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Abstract

Tableis a commonlyusedpresentationscheme, especiallyfor describingrelational information.Tableunder-
standingon the webhasmanypotentialapplicationsincluding webmining, knowledge management,and web
contentsummarizationanddeliveryto narrow-bandwidthdevices.Althoughin HTML documentstablesare gen-
erally marked as<TABLE> elements,oftenthe<TABLE> tag is usedliberally to achieve multi-columnlayout
effectsrather thanto presentralational information. In otherwords,a <TABLE> tag doesnot necessarilyindi-
catethe presenceof a genuinerelational table. Thusthe importantfirst stepin table understandingin the web
domainis thedetectionof thegenuinetables.

In our earlier work we designeda basic rule-basedalgorithm to detectgenuinetablesin major news and
corporatehomepagesaspart of a webcontentfiltering system.In this paperweinvestigatea machine learning
basedapproach that is trainableand thuscan be automaticallygeneralized to including any domain. Various
features reflectingthe layout as well as contentcharacteristicsof tablesare explored. Thesystemis teston a
large databasewhich consistsof

���������
HTML files collectedfrom hundredsof different websitesfrom various

domainsandcontains
�������
	�	

leaf<TABLE> elements,outof which
����	���


are genuinetables.Experimentswere
conductedusingthecrossvalidationmethod.Themachinelearningbasedapproach outperformedtherule-based
systemandachievedanF-measure of

�����������
.

1 Intr oduction

Theincreasingubiquityof theInternethasbroughtaboutaconstantlyincreasingamountof onlinepublications.
As a compactandefficient way to presentrelationalinformation,tablesareusedfrequentlyin web documents.
Sincetablesareinherentlyconciseaswell asinformationrich, the automaticunderstandingof tableshasmany
applicationsincluding knowledgemanagement,informationretrieval, web mining, summarization,andcontent
delivery to mobile devices. The processesof table understandingin web documentsinclude table detection,
functionalandstructuralanalysisandfinally tableinterpretation[3].

In thispaper, weconcentrateon theproblemof tabledetection.Thewebprovidesuserswith greatpossibilities
to usetheir own style of communicationandexpressions.In particular, peopleusethe<TABLE> tag not only
for relationalinformationdisplaybut alsoto createany typeof multiple-columnlayoutto facilitateeasyviewing,
thusthepresenceof the<TABLE> tagdoesnotnecessarilyindicatethepresenceof a truerelationaltable.In this
paper, wedefinegenuinetablesto bedocumententitieswhereatwo dimensionalgrid is semanticallysignificantin
conveying the logical relationsamongthecells [2]. Conversely, Non-genuinetablesaredocumententitieswhere
<TABLE> tagsareusedasa mechanismfor groupingcontentsinto clustersfor easyviewing only. Figure1 gives



Figure 1. Examples of genuine and non-g enuine tables.

a few examplesof genuineandnon-genuinetables.While genuinetablesin webdocumentscouldalsobecreated
without theuseof <TABLE> tagsat all, we do not considersuchcasesin this articleasthey seemvery rarefrom
our experience.Thus, in this study, Table detectionrefersto the techniquewhich classifiesa documententity
enclosedby the<TABLE></TABLE> tagsasagenuineor non-genuinetable.

Severalresearchershave reportedtheir work on webtabledetection[1, 3, 4]. In [1], Chenet.al. usedheuristic
rulesandcell similaritiesto identify tables.They testedtheir tabledetectionalgorithmon

�����
tablesfrom airline

informationweb pagesandachieved an F-measureof
��������
��

. Yoshidaet.al. proposeda methodto integrate
WWW tablesaccordingto thecategoryof objectspresentedin eachtable[4]. Theirdatasetcontains

�����������
table

tagsgatheredfrom theweb. They estimatedtheir algorithmparametersusingall of tabledataandthenevaluated
algorithmaccuracy on

��	��
of thetables.TheaverageF-measurereportedin theirpaperis

�����������
.

In ourearlierwork, weproposedarule-basedalgorithmfor identifyinggenuinelytabular informationaspartof
a webcontentfiltering systemfor contentdelivery to mobiledevices[2]. Thealgorithmwasdesignedfor major
news andcorporateweb site homepages.It wastestedon

	��
web site front-pagesandachieved an F-measure

of
������
����

. While it workedreasonablywell for thesystemit wasdesignedfor, it hasthedisadvantagethat it is
domaindependentanddifficult to extendbecauseof its relianceonhand-craftedrules.

