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ABSTRACT

In this paperwe presentHearSay a systemfor browsing hyper
text Web documentsvia audio. The HearSaysystemis basedon
our novel approacho automaticallycreatingaudiobrowvsablecon-
tent from hypertext Web documents. It combinestwo key tech-
nologies: (1) automaticpartitioning of Web documentshrough
tightly coupledstructuralandsemanticanalysiswhich transforms
raw HTML documentsnto semanticstructuresso asto facilitate
audiobrowsing; and(2) VoiceXML, analreadystandardizedech-
nology which we adoptto representoice dialogs automatically
createdrom the XML outputof partitioning. This paperdescribes
the softwarecomponentsf HearSayandpresentaninitial system
evaluation.

Categoriesand Subject Descriptors

D.2.11 [Software Engineering]: Software Architectures;H.4.3
[Information SystemsApplications]: Communication®pplica-
tions—informationbrowses

General Terms
Algorithms, Design,Experimentation

Keywords

World Wide Web,HTML, VoiceXML, structuralinalysissemantic
analysisaudiobrowser, userinterface

1. INTRODUCTION

As the World Wide Web hasmatured,an enormousamountof
information, rangingfrom news to entertainmento scienti ¢ dis-
coveries,hasbeenmadereadily accessibldo the generalpublic.
RecentlyGoogleannouncedhatits searchenginehasindexed 4.3
billion WebpagesFurthermoreit is estimatedhatthe Webis still
constantlygrowing atarapidpace doublingin sizeevery 8 months.
However, mostWeb documentsaredesignedrimarily for graphi-
caldisplayandinteraction.This meanghatindividualswith visual
disabilitiesand/orhighly mobile individuals have reducedaccess
to themary resourceshe Web provides.

Creatingaudio browsable Web contenthas becomethe focus
of intensve researchefforts by industrial enterpriseqe.g., IBM,
AT&T, Microsoft) and standardizatiororganizations(e.g., W3C).
New markup languagessuch as VoiceXML [4] and SALT [3],
andnew voice brawsersystemssuchasIBM's WebSpheré/oice
Sener andLucentTechnologiesMiLife VoiceXML Gatevay, are
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emegingto facilitatethe creation publishing,andexchangeof au-
dio browsableWeb content.

However, adaptingto voice browsertechnologystill remainsa
signi cant burdenfor mary Web contentproviders.In orderto de-
liver their contentto differentbrowserswith differentvisual and
audiomodalities Webcontentprovidershave to designandencode
theirWebcontentin differentformsusingvariousstandardnarkup
languagesuchasHTML, VoiceXML, andWML [5] — atremen-
dousdevelopmentand maintenanceverhead. Suchdiversity in
contentformatshasbecomean obstacleto the wide adoptionof
voice browsertechnologyby Web contentproviders.

Although voice browsersthat canread HTML documentsex-
ist (e.g, [2]), they do not adequatelycorvey to usersthe logical
structureandsemanticof contentin Web documentsnor do they
provide userswith easywaysto selectwhich partsof a document
to listento. Consequentlyuserswho arevisually disabledand/or
mobilewastea considerabl@mountof time andattentionlistening
to irrelevantinformation.

Our goal is to develop intelligent systemsthat can enablepeo-
ple to interactdirectly, quickly, andeasilywith Web contentusing
non-visualmodalities,primarily audio. In this paperwe present
the HearSaysystem,a prototypeaudio Web browvserwe have de-
veloped.HearSayis basedon a novel technologypartitioning, for
structuraland semanticanalysisof HTML documents. HearSay
is completelyspeechdriven. It supportsinteractie exploratory
browsing presentingnformationaboutanHTML documentlog-
ical structureandcontentandpermittingusergo selectwhich parts
of the documento listento andwhento navigateto a new page.
Thekey ideasunderlyingthis systemare:

1. Novel structuralanalysistechniqueghat leveragethe struc-
turalannotation®f HTML documentgo partitionWebcon-
tentinto semanticunits, which are organizedandthen pre-
sentedo usersasa conceptierarcly (or partition treg. We
have alsodevelopedef cient heuristicsto identify semantic
labelsfor nodesn the partitiontree.

2. Novel semanticanalysistechniqueghataretightly coupled
with structuralanalysis.We uselexical associationslerived
from WordNet,combinedwith ontologiesto moreaccurately
separatesemanticunits andto assigninformative labelsto
partitions.In addition,we have proposedeffective heuristics
to propagte semanticassociationdasedon structuralcues
in HTML documentsfurtherimproving the performanceof
ourtechniques.

3. Template-basedutomaticVoiceXML dialog creationusing
partitiontrees.This permitson-the- y generatiorof dialogs
for efcient, userdirectedinteractve audio browsing. An



initial evaluationof this systermhasbeenconductedo demon-
strateits utility for real-life browsingtasksandidentify areas
for furtherimprovement.

The restof this paperis organizedasfollows. In Section2 we
discusgelatedwork. A usescenaricof the HearSaysystemis pre-
sentedin Section3. Section4 presentghe software architecture
of HearSayandgivesan overvien of our novel partitioningalgo-
rithms. In Section5 we describeaninitial systemevaluation. We
concluden Section6.

2. RELATED WORK

2.1 Audio Browsers

The issueof promotingWeb accessibilityfor personswith vi-
sualdisabilitieshasbecomencreasinglyprominent.ln 1997, W3C
launchedthe Web Accessibility Initiative (WAI) [26] to promote
the developmentof browserstandardsindguidelines(e.g., HTML
authoringguidelinesand authoringtool guidelines)to make the
Webmoreaccessibl¢o individualswith visualdisabilities.Similar
initiativeshave beendevelopedby industry: examplesinclude Mi-
crosoftsaccessibilityinitiative [29], IBM' s SpecialNeedsSystems
program[25], andSunMicrosystems Java accessibilityAPI [32].

Several studieshave highlightedthe ineffectivenessof existing
screerreaderdor Webbrowsingtaskg13, 19]. As aresult,several
specializedVebaudiobrovsershave beendeveloped[31, 27]. For
example,the JAWS [1] systemandIBM's Home PageReadel8,
7, 30] allow navigation via hyperlinks. The BrookesTalk system
usesNLP-basedext abstractingand summarizatiortechniquego
facilitate audio browsing of the Web [38]. Other systemspermit
VoiceXML browsingof Webpageq2].

