddiscriminantfunction splits the
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training subseinto two subsetandgenerateswo child nodes.The processs repeatedit eachnewly generated
child nodeuntil a stoppingconditionis satisfied andthe nodeis declaredasaterminalnodebasedon a majority
vote. The maximumimpurity reduction,the maximumdepthof the tree,and minimum numberof samplesare
usedasstoppingconditions.

At thetestingstage afeaturevectoris theinputto adecisiontree,a decisionis madeatevery non-terminahode
asto whatpaththe featurevectorwill take. This processs continueduntil the featurevectorreaches terminal
nodeof thetree,wherethe associatedlassis assignedo it.

4 Data Collection and Ground Truthing

Sincethereare no publicly available web table groundtruth databaseresearchergestedtheir algorithmsin
differentdatasetsin the past[1, 2, 4]. However, their datasetseitherhadlimited manuallyannotatedable data
(e.g. 918 tabletagsin [1], 75 HTML pagesn [2], 175 manuallyannotatedabletagsin [4]), or werecollected
from somespecificdomains,(e.g. a setof tablesselectedrom airline informationpageswereusedin [1]). To
developourmachindearningbasedabledetectioralgorithm,we neededo build ageneralvebtablegroundtruth
databasef significantsize.

Insteadof working within a specificdomain,our goal of datacollectionwasto get tablesof asmary dif-
ferentvarietiesas possiblefrom the weh To accomplishthis, we composeda set of key wordslikely to in-
dicate documentscontainingtablesand usedthosekey wordsto retrieve and download web pagesusing the
Googlesearchengine. Threedirectorieson Googlewere searchedthe businessdirectory and news directory
usingkey words:{t abl e, stock, bonds, figure, schedul e, weather, score, service,
resul ts, val ue}, andthe sciencedirectoryusingkey words{t abl e, results, val ue}. A total of
2,851 webpagesveredownloadedn this mannerandwe groundtruthedl, 393 HTML pagesutof thesgchosen
randomlyamongall theHTML pages).

To facilitatetable ground-truthingwe createda new DocumentType Definition(DTD) which is a supersebf
W3CHTML 3.2DTD. Threeattributeswereaddedfor <TABLE> element:“tabid”, “genuinetable” and“table
title”. Thepossiblevalueof thesecondattributeis yesor noandthevalueof thefirst andthird attributesis a string.
We usedthesethreeattributesto recordthegroundtruth of eachleaf <TABLE> node.Thebenefitof this designis
thatthe groundtruth datais insideHTML file format. We canuseexactly the sameparserto procesgshe ground
truth dataasthe oneusedto procesain-labeledHTML pages.

A graphicaluserinterface for web table groundtruthing was developedusingthe Java [11] language.The
interfacecontaingwo windows. After readingan HTML file, the hierarchyof the HTML file is shavn in the left
windowv. Whenanitem is selectedn the hierarchythe HTML sourcefor the selectedtem is shawvn in theright
window. Theusercanthensetthe“genuinetable” attribute andtypein thetabletitle whenthereis one.

Thefinal tablegroundtruth databaseontainsl, 393 HTML pagescollectedfrom around200 websites.There
areatotal of 14, 609 <TABLE> nodesjncluding11, 477 leaf <TABLE> nodes.Outof the11,477 leaf <TABLE>
nodes,1, 740 are genuinetablesand9, 737 are non-genuingables. Not every genuinetable hasits title and
only 1,308 genuinetableshave tabletitles. We alsofoundat least253 HTML files have unmatchedk TABLE>,
</ TABLE> pairsor wronghierarchywhich demonstratethe noisy natureof webdocuments.

5 Experiments

A hold-outmethodis usedto evaluateourtableclassifier We randomlydividedthe datasetinto nineparts.The
decisiontreewastrainedon eight partsandthentestedon the remainingone part. This procedurevasrepeated
ninetimes,eachtime with a differentchoicefor thetestpart. Thenthe combinedhine partresultsareaveragedo
arrive atthe overall performanceneasures[b

The outputof the classifieris comparedvith the groundtruth anda contingeng tableis computedo indicate
thenumberof a particularclasslabelthatareidentifiedasmemberof oneof two classesThe possibletrue-and
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detected-stateombinationsareshavn in Tablel. ThreeperformanceneasurefRecallRate(R) PrecisionRate(P)
andF-measue(F) arecomputedasfollows:

R=—Pw_ p_ _Ne — p RtP
Nyg+ Ny, Nyg+ Npyg 2
True AssignedClass
Class genuinetable | non-genuingable

genuinetable Nyg Non
non-genuingable Npg Nun

Table 1. Possib le true- and detected-state combinations for two classes

For comparisonamongdifferent featureswe reportthe performancemeasuresvhen the bestF-measurés
achieved. Theresultsof the table detectionalgorithmusingvariousfeaturesandfeaturecombinationsaregiven
in Table2. For boththe naive Bayesbasedandthe kNN basedwvord groupfeatures,120word clusterswvereused
(M = 120).

