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ABSTRACT
Many Web informationservicesutilize techniquesof information
extraction (IE) to collect importantfactsfrom the Web. To cre-
ate more advancedservices,one possiblemethodis to discover
thematicinformationfrom the collectedfactsthroughtext classi-
�cation. However, mostconventionaltext classi�cationtechniques
rely onmanual-labelledcorporaandarethusill-suitedto cooperate
with Web informationserviceswith opendomains. In this work,
we presenta systemnamedLiveClassi�er that canautomatically
train classi�ers throughWeb corporabasedon user-de�ned topic
hierarchies.Due to its �e xibility andconvenience,LiveClassi�er
canbeeasilyadaptedfor variouspurposes.New Webinformation
servicescanbe createdto fully exploit it; humanuserscanuseit
to createclassi�ers for their personalapplications.The effective-
nessof classi�ers createdby LiveClassi�er is well supportedby
empiricalevidence.

Categoriesand SubjectDescriptors
H.3 [Inf ormation Storageand Retrieval]: Miscellaneous

GeneralTerms
Algorithms,Experimentation,Performance

Keywords
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1. INTRODUCTION
Althoughthe�eld of Webinformationextraction(IE) hasmade

much progressin recentyears[7, 6, 12, 22], most of the time
the informationextractedis simply usedto populatethedatabases
without any re�ning step.If this extractedinformationcanbepro-
cessedandmoreinformationcanbe discoveredfrom it, undoubt-
edly, many new advancedinformationserviceswouldbecomepos-
sible. For example,supposethereis a Web information service
thathelpsuserscollectpublicationlists of researchersin a certain
area;andsupposefurtherthattherearesomemechanismsto decide
the researchers'specialized�elds basedon their publicationlists,
suchmechanismswouldbehighly valuablefrom theperspectiveof
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bothcommercialinterestsandacademicinquisition. In brief, dis-
coveringinformationhiddenin theextractedinformation,e.g.,the
informationat thematiclevel, would openup possibilitiesof creat-
ing new Web applicationsandhelp researchersto conductdeeper
analysis.

Generatingthematicinformation can be realizedthrough text
classi�cation– a subjecthaving beenextensively studiedfor years
[21]. In the above example,onecanclassifythe publicationlists
into a set of classesrepresentingvarious�elds in computersci-
ence,thusdeterminingtheinterestsof researchers.However, most
text classi�cationtechniquesassumemanually-labelledcorporaare
handyandcanbeusedfor training– anassumptionsometimesnot
quite realisticin practicalexperience.For onething, labelling the
corpusis laboriousandneedstheassistanceof professionalindex-
ers,andpossiblysuffers from theproblemof subjectivity; for an-
other, theacquisitionof corporais oftenanon-trivial matter. There-
fore, thesetechniquesrelying on hand-labelledcorporato create
thematicmetadataareill-suited to cooperatewith Webinformation
services.

If, ontheotherhand,thereexistsasystemthatcanautomatically
acquirenecessarytrainingcorporabasedon user-de�ned topic hi-
erarchiesandtrain theclasseseffectively, positively sucha system
canbeeasilyadaptedto cooperatewith Webinformationservices.
Moreover, it alsowouldgivegreatfacility to humanusers.

Theabove considerationmotivatesusto designa systemnamed
LiveClassi�er thatrequireslimited humaninvolvementin creating
hierarchicaltext classi�ers.LiveClassi�erwasdevelopedunderthe
assumptiontheredoesnot exist any manually-assignedcorpus,or
even if it exists, theamountis inadequate.Considerthat theWeb
offers inexhaustibledatasourcefor almostall subjects,thesystem
wasdesignedto fully exploit the richnessof Web resources.The
main featuresof LiveClassi�er are: (1) using Web search-result
pagesasthecorpussource;(2) exploiting thestructuralinformation
inherentin thetopichierarchy to traintheclassi�er;and(3)creating
key termstoamendtheinsuf�ciency of thetopichierarchy. Wehere
sketchthekey ideaof LiveClassi�erbrie�y .

Given a topic hierarchy, an intuitive idea would be to acquire
topic-relatedcorporafrom theWebto bethesubstitutesof manual-
labelledcorpora.However, consideringthe heterogeneityof Web
corpus,muchnoisesmustbecontainedin thesedownloadeddoc-
uments. Thankfully, thereare more suitabletools to realizethis
idea—Websearchengines.Onemaysendthenamesof theclasses
as queriesto searchenginesand use the returnedsearch-results
pagesasthecorpus.However, evenso,theretrievedsearch-results
still maycontainnoisesunavoidably. Ourideais thatwecanformu-



latemoreprecisequeriesandorganizethecorpusmoreeffectively
by theconceptof theclasses.

Themainmeritsof LiveClassi�erareits wideadaptabilityandits
�e xibility . Theneededclassi�er canbecreatedby simply de�ning
a topic hierarchy. Aside from generatingmorethematicinforma-
tion for Web informationservice,LiveClassi�er alsogivesmuch
convenienceto humanusers.

The rest of the paperis structuredas follows. LiveClassi�er,
alongwith the approachit is basedon, is presentedin Section2,
experimentsarepresentedSection3, therelatedwork in Section4,
andconclusionsaredrawn in Section5.

2. LIVECLASSIFIER
In Section2.1,we give anoverview of thecomponentsof Live-

Classi�er. A moredetailedanalysisof eachcomponentispresented
respectively in Sections2.2,2.3and2.4.