HearSayis differentfrom thesesystemsn both scopeand ap-
proach. In particular HearSayperformsstructuraland semantic
analysisof HTML documentsindautomaticallycreated/oice XML
dialogsfromthepatrtitiontreest discovers facilitatingaudiobrows-
ing withoutinformationoverload.HearSaytakesa comprehensk,
content-basedpproachio audioWebbrowsing,giving greatere x-
ibility andusabilitywithout sacri cing performance.

Finally, we shouldpoint out that HearSaywill bene t not only
peoplewith visualdisabilitiesbut usersof small-formdevicessuch
asPDAs aswell.

2.2 WebPageAnalysis

The idea of analyzingWeb documentsn orderto make them
amenabldor browsing by personswith visual disabilitieswasex-
ploredin [33]. In this work, partsof HTML documentsieemed
“interesting” are marked by hand. The XPathsto theseselected
blocks are storedin a repository When the site sener receves
arequestfor a documentthe storedXPathsare matchedagainst
its correspondind®OM treeto extractthe “interesting”blocks. In
this approach|f the documentorganizationchangeghe annota-
tion mustbe redone.Otherresearcherbave proposedhe ideaof
extracting“interesting”contentusingsemantic$24]. Theproblem
with theseapproachess thattheidenti cation of “interesting”con-
tentis doneby hand(andsotakestime andis not easilyscalable),
andis site-speci c(andsonotgeneralizable).

A signi cant amountof researcthasbeendonerecentlyon the
topic of segmentingWeb documentq15, 16, 14, 10, 11, 36, 37].
Our technologydiffers from thesetechniquedn threeimportant
ways. First, thesetechniquesreeitherdomain-speci c[15, 14] or
dependnadhocinterpretatiorof a x edsetof HTML markupg16,
11, 36, 37, 10]. Our partitioningtechniquesanbe appliedto any
domain. Second,for thesetechniquego be robust, a substantial

amountof humaneffort hasto be spenton tuning systemparam-
eters(manually-codeantologieq15, 14] or hard-wiredthreshold
values[16, 11, 36]) for speci ¢ domains. Our structuralanalysis
techniquesarefully automatedanddomain-independeniyhile the
domain-dependemgart— semanticanalysis,andin particular la-

belingof partitions— canbeautomatedy trainingclassi ersand
mining ontologiesfrom the Web (seeSection6 for future work).

Finally, the problemof assigningsemantidabelsto partitionswas
notaddresseth [36, 37].

Someinterestingrecentresearcthasfocusedon enrichingWeb
documentswvith semantidabels[23, 21, 22, 12]. In [23, 21, 22]
powerful ontologymanagemergystemgorm thebackbonef sys-
temsthatsupporinteractiveannotatiorof HTML documentsThis
is in contrastto our approachwhereannotations automatic An-
otherautomaticapproacho Webdocumentnnotatioris described
in [12]. However, the techniquesproposedn [12] do not make
useof the structuralmarkupsof Web documents.Consequently
their partitioningalgorithmmay fail on content-richrHTML docu-
mentscontainingmultiple conceptandmultiple concepinstances
for eachconcept.

In summary our approachto partitioningand labeling of Web
pagesusedightly coupledautomaticstructuralandsemanticanal-
ysis techniquesto obtain concepthierarchies(or partition tree9
from HTML documents.

3. A USESCENARIO

In this sectionwe will illustrate the intendeduse of HearSay
Supposdlice is ablind studentwhois takinga classon currentaf-
fairs. SheoftenbrowsesnenspapeMeb sitesduringhercommute

Figure 1: New York TimesFront Page



<form id="home">
<field  name="choice">
<prompt>
Alice, please choose one of these:
Headline News. News. Opinion.  Exit.
</prompt>
<grammar> Headline News | News | Opinion | .. | Exit </grammar>
<filled>
<if cond="choice=="Headline News™><goto  next="#headline_news"/>
<elseif cond="choice=="News"/><goto next="#news"/>
<elseif cond="choice=="Opinion"/><goto next="#opinion"/>
<elseif ~ cond="choice=="Exit"/><exit/>
<[if>
<ffilled>
</field>
</form>

Figure 2: VoiceXML Dialog for New York TimesFront Page

in orderto prepareor in-classdiscussionsTodayshebrowsesthe
Web site of the New York Times (http://rytimes.com using her
cell phone. Alice choosedo useHearSays voice interface. First
shespeaksthe URL to HearSay After retrieving the New York
Timesfront page(seeFigure 1), HearSayperformsstructuraland
semanticanalysison this Web pageto determinesemanticallyre-
latedunitsin it. Theresultis a semantigartitiontreeasshowvn in
Figure3.

—— NEWS I—— Headline News
— International I Justices to ...
— National — By ...
[—— Washington I— The decision ...
I~ Business [— Text: Supreme ...
— Technology '— Complete ...
: — Among Saudis ...
—— OPINION — By ...
I— Editorials/Op-Ed —— The bombing ...
—— Reader's Opinions '—— Suspects ...

.
:

FEATURES —I—_Iraqi Tribes ...
—I_— Arts By ...

Figure 3: SemanticPartition Treefor Figure 1

Eachitem in a semanticpartition hasa label and a type (e.g.,
navigation link, text, form element). For instance,all the items
underthe partition labeled“NEWS” in Figure 3 are thoselinks
underthe “NEWS” catayory in the nens taxonomyof New York
Times (upperleft cornerin Figure1). Similarly, all the itemsin
thepartitionlabeled‘HeadlineNews” arethe headlinenews items
in the New York Times front page(centerportion of Figure 1).
Examplef suchitemsareshown in Figure3.

HearSayalso automaticallygenerates speechdialog interface
to the semantigoartitiontree. Part of a sampleVoiceXML dialog
for thepartitiontreein Figure3 is shavn in Figure2. Alice cannow
browsethis site usingaudio. HearSayreadsout the labelsof top-
level partitions(“NEWS”, “OPINION”, ..., “Headline News”, ...,
etc.),pausingorie y aftereachitem unlessAlice choosego speed
the systemup. Alice canpick anitem at ary time, by sayingthe
label or the partitionnumber If Alice says“News” (or “ltem 1”),
HearSayreadsout the labelandtype of eachitemin the “NEWS”
partition, including the fact thatall the itemsit containsarelinks,
andthe nameof eachlink. If Alice says‘Business”,HearSaywill
follow thislink to thebusinessectionof theNew York Times(Fig-
ure 4) and partition the resultingdocumentas shavn in Figure5

whereAlice canselectan article to listento. At ary point Alice
canalsosayary oneof asetof browvsingcommandssuchas“Start
over”, “Repeat’or “Stop”.