L T LT | LTW-VS | LTW-NB | LTW-KNN
R (%) | 87.24| 90.80| 94.20| 94.25 95.46 89.60
P (%) | 88.15| 95.70| 97.27| 97.50 94.64 95.94
F (%) | 87.70| 93.25| 95.73| 95.88 95.05 92.77
L: Layoutfeaturesonly.

T: Contenttypefeaturesonly.

LT: Layoutandcontenttypefeatures.

LTW-VS: Layout,contenttypeandvectorspacebasedvord groupfeatures.
LTW-NB: Layout,contenttypeandnaive Bayesbasedvord groupfeatures.
LTW-KNN: Layout,contenttypeandkNN basedvord groupfeatures.

Table 2. Experimental results using various feature groups

As seernfrom thetable,contenttypefeatureperformedbetterthanlayoutfeaturesasa singlegroup,achieing
anF-measuref 93.25%. However, whenthetwo groupswerecombinedthe F-measuravasimproved substan-
tially to 95.73%, reconfirmingtheimportanceof combininglayoutandcontentfeaturedn tabledetection.

Among the differentapproachesor the word group feature,the vector spacebasedapproachgave the best
performancavhencombinedwith layoutandcontentfeatures However evenin this casethe additionof theword
group featurebroughtaboutonly a very small improvement. This indicatesthat the text enclosedn tablesis
not very discriminative, at leastnot at the word level. One possiblereasonis thatthe cateyories“genuine” and
“non-genuine’aretoo broadfor traditionaltext cateyorizationtechniqueso be highly effective.

Overall, the bestresultswere producedwith the combinationof layout, contenttype and vector spacebased
word groupfeatures,achieing an F-measuref 95.88%. Figure2 shawvs two examplesof correctly classified
tableswhereFigure2(a)is agenuingableandFigure2(b)is anon-genuindable.

Figure 3 shavs a few exampleswhereour algorithmfailed. Figure 3(a) was misclassifiedasa non-genuine
table, likely becausdts cell lengthsare highly inconsistentandit hasmary hyperlinkswhich is unusualfor
genuinetables. The reasonwhy Figure 3(b) was misclassifiedas non-genuinds more interesting. Whenwe
lookedatits HTML sourcecode we foundit containsonly two <TR> tags.All text stringsin onerectangulabox
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1961 (4-9-1)

‘Date |Oppnnent |WJ'L ‘Scure

Sept. 17 [PITTSEURGH [w  [27-24

|Sept. 24 [METMMESOTA [w 217 Worldwide Sugar Sites

[Oct 1 |Cleveland i3 |25-7 Links by Country Prices, Reports & Subscriptions
‘Oct 8 |Dﬂnnesota |W ‘28-0 Lirlks to worldwide sugar indnemy sies .. Sugar Funmes, Physical, Howre...

et 15 [17.7. GLawTS i3 21-10 riculture Equipment & Machinery

[Oct. 22 [PEILADELFHIA L 43-7 P, Seed, Agriputs. e Mnditzing, roassne

[Oct. 28 4., Glants [w  [17-18 Processing & Refini Financial Services

[Mov. 5 [sT. Loms L 31-17 Suger Cans Bl Suger Bt Bovwcers., Sger Egert/poet, P, e,
[Mov. 12 [Pittsburgh L 377 Lraders & Brokers Associations & Organisations
‘Nov. 19 |WASH:|‘_NGTON |T ‘23_23 Phyrsical, International, Futures Consumers, Trade Bodies, Pradusers
[Nov. 26 [Phiadelphia L 35-13 Logistics & Packing Indusirial Sugar Users

[Dec. 3 |CLEVELAND i3 38-17 Supervision, Bags, Shipping. Confectionery, Beverages..
[Dec. 10 [st Touis i3 [31-13 Govermment & Poliey Research & Teckntical

[Dec. 17 [Wrashingson i3 [34-24 Envitonment, T ariffs, Health, Trade.. Trade, Field, History, Factory...