To summarize,previousmethodsfor webtabledetectionall reliedon heuristicrulesandwereonly testedon a
databasethatis eitherverysmall[2], or highly domainspecific[1]. HurstmentionedthataNaive Bayesclassifier
algorithmproducedadequateresultsbut nodetailedalgorithmandexperimentalinformationwasprovided[3].

In this paper, we proposea new machinelearningbasedapproachfor tabledetectionfrom genericwebdocu-
ments.While many learningalgorithmshave beendevelopedandtestedfor documentanalysisandinformation
retrieval applications,thereseemsto be strongindicationthat gooddocumentrepresentationincluding feature
selectionis moreimportantthanchoosinga particularlearningalgorithm[14]. Thusin this work our emphasisis
on identifying featuresthatbestcapturethecharacteristicsof a genuinetablecomparedto a non-genuineone. In
particular, we introduceasetof novel featureswhich reflectthelayoutaswell ascontentcharacteristicsof tables.
Thesefeaturesarethenusedin a treeclassifiertrainedon thousandsof examples.To facilitatethe trainingand
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evaluationof the tableclassifier, we designeda novel webdocumenttablegroundtruthingprotocolandusedit
to build a largetablegroundtruth database.Thedatabaseconsistsof

���������
HTML files collectedfrom hundreds

of differentwebsitesandcontains
�������
	�	

leaf<TABLE> elements,out of which
����	���


aregenuinetables.Ex-
perimentson thisdatabaseusingthecrossvalidationmethoddemonstratea significantperformanceimprovement
over thepreviouslydevelopedrule-basedsystem.

The restof the paperis organizedasfollows. We describeour featureset in Section2, followed by a brief
descriptionof the decisiontreeclassifierin Section3. In Section4, we presenta novel tablegroundtruthing
protocoland explain how we built our database.Experimentalresultsare then reportedin Section5 and we
concludewith futuredirectionsin Section6.

2 Featuresfor WebTableDetection

Featureselectionis a crucial stepin any machinelearningbasedmethods. In our case,we needto find a
combinationof featuresthattogetherprovidesignificantseparationbetweengenuineandnon-genuinetableswhile
at the sametime constrainthe total numberof featuresto avoid the curseof dimensionality. Pastresearchhas
clearly indicatedthat layoutandcontentaretwo importantaspectsin tableunderstanding[3]. Our featureswere
designedto capturebothof theseaspects.In particular, we developed

���
featureswhich canbecategorizedinto

threegroups:sevenlayoutfeatures,eightcontenttypefeaturesandonewordgroupfeature.In thefirst two groups,
weattemptto capturetheglobalcompositionof tablesaswell astheconsistency within thewholetableandacross
rowsandcolumns.With thelastfeature,weinvestigatethediscriminative powerof wordsenclosedin tablesusing
well developedtext categorizationtechniques.

Beforefeatureextraction,eachHTML documentis first parsedinto adocumenthierarchytreeusingJavaSwing
XML parserwith W3C HTML 3.2 DTD [2]. A <TABLE> nodeis saidto bea leaf table if andonly if thereare
no<TABLE> nodesamongits children[2]. Ourexperienceindicatesthatalmostall genuinetablesareleaf tables.
Thusin this studyonly leaf tablesareconsideredcandidatesfor genuinetablesandarepassedon to the feature
extractionstage.In thefollowing wedescribeeachfeaturein detail.

2.1 Layout Features

In HTML documents,althoughtagslike<TR> and<TD> (or <TH>) maybeassumedto delimit tablerowsand
tablecells,they arenotalwaysreliableindicatorsof thenumberof rowsandcolumnsin a table.Variationscanbe
causedby spanningcellscreatedusing<ROWSPAN> and<COLSPAN> tags. Othertagssuchas<BR> couldbe
usedto move contentinto thenext row. Thereforeto extractlayoutfeaturesreliablyonecannot simplycountthe
numberof <TR>’sand<TD>’s. For thispurpose,wemaintainamatrix to recordall thecell spanninginformation
andserveasapseudorenderingof thetable.Layoutfeaturesbasedonrow or columnnumbersarethencomputed
from thismatrix.