Figure4: New York TimesBusinessPage

—— NEWS I—— Business News
— International Tax Cut ...
— National —E By ...
[—— Washington Bush's nominee ..

Business Tenants ...
Media&Advertising By ...
World Business As downtown ...
Your Money Chart: ...

Markets Some companies ...
e

— Technology

Figure 5: SemanticPartition Treefor Figure 4

4. ENABLING AUDIO BROWSING

4.1 VoiceBrowser Ar chitecture

The software architectureof HearSayis depictedin Figure 6.
Themainfunctionof the partition geneator moduleis to partition
aninput HTML documentinto semanticallyrelatedsegmentsby



performingstructuralandsemanti@analysis. Thesemantianalysis
componenuseknowledgeresourcessuchaslexicons(e.g., Word-
Net[6]), anddomainontologieghatencodehesalientcharacteris-
tics of commonlyacceptedonceptsn the particulardomain.(Ex-
ampledomainsarenews, consumeelectronicsetc.)

Figure 6: Architecture of HearSay

Usersinteractwith HearSaythroughthe dialog interfaceman-
ager. We do not explicitly include in the HearSayarchitecture
modulesfor text-to-speecttonversionand speectrecognition,as
this functionality is provided by a numberof Web browsersthat
supportthe VoiceXML standard. Our currentimplementationis
built on top of IBM's WebSpherdoolkit which includestext-to-
speechtandspeechrecognitioncomponents.

4.2 Partitioning

The partition generatottakesan HTML documentasinput. It
performsstructuralandsemanticanalysison the DOM treeof this
HTML documentndoutputsapartitiontree(representeah XML),
which capturesthe logical structureof the original input HTML
document.

The key obsenation usedin the partition generatoiis that se-
mantically relateditemsin an HTML documenmnormally exhibit
consistencyn presentatiorstyleandspatiallocality. Thisis partic-
ularly true of content-richWeb sitesthatchangdrequentlysuchas
news portalsande-commercsites becaus¢hesesitesaretypically
maintainedisingcontentmanagemergoftwarethatcreatedHTML
documentdy populatingtemplatesrom baclenddatabases.

For example,in the New York Timesfront page(shavn in Fig-
ure 1), thereis a x ed news taxonomyon the upperleft corner
Thereis alsoanimplicit templatefor major headlinenews items.
Eachof theseitems begins with a hyperlink labeledwith a news
headline(e.g.,, “Among Saudis..) followed by the news source
(e.g, “By NEIL .."), followedby anoptionaltimestamptext sum-
mary of the article (e.g., “The bombing..”), andsomepointersto
relatednews (e.g., “Suspectdeld..").

Therearealsopresentatiorsimilaritiesin the itemsin the news
taxonomyof the New York Timesfront page(Figurel). Themain
taxonomicitems, “NEWS”, “OPINION”", “FEATURES”, ..., etc.,
areall presentedn bold font. All the subtaxonomidtems (e.g.,
“International”, “National”, “Washington”,..., etc.) undera main
taxonomicitem (e.g., “NEWS”) arehyperlinks. This kind of con-
sisteng in presentatiorstyle hasa very strongmanifestatiorin the
DOM treeof anHTML document.For example,Figure7 depicts
a fragmentof the DOM tree for the New York Timesfront page
shavn in Figurel. Theroot-to-leafsequencesf HTML tagsfor
thenodes'NEWS” and“FEATURES” areexactly thesame soare

thesequencesf HTML tagsfor the nodes’‘International”,“Arts”,

..., etc. (font tagswith differentattributes, e.g., size, are distin-
guishedusingdifferentsubscriptsn Figure7).

tr

trtr trotr trotr

tdtd td td td td

N

tr

«M\\\

a font, font3 aa a fontzfont3

inllga a irrllg L !’i
| font, "Officials..."
'NEWS| | "FEATURES] font, fonty 4: fonty | "Officials...
ont, " i
fontg font, "By..." 4 | "By CHARLIE...
fo”b strong "Text...."| strong
"Books" | The decision.
“National" "Arts"  "Justices..." "Complete..."
"International” "After the..."

Figure 7: DOM TreeFragment for Figure 1

Togetherwith consisteng in presentatiorstyle, spatiallocality
canalsobecommonlyobseredin a Webpageandits correspond-
ing DOM tree. For example,whenrenderedn abrowser(seeFig-
urel), all thetaxonomicitemsfor the New York Timesareplaced
in closevicinity occugying theupperleft portionof thepage.In the
DOM tree(seeFigure7) correspondindo this HTML document,
all thesetaxonomicitems are groupedtogetherunderone single
subtreaootedat thetablenode(showvn in circle). Similarly, all the
major headlinenews items are clusteredundera differentsubtree
rootedatthetd node(shavn in circlein Figure7).

4.2.1 Structual Analysis

Our structuralanalysisof an HTML documentis basedon the
key obserationsmentionedabove. First, the obsenation about
consisteng in presentatiorstyle leadsto the idea of associating
atype(explainedbelow) with eachleaf nodein a DOM tree. Sec-
ond, the obsenration aboutspatiallocality givesriseto the ideaof
discovering structuralrecurrencepatternsfor semanticallyrelated
itemsandpropagtingtypesbottom-upin the DOM tree.

In HearSay we exploit a simple but effective type systemto
encodeinformationaboutpresentatiorstylesandstructuralrecur
rencesTypesin our systemareeitherprimitive typesor compound
typesin theform of seq(T1 ::: Tn) whereeachT; is atype. Each
leaf nodein aDOM treeis associatedvith a primitive type, which
concatenatesll the HTML tagson the root-to-leaf path to this
node. Intuitively, a primitive type encodeghe presentatiorstyle
(includinglocationandvisual cuessuchasfont type andsize)of a
pieceof text thatcorrespondso aleafnodein aDOM tree.

For example,in the DOM treefragmentof Figure7 (which cor
respondso theWebpageshavnin Figurel) all theleafnodescor
respondingo the main taxonomicitems, “NEWS”, “OPINION”,
“FEATURES”, ..., etc., have the sameprimitive type, T1: tr  td
table tr td img. All thesubtaxonomidtemsundereachmain
taxonomicitem, suchas“International”,“National”, ..., etc.,under
the“NEWS” item, alsosharea primitive type, T,: tr td table
tr td a fonto.