2.1 Overview of the System
We �rst de�ne the problemLiveClassi�er is supposedto deal

with andthendiscussthetechnicaldetails.
Given a setof classes,C = f c1 ; c2 :::; cn g, a collectionof text

objects,TO = f to1 ; to2 :::; tom g, andalsoa mapping� : TO !
2C that describesthe correctclassesa text object is supposedto
be classi�ed to. LiveClassi�er aimsat �nding a one-to-onemap-
ping scheme� : TO ! 2C suchthat thesizeof correctresultset
CRS = f toi jtoi 2 TO; � (toi ) = � (toi )g is maximal.

The architectureof the systemis illustratedin Figure1. Live-
Classi�er wasdesignedto interactwith bothhumanusersandWeb
applications.Theinputof LiveClassi�er includestopichierarchies
andtextsthatneedto beclassi�ed,theformerfor thetrainingphase
andthelatterfor thetestingphase.Wesummarizeeachcomponent
of thesystem.

� FeatureExtractor : thiscomponentinteractswith searchen-
ginesandextractshighly-rankedsearchsnippetsaseffective
featuresources.It outputsfeaturevectorsto describeboth
thetopicclassesandthetext objects.

� HCQF Classi�er Generator: HCQFis theacronymof Hier-
Concept-Query-Formulation, a techniquewe developedto
train statisticalmodelsfor topic classes.As its namesug-
gests,it emphasizesonusingtheconceptsembeddedin topic
hierarchiesto train theclassi�ers. This componentinteracts
with theFeature Extractor to organizetheclassmodels.It
outputsclassmodelsto beoperateduponby Text Classi�er .

� Text Classi�er : Usingtrainedclassesoutputby HCQF clas-
si�er generator, this componentdeterminesproperclasses
for textsof concern.

2.2 FeatureExtractor
To decidethesimilarity betweena text objectanda targetclass,

weneedarepresentationmodelto describethem.In thecaseof full
articlesor shortdocuments,we candirectly useits contentwords
asits featuresource.However, if thetext objectof concernis a text
segment,suchasauserquery, anamedentity, anda topic termand
soon, theproblemis slightly complicated.In theformercase,the
text objectitself affordsabundantfeatureterms,asit containstens
to thousandsof words,while in thelatercase,thefew wordscom-
posingthe text segmentareobviously insuf�cient. To overcome
thisproblem,wesendthetext segmentasaqueryto searchengines
andusethereturnedpagesasits featuresource.Notealsothatwe
useonly thesnippetsasthesource,insteadof thewholeWebpages,
soasto reducethenumberof pageaccesses.
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Figure1: A diagram presentingthe architectureof LiveClassi�er.

Whenwe train theclassi�ersin Section2.3,a similar processis
repeated:sendingthebooleanexpressionof classnamesto search
enginesandusingthereturnedpagesasthe trainingcorpus.Con-
sideringtheheterogenousnatureof theWeb,onemaydoubtwhether
it is asoundstrategy to usetheWebresourcesasthefeaturesource.
However, thanksto the recentadvancesin searchtechnology, we
think that, to a certaindegree, the highly-ranked returnedpages
containquiterelevantinformationandcanbetreatedasanapprox-
imatedescriptionof the text segmentor the topic class. We shall
comparetheperformanceof usingsupervised(hand-labelled)cor-
pusandthatof unsupervisedcorpuscomposedof search-resultsin
Section3.

Weadoptthevector-spacemodeltodescribethefeaturesfor both
text objectsandtopic classes.Speci�cally, aswe shall presentin
Section2.3,HCQF Classi�er Generator outputsasetof classob-
jectsfor eachseparatetopic class;boththeseclassobjectsandtext
objectsare to be convertedinto vectorsto estimatethe similarity
betweenthem.

To �nd enoughfeaturesfor text segmentsand to acquirethe
trainingcorporafor classes,we formulatequeriesbasedon thethe
text segmentsor somebooleanexpressionof classnames.Suppose
that, for eachqueryq, we collect up to N max search-resultsnip-
pets,denotedas SRSq . EachSRSq can thenbe convertedinto
a bag of featuretermsby applying normal text processingtech-
niques,e.g.,removing stopwordsandlow-frequency words,to the
contentsof SRSq . Let T be the featureterm vocabulary, andlet
t i bethei -th termin T . With simpleprocessing,a queryq canbe
representedasa termvectorvq in a jT j-dimensionalspace,where
vq;i is the weight t i in vq . The term weightsin this work arede-
terminedaccordingto oneof theconventionaltf-idf termweighting
schemes[19], in whicheachtermweightvq;i is de�ned as

vq;i = (1 + log2 f q;i ) � log2(n=n i );

wheref q;i is thefrequency t i occurringin vq 's correspondingfea-
ture termbag,n is the total numberof classobjects,andn i is the
numberof classobjectsthatcontaint i in their correspondingbags



of featureterms.Thesimilarity betweena text segmentandaclass
object is computedas the cosineof the anglebetweenthe corre-
spondingvectors,i.e.,

sim (va ; vb) = cos(va ; vb):

If, insteadof a text segment,the text objectis a full articleor a
shortdocument,its contentwordsaredirectly treatedasSRSq and
thesimilarprocessingtechniqueandweightingschemeis operated
uponit. Weomit therepetitions.

2.3 HCQF Classi�er Generator
For thesake of clarity, we presentthe techniqueHier-Concept-

Query-Formulation(HCQF) in a step-by-stepmanner. A topic hi-
erarchy TH = (C; R) consistsof two parts:a setof topic classes
C = f c1 ; c2 :::; cn g and a set of relationsR = f r 1 ; r 2 :::; r m g,
relatingthemhierarchicallysothatsuperclassesconceptuallysub-
sumesubclasses.A topic class,whosenameis an assignedkey-
word, essentiallyrepresentsanabstractconceptandtheconceptis
usuallyembodiedby a pre-arrangedtraining setthat describesits
characteristics.For eachci , if disregardingits relative positionin
TH , we cansendthenameof ci to searchenginesandusethere-
turnedsnippetsasits trainingset. We refer to a conceptdescribed
by sucha trainingsetasgeneral conceptG(ci ) of ci ; however, in
our case,we think this kind of general conceptis not theconcept
that ci is really meantto represent.The reasonis that a general
conceptdoesnot fully re�ect thestructuralinformationinherentin
thetopichierarchy TH .