(@)

Figure 2. Examples of correctl y classified tables:

1999 Annual Statistical Review
+ 1999 Key Observations

Table 1
Table 2
Table 3
Table 4
Table 5
Table &

Dew vs. Follow-on Investments

nvestrments by Stage of Developrent

Venture Capital Investrment Activity by Revenue of Investees
Venture Capital Investment by Sector

Venture Capital Investment Activity by Investee Location
Venture Capital Investrent Activity by Number of Empl

in Investee Compani

Table 7

MNumber of Investrnents and Amount Invested, Private vs Public Companies

Table 8
Table 3
Table 10

Venture Capital Investrnent Activity by Fortn of Investment
Venture Capital Industry Resources and Liquidity
Profile of Respandents

Investers and Shareholders
Lisa Ewbank

Cadence Design Systems, Inc
(408) 544-7100 (408) 944-7684
wrvestor relations@cadence. com afoster

Andy Foster

cadence.com

()

Figure 3. Examples of misc lassified tables: (a), (b) Genuine tables misc lassified as non-g enuine; (c),

Mledia and Industry Analysts

Cadence Design Systems, Inc.

(b)

(a) a genuine table; (b) a Non-genuine table.

Sample Toxdcity in Archangel Region

Sampling place Tozicity, ng'kg
Dump heap in Archangel 44

Dump heap 20 km off Archangel 347

At farnture Bactory 22

Dump heap n Novodvinsk 04

Zotl at chlorine plant 52

Zoil at thermal power plant 04

At Lenin LDE plant 767

Seil at settlement of Rilcasikha 15

Apgent & Broker
Claims

Consilting, Litigation &
Expert Witness

Excess/Surplus/Specialty
Lines

Information Technology
International Insurance

Laoss Control

(b)

Personal Lines
Eegulatory & Legislative

Eemsurance

Eisk MManagement

senior Eesource
Total Quality
Underwnting

(d)

(d) Non-g enuine tables misc lassified as genuine.
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arewithin one<TD> tag. Its authorused<p> tagsto putthemin differentrows. This pointsto theneedfor amore
carefullydesignedseudo-renderingrocess.

Figure3(c) shavs a non-genuingablemisclassifiedasgenuine A closeexaminationrevealsthatit indeedhas
goodconsisteng alongtherow direction. In fact, onecould even amguethatthis is indeeda genuinetable,with
implicit row header®f Title, Name CompanyAffiliation andPhoneNumber This exampledemonstratesne of
the mostdifficult challengesn table understandingnamelythe ambiguousatureof mary tableinstancegsee
[12] for amoredetailedanalysison that).

Figure 3(d) was also misclassifiedas a genuinetable. This is a casewherelayout featuresandthe kind of
shallav contentfeatureswve usedarenot enough- deepeisemanticanalysiswould be neededn orderto identify
thelack of logical coherencevhich makesit a non-genuingable.

For comparisonwe testedthe previously developedrule-basedsystem[2] on the samedatabase The initial
results(shavn in Table3 under‘Original Rule Based”)werevery poor After carefully studyingtheresultsfrom
the initial experimentwe realizedthat mostof the errorswere causedby a rule imposinga hardlimit on cell
lengthsin genuinetables.After deletingthatrule therule-basedystemachieved muchimproved results(shavn
in Table3 under“Modified Rule Based”). However, the proposednachinelearningbasedmnethodstill performs
considerablybetterin comparison.This demonstratethat systemsasedon hand-craftedulestendto be brittle
anddo not generalizevell. In this case gvenafter carefulmanualadjustmentn a newv databaseit still doesnot
work aswell asanautomaticallytrainedclassifier

Original RuleBased| Modified RuleBased
R (%) 48.16 95.80
P (%) 75.70 79.46
F (%) 61.93 87.63

Table 3. Experimental results of the rule based system.

A directcomparisorio otherpreviousresults([1], [4]) is not possiblecurrentlybecaus®f thelack of accesso
their system.However, our testdatabasés clearly moregeneralandfar largerthanthe onesusedin [1] and[4],
while our precisionandrecallratesarebothhigher

6 Conclusionand Future Work

Tabledetectiorin webdocumentss aninterestingandchallengingproblemwith mary applicationsWe present
amachindearningbasedabledetectioralgorithmfor HTML documentsLayoutfeaturesgcontenttypefeatures
andword groupfeatureswere usedto constructa featuresetanda tree classifierwasbuilt usingthesefeatures.
For the mostcomplex word group feature,we investigatedhreealternatves: vector spacebased haive Bayes
basedandweightedK nearesnheighborbased We alsodesigneda novel tablegroundtruthing protocolandused
it to constructa large webtablegroundtruth databaséor trainingandtesting.Experiment®n this large database
yieldedvery promisingresultsandreconfirmedheimportanceof combininglayoutandcontentfeaturedor table
detection.

Our future work includeshandlingmore differentHTML stylesin pseudo-renderingletectingtabletitles of
therecognizedjenuinetablesanddevelopinga machindearningbasedableinterpretatioralgorithm. We would
alsolike to investigatevaysto incorporatedeepetanguagenalysisfor bothtabledetectiorandinterpretation.
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