A compoundtype essentiallysummarizeghe structuralrecur
renceinformationof a subtreerootedat aninternalnode.Notethat
in Figure 7 the subtreerootedat the table node(circled) groups



togetherseveral main taxonomicitems eachof which is followed
by a numberof subtaxonomidtems, i.e., the entire taxonomyis
clusteredunderthis single DOM subtree. This property of spa-
tial locality combinedwith consisteng in presentatiostylereveals
structuralrecurrencenformationaboutsemanticallyrelateditems,
which canbedenotecby T1 T2 T2 ::: T1T2T2 :::. In thisstringthe
sequentiapattern T, T, (here denoteKleeneclosure),exactly
captureghestructurakecurrencénformationof eachsemantiainit
(i.e,, amaintaxonomidtemfollowedby anumberof subtaxonomic
items). In our type system the sequentiapatternT, T, is gener
alizedasthe compoundype seq(T1T2), whichis assignedsthe
typeof thetable node(circled)in Figure?.

As illustrated by the example above, the idea underlying our
approachto structuralanalysisis to gathersequentiapatternsin
thetype sequencef nodesin a DOM treein a bottom-upfashion.
Givenary two typesasde ned above, their equivalenceis de ned
straightforvardly: two typesareequialentif andonly if they are
syntacticallythe same.Our top-level partitioningalgorithmis out-
linedin algorithmPartitionTree

Algorithm PartitionTreef)
input
n : anodein aDOM tree
begin
if n is aleafnodethen
n:ity pe =thesequencef HTML tagsfrom therootton
elseif n hasonly onechild nodec then
PartitionTree€)
Replacen with ¢ andremove n from theDOM tree.
else
for eachchild nodex of n do PartitionTreef) endfor
Analyzef)
endif

DOXXNOOAWNE

nd

To transformthe DOM tree of an HTML documentinto a se-
manticpartitiontree,algorithmPartitionTreeis invokedontheroot
of the DOM tree. The algorithm rst traverseshe DOM treetop-
down andthenrestructure# bottom-up.Weusethenotationn:ty pe
toreferto thetypeattributeof anoden. In algorithmPartitionTreg
Line 2 assigngrimitive typesto all leaf nodes Internalnodeswith
only onechild arehandledin Lines4-5. In sucha casethetype
of this single child nodeis computedandthensimply propagted
up thetree. However, for aninternalnodewith multiple children,
algorithm PartitionTreeis rst invoked on eachof its childrento
computetheir type information(Line 6). ThenalgorithmAnalyze
performsa patterndiscosery on the sequencef typesof its child
nodes(Line 7).

Algorithm Analyzetakesaninternalnode,n, asinput. Its main
function is to partition the child nodesof n by examining their
structuralsimilarity. Therearetwo main stagesn algorithm Ana-
lyze The rst stagds aniterativeprocesdor discoveringstructural
similarities amongthe typesof child nodes,whereeachiteration
involvescollapsingconsecutie, identicaltypesinto one(to group
repeatedtems)andthen mining the so called maximalrepeating
substrings(to nd structuralrecurrences)Essentially a maximal
repeatingsubstringis a repeatingsubstringthat coversa majority
of elementsin a sequence. In addition, its coverageshouldbe
maximizedandits lengthminimized(underthe prerequisitehatits
coveragebemaximized).In ouralgorithmswe usesufx treeg20]
to ef ciently minemaximalrepeatingsubstrings.

In the secondstageof algorithm Analyze the last patterndis-
coveredduringthe rst stagels usedto partitionthe remainingse-
guenceof nodesfurther Herewe usea simpleheuristicto handle

!Normally the supportthresholdvalueis setto 30%-50%in our
system.t is usedto factorin structuralvariations.

variationsin documentstructures(e.g., missingdataitems): we
alwaystry to associatehe nodesbetweenpartitionswith the left
partition. (Later we will shav how this simple heuristiccan be
enhancedy semantianalysis.)

Algorithm Analyzef)
input
n : aninternalnodein aDOM tree
egin
S =thesequencef all thechild nodesof n
for eachnodec in S do
if c:f latten =tr ue then
Replacec with the sequencef all thechild nodesof c.
endif
endfor
do
Collapseadjacennodesin S which sharethe sametype.
10. = MaximalRepeatingSubstringfjpeStrS))
11. if 6 "then = endif
12. ifj j> 1then
13. for eachsubstring in S suchthatTypeStr()= do

cENoURONRT

14. Replace with NewNode( ,seq( )).
15. endfor

16. endif

17. whilej j> 1

18.if = " then

19. nif latten = tr ue

20. else

21. PartitionSinto ¢ 1::: m,whereTypeStr()= .

22. foreach ; doReplace ; with NewNode( ;, NewType( )). endfor
23. nity pe =NewType( )

24. endif

25. Make thenodesin S thenew childrenof n.

end

Theprocesdor discoseringstructuralsimilarity maynot always
succeedsinceour algorithmtraversesa DOM treebottom-upand
multiple semanticallyelateditemscanbedispersedn severalsub-
trees. Therefore the “true” sequentiapatternmay not be evident
until our algorithm is invoked on an internal node that is close
enoughto theroot. If structuralsimilarity is not found at a node,
thenthetypeinformationof all its child nodess simply propagited
upthetree.

Now we illustrate the working stepsof algorithm Analyzeus-
ing an example. For simplicity, we will just shav how it manip-
ulatesa sequencef typesand omit otherdetails. Supposealgo-
rithm Analyzeis invoked on a nodeS with the sequencef types
of its child nodessetto T1 T2 T3 T2 T3 T4 T1 T2 T3 Ts andthe system
supportthresholdvaluesetto 50%. During the rst stageof algo-
rithm Analyze the rst iterationof its patternmining processwill
identify T, T3 asa maximalrepeatingsubstring.Let us usea nev
type Te to denoteseq(T.T3). Thenthe type sequencédecomes
T1TeTeTaT1T6Ts. In thesecondterationthe rst two occurrences
of Te arecollapsednto one,resultingin Ty Te T4aT1 Te Ts, in which
T1Te is a maximalrepeatingsubstring.Again, we usea new type
T7 to represense(T1Ts). So afterthe secondterationthe type
sequencéecomes 7 T4T7Ts. Now the patternmining processan
be terminatedsincenothingnew canbe found. During the second
stageof algorithmAnalyze the sequenc& ;T4 T7 Ts is partitioned
into T; T4 andT;Ts usingour heuristicsandT7 is assignedasthe
typeof nodeS.