To remedythis problem,therefore,we de�ne speci�c concept
S(ci ) thatwethink is really theconceptci representsin thecontext
of a hierarchy. Our ideacanbeillustratedby anexample:suppose
Y departmentis asubclassof X universityin sometopichierarchy
TH , G(Y ) onlyexpressesY but failsto indicatethatY department
is a child classof X university. Instead,theconceptthatY really
representsin TH is not only aboutY but alsothe fact thatY is a
child of X . Putanotherway, supposewewishto traintheclass“CS
department,” a subclassof “Stanford,” mostsnippetsgottenfrom
the query “CS department”positively contain information about
“CS department,” however, many of themarepossiblyabout“CS
department”of someuniversitiesother than “Stanford”. Sucha
training setapparentlyisn't a precisedescriptionof the classwe
wish to train.

Back to the �rst example, in our research,Y 's speci�c con-
ceptS(Y ) shouldbetheresultof Y 's general conceptG(Y ) con-
strainedby its parentX . Following this line of reasoning,notonly
X , but also all of Y 's ancestorsshouldexert somein�uence on
Y 's general concept. Naturally, oneis led to think of theconverse.
Descendantclassesshouldalsoexert a reciprocalin�uence on an-
cestorclasses,i.e. descendantclassesshouldenrichtheconceptof
ancestorclassessoasto give a moreprecisedescriptionfor them.
SupposeX university hasthreedepartments,Y , Y 0, andY 00, the
conceptthatX representsis notonly aboutX itself but alsothefact
it is theparentof Y ,Y 0 andY 00. As above, all descendentclasses
shouldenrichtheconceptof X . Thus,to summarize,for eachci ,
thecontentof a speci�c conceptis determinedby thecombination
of threefactors: its ancestors,its decedents,and its own general
concept.

We now formally de�ne whata speci�c conceptis. Givensome
classc� , whoseancestorsareA c� andwhosedescendantsareD c� ,
its speci�c concept, S(c� ), is theunionof two separateparts:spe-
ci�c ancestral concept, SA (c� ) andspeci�c descendantconcept,
SD (c� ), the former being its general conceptconstrainedby its
ancestors,while the latterbeingtheuni�cation of thespeci�c an-

cestral conceptsof all its descendants1:

SA (c� ) = G(c� ) \ f G(ai )jai 2 A c� g;

SD (c� ) = [f SA (dj )jdj 2 D c� g;

S(c� ) = SA (c� ) [ SD (c� ):

The taskof preparingthe trainingsetto expressSA (c� ) seems
dif�cult, but fortunatelyreal-world searchenginesrelieve usmuch
of thetrouble.Onemaysendthequeryasabooleanexpressionc�

andthenameof its ancestorsA c� to searchenginesandusethere-
turnedsnippetsastherequiredtrainingsetfor SA (c� ). Conversely,
whenpreparingthetrainingsetto expressSD (c� ), onesimplyadds
upall thetrainingsetsfor speci�c ancestral conceptof D c� .

In morepracticalterms,thetotal trainingsetof classc� is then
composedof the trainingset(Nmax snippets)for SA (c� ) andthe
training sets(Nmax � jD c� j) for SD (c� ). Note that eachNmax

snippetscanbe thenconvertedto a classobjectaccordingto the
vectorspacemodeldiscussedin Section3.1. Therefore,c� is then
presentedasanarrayof classobjects,oneof themis from SA (c� )
while othersarefrom SD (c� ).

The strengthof HCQF lies exactly in this kind of rich training
set. For c� , its conceptis not only speci�ed by its ancestorsand
itself, but alsoby all its descendants.Supposewe only consider
SA (c� ) but dropSD (c� ), we have merelyNmax snippetsto train
ci ; on the otherhand,if we take SD (c� ) into consideration,we
may have a dramatic(1 + jD c� j) � Nmax snippetsto train c� .
(Notethatsincewe convert thetrainingsetsinto classobjects,the
above expressioncanbebetterrestatedasthecomparisonbetween
1 and1 + jD c� j objects.)Moreover, theadditionaljD c� j � Nmax

snippets( or jD c� j objects)don't containas much noiseas one
might expect, becausethey are alreadyconstrainedby c� along
with its ancestorsbeforehand.

It caneasilybe seenthat onemay train all the classesin TH
by traversingit by themannerof BFStwice. For eachci , the �rst
roundcollectsthe trainingsetfor SA (ci ), while thesecondround
addsup the training setsfor SD (ci ) andS(ci ). Having collected
all thenecessarytrainingsets,by usingthecollectionof theterms
in all trainingsetsasthetotal featurevocabulary T , thesetraining
setscanbeconvertedinto classobjects.

So far, we have presentedtheoverall ideaof HCQF andit can
be observed that it mainly concernsabouthow to formulatepre-
cise queriesand organizethe corpus. We now are left with two
moreproblems.First, the leaf classcleaf , unlike internalclasses,
cannotbe strengthenedby its descendentclasses.In otherwords,
Sd (cleaf ) = � andHCQF seemshaveaweakerdescriptivepower
for them. Second,supposewe aregiven only a non-hierarchical
tree, i.e. a �at structure,can HCQF be generalizedso as to be
appliedto it too?

