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ABSTRACT

Many Web informationservicesutilize techniqueof information
extraction (IE) to collect importantfactsfrom the Weh To cre-
ate more adwvancedservices,one possiblemethodis to discover
thematicinformationfrom the collectedfactsthroughtext classi-
cation. However, mostcorventionaltext classi cationtechniques
rely onmanual-labelled¢orporaandarethusill-suited to cooperate
with Web information serviceswith opendomains. In this work,
we presenta systemnamedLiveClassi er that can automatically
train classi ers throughWeb corporabasedon userde ned topic
hierarchies.Dueto its e xibility andcorvenience LiveClassi er
canbe easilyadaptedor variouspurposesNew Webinformation
servicescanbe createdto fully exploit it; humanuserscanuseit
to createclassi ersfor their personalapplications. The effective-
nessof classi ers createdby LiveClassi eris well supportedby
empiricalevidence.
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General Terms
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1. INTRODUCTION

Althoughthe eld of Webinformationextraction(IE) hasmade
much progressin recentyears[7, 6, 12, 22], most of the time
theinformationextractedis simply usedto populatethe databases
withoutary re ning step.If this extractedinformationcanbe pro-
cessechnd moreinformationcanbe discoveredfrom it, undoubt-
edly, mary new advancednformationservicesvould becomepos-
sible. For example, supposethereis a Web information service
that helpsuserscollect publicationlists of researcherm a certain
area,andsupposéurtherthattherearesomemechanismso decide
the researchersspecializedelds basedon their publicationlists,
suchmechanismsgvould be highly valuablefrom the perspectie of
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both commercialinterestsandacademidnquisition. In brief, dis-
coveringinformationhiddenin the extractedinformation,e.g.,the
informationat thematiclevel, would openup possibilitiesof creat-
ing new Web applicationsand help researcherto conductdeeper
analysis.

Generatingthematicinformation can be realizedthrough text
classi cation— a subjecthaving beenextensvely studiedfor years
[21]. In the abore example,one canclassifythe publicationlists
into a setof classesepresentingzarious elds in computersci-
ence thusdeterminingthe interestsof researchersdowever, most
text classi cationtechniquesssumenanually-labelled¢orporaare
handyandcanbeusedfor training— anassumptiorsometimesot
quite realisticin practicalexperience.For onething, labelling the
corpusis laboriousandneedshe assistancef professionalndex-
ers,andpossiblysuffers from the problemof subjectvity; for an-
other theacquisitionof corporais oftenanon-trivial matter There-
fore, thesetechniqueselying on hand-labelleccorporato create
thematicmetadatareill-suited to cooperatevith Webinformation
services.

If, ontheotherhand thereexistsa systenthatcanautomatically
acquirenecessaryraining corporabasedon userde ned topic hi-
erarchiesandtrain the classeffectively, positively sucha system
canbe easilyadaptedo cooperatavith Webinformationservices.
Moreover, it alsowould give greatfacility to humanusers.

Theabove consideratiommotivatesusto designa systemnamed
LiveClassi erthatrequiredimited humaninvolvementin creating
hierarchicatext classi ers. LiveClassi erwasdevelopedunderthe
assumptiortheredoesnot exist ary manually-assignedorpus,or
evenif it exists, the amountis inadequate Considerthatthe Web
offersinexhaustibledatasourcefor almostall subjectsthe system
wasdesignedo fully exploit the richnessof Web resources.The
main featuresof LiveClassi er are: (1) using Web search-result
pagesasthecorpussource2) exploiting thestructurainformation
inherentin thetopichierarcly to traintheclassi er; and(3) creating
key termsto amendheinsufciency of thetopichierarcly. Wehere
sketchthekey ideaof LiveClassi erbrie y.

Given a topic hierarcly, an intuitive ideawould be to acquire
topic-relateccorporafrom the Webto bethe substitute®f manual-
labelledcorpora. However, consideringthe heterogeneitypf Web
corpus,muchnoisesmustbe containedn thesedownloadeddoc-
uments. Thankfully, thereare more suitabletools to realizethis
idea—Websearchengines Onemaysendthe namef theclasses
as queriesto searchenginesand use the returnedsearch-results
pagesasthe corpus.However, evenso, theretrievedsearch-results
still maycontainnoiseunavoidably. Ourideais thatwe canformu-



late moreprecisegqueriesandorganizethe corpusmoreeffectively
by the concepbf theclasses.

Themainmeritsof LiveClassi erareits wide adaptabilityandits
e xibility. Theneededlassi er canbe createdoy simply de ning
a topic hierarcly. Aside from generatingnorethematicinforma-
tion for Web information service,LiveClassi er also gives much
cornvenienceo humanusers.

The restof the paperis structuredas follows. LiveClassi er,
alongwith the approachit is basedon, is presentedn Section2,
experimentsarepresented@ection3, therelatedwork in Sectior4,
andconclusionsaredravn in Section5.

2. LIVECLASSIFIER

In Section2.1, we give anoverview of the component®f Live-
Classi er. A moredetailedanalysisof eachcomponents presented
respectiely in Sections2.2,2.3and2.4.

2.1 Overview of the System

We rst de ne the problemLiveClassi er is supposedo deal
with andthendiscusghetechnicaldetails.

Givenasetof classesC = fci; il ¢ng, acollectionof text
objects, TO = ftoi;t0,:::;tom g, andalsoamapping : TO !
2¢ that describeghe correctclassesa text objectis supposedo
be classi edto. LiveClassi eraimsat nding a one-to-onemap-
pingscheme : TO ! 2° suchthatthesizeof correctresultset
CRS = ftojjto; 2 TO; (to;) = (toi)gis maximal.