4.2.2 Semantidnalysis

Therearetwo main problemswith structuralanalysis. First, it
may not alwaysyield correctpartitionscorrespondingo concept
instancesespeciallyin the presencef structuralvariation. In par
ticular, the analysisbasedon maximalrepeatingsubstringsalone
doesnot guaranteeompletepartitions. For example,in Figure 1
thefourth majorheadlinenews item startingwith “After the Cross-

ing ..” doesnot have ary pointerto relatednews while all the



othersdo. Invoking algorithmAnalyzeon the td nodein Figure7
(shawn circledwhich containsall majorheadlinenewsitems)gives
sequencs: Ty Ta T4 ,where = seqTiT.Ts);
T1; T2; T3; T4 correspond$o newstitle, sourcetext summaryand
pointersto relatednews, respectiely. The correctpartitionscorre-
spondingo thefour majorheadlinenews itemsshouldbeP; =

T4, P2 = T4, P3 = T4, P4 = ,suchthatS = P1 P2 P3 P4.

The secondproblemwith structuralanalysishasto do with as-
signingsemantidabelsto partitions. Usually the labelsof (small)
partitionsdeepin apartitiontreeareprovidedby Websitedesigners
in the documenitself (e.g.,, “INTERNATIONAL", “BUSINESS",
..., etc. appearingn the third columnin Figure1). Whensucha
labelis presenin adocumentit is usuallythe rst text itemin the
partition. Adopting this simpleheuristic,we canextractlabelsfor
mary partitions.Ontheotherhand we alsohave to dealwith label-
ing conceptinstanceasinglabelsnot seenin the document(e.g.,
“HeadlineNews” in Figure3). Suchsituationsoccurwhensmaller
partitionsareaggr@atedinto biggerpartitions.

To addresghe problemsabove, we usesemanticanalysistech-
nigueswhichdiscoverlexical andconceptssociationg asubtree
and propagte the associationsliscoreredaroundthe DOM tree.
We now outlinethesesemantianalysisechniques.

Lexical Association Lexical associatiorseekgo relatetwo con-
secutivepiecesof raw text by examiningwhetherthey sharecom-
mon words (after dropping“stop” wordssuchas“the”) eitherdi-
rectlyorviasynorymrelationshipsThisis alight-weightlinguistic
processindechniquéor identifying smallsegmentsof relatedtext.
It is implementedn our systemusingWordNet[6].

Recallthe exampleat the beginning of this sectionwherestruc-
turalanalysisproduceshesequenc& = T4 Ty Ta
With only structuralinformation, thereis no way to identify the
correctsemanticunits, Py = Ta, P2 = Ts, P3 = Ta,
P, = , correspondingo thefour majorheadlinenewsitemsin the
secondcolumnof Figurel. However, obsene thatin partition P,
thetexts associateavith andthefollowing T4 sharehecommon
word “Riyadh”. Similarly, in partitionP3, thetexts associateavith

andthefollowing T4 sharethe commonword “Irag”. Therefore,
by lexical association and T4 canbe semanticallyrelatedand
hencemegedinto onepartitionwith high con dence.

OntologyConcept MappingFunction
HeadlineNews Rule: Functionof Title, Source Content]
National Keyword: National,U.S.

International Keyword: International World
Science& Technology Keyword: ScienceTechnology
Arts & Entertainment| Keyword: Arts, Movies,Music,
EntertainmentBooks, Travel

Business Keyword: BusinessFinance

Sports Keyword: Sports,Baseball Basletball
Health Keyword: Health,Fithess
DetailedNews Rule: Functionof Title, Content
News Taxonomy Keyword: NEWS,OPINION

Table 1: Ontology Conceptsand Their Mapping Functions

Concept Association Conceptassociatiormapsa partitionto a
semanticconceptthat succinctly summarizeghe meaningof its
content. The conceptbecomeghe label of the partition. To make
conceptassociationsve leveragedomainknowledgeencodedn a
domain-speci contolagy. Informally an ontology describescon-

ceptsandtheir relationshipstheir featuresand attributesin a do-
mainof interest.Part of anontologyfor the news domainis shavn
in Tablel. To assignlabelsthatarenot presenin anHTML docu-
mentto partitions,we needto invoke rulesin the ontologyto clas-
sify the contentof a partition. For instance,Table 1 shavs the
conceptassociatiorrulesfor our news ontology To determineif
a partition canbe classi ed asa headlinenews item the ontology
usesarulewhichis afunctionof themainfeaturesassociateavith
it, namelytitle (hyperlink), keywordsfor recognizingnews sources
(suchasAP, Reutersegtc.),andfeaturesassociateavith news sum-
mariessuchasconstrainton thetext length?

PropagatingLexical and ConceptAssociations In principle,the
light-weightsemanti@analysigechniquesntroducedabore arein-
complete”and hencenot all conceptinstancescan be identi ed.
However, recallthekey obsenationthatsemanticallyrelateditems
exhibit both consisteng in presentatiorstyle and spatiallocality.
We canexploit this obsenation to propagate lexical and concept
associationgroundthe DOM tree.

For instance recall the exampleillustrating lexical association
above. In thatexamplewe determinedria lexical associatiorthat
andT, in P2 andP3 aresemanticallyrelated.Suchanassociation
between andT,4 canbe propagtedto othernearby( , T.) pairs
to form the partitionP; (andsotheremaining becomed.).

Structural Typesvs. SemanticTypes Like lexical associations,
conceptassociationsliscorered can also be propagtedto struc-
turally similaritemsto assignsemantidabelsto partitions.In con-
trastto structurl typesthat summarizethe structuralrecurrence
informationaboutsemanticallyrelateditems, semantidabelscan
be viewed assemantidypesthatdirectly capturethe semanticof
partitions.Becausesemantidypesfactorout structuraldisparities,
weaving structuralandsemantidypestogetherenable®ur sequen-
tial patternanalysisprocesgo uncover higherlevel concepts.

Now eachnodein a DOM treeis associatedvith two types: a
structuraltype and a semantictype. Oncea semantictype is as-
signedto the root nodeof a partition, it will replaceits structural
type (if it exists) in the structuralanalysisprocess. However, its
structuraltypeis still retainedn orderto propagteconcepiassoci-
ations.Thiswill enablestructuralandsemantianalysiso work in
tandem.Speci cally, immediatelyprior to invoking structuralanal-
ysisontherootof aDOM subtreethesemantidypeof achild node
is propagtedto all its siblingshaving the samestructuraltype.