Theanswerto two above questionslies in the fact thatonecan
always �nd someclassesto enricha leaf classby insertingthem
as“pseudo”childrenclasses.Given someleaf classcleaf , when
collectingthe snippetsto organizeSa (cleaf ), onecaneasily �nd
someassociatedtermsof cleaf andusesome�ltering mechanisms
to choosepropertermsaschild classesof cleaf

2.
1We usethesetoperationsto expressour idea,andtheir meaning
will be madeclearin the following discussion.Strictly speaking,
thenotationweusehereis notmathematicallyrigorous.The“con-
cept,” actually, isn't composedof distinctentitiesasamathematical
setis.
2It is notnecessarythatonealways�nds theassociatedtermsfrom
theWeb-retrievedsnippets.If theleafclasshassomelocal training
documentset,onecanalsoextractassociatedtermsfrom it.



HCQF(TH = (C; R))
C: thesetof topicclasses
R: relationsamongtopicclasses
SRS: the collectionof training sets(searchresultsnippets)(ini-
tially � )
CO: the collection of feature vector of of class ob-
jects
1: for all c 2 C, accordingto R, choosec by BFSdo
2: SRSc  sendc [ cancestor s to searchengines
3: if c= leaf then
4: ATc  AssociatedTermsby Subsumption(c, SRSc)
5: for all at 2 ATc do
6: SRSc  SRSc [ send(c [ at) to searchengines
7: for all c 2 C, accordingto R, choosec by BFSdo
8: SRSc  SRSc [ SRScdescendents
9: SRS  SRS [ SRSc

10: for all sr s 2 SRS do f transformSRSinto a featurevector
accordingto Section3.1g

11: co  transformsrs
12: CO  CO [ co
13: returnCO

AssociatedTerms by Subsumption(c, SRSc)
c: topicclass
SRSc : trainingsetof c
AT : thesetof associatedterms(initially � )

14: for all t 2 SRSc do
15: if p(cjt) � 0:8 andp(t jc) < 1 then
16: AT  AT [ t
17: returnAT

AssociatedTerms by Co-occurrence(c, SRSc)
c: topicclass
SRSc : trainingsetof c
AT : thesetof associatedterms(initially � )

18: for all t 2 SRSc do
19: if D F (t; c)=DF (C) > " then f D F valuecanbe gotten

from searchenginesg
20: AT  AT [ t
21: returnAT

Figure 2: An algorithmic procedure describing HCQF. Note that
Line 4 canbereplacedby AssociateTerm by Co-occurrence(c, SRSc ).

In our experiments,we have employed the following two tech-
niquesto createthe “pseudo”child classes.We chooseeither(1)
thetermssubsumedby cleaf [20]; or (2) thetermshaving thehigh-
estmutualinformationwith cleaf .

The �rst techniqueis basedon the assumptionthat, supposea
termcd

leaf is subsumedby cleaf , thedocumentsthatcd
leaf appears

always(or almostalways)containcleaf , while thedocumentscon-
taining cleaf do not necessarilycontaincd

leaf . The formula is set
asfollows:

P (cleaf jcd
leaf ) � � ;

P (cd
leaf jcleaf ) < 1:

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

The secondtechniqueis basedon the assumptionthat the con-
ceptof cleaf canbe enrichedby its mostrelevant termstoo. We
choosethe termsthat appearwith cleaf above a certainthreshold
of times. We denotethe documentfrequency of someterm t as
D F (t) andthatof theco-occurrenceof s andt asD F (t; s), then
our ideacanbeexpressedas

D F (t; cleaf )
D F (cleaf )

> �

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

TextClasssi�er(to; C; CO; n)
to: theunknown text object
C: thesetof classes
CO: thesetof classobjectsreturnedby HCQF
n: thenumberof targetcategories

1: for all co 2 CO do
2: r (to; co)  sim (vto ; vco )
3: Rk (to)  thek classobjectsco 2 CO with highestr (to; co)

scores
4: for all c 2 C do
5: r k N N (to; c)  0
6: for all co 2 Rk (to) do
7: for all c is a classof co do f a classobjectco may enrich

multipleancestorclassesg
8: r k N N (to; c)  r k N N (to; c) + r (to; co)
9: return top-ranked n classesin C accordingto the decreasing

orderof r k N N (to; c)

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

2.4 Text Classi�er
Givena new candidatetext objectto, Text classi�er determines

asetof classesthatareconsideredasto'smostrelevantclasses.
As discussedin Section2.2, thecandidatetext objectto is rep-

resentedasa featurevectorvto . For theclassi�cationtask,wehere
adoptakNN approach.

kNN hasbeenan effective classi�cation approachto a broad
rangeof patternrecognitionand text classi�cation problems[9].
By kNN approach,a relevancescorebetweentext object to and
candidateclassCi is determinedby thefollowing formula:

r k N N (to; Ci ) =
X

v j 2 R k ( to ) \ C i

sim (vto ; vj )

whereRk (to) areto's k most-similarclassobjects,measuredby
sim function,which is the cosineanglebetweenthe two vectors,
in thewholecollection.Figure3 shows thealgorithmicprocedure
of this classi�cationprocess.

Theclassesthata text objectis to beassignedto aredetermined
by eitheraprede�nednumberof most-relevantclustersor a thresh-
old to pick thoseclusterswith scoreshigher than the speci�ed
thresholdvalue. Different thresholdstrategies have both advan-
tagesanddisadvantages[26]. In this study, to evaluatetheperfor-
mance,weselectthe� vemostrelevantclassesascandidates.