The architectureof the systemis illustratedin Figurel. Live-
Classi er wasdesignedo interactwith bothhumanusersandWeb
applications.Theinputof LiveClassi erincludestopic hierarchies
andtextsthatneedto beclassi ed,theformerfor thetrainingphase
andthelatterfor thetestingphase We summarizeeachcomponent
of thesystem.

Feature Extractor : thiscomponeninteractswith searchen-
ginesandextractshighly-ranked searctsnippetsaseffective
featuresources. It outputsfeaturevectorsto describeboth
thetopic classesndthetext objects.

HCQF Classi er Generator. HCQFis theacrorym of Hier-
Concept-Query-drmulation a techniquewe developedto
train statisticalmodelsfor topic classes.As its namesug-
gestsjt emphasizeen usingtheconceptembeddedh topic
hierarchiego trainthe classi ers. This componentnteracts
with the Feature Extractor to organizethe classmodels.It
outputsclassmodelsto be operatediponby Text Classi er.

TextClassi er: Usingtrainedclassesutputby HCQF clas-
si er generator, this componenteterminegproperclasses
for texts of concern.

2.2 Feature Extractor

To decidethe similarity betweera text objectandatargetclass,
we needarepresentatiomodelto describehem.In thecaseof full
articlesor shortdocumentsyve candirectly useits contentwords
asits featuresource However, if thetext objectof concernis atext
segment,suchasauserquery anamedentity, andatopictermand
soon, the problemis slightly complicated.In the formercasethe
text objectitself affords alundantfeatureterms,asit containstens
to thousand®f words,while in thelater case the few wordscom-
posingthe text sggmentare obviously insufcient. To overcome
this problem we sendthetext segmentasaqueryto searchengines
andusethereturnedpagesasits featuresource.Note alsothatwe
useonly thesnippetsasthesourcejnsteadf thewholeWebpages,
soasto reducethenumberof pageaccesses.

Figure 1: A diagram presentingthe architecture of LiveClassi er.

Whenwe train the classi ersin Section2.3,a similar processs
repeatedsendingthe booleanexpressiorof classnamego search
enginesandusingthe returnedpagesasthetraining corpus.Con-
sideringtheheterogenousatureof theWeb,onemaydoubtwhether
it is asoundstratgy to usetheWebresourcesisthefeaturesource.
However, thanksto the recentadvancesin searchtechnology we
think that, to a certaindegree, the highly-ranked returnedpages
containquiterelevantinformationandcanbetreatedasanapprox-
imate descriptionof the text sggmentor the topic class. We shall
comparethe performancef usingsupervisedhand-labelledyor
pusandthatof unsupervisedorpuscomposedf search-resultm
Section3.

Weadoptthevectorspacanodelto describehefeaturedor both
text objectsandtopic classes.Speci cally, aswe shall presentin
Section2.3,HCQF Classi er Generator outputsa setof classob-
jectsfor eachseparatdopic class;boththeseclassobjectsandtext
objectsareto be convertedinto vectorsto estimatethe similarity
betweerthem.

To nd enoughfeaturesfor text sggmentsand to acquirethe
training corporafor classesye formulatequerieshasednthethe
text segmentsor somebooleanexpressiorof classnames Suppose
that, for eachqueryq, we collectup to Nmax Search-resulsnip-
pets,denotedas SRSy. EachSRSy canthenbe corvertedinto
a bag of featuretermsby applying normal text processingech-
nigues.e.g.,removing stopwordsandlow-frequeng words,to the
contentsof SRSy. Let T be the featureterm vocatulary, andlet
ti bethei-th termin T. With simpleprocessinga queryq canbe
representedsatermvectorvq in ajT j-dimensionakpacewhere
Vq;i is theweightt; in vq. Thetermweightsin this work arede-
terminedaccordingo oneof thecorventionaltf-idf termweighting
scheme$19], in which eachtermweightvy; is de ned as

log,(n=n;);

wheref 4; is thefrequeng ti occurringin vq's correspondindea-
turetermbag,n is the total numberof classobjects,andn; is the
numberof classobjectsthatcontaint; in their correspondindpags

Vgi = (1 + log, fgi)



of featureterms.Thesimilarity betweeratext sggmentanda class
objectis computedasthe cosineof the anglebetweenthe corre-
spondingvectors,i.e.,

Sim (Va; Vp) = €OS(Va; Vb):

If, insteadof atext sggment,the text objectis a full article or a
shortdocumentits contentwordsaredirectly treatedasSR Sy and
thesimilar processingechniqueandweightingschemes operated
uponit. We omit therepetitions.

2.3 HCQF Classi er Generator

For the sale of clarity, we presenthe techniqueHier-Concept-
Query-Prmulation(HCQF) in a step-by-stepnanner A topic hi-
erarcly TH = (C;R) consistof two parts:a setof topic classes
C = fci;cichg andasetof relationsR = fry;rairmg,
relatingthembhierarchicallysothatsuperclassegonceptuallysub-
sumesubclasses.A topic class,whosenameis an assignedkey-
word, essentiallyrepresentsin abstractonceptandthe conceptis
usuallyembodiedby a pre-arrangedraining setthat describests
characteristicsFor eachc, if disregardingits relative positionin
TH, we cansendthe nameof ¢; to searchenginesandusethere-
turnedsnippetsasits training set. We referto a conceptdescribed
by suchatrainingsetasgeneal conceptG(ci) of ¢ ; however, in
our case we think this kind of generll conceptis not the concept
thatc is really meantto represent.The reasonis that a geneal
conceptdoesnotfully re ect the structuralinformationinherentin
thetopic hierarcly TH.