4.3 Dialog Interface Manager

Ourdialoginterfacemanageis writtenin Java. It usesacollec-
tion of Voice XML templatego createéVoice XML dialogsonthe y
from the XML outputof thepartitioningsystem.Nodesor subtrees
in thepartitiontreearematchedo particulartemplatesyariablesn
thetemplatesre lled in with labelsor nodecountsfrom the parti-
tion tree,andtheresultingpiecesof Voice XML arestrungtogether
to form a completeVoiceXML dialog.

HearSays templatesinclude both generictemplates(e.g., for
lists of links, lists of strings)and domain-speci cones(suchas
the onefor newspaperarticlesshavn in Figure 8). They include
prosodicmarkupaswell asstructuralmarkupandvariablesfor el-
ementsof the XML partition tree. For example,the templatein
Figure 8 includesa list of prompts,somevariables(marked with
“@”) for labelsfrom nodesin the partition subtreematchingthis
template andpauseghatencouragéhe userto provide input. We

2More sophisticatectlassi ers (e.g., Bayes)can also be usedto
make conceptassociations.



News Portal Major HeadlineNews | Minor HeadlineNews Categyory News DetailedNews News Taxonomy
Rec.% Prec.% Rec.% Prec.% Rec.% | Prec.% | Rec.% | Prec.% | Rec.% | Prec.%
] 100 100 50 100 100 100 - - 100 100
New York Times N ) o5 100 . ) 100 100 N )
CNN 100 100 - - 100 100 - - 100 100
- - - - 0 0 100 100 100 100
vahooNews - - - - 81.8 100 - - 100 50
- - 66.7 100 - - 100 100 100 100
76.9 100 100 100 - - - - 100 100
GoogleNews - - - - - - 100 | 1200 | 100 | 100
93.3 100 66.7 100 - - - - - -
ZdNet - - 78.9 93.3 - - 100 | 100 . )
CNet 100 100 87.5 100 100 100 - - 100 100
- - 0 0 - - 100 100 100 100
100 100 - - - - - - 100 100
Bloombeg News N _ R R - - 100 100 100 100
90 90 - - - - - - 100 100
RecordeNews R : ; } } i} 100 100 N _

Table 2: Recalland PrecisionMeasuresof Partitioning Resultson 50 NewsWeb Pages

useprosodicmarkupto markplaceswherethe usershouldprovide
input, to improve “hearability” by providing variationin speaking
style, andto reducethe impactof the sequentiainformationpre-
sentatiorproblem([34] by groupingalonglist into shortersublists.
The VoiceXML dialogsoutputby the dialog creatorpermitinput
by item index (e.g., “Item 1") or by name(e.g., “World News”,
“Article”, “Summary”).

<field name="@FIELDNAME@">

<prompt timeout="500ms">
@DESCRIPTION@
<break msecs="500"/>
To hear a summary choose Summary.
To hear the article choose Atrticle.
To go back to the menu choose Go Back.
To exit choose Exit.
<break msecs="5000"/>

</prompt>

<grammar>
Summary | Article |
</grammar>

Go Back | Exit

<filled>
<prompt>
<break
<value
</prompt>
@CONDITION@
<ffilled>
</field>

msecs="500"/>
expr="@FIELDNAME@"/>

Figure 8: VoiceXML Templatefor a NewsAtrticle

The VoiceXML dialog creatorspeci es only how to apply the
VoiceXML dialogtemplatego asemantigartitiontreeto generate
VoiceXML dialogs. The structureof the dialogsthemselesis in
thedialogtemplatesThis permitssomesystem e xibility. Thedi-
alogcreatomproduces/oiceXML dialogsfrom input partitiontrees
in realtime; the processs very ef cient (seeSection5). However,
thecoherencef outputdialogsis only asgoodasthe quality of the
input partitiontrees.

5. EVALUATION

We have developeda preliminaryprototypeof HearSayandhave
conductedwo feasibility evaluationsof this technology First, we
testedour partitioning algorithmson a collection of real HTML
document@&ndmeasuredhe quality of partitionsgeneratedwhich

is animportantindicatorof the overall systemperformance.Sec-
ond,we conducted feasibility evaluationof thedialoginterfaceto
identify performanceéssueswith the prototype;for this evaluation,
weusedl4 evaluatorsvhoaresighted.We alsosolicitedcomments
on HearSayfrom 5 evaluatorswho areblind.

5.1 Effectsof Partitioning

To evaluatethe effectivenesf our structuralandsemantianal-
ysistechniquedor partitioning,we conductedanexperimenton 50
HTML documentsollectedfrom 8 differentnews portals. The
ontology usedin our experimentis shavn in Table 1 (manually
coded). Out of these50 HTML documents15 are“front” pages
(with multiple conceptsand multiple instancesfor eachconcept)
andthe remaining35 are“detailed” pages(mainly a long text de-
scriptionof somenews story).

Firstwe manuallyidenti ed the ontologyconceptsandtheirin-
stancegor theHTML documentaisedin our experiment.We then
ranour partitioningalgorithmson thesedocumentsand computed
their performanceisingtwo metrics,recall andprecision for each
conceptRecallis ameasur®f “yield”; it is theratio of thenumber
of partitionscorrectlyidenti ed asinstancef a conceptover the
actualnumberof conceptinstances.Precisionis an indication of
“accurag”; it is the fraction of the numberof partitionscorrectly
labeledasinstance®f aconcepbverthetotal numberof partitions
(correctlyanderroneously)abeledasinstanceof the conceptby
our system.Thenumbershavn in Table2 areaggrgatedfor each
conceptover all the HTML documentscollectedfrom the same
news portal. Furthermore eachnews portal is divided into front
anddetailednens pagesandtheir correspondingecall and preci-
sion metricsareshown in the top and bottomsrows, respectrely.
Notethatin Table2 anentrywith thesymbol“-" meansabsencef
thecorrespondingonceptin theHTML documents.

The recall and precisionnumbersin Table 2 illustrate the ef-
fectivenesf our partitioningalgorithmsin practice. On detailed
news pageswhich typically containfew conceptsand conceptin-
stancesour algorithmsshaw high recall and precision. Even for
front pageswhich normally include multiple conceptsand multi-
ple instancedor eachconcept,our algorithmsshaw little degra-
dation. It is noteworthy pointing out thatour algorithmalmostal-
waysachiezes100%recallandprecisionontaxonomicnevsitems,
whichtypically shawv highstructurahomogeneityNotethatthere-
call for majorheadlinenewsin Googles front pageis considerably

3GoogleNews indexesmary othernews portals.



lower thanthat of CNet's front page,dueto the large numberof
conceptinstancesn Google. Also obsere thatin ZdNet's front
pagetherecallvalueis low. Thisis dueto the“incompletenessbf
our semanti@nalysigechniques.