3. EXPERIMENTS
Having describedtheoverall ideaof LiveClassi�er, we now try

to justify it by empiricalevidence. In designingthe experiments,
we not only assessedthe accuracy of LiveClassi�e, but also ex-
ploredpossibleapplicationsthatcouldbederivedfrom it.

Throughouttheexperiments,weuseYahoo!'s topichierarchy as
the testingbed. k is set to 5. The searchengineemployed was
Google.

To betterevaluatehow LiveClassi�er performswhenthe length
of the test text object varies,we divided theminto threegroups:
text segments,short documentsand full articles. Text segments
weredirectorynamesof lower levelsclasses.For example,in the
following ComputerScienceexperiment,thedirectorynames“In-
telligentSoftwareAgent” and“FuzzyLogic” couldbetakenastext
segmentsof concernandweresupposedto be classi�ed into the
higher level class“Arti�cial Intelligence”. For eachdirectory in
Yahoo!,therewasa list of Websitesaccompaniedby sitedescrip-
tion offeredby Yahoo!'s indexers. We usedthe Web pagesof the



Table 1: Top 1-5 inclusion rates of classifying text objects into secondlevel classesof CS-treefr om Yahoo! under various circum-
stances.

Topic Hierarchy Used +
CorporaSource

Approach Text Type Top-1 2 3 4 5

Manual Hierarchy + Un-
supervisedWebCorpora

Basedononly secondlevel classes(Approach1) Full Article .3389 .3785 .6045 .6214 .6779

ShortDocument .5780 .7008 .8034 .8146 .8483
Text Segment .4917 .6346 .6943 .7242 .7545

Basedon �rst threelevel classes(Approach2) Full Article .5367 .6780 .7288 .7458 .7514
ShortDocument .7837 .8932 . 9326 .9326 .9606
Text Segment .7384 .8775 .9272 .9371 .9636

AugmentedHierarchy +
UnsupervisedWeb Cor-
pora

Basedonpseudoclassesgeneratedbysubsumptiontech-
niqueplusclassesat the�rst two levels(Approach3)

Full Article .3785 .5254 .6384 .7005 .7231

ShortDocument .6753 .8432 .8432 .8932 .8932
Text Segment .6060 .7252 .8146 .8411 .8510

Basedon pseudoclassesgeneratedby co-occurrence
techniqueplusclassesat �rst two levels(Approach4)

Full Article .4067 .6045 .7062 .7457 .7740

ShortDocument .7050 .8034 .8764 .8932 .8932
Text Segment .6424 .7417 .8245 .8510 .8609

Not Using Topic Hierar-
chy + SupervisedCorpora

Usingtheshortdocumentsof Yahoo!(Approach5) Full Article .3785 .5706 .6497 .7006 .7288

ShortDocument .6142 .6751 .7005 .7100 .7259
Text Segment .6912 .8039 .8671 .9003 .9202

sitesasfull articles3 andthedescriptionof thesitesasshortdocu-
ments.

3.1 TheOverall Performanceof Li veClassi�er
We�rst focusedonhow well LiveClassi�erperformswhendeal-

ing with text objectsof differentlengths.We chosea speci�c do-
main,computersciencein Yahoo!ComputerSciencetopic hierar-
chy to conductthisexperiment.Thereweretotally 36second-level,
177third-level, and278fourth-level classes,all rootedat theclass
“ComputerScience”.Weusedthesecond-level classes,e.g.,“Arti-
�cial Intelligence”and“Linguistics” asthetargetclassesandtried
to classifytext objectsinto them.

For text segments,the278fourth-level classeswereusedastest
instances.Also, we choserandomly177full articlesandtheir cor-
respondingshortdocumentsfrom thefourth-level classes.

In general,we were interestedin the following questionsand
designatethemrespectively asApproaches1-5:

1. Supposewe useonly the restrictedversionof HCQF, i.e.
droppingSD (C) andonlyusingSA (C), removetherootand
thethird-level classes,anddon't considergeneratingpseudo
classes,how well doesHCQF do?Thisisequivalenttousing
only a �at structureandcanbethoughtof asthebottom-line.
(Approach1)

2. SupposewetakebothSD (C) andSA (C) into consideration
but still don't generatepseudoclassesautomatically, how
well doesHCQF do?(Approach2)

3. Supposewe arenot giventhird-level classes,how well does
HCQF doif it generatespseudoclassesautomaticallyby the
subsumptiontechnique?(Approach3)

4. Thesamesituationas(3), but now HCQF generatespseudo
classesby theco-occurrencetechnique.(Approach4)

5. Insteadof usingHCQF, theshortdocumentsof Level 2 and
Level 3 classesareusedastrainingcorpora,how well do the
classi�ersperform?(Approach5)

3Note that we treatedthe Web pagesin their simplestform, i.e.
only their full contentwithoutconsideringany taginformation.

Note that in Approaches3 and4, for eachtarget class,we de-
liberately madethe numberof its pseudochild classesthe same
with Approach2 soasto evaluatetheperformanceof HCQF in the
context of a manually-constructedhierarchy andanautomatically-
augmentedhierarchy.

Table1 shows theresultof theachievedtop 1-5 inclusionrates,
the top n inclusion rate is the rate of test objectswhosehighly
ranked n candidateclassescontain the correctclass. From this
table, it canbe observed that Approach2 surpassedall otherap-
proaches.Thisisahint thatawell-organizedtopichierarchy greatly
contributesto thehigh performanceof HCQF. Approaches3 and
4 alsogot promisingresults,thoughnot asgoodasApproach2.
This indicatesthatbothsubsumptiontechniqueandco-occurrence
techniquecouldgetproperpseudoclasses;HCQF doesnot neces-
sarily rely onuser-de�ned topichierarchies;to acertaindegree,the
manual-de�nedtopichierarchiescanbeapproximatedby HCQF's
automaticmechanisms.The worst wasApproach1, a simple�at
structure. However, it deserves attentionthat, though it fell far
behind other approaches,consideringthat there were totally 36
classes,its overall performancewasstill acceptable.This not only
revealedthe superiorityof Web resourcesbut alsoimplicitly sug-
gestedthat,to train a classi�er, a simplebut effective methodis to
simplydesignateasetof distinctclassnames.