To remedythis problem,therefore,we de ne speci ¢ concept
S(ci) thatwethinkis reallytheconcept; represent thecontext
of ahierarcly. Ourideacanbeillustratedby anexample:suppose
Y departmenis asubclassof X universityin sometopichierarcly
TH, G(Y) only expresse¥ butfailstoindicatethatY department
is achild classof X university Insteadthe concepthatY really
representsn TH is notonly aboutY but alsothefactthatY is a
child of X . Putanothemway, supposevewishtotraintheclass'CS
departmenit, a subclasof “Stanford; mostsnippetsgottenfrom
the query “CS department”positively containinformation about
“CS departmenit, however, mary of themare possiblyabout“CS
department’of someuniversitiesotherthan “Stanford”. Sucha
training setapparentlyisn't a precisedescriptionof the classwe
wishto train.

Back to the rst example,in our research,Y's specic con-
ceptS(Y) shouldbetheresultof Y 's geneal conceptG(Y) con-
strainedby its parentX . Following thisline of reasoningnotonly
X, but alsoall of Y's ancestorshould exert somein uence on
Y 'sgenearl concept Naturally, oneis led to think of the corverse.
Descendantlasseshouldalsoexert a reciprocalin uence on an-
cestorclassesi.e. descendantlasseshouldenrichthe conceptof
ancestoclasseso asto give a moreprecisedescriptionfor them.
SupposeX university hasthreedepartmentsy , Y andY % the
concepthatX represents notonly aboutX itself but alsothefact
it is the parentof Y ,Y °andY % As above, all descendentlasses
shouldenrichthe conceptof X . Thus,to summarizefor eachc;,
the contentof a speci ¢ conceptis determineddy the combination
of threefactors: its ancestorsits decedentsandits own geneal
concept

We now formally de ne whata speci c conceptis. Givensome
classc ,whoseancestorareA. andwhosedescendaniareD. ,
its speci ¢ conceptS(c ), is theunionof two separatgarts:spe-
ci ¢ ancestal concept Sa (¢ ) andspeci c descendantoncept
Sp (¢ ), the former being its generl conceptconstrainedy its
ancestorsyhile the latter beingthe uni cation of the speci ¢ an-

cestal conceptof all its descendants

Sa(c )= G(c )\ fG(a)jai 2 Ac g;
So(c )= I[f Sa(d)jdj 2 Dc g;

S(c )= Sa(c)[ So(c):

Thetaskof preparingthe training setto expressSa (C ) seems
dif cult, butfortunatelyreal-world searchenginegelieve usmuch
of thetrouble.Onemaysendthe queryasa boolearexpressiorc
andthenameof its ancestoré\: to searchenginesandusethere-
turnedsnippetsastherequiredtirainingsetfor Sa (¢ ). Corversely
whenpreparinghetrainingsetto expressSp (¢ ), onesimplyadds
up all thetraining setsfor speci c ancestal concepiof D .

In morepracticalterms,the total training setof classc is then
composedf thetrainingset(Nmax Shippetsfor Sa (¢ ) andthe
trainingsets(Nmax  jD¢ j) for Sp (c ). Note thateachN max
snippetscan be then convertedto a classobjectaccordingto the
vectorspacemodeldiscussedn Section3.1. Thereforec isthen
presentedsanarrayof classobjects,oneof themis from Sa (¢ )
while othersarefrom Sp (¢ ).

The strengthof HCQF lies exactly in this kind of rich training
set. For ¢ , its conceptis not only speci ed by its ancestorsand
itself, but alsoby all its descendantsSupposewe only consider
Sa(c ) butdropSp (¢ ), we have merelyNmax  Shippetdo train
¢i; on the otherhand,if we take Sp (¢ ) into considerationwe
may have a dramatic(1 + jD. j) Nmax Shippetsto trainc .
(Notethatsincewe corvert the training setsinto classobjects,the
above expressiorcanbe betterrestatecasthe comparisorbetween
landl+ jD. jobjects.)Moreover, theadditionaliD¢ j Nmax
snippets( or jD. j objects)don't containas much noiseas one
might expect, becausehey are alreadyconstrainecby ¢ along
with its ancestorbeforehand.

It caneasily be seenthat one may train all the classesn TH
by traversingit by the mannerof BFStwice. For eachc;, the rst
roundcollectsthe training setfor Sa (¢i), while the secondround
addsup the training setsfor Sp (¢i) andS(ci). Having collected
all the necessaryraining sets,by usingthe collectionof theterms
in all training setsasthe total featurevocahulary T, thesetraining
setscanbecorvertedinto classobjects.

Sofar, we have presentedhe overall ideaof HCQF andit can
be obsened thatit mainly concernsabouthow to formulatepre-
cise queriesand organizethe corpus. We now are left with two
moreproblems.First, the leaf classciear , unlike internalclasses,
cannotbe strengthenetby its descendentlasses.In otherwords,
Sd(Ceat ) = andHCQF seemdave awealer descriptve powver
for them. Second,supposewe are given only a non-hierarchical
tree,i.e. a at structure,can HCQF be generalizedso asto be
appliedto it too?

The answerto two above questiondies in the factthatonecan
always nd someclassedo enricha leaf classby insertingthem
as“pseudo” children classes.Given someleaf classCear , When
collectingthe snippetsto organize Sa (Cear ), Onecaneasily nd
someassociatedermsof ceasr  andusesome ltering mechanisms
to choosepropertermsaschild classe®f Ciear 2

1We usethe setoperationgo expressour idea,andtheir meaning
will be madeclearin the following discussion.Strictly speaking,
thenotationwe usehereis not mathematicallyigorous.The“con-
cept; actually isn't composeaf distinctentitiesasamathematical
setis.

2It is notnecessarthatonealways nds theassociatetermsfrom
theWeb-retrized snippetslf theleaf classhassomelocaltraining
documenset,onecanalsoextractassociatetermsfrom it.