We alsomeasuredheamountof time our systemookto process
anHTML document.On a Pentiumlll machinewith an 800MHz
processoand256MB memory the runningtimesrangedfrom 60
millisecondsto 6289millisecondsfor documentsith 96 nodesto
1709nodesn their DOM trees.

Figure 9: Partitioning Results on a University Education
Blackboard Web Page

Finally, to demonstratéheapplicabilityof ourtechniqueso Web
documentdn differentdomains,we testedour partitioning algo-
rithmson several other(structured)Web sitessuchasonline of ce
suppliesofferingsandelectroniceducationbulletin boards,which
are normally machinegeneratedrom templates.Figure 9 shavs
the resultsof partitioning a university courseWeb page;the top
partis a fragmentof the Web pagewhile the lower oneshaows the
partitioningresults.Notethatherestructuralanalysisalonesufces
to generatahe partitiontreeshavn in Figure9.

5.2 HearSaySystemUsability

In this sectionwe report an initial usability evaluation of the
HearSaysystem.In our experimentswe selectedhreenews sites,
the New York Times,CNN, andGoogleNews (GoogleNews sto-
ries comefrom mary differentnews sites). We creatednine tasks
for evaluatorsto perform. The assignmenof taskto news sitewas
variedbetweerevaluators.No two successie tasksreferredto the
samenewssite. The rst threetaskstestedbasicHearSayfunction-
ality: theusefulnes®f HearSayfor browsingto a Web page(e.g.,
“Write down theheadlineof the rst articlein the’World' or “Inter
national' sectionof GoogleNews”). Thesecondhreeexploredthe
userexperiencewvhenlisteningto a partof a Website (e.g., “Write
down the headlineof an article aboutthe presidentialracein the
“US', "National' or "Politics' sectionsof the New York Times,and
the nameof alocationmentionedn thatarticle”). The nal three
testedthe usefulnesof HearSaywhen synthesizinginformation
acrosamultiple Webpagege.g., “Write down the nameof acoun-
try mentionedin both the “Business'and "World'/"International’
sectionsof CNN, andthe headlinesf the articlesaboutthatcoun-
try”). All interactionswith HearSaywerelogged;commentsvere
solicitedfrom all evaluators.

For thisevaluation evaluatorsvereseatedta desktopcomputer
in alab, with ordinarylab actvities going on aroundthem(i.e., a
noisy ervironment). Evaluatorswore a Kossheadsewith close-
talking noise-cancelingnicrophone. Eachevaluatorwas given a
sheetof paperwith the nine questionn it, andwasgiven verbal
instructionssimilar to the following: You may refer to things by
name e.g., “World News”, or by numbere.g., “ltem 1”. You may
alsousecommandsud as“Go badk” and“Repeat”. Evaluators
werenottold anything elseaboutHearSaybut couldaskquestions.

Resultsfor this evaluationareshaovn in Table3. The rst task
wasremovedfor all evaluatorsasit wastheir rst interactionwith
HearSayAll dialogsthathadbeen“restarted"werealsoremoved.
Thisleares100dialogsfor analysis.Resultaarereportedseparately
for eachtasktype. Theaveragetime to follow links perdialogwas
34 secondgperdialog.

SeparatelyHearSaywasusedby ve evaluatorsat ArizonaState
Universitywho areblind. Theseevaluatorsperformeda subsebf
thetasksusedin ourfeasibility evaluation.They alsousedHearSay
for guidedexploration (no speci ed task). They thenmadecom-
mentson HearSaycomparingt to the JAWS screerreader

Most evaluatorswere very positive abouttheir experiencewith
HearSayThey likedthefactthatthe systemorganizescontentinto
menusand itemsthat permit the userto skip unwantedpartsof a
page. Native spealers of AmericanEnglishalsoliked the speech
recognitionin theinterface,despitea high rateof incorrectbaige-
in detection. Evaluatorsuggestionganbe divided into threecat-
egories: suggestiongor improving the contentextractionand or-
ganization;commentsaboutdesiredadditionalfunctionality; and
commentsaboutthe dialoginterface.

Content Extraction and Organization. Evaluatorsthoughtthat
the extraction and organizationof links and subsectionsn Web
pagesworkedwell. However, they wantedmorecontrol over their
interactionwith the contentinsidefairly unstructuredext sections
of Web pages(e.g., newspaperarticle text). For example, they
wantedto be ableto skip to a particularparagraplor topic, repeat
a particularpartof the text andotherwisemaintainpointersinside
the text. EvaluatorsalsowantedHearSayto be cleareraboutthe
typesof menuitems (links, groups,text, etc.),andwantedaccess
to summaryinformationfor menug(e.g., length).

Desired Additional Functionality. Severalevaluatorccommented
that the currentbrowsing patternusedin HearSayis too limited.
Proposeddditions/alternatiesincludeaskip forwardfeature key-
word enabledbrowsinganda context feature.A skip forwardfea-
turewould permitanexpertHearSayuserto skip severalmenulev-
elsup or down usingcommandssuchas“Skip 3 levels” or “Goto
thenationalnevs menu”. Keyword enabledrowsingwould permit
a userto avoid traversingthe whole pageif sheor heis searching
for a particulartype of information. For example, a usermight
go to her classWebsiteand say “Find assignments”.The system
would nd the partof the Websitethat containsthe key wordsthe
userprovided. Evaluatorsparticularlywanteda resened keyword
for “Top” (the top pageof the currentWebsite).Finally, a context
featurewould permita userto ask“Wheream1?” andgetthe se-
quenceof menuitemsor voice commandshat led to the current
browsingcontext.

Dialog Interface. Thespeectaspect®f thedialoginterfacewere
aparticularissuein theseevaluations First, thesystemis toorepet-
itive. Becausét permitsbaige-in(afeatureour evaluatorsusedfre-
quently),it picksup noisein theernvironmentaswell asnon-\erbal
soundsfrom the user(e.g., breaths)whenthis happensit repeats



Dialog Type | DialogLength | TotalUserTurns/ | UniqueSystemTurns/ | Page-InternaLinks Followed/ | Time to Follow Links
(sec.) SRErrors Total SystemTurns Page-Externalinks Followed (sec.)