Givena table � , wecomputethefollowing four layoutfeatures:� (1) and(2): Averagenumberof columns,computedastheaveragenumberof cellsperrow, andthestandard
deviation.� (3) and(4): Averagenumberof rows,computedastheaveragenumberof cellspercolumn,andthestandard
deviation.

Sincethemajorityof tablesin webdocumentscontaincharacters,wecomputethreemorelayoutfeaturesbased
oncell lengthin termsof numberof characters:� (5) and(6): Averageoverall cell lengthandthestandarddeviation.� (7): AverageCumulativelengthconsistency, � �!� .
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Thelastfeatureis designedto measurethecell lengthconsistency alongeitherrow or columndirections.It is
inspiredby the fact thatmostgenuinetablesdemonstratecertainconsistency eitheralongtherow or thecolumn
direction,but usuallynot both,while non-genuinetablesoftenshow no consistency in eitherdirection.First, the
averagecumulative within-row lengthconsistency, � �!�#" , is computedasfollows. Let thesetof cell lengthsof
thecells from row $ be %'& , $)( ���*�*�*����+

(consideringonly non-spanningcells),andthe themeancell lengthfor
row % & be , & :

1. Computecumulative lengthconsistency within each% & : �-�!� & (/.103254�687��9� 0:2 . Here �!� 0:2 is definedas:�!� 032 ( 
����';=<
, where

< (>,?$3@BADC 0:25EGF!7 CF!7 ������
�H
. Intuitively, �!� 0:2 measuresthe degreeof consistency

betweenIKJ andthemeancell length,with
;L
����

indicatingextremeinconsistency and

����

indicatingextreme
consistency. Whenmostcellswithin % & areconsistent,thecumulativemeasure� �9� & is positive, indicating
amoreor lessconsistentrow.

2. Take theaverageacrossall rows: � �9�#"9(NM" . "&PO M �-�!� & .
After the within-row length consistency � �!�#" is computed,the within-column length consistency � �9� 0

is computedin a similar manner. Finally, the overall cumulative length consistency is computedas � �9�Q(RTSVUXW �-�!� " � � �!� 0�Y .
2.2 Content TypeFeatures

Web documentsare inherentlymulti-mediaand hasmore typesof contentthan any traditional documents.
For example,the contentwithin a <TABLE> elementcould includehyperlinks,images,forms, alphabeticalor
numericalstrings,etc. Becauseof the relationalinformationit needsto convey, a genuinetable is morelikely
to containalphaor numericalstringsthan,say, images. The contenttype featurewasdesignedto reflectsuch
characteristics.

Wedefinethesetof contenttypesZ[(\A�] RTS�^�_ �a`Gb�c R �adLe
f _ c�gihPjlkl�amng5fpo S�qr_*s hPt S gu�avwh ^ h s �ax R f s ey��z s o _ c�{|H . Our
contenttypefeaturesinclude:� (1) - (7): Thehistogramof contenttypefor agiventable.Thiscontributes

	
featuresto thefeatureset;� (8): Averagecontenttypeconsistency, �w�w� .

Thelastfeatureis similar to thecell lengthconsistency feature.First,within-row contenttypeconsistency �w�w�#"
is computedasfollows. Let thesetof cell typeof thecellsfrom row $ as Z�& , $B( ���*�*�*����+ (again,consideringonly
non-spanningcells),andthedominanttypefor Z & be

< � & :
1. Computethe cumulative type consistency with eachrow % & , $T( ���*�*�*����+

: �w�w� & ( .10:}u4�687 < , where< ( � if IK~ is equalto
< � & and

< ( ;�� , otherwise.

2. Take theaverageacrossall rows: �n�w�#"�( M" . "&PO M �n� � & .
Thewithin-columntypeconsistency is thencomputedin asimilarmanner. Finally, theoverall cumulative type

consistency is computedas: �w�w��( R'SVUXW �w�w�#" � �w�w� 0 Y .
2.3 Word Group Feature

If we look at theenclosedtext in a tableandtreatit asa “mini-document”,tableclassificationcouldbeviewed
asa text categorizationproblemwith two broadcategories: genuinetablesandnon-genuinetables. In orderto
explore the thepotentialdiscriminative power of tabletext at theword level, we experimentedwith several text
categorizationtechniques.
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Text categorizationis a well studiedproblemin theIR communityandmany algorithmshave beendeveloped
over the years(e.g.,[7, 8]). For our application,we areparticularlyinterestedin algorithmswith the following
characteristics.First, it hasto beableto handledocumentswith dramaticallydiffering lengths(sometablesare
very shortwhile otherscanbe morethana pagelong). Second,it hasto work well on collectionswith a very
skeweddistribution (therearemany morenon-genuinetablesthangenuineones).Finally, sincewe arelooking
for a featurethatcanbeincorporatedalongwith otherfeatures,it shouldideallyproducea continuousconfidence
scoreratherthana binarydecision.In particular, we experimentedwith threedifferentapproaches:vectorspace,
naive BayesandweightedkNN. Thedetailsregardingeachapproacharegivenbelow.