HCQF(TH = (C;R))

C: thesetof topic classes

R: relationsamongtopic classes

SRS: the collectionof training sets(searchresultsnippets)(ini-
tially )

CO: the collection of feature vector of of class ob-
jects

1: for all c2 C, accordingo R, choosec by BFSdo
SRS:; sendc[ Cancestor s tOSearchengines
if c=leafthen
AT. AssociatedTermsby_Subsumptionf, SRS.)
for all at 2 AT do
SRS: SRS¢[ send(c[ at) tosearchengines
: forall c2 C, accordingo R, choosec by BFSdo
SRSC SRSC [ SRSCdescendemS
SRS SRS SRS
: for all srs 2 SRS do ftransformSRSinto a featurevector
accordingo Section3.1g
11: co transformsrs
122 CO COJ co
13: returnCO
AssociatedTerms_by_Subsumption(c, SRS;)
c: topicclass
SRS:: trainingsetof ¢
AT : thesetof associatederms(initially )
14: forallt 2 SRS; do
15:  if p(cjt) 0:8andp(tjc) < 1then
16: AT AT [ t
17: returnAT
AssociatedTerms_by_Co-occurrencdc, SRS;)
c: topicclass
SRS:: trainingsetof ¢
AT : thesetof associatederms(initially )
18: forallt 2 SRS; do
19: if DF(t;¢c)=DF(C) > " then fDF valuecanbe gotten
from searctengineg
20: AT AT t
21: returnAT

CORNDURWN

Figure 2: An algorithmic procedure describing HCQF. Note that
Line 4 canbereplacedby AssociateTerm_by_Co-occurrence€, SRS¢).

In our experimentswe have employed the following two tech-
niguesto createthe “pseudo”child classes.We chooseeither (1)
thetermssubsumedby ciear  [20]; Or (2) thetermshaving the high-
estmutualinformationwith Cear .

The rst techniqueis basedon the assumptiorthat, supposea
termcl,; is subsumedby cess , thedocumentshatcl,; appears
always(or almostalways)containcieas , while thedocumentgon-
taining cear  do Not necessarilcontaincl,; . Theformulais set
asfollows:

P (Cieat J'Cfiaf ) ;

P(Cﬁeaf jCear ) < L

[20] set to 0.8. However, in our experiencea slightly better
resultcanbeacquiredby setting to 0.85for Webdocuments.

The secondtechniqueis basedon the assumptiorthat the con-
ceptof cear  Canbe enrichedby its mostrelevanttermstoo. We
choosethe termsthat appearwith cear  above a certainthreshold
of times. We denotethe documentfrequeny of sometermt as
D F (t) andthatof the co-occurrencef s andt asDF (t; s), then
ourideacanbeexpresse@s

DF(t; Cleaf ) >
DF (Cieat )

Basedon heuristics,we set to 0.45in this work. The whole
algorithmicprocedureof HCQF is presentedn Figure2.

TextClasssi er(to; C; CO; n)

to: theunknawn text object

C: thesetof classes

CO: thesetof classobjectsreturnecby HCQF
n: thenumberof targetcategories

: forallco2 CO do
r(to;co)  sim (Vi ; Veo)
. Ry(to)  thek classobjectsco 2 CO with highestr (to; co)
scores
: forallc2 C do
renn (to;c) 0
: for all co2 Ri(to) do
for all ¢ is a classof co do f a classobjectco may enrich
multiple ancestoclasseg
renn (t0;¢)  renn (to; ©) + r(to; co)
. returntop-ranked n classesn C accordingto the decreasing
orderof ryn n (tO; €)

Figure 3: An algorithmic procedure describing the text classi cation
process.

2.4 TextClassier

Givenanew candidatdext objectto, Text classi er determines
asetof classeshatareconsidered@sto's mostrelevantclasses.

As discussedn Section2.2, the candidatetext objectto is rep-
resentedhsafeaturevectorvy, . For theclassi cationtask,we here
adopta kNN approach.

kNN hasbeenan effective classi cation approachto a broad
rangeof patternrecognitionandtext classi cation problems[9].
By kNN approacha relevancescorebetweentext objectto and
candidateclassC; is determinedy thefollowing formula:

renn (to; Gi) =
Vj 2Ry (to)\ Cj

sim (Vo ; V)

whereRy (to) areto's k most-similarclassobjects,measuredy
sim function, which is the cosineanglebetweenthe two vectors,
in thewhole collection. Figure3 shaws the algorithmicprocedure
of this classi cationprocess.

The classeghatatext objectis to beassignedo aredetermined
by eitheraprede nednumberof most-rel@antclustersor athresh-
old to pick thoseclusterswith scoreshigher than the speci ed
thresholdvalue. Differentthresholdstratgies have both adwan-
tagesanddisadwantageg26]. In this study to evaluatethe perfor
mancewe selectthe ve mostrelevantclassesiscandidates.

3. EXPERIMENTS

Having describedhe overall ideaof LiveClassi er, we now try
to justify it by empiricalevidence. In designingthe experiments,
we not only assessethe accurag of LiveClassi e but also ex-
ploredpossibleapplicationghatcouldbe derivedfromiit.

Throughouthe experimentsye useYahoo!s topic hierarcly as
the testingbed. k is setto 5. The searchengineemplo/ed was
Google.