Browsing 232 17/10 16/26 472 16
Listening 435 28/16 22143 714 31
Synthesizing 603 40/ 21 27167 13/5 51
No answer 577 38/20 26/63 12/6
Answer 390 26/15 20/41 713

[ Total 437 29/16 [ 22147 | 8/4 34

Table 3: User Evaluation Results

itself. Themostimmediateway to improve the audiobrowsing ex-
periencevould beto turn off this behaior, sothatthe systemdoes
notrepeattself unlessasled by theuser

Secondthereis a high proportionof speectrecognitionerrors
(1 out of every 2 utterances).The evaluatorswereall natve En-
glish spealkers but were not all native spealers of AmericanEn-
glish. The environmentwasalsonoisy, leadingto mary “speech
recognition”errorswhenin factthe userdid not speak(anaverage
of 60% of the total numberof speechrecognitionerrorsincluded
no input words, andthe majority of thesearefrom environmental
noiseor non-verbal soundsfrom the user e.g., the usertouching
the microphone).However, with usethe speechrecognitionerror
rate decreasesTwo otherwaysto improve this aspectof the in-
terfacewould beto usespealkr-dependenspeectrecognitionand
to supportalternatve input modalities(e.g., keyboard,stylusy. If
thesetwo source®f dialogerrorareremoved,thetime requiredfor
audiobrowsingwill bealmosthalved.

Evaluatorsweretold thatthey couldreferto itemsby name(e.q.,
“National News”) or by number(e.g.,, “ltem 1”). We wereinter-
estedin how often evaluatorschoseeachtype of reference. Of
utteranceshatwererecognizedorrectly 51%were“by item” ref-
erencesand30%werecontrolutteranceg‘Go Back”, “Repeat”’or
“Exit"), So fewer than 20% were by namereferences.Of utter
ancegthatwereclassi ed asspeechrecognitionerrors,60% were
not understoodat all (mostprobablyfrom ervironmentalnoiseor
non-\erbalsfrom the user), 13% were by item references10%
were control utterancesand 17% were “by name” references.lt
is perhapsot surprisingthat novice usersstrugglingwith speech
recognitionerrorswould chooseby item reference®ver by name
referencesbut we planto continueto permitby namereferences
for moreexpertusersvho mayknow wherethey wantto browseto
without listeningto alist of options.

Evaluatorsmadethree main commentsaboutthe dialog inter
face. First, both evaluatorswho are sightedandthosewho arevi-
sually disabledcomplainedaboutthe text-to-speechof HearSay
They wantedspeechsynthesighatis lessmonotonous.They also
wantedexplicit controloveraspect®f thespeectsynthesispartic-
ularly speed Secondevaluatorccommentedhatthe systenshould
provide morefeedback Finally, evaluatorswantedaccesdo alter
native inputmodalities.

6. CONCLUSIONS AND FUTURE WORK

We have describedhe designandimplementatiorof HearSay
an audio Web browser system. We have presentedexperimen-
tal resultsshawing that HearSaycanbe usedfor “hands-free”au-
dio browsing, althoughimprovementsin speedand accurag are
neededThis systemhasgreatpotentialfor improving accesso hy-
pertet informationfor userswith visual disabilities.We have also
identi ed severalpotentiallyusefulareador continuedresearch.

“This is not possiblewithin the Voice XML framework; it requires
XHTML+Voice.

Partitioning . In our currentimplementatiorof HearSaydomain-
speci ¢ ontologiesaswell asclassi ersfor identifying conceptsn
partitionsweremanuallycrafted.It will beinterestingto automate
thesestepsalongthelines proposedn recentworks usingshallav
naturallanguageprocessingechniquege.g., [17]). Anotherimpor-
tantdirectionis to incorporatethe co-trainingframework to learn
classi ersfrom positive andunlabeleddata[9], sincelabelingeven
arelatively smallamountof databy handstill takesa lot of time.
While mostof theseworks addresontologymining from text, our
problemis differentsincewe dealwith semistructure¢HTML doc-
uments.Consisteng in presentatiorstylesof semanticallyrelated
elementdn suchdocumentsanbe exploited to mine ontological
conceptsaaswell astheir featuredor automaticallybuilding classi-
ers. Finally, we planto improve learningof probability distribu-
tions of importantwordsfor a domainconcept(Bayesapproaches
to classi cation)usingourrecentlydevelopedechnique$or multi-
attribute dataextractionwith high precisionandrecall [35].

VoiceXML Dialogs. In additionto improving HearSays dialog
interface basedon feedbackfrom our evaluators(seeSection5),
we alsoplanto work on creatingsummariegor Webpagesor parti-
tionsof WebpagesIn ourusescenarioall theitemsin the“News”
partitionon the front pageof the New York Timesarelinks. If this
informationcouldbesummarizeatthestartof thedialog, it would
not have to be repeatedor eachitem. Thereare othersituations
in which summarizationis helpful. For example,while present-
ing the resultsof a searchfor a producton a shoppingsite (e.g.,
http://shopping.yahoo.conit) may be more helpful to summarize
the productinformation (e.g., “Nik e shoes size six, black”) than
to just readthe productname(e.g., “Nik e trackers”). When pre-
sentinga Web pagethat consistamainly of large chunksof text, it
may be helpful to summarizethe entiretext of the pageor the text
in eachchunk(similar to theabstractshe BrookesTalk systemcan
produce[38]).

We planto incorporatestandardext summarizatiortechniques
(e.g, thoseusedby [18, 28]) into HearSay We will alsoexplore
category-speci ¢ summarizatiortechniqueghat we canincorpo-
rate into the ontologiesusedin HearSay Thesesummarization
techniquegely on an ontology; a summaryfor an entity mustin-
cludeinformationaboutthemajorfeaturesassociatewith theclass
of thatentity in the ontology This requiresidentifying thosefea-
turesin the Webpagecontentandgroupingthemappropriatelyfor
spolenoutput.

NewApplications and Domains. Wehave beenexploringtwo ad-

ditional applicationgfor our partitioningalgorithm.The rst appli-

cation,commerceinvolvescomparingpartitionsacrossVebpages
to identify structurallyor semanticallysimilar units. The second
application educationjnvolveslooking atcourséWebsites(which

aremuchmorevariablethannews Web sites)to seehow partition-

ing canbe appliedto improve accesso educationamaterials.
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