2.3.1 Vector SpaceApproach

After morphing[10] andremoving the infrequentwords,we obtainthe setof wordsfound in the training data,�
. We thenconstructweightvectorsrepresentinggenuineandnon-genuinetablesandcomparethatagainstthe

frequency vectorfrom eachnew incomingtable.
Let � representthenon-negative integerset.Thefollowing functionsaredefinedonset

�
.�����X��� � � � , where���X�9W�� & Y is thenumberof genuinetableswhich includeword � & , $�( ���*�5�5�5��� � � ;� ~ � � � ��� � , where~ � � W�� & Y is thenumberof timesword � & , $B( ���*�5�5�5��� � � , appearsin genuinetables;�����X��� ��� � , where���X��W�� & Y is thenumberof non-genuinetableswhich includeword � & , $B( ���*�5�5�5��� � � ;� ~ � � � � � � , where ~ � � W�� & Y is thenumberof timesword � & , $ ( ���*�5�5�5��� � �

, appearsin non-genuine
tables.� ~ ����� ��� � , where~ ���8W�� & Y is thenumberof timesword � & , � &�� � appearsin anew testtable.

Tosimplify thenotations,in thefollowing discussion,wewill use���X�& , ~ �X�& , ���X�& and~ �X�& to represent���X�9W�� & Y ,~ � � W�� & Y , ��� � W�� & Y and ~ � � W�� & Y , respectively.
Let � � , � � be thenumberof genuinetablesandnon-genuinetablesin the training collection,respectively

andlet �[( RTSVUXW � � � � � Y . Without lossof generality, we assume� ���( 
 and � ���( 
 . For eachword � & in�
, $B( ���*�5�5�5��� � � , two weights,� �& and� �& arecomputed:

� �& ( ���� ~ � �& Ju �¡ W|¢5£�¤7� ¤ �!¥¢5£ ¥7§¦ � Y � ¨)o _ j ��� �& �( 
~ � �& Ju �¡ W|¢5£�¤7� ¤ � ¦ � Y � ¨)o _ j ��� �& ( 
 (1)

� �& ( �� � ~ � �& Ju �¡ W|¢©£ ¥7� ¥ � ¤¢©£�¤7 ¦ � Y � ¨)o _ j ��� �& �( 
~ �X�& Ju �¡ W ¢©£ ¥7� ¥ � ¦ � Y � ¨)o _ j ���X�& ( 
 (2)

As canbeseenfrom the formulas,thedefinitionsof theseweightswerederived from the traditional ~ �?ª $ ���
measuresusedin informationalretrieval ([7]), with someadjustmentsmadefor theparticularproblemat hand.

Givena new incomingtable,let usdenotethesetincludingall thewordsin it as
�¬«

. Since
�

is constructed
usingthousandsof tables,thewordsthatarepresentin both

�
and

� «
areonly a smallsubsetof

�
. Basedon

the vectorspacemodel,we definethe similarity betweenweight vectorsrepresentinggenuineandnon-genuine
tablesand the frequency vector representingthe incoming tableas the correspondingdot products. Sincewe
only needto considerthe words that arepresentin both

�
and

�¬«
, we first computethe effectiveword set:�®­ ( �°¯±�¬«

. Let thewordsin
�®­

berepresentedas � F!² , where,´³ ��µ ( ���*�5�5�5��� �®­ � , areindexesto thewords
from set