To betterevaluatehow LiveClassi er performswhenthe length
of the testtext objectvaries,we divided theminto threegroups:
text segments,short documentsand full articles Text segments
weredirectorynamesof lower levels classes.For example,in the
following ComputerSciencesxperiment the directorynames'‘in-
telligentSoftwareAgent” and“Fuzzy Logic” couldbetakenastext
segmentsof concernand were supposedo be classi ed into the
higherlevel class“Arti cial Intelligence”. For eachdirectoryin
Yahoo!,therewasa list of Web sitesaccompaniedby site descrip-
tion offeredby Yahoo!s indexers. We usedthe Web pagesof the



Table 1: Top 1-5inclusion rates of classifying text objectsinto secondlevel classef CS-treefrom Yahoo! under various circum-

stances.
Topic Hierarcty Used + | Approach Text Type Top-1 2 3 4 5
CorporaSource
Manual Hierarcly + Un- | Basedon only secondevel classegApproachl) Full Article .3389 | .3785| .6045 | .6214 | .6779
supervisedVeb Corpora
ShortDocument | .5780 | .7008 | .8034 | .8146 | .8483
Text Segment 4917 | 6346 | .6943 | .7242 | .7545
Basedon rst threelevel classefApproach2) Full Article 5367 | .6780 | .7288 | .7458 | .7514
ShortDocument | .7837 | .8932 | . 9326 | .9326 | .9606
Text Sggment 7384 | .8775| .9272 | .9371| .9636
AugmentedHierarcly + | Basednpseudalassegeneratedhy subsumptiortiech- | Full Article 3785 | .5254 | .6384 | .7005 | .7231
UnsupervisedWeb Cor | niqueplusclassestthe rst two levels (Approach3)
pora
ShortDocument | .6753 | .8432| .8432 | .8932 | .8932
Text Segment .6060 | .7252 | .8146 | .8411 | .8510
Basedon pseudoclassesgeneratedby co-occurrence] Full Article 4067 | .6045| .7062 | .7457 | .7740
techniqueplusclassest rst two levels (Approach4)
ShortDocument | .7050 | .8034 | .8764 | .8932| .8932
Text Segment 6424 | 7417 .8245 | .8510 | .8609
Not Using Topic Hierar | Usingtheshortdocument®f Yahoo! (Approach5) Full Article .3785 | .5706 | .6497 | .7006 | .7288
chy + SupervisedCorpora
ShortDocument | .6142 | .6751| .7005 | .7100 | .7259
Text Sggment .6912 | .8039 | .8671 | .9003 | .9202

sitesasfull articles® andthe descriptionof the sitesasshortdocu-
ments.

3.1 TheOverall Performanceof LiveClassi er

We rst focusedonhow well LiveClassi erperformswhendeal-
ing with text objectsof differentlengths. We chosea speci ¢ do-
main, computersciencein Yahoo! ComputerSciencetopic hierar
chy to conducthis experiment.Thereweretotally 36 second-leel,
177third-level, and278fourth-level classesall rootedat the class
“ComputerScience” We usedthe second-leel classese.g.,"Arti-
cial Intelligence”and“Linguistics” asthetargetclassesndtried
to classifytext objectsinto them.

For text segmentsthe 278fourth-level classesvereusedastest
instancesAlso, we choserandomly177full articlesandtheir cor-
respondinghortdocumentgrom thefourth-level classes.

In general,we were interestedin the following questionsand
designatehemrespectiely asApproached -5:

1. Supposewe useonly the restrictedversionof HCQF, i.e.
droppingSp (C) andonly usingSa (C), removetherootand
thethird-level classesanddon't considemgeneratingpseudo
classeshow well doesHCQF do?Thisis equivalentto using
onlya at structureandcanbethoughtof asthebottom-line.
(Approachl)

2. Supposevetake bothSp (C) andSa (C) into consideration
but still don't generatepseudoclassesautomatically how
well doesHCQF do? (Approach2)

3. Supposeve arenot giventhird-level classeshow well does
HCQF doif it generatepseudcalassesutomaticallyby the
subsumptioriechnique{Approach3)

4. Thesamesituationas(3), but nov HCQF generatepseudo
classedy the co-occurrencéechnique (Approach4)

5. Insteadof usingHCQF, the shortdocument®f Level 2 and
Level 3 classesreusedastrainingcorporahow well dothe
classi ersperform?(Approachs)

Note that we treatedthe Web pagesin their simplestform, i.e.
only their full contentwithoutconsideringary taginformation.

Note thatin Approaches3 and4, for eachtarget class,we de-
liberately madethe numberof its pseudochild classeghe same
with Approach2 soasto evaluatetheperformancef HCQF in the
context of amanually-constructetierarcly andanautomatically-
augmentedhierarcly.

Tablel shavs theresultof the achievedtop 1-5inclusionrates,
the top n inclusionrate is the rate of test objectswhosehighly
ranked n candidateclassescontainthe correctclass. From this
table,it canbe obsened that Approach2 surpasseaill otherap-
proachesThisis ahintthatawell-organizedopichierarcly greatly
contrikutesto the high performanceof HCQF. Approaches3 and
4 also got promisingresults,thoughnot as good as Approach?2.
This indicatesthatboth subsumptiontechniqueandco-occurrence
techniquecouldgetproperpseudaclassesHCQF doesnot neces-
sarilyrely onuserde nedtopichierarchiesto acertaindegree the
manual-de nedopic hierarchiecanbeapproximatedy HCQF's
automaticmechanisms.The worstwas Approachl, a simple at
structure. However, it deseres attentionthat, thoughit fell far
behind other approachesconsideringthat there were totally 36
classesits overall performanceavasstill acceptableThis not only
revealedthe superiorityof Web resourcesut alsoimplicitly sug-
gestedhat,to train a classi er, a simplebut effective methodis to
simply designate setof distinctclassnames.

A very interestingobsenation canbe madeaboutApproach5.
UsingYahoo!s shortdocumentssthetrainingcorporaalsogotde-
centresults secondnly to Approach? but superiotto Approache8
and4. Unlike the previous four Approachesusing unsupervised
trainingcorporadownloadedrom SearctenginesApproach5 can
be deemedasusing supervisechand-labelledraining corpora. If
unsupervisetrainingcorporacouldgetcomparabléApproaches
and 4) or even betterresult (Approach?2) than supervisedrain-
ing corpora,it implies that a topic-hierarcly composedof key-
words speci ed by indexers or librariansseemsenoughto create
the neededlassi ers, ratherthanmanuallylabelling a lot of cor
pus.