A very interestingobservation canbe madeaboutApproach5.
UsingYahoo!'sshortdocumentsasthetrainingcorporaalsogotde-
centresults,secondonly toApproach2butsuperiortoApproaches3
and 4. Unlike the previous four Approachesusing unsupervised
trainingcorporadownloadedfrom Searchengines,Approach5 can
be deemedasusingsupervisedhand-labelledtraining corpora. If
unsupervisedtrainingcorporacouldgetcomparable(Approaches3
and 4) or even betterresult (Approach2) thansupervisedtrain-
ing corpora, it implies that a topic-hierarchy composedof key-
wordsspeci�ed by indexersor librariansseemsenoughto create
the neededclassi�ers, ratherthanmanuallylabelling a lot of cor-
pus.

Concerningthe text type axis, it canbe observed that the three
typesall gotsatisfactoryresults.In general,theclassi�erwetrained
could categorizetext segmentsandshortdocumentswith promis-
ing accuracy. Thiscon�rmed ourconjecturethatWebsearch-result



snippetswerea properdescriptionof the text segmentsandcould
beusedasthefeaturesource.

Comparedto shortdocumentsandtext segments,thefull article
experimentdidn't getasgoodresults,thoughtheresultswerestill
promising. The probablereasonof this performancedegradation
wasthat thecontentof the testWebpageswastoo diverseso that
they sometimeswerenot conceptuallycloselyrelatedto thetarget
class.

3.2 Granularity and Diversity
Having observedhow HCQF performedin aspeci�c area:Com-

puterScience,we thentried to examinewhetherHCQF couldbe
appliedto a topic-hierarchy of morediversedomainsandof deeper
depth.Weextractedpartsof of Yahoo!'sdirectoryabout“Science”
and“Social Science”of 5 level deep. Therewere totally 84 text
segmentsand139shortdocumentsandtheir correspondingfull ar-
ticlesin Level 5.

Table 2: The information of Scienceand SocialSciencehierar-
chiesextracted fr om Yahoo!'sdir ectory.

Level 2 Level 3 Level 4
Science Mathematics Geometry, NumberTheory

Chemistry Chemist, Chemical and Bio-
logicalWeapons

Astronomy SolarSystem,Cosmology
Social
Science

History Historiology, Genealogy

Sociology SocialClassandStrati�cation,
UrbanStudies

Linguistics and Hu-
manLanguages

Translationand Interpretation,
WordandWordplay

Unlike theprecedingexperiment,wetried to classifythevarious
text objectsof Level 5 into Levels2, 3, and 4 respectively. Clas-
sifying text objectsinto differentlevelsof thetopichierarchy hasa
consequentialimplication: it meanswhetherHCQFcancreatethe-
maticinformationof differentdegreesof re�nement. In particular,
thedepthof a classin a topic hierarchy suggestsits own topicality
andspeciality. And if a text objectcanbe successfullyclassi�ed
into classesof different levels, it meansmuch more information
canbethuscreated.

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

Approaches Text Types Level2 Level3 Level4
Approach1 Full Article .5731 .4219 .6094

ShortDocument .4748 .3525 .5683
Text Segment .4609 .5714 .8810

Approach2 Full Article .8047 .6094 N/A
ShortDocument .8417 .6978 N/A
Text Segment .9634 .8333 N/A

Approach3 Full Article .6172 .4667 .6171
ShortDocument .5467 .4317 .6384
Text Segment .6190 .6428 .9166

Approach4 Full Article .5390 .6453 .6610
ShortDocument .5755 .4101 .6834
Text Segment .5827 .6310 .9048

Approach5 Full Article .6562 .5313 .8203
ShortDocument .5683 .4453 .9496
Text Segment .8452 .7142 .4048

Table 2 lists the detailsaboutthe Level 2 to Level 4; Table 3
lists theresults.It canbeobservedthatclassifyingtext objectsinto

differentlevelsof thetopic hierarchy got roughlythesameresults.
Althoughthehigherthe levels, thenumberof classeswassmaller
andit seemseasierto classifytext objectsinto them,this factorwas
cancelledby anotherfact: theconceptof higherlevel classeswere
hardertobetrainedcorrectlydueto theirgeneralityandabstraction.

3.3 Creating Thematic Metadata for Textual
Data

Recentadvancesin text processingtechnologies,suchas text
patternrecognition,informationextraction,metadataannotationcan
extract metadata(facts)aboutpeople,place,time from texts with
high accuracy. However, the metadatacreatedby thesekinds of
technologies,is still tooprimitive to beusedasabasisfor moread-
vancedapplications,suchasconcept-basedsearch.How to create
morere�ned metadatawith limited humaninterventionis a prob-
lemthatdeservesinvestigation. In thisexperimentweexploredthe
possibilityof usingLiveClassi�erto helpcreatemorere�ned meta-
data.

We extractedthreehierarchiesfrom Yahoo!,respectively “Peo-
ple” (People/Scientist),“Place” (Region/Europe), and “Time”
(History-timePeriod).For thesethreecases,werandomlyselected
100,100,and93classnames,whichcouldbeconsideredasakind
of text segment,from thebottom-level andassignedthemontothe
second-level classes.And asbefore,we randomlyselected77,80,
45shortdocumentsalongwith thecorrespondingfull articlesfrom
Yahoo!to conducttheexperiments.