� (\A � M � �·¶ �*�5�5�5� � C ¸¹C H . wedefinethefollowing vectors:
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� Weightvectorrepresentingthegenuinetablegroup: º»-¼ (>½D¾ ¤¿ÁÀÂ � ¾ ¤¿XÃÂ �*Ä*Ä*ÄD� ¾ ¤¿�Å Æ8Ç�ÅÂ È , where É is thecosine

normalizationterm: ÉÊ(ÌË . C ¸ Ç C³ O M � �F9²-Í � �F9² .� Weightvectorrepresentingthe non-genuinetablegroup: º� ¼ (Î½Ï¾ ¥¿ÁÀÐ � ¾ ¥¿XÃÐ �*Ä*Ä*ÄD� ¾ ¥¿�Å Æ8Ç�ÅÐ È , where Ñ is the

cosinenormalizationterm: Ñ\(ÌË . C ¸ Ç C³ O M � �F9²�Í � �F!² .� Frequency vectorrepresentingthenew incomingtable: ºÒ � (NÓ*~ � �F À � ~ � �F Ã �*Ä*Ä*ÄD� ~ � �F Å Æ Ç ÅÕÔ .

Finally, thewordgroupfeatureis definedastheratioof thetwo dotproducts:

ÖØ×KÙ (
�ÚÚÚ� ÚÚÚ�ÜÛÝ:Þpß Û�XàÛÝ:Þ�ß Û�Ïà

� ¨)o _ j ºÒ � Ä º� ¼ �( 
��� ¨)o _ j ºÒ � Ä º» ¼ ( 
 S jpá ºÒ � Ä º� ¼ ( 
�*
�� ¨)o _ j ºÒ � Ä º»-¼ �( 
 S jpá ºÒ � Ä º� ¼ ( 
 (3)

2.3.2 Naive Bayesapproach

In theBayesianlearningframework, it is assumedthat text datahasbeengeneratedby a parametricmodel,and
a setof training datais usedto calculateBayesoptimal estimatesof the modelparameters.Then,usingthese
estimates,Bayesrule is usedto turn thegenerative modelaroundandcomputetheprobabilityof eachclassgiven
aninputdocument.

Word clusteringis commonlyusedin a Bayesapproachto achieve morereliableparameterestimation. For
this purposewe implementedthedistributional clusteringmethodintroducedby Baker andMcCallum[9]. First
stopwordsandwordsthatonlyoccurin lessthan0.1%of thedocumentsareremoved.Theresultingvocabularyhas
roughly

��
�
�

words. Thendistribution clusteringis appliedto groupsimilar wordstogether. Herethesimilarity

betweentwo words � } and � Ù is measuredasthesimilarity betweentheclassvariabledistributionsthey induce:â W � � � } Y and
â W � � � Ù Y , andcomputedastheaverageKL divergencebetweenthetwo distributions. (see[9] for

moredetails).
Assumethewholevocabulary hasbeenclusteredinto ã clusters.Let � Ù representa word cluster, and �ä(A*¡ � @ H representthesetof classlabels( ¡ for for genuine,@ for non-genuine),theclassconditionalprobabilities

are(usingLaplacianprior for smoothing):â W�� Ù � �\(=¡ Y ( ~ �X�9W�� Ù Y ¦ �ã ¦ .�å&5O M ~ � � W�� & Y�æ (4)

â W�� Ù � �§(ç@ Y ( ~ �X�èW�� Ù Y ¦ �ã ¦ . å&5O M ~ � � W�� & Y � (5)

Theprior probabilitiesfor thetwo classesare:
â W �§(ç¡ Y ( � ¤� ¤pé � ¥ and

â W �§(ç@ Y ( � ¥� ¤�é � ¥ .
Given a new table � & , let � &ëê ³ representthe

µ
th word cluster. Basedon the Bayesassumption,the posterior
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probabilitiesarecomputedas:â W �ì(í¡ � � & Y ( â W �§(ç¡ Y â Wu� & � �\(=¡ Yâ Wu� & Y (6)î â W �§(ç¡ Ylï C ¢ 7 C³ O M â W�� &�ê ³ � �\(=¡ Yâ Wu� & Y æ (7)â W �§(ç@ � � & Y ( â W �§(1@ Y â Wu� & � �§(1@ Yâ Wu� & Y (8)î â W �§(1@ Y ï C ¢ 7 C³ O M â W�� &ëê ³ � �§(1@ Yâ Wu� & Y �
(9)

Finally, thewordgroupfeatureis definedastheratiobetweenthetwo:Ö «�ð ( â W �\(=¡ Yâ W �\(ç@ Y ï C ¢ 7 C³ O M â W�� &ëê ³ � �§(ç¡ Yï C ¢ 7 C³ O M â W�� &�ê ³ � �\(ç@ Y � (10)