Concerningthe text type axis, it canbe obsered thatthe three
typesall gotsatishctoryresults.In generaltheclassi erwetrained
could cateyorizetext sggmentsand shortdocumentsvith promis-
ing accurag. Thiscon rmed our conjecturghatWebsearch-result



shippetswerea properdescriptionof the text sggmentsandcould
beusedasthefeaturesource.

Comparedo shortdocumentandtext segmentsthefull article
experimentdidn't getasgoodresults,thoughthe resultswerestill
promising. The probablereasonof this performancedegradation
wasthatthe contentof the testWeb pageswastoo diverseso that
they sometimesverenot conceptuallycloselyrelatedto the target
class.

3.2 Granularity and Diversity

Having obseredhow HCQF performedn aspeci c area:Com-
puter Sciencewe thentried to examinewhetherHCQF could be
appliedto atopic-hierarcly of morediversedomainsandof deeper
depth.We extractedpartsof of Yahoo!s directoryabout‘Science”
and*“Social Science”of 5 level deep. Thereweretotally 84 text
segmentsand139shortdocumentsandtheir correspondindull ar
ticlesin Level 5.

Table 2: The information of Scienceand Social Sciencehierar-
chiesextracted from Yahoo!'s dir ectory.

Level 2 Level 3 Level 4
Science | Mathematics GeometryNumberTheory
Chemistry Chemist, Chemical and Bio-
logical Weapons
Astronomy SolarSystemCosmology
Social History Historiology, Genealogy
Science
Sociology SocialClassandStrati cation,
UrbanStudies
Linguistics and Hu- | Translationand Interpretation,
manlLanguages Word andWordplay

Unlike theprecedingxperimentwe tried to classifythevarious
text objectsof Level 5 into Levels 2, 3, and 4 respectiely. Clas-
sifying text objectsinto differentlevels of thetopic hierarcly hasa
consequentidamplication: it meansvhetherHCQFcancreatethe-
maticinformationof differentdegreesof re nement. In particulay
thedepthof a classin atopic hierarcly suggeststs own topicality
andspeciality And if a text objectcanbe successfullyclassi ed
into classesf differentlevels, it meansmuch more information
canbethuscreated.

Table 3: The Top 1 inclusion rate of classifying text objects
into different levels. Number of pseudoclassesreatedby Ap-
proaches3 and 4 is 6.

Approaches | Text Types Level2 | Level3 | Level4
Approachl Full Article 5731 | .4219 | .6094
ShortDocument 4748 .3525 .5683
Text Sgment 4609 5714 | .8810
Approach2 Full Article .8047 | .6094 | N/A
ShortDocument .8417 | .6978 | N/A
Text Sgment 9634 | .8333 | N/A
Approach3 Full Article .6172 | .4667 | .6171
ShortDocument 5467 | 4317 | .6384
Text Sgment .6190 | .6428 | .9166
Approach4 Full Article .5390 | .6453 | .6610
ShortDocument 5755 | .4101 | .6834
Text Sgment .5827 | .6310 | .9048
Approach5 Full Article .6562 | .5313 | .8203
ShortDocument .5683 4453 9496
Text Sgment .8452 7142 | .4048

Table 2 lists the detailsaboutthe Level 2 to Level 4; Table 3
liststheresults.It canbe obsenedthatclassifyingtext objectsinto

differentlevels of thetopic hierarcly got roughlythe sameresults.
Althoughthe higherthelevels, the numberof classesvassmaller
andit seemsasietto classifytext objectsinto them,thisfactorwas
cancellecby anotherfact: the concepiof higherlevel classesvere
hardetrto betrainedcorrectlydueto theirgeneralityandabstraction.

3.3 Creating Thematic Metadata for Textual
Data

Recentadwancesin text processingechnologiessuchas text
patterrrecognitionjnformationextraction,metadatannotatiorcan
extract metadatgfacts)aboutpeople,place,time from texts with
high accurag. However, the metadatecreatedby thesekinds of
technologiesis still too primitive to beusedasa basisfor moread-
vancedapplicationssuchasconcept-basedearch.How to create
morere ned metadatawith limited humaninterventionis a prob-
lemthatdeseresinvestigation. In this experimentwe exploredthe
possibilityof usingLiveClassi erto helpcreatemorere ned meta-
data.

We extractedthreehierarchiefrom Yahoo!,respectiely “Peo-
ple” (People/Scientist),“Place” (Region/Europe), and “Time”
(History-timePeriod).For thesethreecaseswe randomlyselected
100,100,and93 classnameswhich couldbeconsideredisa kind
of text sggment,from the bottom-level andassignedhemontothe
second-leel classesAnd asbefore,we randomlyselected’7, 80,
45 shortdocumentsalongwith the correspondindull articlesfrom
Yahoo!to conductthe experiments.

Table 5 lists somesamplesof the testtext segmentsand their
correspondingclasses. Table 4 lists the classi cation resultsfor
varioustypesof text. It couldbe obsenedthatin the“People”and
“Place” casespur approachgot very satistctoryresults,while in
the “Time” casewe did not get similar goodresults. The reason
for its performancedegradationseemshat the conceptof a time
period,suchas“Renaissance’antMiddle Ages”,is too broadand
too muchnoiseis containedn thereturnedsnippetsthuslowering
the precisionof classi cation.

Onthe contrary the high performanceof the “People” caseand
“Place” caseis contributedby two factors:(1) The conceptof the
classegshemseles are very specic. A speci ¢ conceptimplies
thatWebsearclresultsarevery preciseandcoherenandthushave
a higherchanceof trainingthe classcorrectly (2) Theclassesare
themselesvery distinct from one another Notice especiallythis
factorcan partly explain why the “People” andthe “Place” cases
got betterresultsthanthe abose CS experiment. The elds of CS
oftenoverlapin subjectswhile peoples jobsandthe placesseldom
do.