Table 5 lists somesamplesof the test text segmentsand their
correspondingclasses.Table 4 lists the classi�cation resultsfor
varioustypesof text. It couldbeobservedthatin the“People”and
“Place” cases,our approachgot very satisfactoryresults,while in
the “Time” casewe did not get similar goodresults. The reason
for its performancedegradationseemsthat the conceptof a time
period,suchas“Renaissance”and“Middle Ages”, is toobroadand
toomuchnoiseis containedin thereturnedsnippets,thuslowering
theprecisionof classi�cation.

On thecontrary, thehigh performanceof the“People”caseand
“Place” caseis contributedby two factors:(1) Theconceptsof the
classesthemselves are very speci�c. A speci�c conceptimplies
thatWebsearchresultsareverypreciseandcoherentandthushave
a higherchanceof training theclasscorrectly. (2) Theclassesare
themselvesvery distinct from oneanother. Notice especiallythis
factorcanpartly explain why the “People” andthe “Place” cases
got betterresultsthantheabove CSexperiment.The �elds of CS
oftenoverlapin subjectswhile people's jobsandtheplacesseldom
do.

Table 5: Somesamplesof the test text segmentsand their cor-
respondingclassesextracted fr om Yahoo!.

SamplesandCorrespondingSecond-level Classes
People Curie,Marie (1867-1934) Physicists

Korzybski,Alfred (1879-1950) Linguists
Fulton,Robert(1765-1815)Engineers&Inventors
Cantor, Georg (1845-1918) Mathematicians

Place Piraeus Greece
Kannus Finland
Vorchdorf Austria
Grindavik Iceland

Time GloriousRevolution 17thCentury
PeloponnesianWar AncientHistory
HanseaticLeague Middle Ages
FrenchRevolution 18thCentury



Table4: Top 1-5 inclusion rates for classifyingYahoo!'sPeople,Place,and Time text objects.
Approach Text Type Top-1 2 3 4 5

Yahoo!(People) Approach1 Full Article .5866 .6933 .7466 .8 .8
ShortDocument .8961 .8961 .8961 .8961 .8961
Text Segment .8654 9808 .9808 .9904 .9904

Approach2 Full Article .7066 .8133 .8533 .8533 .8533
ShortDocument .8533 .8961 .8961 .8961 .8961
Text Segment .8846 .9808 .9904 .9904 .9904

Yahoo!(Place) Approach1 Full Article .7375 .8375 .85 .875 .8875
ShortDocument .9000 .9250 .9500 . 9750 .9750
Text Segment .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) Approach1 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 .5555 .6222 .6666 .7555
Text Segment .3854 .5521 .6354 .6562 .6562

Table6: The information of the paper data set.
Conference # Papers AssignedClass
AAAI'02 29 CS:Arti�cial Intelligence
ACL'02 65 CS:Linguistics
JCDL'02 69 CS:Lib. & Info. Sci.

SIGCOMM'02 25 CS:Networks

Table7: Top 1-5 inclusion rates for classifyingpaper titles.
Approach Top-1 2 3 4 5
Approach1 .2021 .2872 .3457 .3777 .4255
Approach2 .4628 .6277 .7181 .7713 .8085

3.4 Paper Title Classi�cation
Wementionedin Section1 thatonecoulddesignaWebinforma-

tion servicethat collectsacademicpapersandusea classi�cation
techniqueto determinethe specialized�elds of researchers.We
now try to useLiveClassi�er to show thatthisgoalis achievable.

In this experiment,we collecteda dataset of academicpaper
titles from four computerscienceconferencesin year 2002 and
tried to classify them into the 36 second-level CS classesagain.
Eachconferencewas assignedto the Yahoo! classto which the
conferencewasconsideredto belong,e.g.,AAAI'02 wasassigned
to “ComputerScience/Arti�cial Intelligence,” and all the papers
from thatconferenceunconditionallybelongedto thatcategory. Ta-
ble 6 lists therelevant informationof this paperdataset.Notethat
this might not be an absolutelycorrectclassi�cation strategy, as
somepapersin aconferencemaybeevenmorerelatedto otherdo-
mainsthan the onewe assignedthem. However, to simplify our
experiment,wemadethisstraightforwardassumption.Table7 lists
theexperimentalresults.Also, Table8 displayssomeexamplesof
miss-classi�edpapers.It canbeobservedthatthecontentsof these
miss-classi�edpaperswereactuallymorerelatedto theclassesas-
signed.

4. RELATED WORK
Thefundamentalsimilarity betweenHCQF andautomaticquery

expansiontechniquesis not hardto bediscerned.The latter tech-
niquehasbeenstudiedfor decadeswith debatabledegreesof suc-
cess;for a summaryarticle, see[23]; more recentdevelopments
canbefound in [25, 18, 3]. Queryexpansionwas�rst introduced
to overcometheproblemof word mismatch,a problemfundamen-
tal to Information Retrieval. In a mannerof speaking,the topic

hierarchy de�ned by userscanbetakenasa kind of thesaurus;but
thetopic hierarchy representsthesubsumptionrelationshipamong
theconceptof theclassesratherthansomesemanticalrelationship.

A lot of WebIE systemshave beendevelopedandmetdifferent
degreesof success.Thefollowing list weciteis boundto beincom-
plete[10,12,11,16,4,13]. However, to thebestof ourknowledge,
thepossibilityof combiningtext classi�cationtechniquewith Web
IE techniquesto createmoreadvancedWeb informationservices
seemsseldomto getadirecttreatmentin theliterature.