( � �� � C ¢ 7 Cñ³ O M
â W�� &�ê ³ � �\(=¡ Yâ W�� &�ê ³ � �\(ç@ Y � (11)

2.3.3 WeightedkNN Approach

kNN standsfor k-nearestneighborclassification,awell known statisticalapproach.It hasbeenappliedextensively
to text categorizationandis oneof the top-performingmethods([8]). Its principle is quite simple: given a test
document,thesystemfindsthek nearestneighborsamongthetrainingdocuments,andusesthecategory labelsof
theseneighborsto computethelikelihoodscoreof eachcandidatecategory. Thesimilarity scoreof eachneighbor
documentto the testdocumentsis usedastheweight for thecategory it belongsto. Thecategory receiving the
highestscoreis thenassignedto thetestdocument.

In our applicationthe above procedureis modifiedslightly to generatethe word groupfeature. First, for ef-
ficiency purpose,the samepreprocessingandword clusteringoperationsasdescribedin the previous sectionis
applied,which resultsin ã wordclusters.Theneachtableis representedby an ã dimensionalvectorcomposed
of thetermfrequenciesof the ã wordclusters.Thesimilarity scorebetweentwo tablesis definedto bethecosine
value( ò 
����Kó ) betweenthe two correspondingvectors.For a new incomingtable � & , let the

µ
training tablesthat

aremostsimilar to � & berepresentedby � &�ê ô �3õ ( ���*�5�5�5��µ
. Furthermore,let ö�$:, Wu� & � � &ëê ô Y representthesimilarity

scorebetween� & and � &�ê ô , and � Wu� &�ê ô Y equals
����


if � &�ê ô is genuineand
;�����


otherwise,theword groupfeatureis
definedas: Ö ³ «�« ( . ³ôKO M � Wu� &�ê ô Y ö�$:, Wu� & � � &�ê ô Y. ³ôKO M ö�$:, Wu� & � � &�ê ô Y �

(12)

3 ClassificationScheme

Variousclassificationschemeshavebeenwidely usedin webdocumentprocessingandprovedto bepromising
for webinformationretrieval [13]. For thetabledetectiontask,wedecidedto useadecisiontreeclassifierbecause
of the highly non-homogeneousnatureof our features. Anotheradvantageof usinga treeclassifieris that no
assumptionsof featureindependencearerequired.

An implementationof thecontinuous-valueddecisiontreedescribedin [5] wasusedfor our experiments.The
decisiontreeis constructedusinga trainingsetof featurevectorswith trueclasslabels.At eachnode,a discrim-
inant thresholdis chosensuchthat it minimizesan impurity value. The learneddiscriminantfunctionsplits the
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trainingsubsetinto two subsetsandgeneratestwo child nodes.Theprocessis repeatedat eachnewly generated
child nodeuntil a stoppingconditionis satisfied,andthenodeis declaredasa terminalnodebasedon a majority
vote. The maximumimpurity reduction,the maximumdepthof the tree,andminimum numberof samplesare
usedasstoppingconditions.

At thetestingstage,afeaturevectoris theinputto adecisiontree,adecisionis madeateverynon-terminalnode
asto whatpaththe featurevectorwill take. This processis continueduntil the featurevectorreachesa terminal
nodeof thetree,wheretheassociatedclassis assignedto it.

4 Data Collection and Ground Truthing

Sincethereareno publicly availableweb tablegroundtruth database,researcherstestedtheir algorithmsin
differentdatasetsin thepast[1, 2, 4]. However, their datasetseitherhadlimited manuallyannotatedtabledata
(e.g.

�����
tabletagsin [1],

	��
HTML pagesin [2],

��	��
manuallyannotatedtabletagsin [4]), or werecollected

from somespecificdomains,(e.g. a setof tablesselectedfrom airline informationpageswereusedin [1]). To
developourmachinelearningbasedtabledetectionalgorithm,weneededto build ageneralwebtablegroundtruth
databaseof significantsize.

Insteadof working within a specificdomain,our goal of datacollectionwas to get tablesof as many dif-
ferent varietiesas possiblefrom the web. To accomplishthis, we composeda set of key words likely to in-
dicatedocumentscontainingtablesand usedthosekey words to retrieve and download web pagesusing the
Googlesearchengine. Threedirectorieson Googleweresearched:the businessdirectoryandnews directory
usingkey words: A table, stock, bonds, figure, schedule, weather, score, service,
results, value

H
, andthe sciencedirectoryusingkey words A table, results, value

H
. A total of���������

webpagesweredownloadedin thismannerandwegroundtruthed
���������

HTML pagesoutof these(chosen
randomlyamongall theHTML pages).