Table 5: Somesamplesof the testtext segmentsand their cor-
respondingclassesxtracted from Yahoo!.

SamplesaandCorrespondingecond-leel Classes]
People| Curie,Marie (1867-1934) Prysicists
Korzybski,Alfred (1879-1950) Linguists
Fulton,Robert(1765-1815)Engineers&lnentors
Cantor Geog (1845-1918) Mathematicians|
Place | Piraeus Greece
Kannus Finland
Vorchdorf Austria
Grindavik Iceland
Time | GloriousRevolution I7thCentury
PeloponnesiakiVar AncientHistory
Hanseatid_eague Middle Ages
FrenchRevolution 18thCentury




Table4: Top 1-5inclusion ratesfor classifying Yahoo!'s People,Place,and Time text objects.

Approach Text Type Top-1 2 3 4 5
Yahoo!(People) Approachl Full Article .5866 | .6933 | .7466 .8 .8
ShortDocument .8961 | .8961 | .8961 | .8961 | .8961
Text Sgment .8654 | 9808 | .9808 | .9904 | .9904
Approach2 Full Article .7066 | .8133| .8533 | .8533 | .8533
ShortDocument .8533 | .8961 | .8961 | .8961 | .8961
Text Sgment .8846 | .9808 | .9904 | .9904 | .9904
Yahoo!(Place) Approachl Full Article 7375] .8375| .85 .875 | .8875
ShortDocument .9000 | .9250 | .9500 | . 9750 | .9750
Text Sggment .8700 | .9500 | .9700 | .9700 | .9800
Approach2 Full Article .8625 | .8875 | .8875 9 .9125
ShortDocument .9500 | .9750 | .9750 | .9750 | .9750
Text Segment .9200 | .9600 | .9700 | .9700 | .9800
Yahoo!(Time) Approachl Full Article 3333 | .4444| 5555 | .6444 | 6444
ShortDocument 4 .5555 .6 .6444 | 7333
Text Segment 1612 | .3225| .4301| .4838 | 5591
Approach2 Full Article 4222 | 4444 5555 .6444 | .6444
ShortDocument 4444 1 5555 6222 | .6666 | .7555
Text Sgment .3854 | 5521 | .6354 | .6562 | .6562

Table 6: The information of the paper data set.

Conference | #Papers| AssignedClass
AAAI'02 29 CS:Arti cial Intelligence
ACL'02 65 CS:Linguistics
JCDL02 69 CS:Lib. & Info. Sci.
SIGCOMM'02 25 CS:Netvorks

Table 7: Top 1-5inclusion ratesfor classifyingpaper titles.
5

Approach Top-1 2 3 4
Approachl 2021 | .2872| .3457 | .3777 | .4255
Approach2 4628 | .6277 | .7181| .7713 | .8085

3.4 Paper Title Classi cation

We mentionedn Sectionl thatonecoulddesignaWebinforma-
tion servicethat collectsacademigapersandusea classi cation
techniqueto determinethe specializedelds of researchersWe
now try to useLiveClassi erto shav thatthis goalis achievable.

In this experiment,we collecteda dataset of academicpaper
titles from four computerscienceconferencesn year 2002 and
tried to classify theminto the 36 second-lgel CS classesagain.
Each conferencewas assignedo the Yahoo! classto which the
conferencavasconsideredo belong,e.g.,AAAI'02 wasassigned
to “Computer Science/Arti cial Intelligence, and all the papers
fromthatconferencainconditionallybelongedo thatcategory. Ta-
ble 6 lists therelevantinformationof this paperdataset. Note that
this might not be an absolutelycorrectclassi cation strat@y, as
somepapersn aconferencenaybeevenmorerelatedto otherdo-
mainsthanthe one we assignedhem. However, to simplify our
experimentwe madethis straightforvardassumptionTable7 lists
the experimentalresults.Also, Table8 displayssomeexamplesof
miss-classi edpapersit canbeobsenedthatthecontentf these
miss-classi edpapersvereactuallymorerelatedto the classess-
signed.

4. RELATED WORK

Thefundamentasimilarity betweerHCQF andautomatiaquery
expansiontechniquess not hardto be discerned.The lattertech-
niguehasbeenstudiedfor decadesvith debatablelegreesof suc-
cess;for a summaryarticle, see[23]; more recentdevelopments
canbefoundin [25, 18, 3]. Queryexpansionwas rst introduced
to overcomethe problemof word mismatcha problemfundamen-
tal to Information Retrieval. In a mannerof speaking,the topic

hierarcly de ned by userscanbetakenasa kind of thesaurusbut
thetopic hierarcly representshe subsumptiorrelationshipamong
theconcepbf theclassesatherthansomesemanticatelationship.

A lot of Web IE systemshave beendevelopedandmetdifferent
degreesf successThefollowing list we citeis boundto beincom-
plete[10,12,11,16,4, 13]. However, to thebestof ourknowledge,
the possibility of combiningtext classi cationtechniquewith Web
|IE techniguedo createmore advancedWeb information services
seemsseldomto geta directtreatmenin theliterature.

Usingthe Web asa superhugeknowledgesourceto solve prob-
lemsis commonpracticethesedays. Therehave beenattemptsof
using Web Mining techniguedo extracttemplateq2], to disam-
biguateword sensq1], to resohe PPattachmenf24], to translate
terms[14], to build querytaxonomieg5], andto cateyorizedocu-
ments[8].