UsingtheWebasa superhugeknowledgesourceto solve prob-
lemsis commonpracticethesedays.Therehave beenattemptsof
usingWeb Mining techniquesto extract templates[2], to disam-
biguateword sense[1], to resolve PPattachment[24], to translate
terms[14], to build querytaxonomies[5], andto categorizedocu-
ments[8].

Theworksmostcloselyrelatedto oursare[17, 15]. Both works
weredevisedin view of overcomingtheproblemof expensiveness
andscarcityof hand-labelledcorpora,althoughtheir approachand
oursarequitedifferentin methodologicalaspect.Their main idea
is to useabootstrappingprocessto labeltheunlabelleddocuments
probabilistically, andusethenewly-labelledcorpusto helpretrain
theclassi�er andrecursively so. Theassumptionof bothworks is
thatan initial datasetalreadyexists,which maybesomelabelled
corpus[17], or somemanually-assignedkeywords[15]. They fo-
cuson thetrainingstage,i.e., how to optimizetheclassi�er based
on known corpusin the training stage,while in this work we fo-
cuson how to preparea moresuitableandrich initial dataset.We
think their worksandoursarecomplementaryandit is possibleto
upgradetheperformanceof LiveClassi�er by adoptingtheir tech-
nique. Also, morere�ned queryexpansiontechniquescanbe in-
corporatedinto HCQF to creatingmoresuitablepseudoclasses.

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 adaptabilityand its �e xibil-
ity. Theneededclassi�er canbecreatedby de�ning a topic hierar-
chy. Thenecessarycorporacanbefetchedandorganizedautomat-
ically, promptly, andeffectively. Furthermore,theperformanceof
theclassi�erscreatedarein generalgood,supportedby empirical
evidence.

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



Table8: Selectedexamplesof miss-classi�edpaper titles.

PaperTitle Conference Target
Class

Top-
1

2 3 4 5

A New Algorithm for OptimalBin Packing AAAI AI ALG AI MOD COLT DNA
(Im)possibilityof SafeExchangeMechanismDesign AAAI AI NET SC LG DB MD
PerformanceIssuesandErrorAnalysisin anOpen-DomainQuestionAnsweringSystem ACL LG AI LG ALG DC SC
Active Learningfor StatisticalNaturalLanguageParsing ACL LG AI LG NN COLT ALG
Improving MachineLearningApproachesto CoreferenceResolution ACL LG AI LG ALG FM NN
A languagemodellingapproachto relevancepro�ling for documentbrowsing JCDL LIS AI UI LG LIS ALG
Structuringkeyword-basedqueriesfor webdatabases JCDL LIS AI LIS DB ALG ARC
A multilingual,multimodaldigital videolibrary system JCDL LIS LG UI LIS ECAD NET
SOS:SecureOverlayServices SIGCOMM NET SC NET MC OS DC

AI :Arti�cial Intelligence
ALG :Algorithms
ARC :Architecture
COLT:ComputationalLearningTheory

DB :Databases
DC :DistributedComputing

DNA :DNA-BasedComputing
ECAD:ElectronicComputerAidedDesign

FM :FormalMethods
LG :Linguistics
LIS :Library andInformationScience
MC :Mobile Computing

MOD:Modeling
NET :Networks
NN :NeuralNetwork
OS :OperatingSystems
SC :Security
UI :UserInterface

Table9: Yahoo!'s Computer Scienceexperimentwhen the cor-
pussizeincreases.Approach1.

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 .4850 .6213 .6910 .7243 .7409

400 Full Article .4294 .5028 .5593 .6102 .6251
ShortDocument .5563 .6632 .6803 .7423 .8011
Text Segment .4518 .5880 .6545 .6910 .7043

600 Full Article .4294 .5198 .5593 .5819 .5875
ShortDocument .5454 .6553 .6731 .7004 .7321
Text Segment .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-addedWebinformationservices.For
commonhumanusers,LiveClassi�er also bestows much conve-
nience.No longertroubledby the tediouswork of preparingcor-
pora,usersmay effortlesslyconstructmany classi�ers by his/her
own preference.

The effectivenessof LiveClassi�er deservessomeremarks.As
discussedin the precedingsection,downloadingun-labelledWeb
corporato augmentfeaturesor to enhancethesizeof trainingcor-
porahasbeentried in many recentworks.However, few havecon-
sideredtheproblemof “how” to collectandorganizethecorpora.

Onemay entertainthe ideathat HCQF simply dependson the
enormoussizeof Web resourceto train the topic-hierarchy, how-
ever, this is not thecase.Table9 lists theresultsof theComputer
Scienceexperimentwhentrainingcorporaincreased.It canbeob-
servedthattheperformancedid not amelioratewith thesizeof the
trainingcorpora,on thecontrary, it is theotherwayaround.

A probablereasonof this phenomenonis that the lowly-ranked
snippetscontainmuchmorenoise,thusdraggingdown theperfor-
mance.Obviously, downloadingWebdocumentsindiscriminately
doesnot ensuresuccessin training. The reasonthat HCQF can
getbetterresultsis ratherits exploiting structuralinformationcon-
tainedin topichierarchies.Wehavepresentedin Section3 thatsub-
treesof limiteddepthextractedfromYahoo!'sdirectorycanachieve
satisfactoryresults.We have alsoprovenin Section3.2 thatin dif-
ferentgranularitiesandin diversedomains,HCQF canachieveac-
ceptableresults.However, designingexperimentsof largerscaleis
still desirable.

LiveClassi�ercanbeaccessedonlinein thefollowing URL

http://liveclassi�er.iis.sinica.edu.tw/.Userscancreateandmodify
classi�ersonline.
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