To facilitatetableground-truthingwe createda new DocumentTypeDefinition(DTD) which is a supersetof
W3C HTML 3.2 DTD. Threeattributeswereaddedfor <TABLE> element:“tabid”, “genuinetable” and“table
title”. Thepossiblevalueof thesecondattributeis yesor noandthevalueof thefirst andthird attributesis astring.
Weusedthesethreeattributesto recordthegroundtruthof eachleaf<TABLE> node.Thebenefitof thisdesignis
thatthegroundtruth datais insideHTML file format. We canuseexactly thesameparserto processtheground
truthdataastheoneusedto processun-labeledHTML pages.

A graphicaluserinterfacefor web tablegroundtruthing wasdevelopedusing the Java [11] language.The
interfacecontainstwo windows. After readinganHTML file, thehierarchyof theHTML file is shown in theleft
window. Whenanitem is selectedin thehierarchy, theHTML sourcefor theselecteditem is shown in theright
window. Theusercanthensetthe“genuinetable”attributeandtypein thetabletitle whenthereis one.

Thefinal tablegroundtruthdatabasecontains
���������

HTML pagescollectedfrom around
��
�


websites.There
area totalof

�|�l����
��
<TABLE> nodes,including

�������
	�	
leaf<TABLE> nodes.Outof the

�������
	�	
leaf<TABLE>

nodes,
����	���


are genuinetablesand
����	���	

are non-genuinetables. Not every genuinetable hasits title and
only

������
��
genuinetableshave tabletitles. We alsofoundat least

�����
HTML files have unmatched<TABLE>,

</TABLE> pairsor wronghierarchy, whichdemonstratesthenoisynatureof webdocuments.

5 Experiments

A hold-outmethodis usedto evaluateourtableclassifier. Werandomlydividedthedatasetinto nineparts.The
decisiontreewastrainedon eightpartsandthentestedon the remainingonepart. This procedurewasrepeated
ninetimes,eachtimewith a differentchoicefor thetestpart.Thenthecombinedninepartresultsareaveragedto
arrive at theoverallperformancemeasures[5].

Theoutputof theclassifieris comparedwith thegroundtruth anda contingency tableis computedto indicate
thenumberof a particularclasslabelthatareidentifiedasmembersof oneof two classes.Thepossibletrue-and
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detected-statecombinationsareshown in Table1. ThreeperformancemeasuresRecallRate(R), PrecisionRate(P)
andF-measure(F) arecomputedasfollows:÷ ( �èøaø�èøaø ¦ �èø « â ( �èøaø�èøaø ¦ � « ø ù ( ÷ ¦ â� �

True
Class

AssignedClass
genuinetable non-genuinetable

genuinetable �èøaø �èø «
non-genuinetable � « ø � «V«

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

For comparisonamongdifferent featureswe report the performancemeasureswhen the bestF-measureis
achieved. Theresultsof the tabledetectionalgorithmusingvariousfeaturesandfeaturecombinationsaregiven
in Table2. For boththenaive BayesbasedandthekNN basedwordgroupfeatures,120word clusterswereused
( ã�( ����
 ).

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,contenttypeandvectorspacebasedwordgroupfeatures.
LTW-NB: Layout,contenttypeandnaiveBayesbasedwordgroupfeatures.
LTW-KNN: Layout,contenttypeandkNN basedwordgroupfeatures.

Table 2. Experimental results using various feature groups

As seenfrom thetable,contenttypefeaturesperformedbetterthanlayoutfeaturesasasinglegroup,achieving
anF-measureof

�����������
. However, whenthe two groupswerecombinedtheF-measurewasimprovedsubstan-

tially to
�����ú	����

, reconfirmingtheimportanceof combininglayoutandcontentfeaturesin tabledetection.
Among the differentapproachesfor the word group feature,the vectorspacebasedapproachgave the best

performancewhencombinedwith layoutandcontentfeatures.Howeverevenin thiscasetheadditionof theword
groupfeaturebroughtaboutonly a very small improvement. This indicatesthat the text enclosedin tablesis
not very discriminative, at leastnot at the word level. Onepossiblereasonis that the categories“genuine”and
“non-genuine”aretoobroadfor traditionaltext categorizationtechniquesto behighly effective.