Theworksmostcloselyrelatedto oursare[17, 15]. Bothworks
weredevisedin view of overcomingthe problemof expensveness
andscarcityof hand-labelledtorpora.althoughtheir approactand
oursarequite differentin methodologicahspect.Their mainidea
is to usea bootstrappingrocesdo labelthe unlabelleddocuments
probabilistically andusethe newly-labelledcorpusto helpretrain
the classi er andrecursvely so. The assumptiorof bothworksis
thataninitial datasetalreadyexists, which may be somelabelled
corpus[17], or somemanually-assignelleywords[15]. They fo-
cuson thetraining stage;.e., how to optimizethe classi er based
on known corpusin the training stage while in this work we fo-
cuson how to preparea moresuitableandrich initial dataset. We
think their works andoursarecomplementarandit is possibleto
upgradethe performanceof LiveClassi er by adoptingtheir tech-
nique. Also, morere ned query expansiontechniquesanbe in-
corporatednto HCQF to creatingmoresuitablepseudcclasses.

5. CONCLUDING REMARKS

In this work, we have presenteda systemthat can automati-
cally extract corporafrom the Web to train classi ers. The main
merits of LiveClassi er are its wide adaptabilityandits e xibil-
ity. Theneedectlassi er canbecreatedby de ning atopic hierar
chy. Thenecessargorporacanbefetchedandorganizedautomat-
ically, promptly, andeffectively. Furthermorethe performanceof
the classi erscreatedarein generalgood, supportecby empirical
evidence.

From the perspectie of application,LiveClassi er can create
moreinformationat thematiclevel andthis informationcanin turn



Table 8: Selectedexamplesof miss-classi edpaper titles.

PaperTitle Conference | Tamet Top- 2 3 4 5
Class 1
A New Algorithm for OptimalBin Packing AAAI Al ALG Al MOD COLT DNA
(Im)possibility of SafeExchangeMechanisnDesign AAAI Al NET SC LG DB MD
PerformancéssuesandError Analysisin an Open-DomairQuestionAnsweringSystem | ACL LG Al LG ALG DC SC
Active Learningfor StatisticalNaturalLanguageParsing ACL LG Al LG NN COLT ALG
Improving MachineLearningApproacheso CoreferencdResolution ACL LG Al LG ALG FM NN
A languagemodellingapproactto relevancepro ling for documenbrowsing JCDL LIS Al Ul LG LIS ALG
Structuringkeyword-basedjueriesfor webdatabases JCDL LIS Al LIS DB ALG ARC
A multilingual, multimodaldigital videolibrary system JCDL LIS LG Ul LIS ECAD NET
SOS:SecureDverlay Services SIGCOMM NET SC NET MC [6]S] DC
Al :Articial Intelligence DNA :DNA-BasedComputing MOD:Modeling
ALG :Algorithms ECAD:ElectronicComputerAided Design NET :Networks

ARC :Architecture
COLT:ComputationaLearningTheory
DB :Databases
DC :DistributedComputing

Table 9: Yahoo!'s Computer Scienceexperimentwhen the cor-
pussizeincreasesApproachl.

Nmax | Text Type Top-1 2 3 4 5
100 Full Article .3389 | .3785 | .6045 | .6214 | .6779
ShortDocument | .5780 | .7008 | .8034 | .8146 | .8483
Text Segment 4917 | 6346 | .6943 | 7242 | .7545
200 Full Article 5311 | .6271 | .6723 | .6949 | .7118
ShortDocument | .5780 | .6678 | .7008 | .7409 | .8034
Text Segment L4850 [ .6213 | .6910 | .7243 ] .7409
400 Full Article 4294 | 5028 | .5593 | .6102 | .6251
ShortDocument | .5563 | .6632 | .6803 | .7423 | .8011
Text Sgment 4518 | .5880 | .6545| .6910 | .7043
600 Full Article 4294 | 5198 | .5593 | .5819 | .5875
ShortDocument | .5454 | .6553 | .6731 | .7004 | .7321
Text Sgment 4219 | 5747 .6445| .6678 | .6810
800 Full Article 4294 | 5198 | .5593 | .5819 | .5875
ShortDocument | .5450 | .6345 | .6855 | .6921 | .6999
Text Segment 4219 | .5083 | .5648 | .6047 | .6146

beusedto createmorevalue-addedVebinformationservices For
commonhumanusers,LiveClassi er also bestavs much corve-
nience. No longertroubledby the tediouswork of preparingcor-
pora, usersmay effortlessly constructmary classi ers by his/her
own preference.

The effectivenesf LiveClassi er deseressomeremarks. As
discussedn the precedingsection,downloadingun-labelledWeb
corporato augmenteaturesor to enhancehe sizeof training cor
porahasbeentried in mary recentworks. However, few have con-
sideredthe problemof “how” to collectandorganizethe corpora.

Onemay entertainthe ideathat HCQF simply depend®n the
enormoussize of Web resourceto train the topic-hierarcly, how-
ever, thisis not the case.Table9 lists the resultsof the Computer
Sciencexperimentwhentraining corporaincreased|t canbe ob-
senedthatthe performancelid not amelioratewith the sizeof the
trainingcorporaonthecontrary it is the otherway around.

A probablereasonof this phenomenoris thatthe lowly-ranked
shippetscontainmuchmorenoise,thusdraggingdown the perfor
mance.Oblviously, downloadingWeb documentsndiscriminately
doesnot ensuresuccessn training. The reasonthat HCQF can
getbetterresultsis ratherits exploiting structuralinformationcon-
tainedin topic hierarchiesWe have presenteéh Section3 thatsub-
treesof limited depthextractedfrom Yahoo!'sdirectorycanachieve
satishctoryresults.We have alsoprovenin Section3.2thatin dif-
ferentgranularitiesandin diversedomains HCQF canachieve ac-
ceptableresults.However, designingexperimentof largerscaleis
still desirable.

LiveClassi er canbeaccessednlinein thefollowing URL

FM :FormalMethods

LG :Linguistics

LIS :Library andinformationScience
MC :Mobile Computing Ul :Userinterface

NN :NeuralNetwork
OS :OperatingSystems
SC :Security

http://liveclassi eriis.sinica.edu.tw/.Userscancreateand modify
classi ersonline.
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