Overall, the bestresultswereproducedwith the combinationof layout, contenttype andvectorspacebased
word groupfeatures,achieving an F-measureof

�����������
. Figure2 shows two examplesof correctlyclassified

tables,whereFigure2(a)is a genuinetableandFigure2(b) is anon-genuinetable.
Figure3 shows a few exampleswhereour algorithmfailed. Figure3(a) wasmisclassifiedasa non-genuine

table, likely becauseits cell lengthsare highly inconsistentand it hasmany hyperlinkswhich is unusualfor
genuinetables. The reasonwhy Figure3(b) wasmisclassifiedas non-genuineis more interesting. Whenwe
lookedat its HTML sourcecode,wefoundit containsonly two<TR> tags.All text stringsin onerectangularbox
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(a) (b)

Figure 2. Examples of correctl y classified tables: (a) a genuine table; (b) a Non-g enuine table.

(a) (b)

(c) (d)

Figure 3. Examples of misc lassified tables: (a), (b) Genuine tables misc lassified as non-g enuine; (c),
(d) Non-g enuine tables misc lassified as genuine .
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arewithin one<TD> tag.Its authorused<p> tagsto putthemin differentrows. Thispointsto theneedfor amore
carefullydesignedpseudo-renderingprocess.

Figure3(c) shows a non-genuinetablemisclassifiedasgenuine.A closeexaminationrevealsthatit indeedhas
goodconsistency alongtherow direction. In fact,onecouldevenarguethat this is indeeda genuinetable,with
implicit row headersof Title, Name, CompanyAffiliation andPhoneNumber. This exampledemonstratesoneof
the mostdifficult challengesin tableunderstanding,namelythe ambiguousnatureof many tableinstances(see
[12] for amoredetailedanalysison that).

Figure3(d) wasalsomisclassifiedasa genuinetable. This is a casewherelayout featuresandthe kind of
shallow contentfeatureswe usedarenot enough– deepersemanticanalysiswouldbeneededin orderto identify
thelack of logicalcoherencewhichmakesit anon-genuinetable.

For comparison,we testedthe previously developedrule-basedsystem[2] on the samedatabase.The initial
results(shown in Table3 under“Original RuleBased”)werevery poor. After carefullystudyingtheresultsfrom
the initial experimentwe realizedthat mostof the errorswerecausedby a rule imposinga hard limit on cell
lengthsin genuinetables.After deletingthatrule therule-basedsystemachievedmuchimprovedresults(shown
in Table3 under“Modified RuleBased”).However, theproposedmachinelearningbasedmethodstill performs
considerablybetterin comparison.This demonstratesthatsystemsbasedon hand-craftedrulestendto bebrittle
anddo not generalizewell. In this case,evenaftercarefulmanualadjustmentin a new database,it still doesnot
work aswell asanautomaticallytrainedclassifier.

OriginalRuleBased ModifiedRuleBased
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 directcomparisonto otherpreviousresults([1], [4]) is notpossiblecurrentlybecauseof thelackof accessto
their system.However, our testdatabaseis clearlymoregeneralandfar larger thantheonesusedin [1] and[4],
while ourprecisionandrecallratesarebothhigher.

6 Conclusionand Future Work

Tabledetectionin webdocumentsis aninterestingandchallengingproblemwith many applications.Wepresent
a machinelearningbasedtabledetectionalgorithmfor HTML documents.Layoutfeatures,contenttypefeatures
andword groupfeatureswereusedto constructa featuresetanda treeclassifierwasbuilt usingthesefeatures.
For the mostcomplex word groupfeature,we investigatedthreealternatives: vectorspacebased,naive Bayes
based,andweightedK nearestneighborbased.Wealsodesignedanovel tablegroundtruthingprotocolandused
it to constructa largewebtablegroundtruthdatabasefor trainingandtesting.Experimentson this largedatabase
yieldedverypromisingresultsandreconfirmedtheimportanceof combininglayoutandcontentfeaturesfor table
detection.

Our futurework includeshandlingmoredifferentHTML stylesin pseudo-rendering,detectingtabletitles of
therecognizedgenuinetablesanddevelopinga machinelearningbasedtableinterpretationalgorithm.We would
alsolike to investigatewaysto incorporatedeeperlanguageanalysisfor bothtabledetectionandinterpretation.
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