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Abstract

In this paper, we addressthe problemof
dealing with a large collection of data
and proposea method for text classifi-
cationwhich manipulatesdatausingtwo
well-known machinelearningtechniques,
NaiveBayes(NB)andSupportVectorMa-
chines(SVMs). NB is basedon the as-
sumption of word independencein a text,
which makes the computationof it far
moreefficient. SVMs, on theotherhand,
have the potential to handlelarge feature
spaces,which makesit possible to pro-
duce better performance. The training
data for SVMs are extracted using NB
classifiersaccordingto the category hier-
archies,whichmakesit possible to reduce
the amountof computation necessaryfor
classificationwithout sacrificingaccuracy.

1 Intr oduction

As the volumeof online documentshasdrastically
increased,text classificationhasbecomemore im-
portant,andagrowingnumberof statistical andma-
chinelearningtechniqueshave beenappliedto the
task(Lewis, 1992),(YangandWilbur, 1995),(Baker
andMcCallum, 1998),(Lam andHo, 1998), (Mc-
Callum,1999),(DumaisandChen,2000). Most of
them usethe Reuters-21578articles1 in the evalu-

1The Reuters-21578, distribution 1.0, is comprised of
21,578documents, representingwhat remainsof the original
Reuters-22173 corpusafter the elimination of 595 duplicates
by SteveLynch andDavid Lewis in 1996.

ationsof their methods,since the corpushas be-
comea benchmark,and their resultsare thuseas-
ily comparedwith other results. It is generally
agreedthat thesemethodsusingstatistical andma-
chine learningtechniquesare effective for classifi-
cationtask,sincemostof themshowed significant
improvement(the performanceover 0.85F1 score)
for Reuters-21578(Joachims,1998),(Dumaiset al.,
1998),(YangandLiu, 1999).

More recently, some researchershave applied
their techniques to larger corpora such as web
pagesin Internetapplications(MladenicandGrobel-
nik, 1998),(McCallum, 1999),(DumaisandChen,
2000). The increasingnumberof documentsand
categories, however, often hampersthe develop-
mentof practicalclassification systems,mainlydue
to statistical, computational, and representational
problems(Dietterich, 2000). Thereareat leasttwo
strategies for solving theseproblems. One is to
usecategory hierarchies. The idea behindthis is
thatwhenhumansorganizeextensive datasetsinto
fine-grainedcategories,category hierarchiesareof-
ten employedto makethe large collectionof cate-
goriesmore manageable.McCallum et. al. pre-
senteda methodcalled ‘shrinkage’ to improve pa-
rameterestimatesby taking advantageof a hierar-
chy(McCallum,1999).They testedtheirmethodus-
ing threedifferent real-world datasets:20,000ar-
ticles from UseNet,6,440web pagesfrom the in-
dustry sector, and 14,831pagesfrom Yahoo, and
showed improved performance. Dumais et. al.
usedSVMs andclassifiedhierarchicalweb content
consisting of 50,078web pagesfor training, and
10,024for testing, with promisingresults(Dumais
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andChen,2000).
Theotheris to use ���������	��
�� methodswhich are

learningalgorithmsthatconstructa setof classifiers
and thenclassifynew databy taking a (weighted)
vote of their predictions(Dietterich, 2000). One
of themethodsfor constructing ensemblesmanipu-
latesthetrainingexamplesto generatemultiple hy-
potheses.The most straightforward way is called�������� � � . It presentsthe learningalgorithmwith a
trainingsetthatconsists of a sampleof � examples
drawn randomlywith replacementfrom theoriginal
trainingset. Thesecondmethodis to constructthe
training setsby leaving out disjoint subsets of the
training data. The third is illustratedby the AD-
ABOOST algorithm(Freundand Schapire,1996).
Dietterichhascomparedthesemethods(Dietterich,
2000). He reportedthat in low-noise data, AD-
ABOOSTperformswell, while in high-noisecases,
it yields overfitting becauseADABOOST puts a
largeamountof weightonthemislabeledexamples.
Baggingworkswell onboththenoisyandthenoise-
free databecauseit focuseson the statistical prob-
lem which ariseswhenthe amountof trainingdata
available is too small, andnoise increasesthis sta-
tistical problem. However, it is not clear whether
‘works well’ meansthatit exponentially reducesthe
amountof computationnecessaryfor classification,
while sacrificingonly a small amountof accuracy,
or whetherit is statistically significantly betterthan
othermethods.

In this paper, we addressthe problemof dealing
with a largecollectionof dataandreporton anem-
pirical study for text classificationwhich manipu-
latesdatausing two well-known machinelearning
techniques, Naive Bayes(NB)and SupportVector
Machines(SVMs). NB probabilistic classifiersare
basedon theassumption of word independencein a
text whichmakesthecomputationof theNB classi-
fiers far moreefficient. SVMs, on the otherhand,
have the potential to handlelarge featurespaces,
sinceSVMs useoverfitting protectionwhich does
not necessarilydependon the numberof features,
andthusmakesit possible to producebetterperfor-
mance.Thebasicideaof ourapproachis quite sim-
ple: We solve simpleclassificationproblemsusing
NB andmorecomplex anddifficult problemsusing
SVMs. As in previous research,we usecategory
hierarchies. We useall the training data for NB.

The training datafor SVMs, on the otherhand,is
extractedusingNB classifiers.The trainingdatais
learnedby NB using cross-validationaccordingto
thehierarchicalstructureof categories,andonly the
documentswhichcouldnotclassifycorrectlyby NB
classifiersin eachcategory level areextractedasthe
trainingdataof SVMs.

Therestof thepaperis organizedasfollows. The
next sectionprovidesthebasicframeworkof NB and
SVMs. We thendescribeour classificationmethod.
Finally, we reportsomeexperimentsusing279,303
documentsin theReuters1996corpuswith adiscus-
sionof evaluation.

2 Classifiers

2.1 NB

Naive Bayes(NB)probabilistic classifiersare com-
monlystudiedin machinelearning(Mitchell, 1996).
Thebasicideain NB approachesis to usethe joint
probabilitiesof wordsandcategoriesto estimatethe
probabilities of categoriesgiven a document. The
NB assumption is that all the words in a text are
conditionally independentgiventhevalueof a clas-
sificationvariable.Thereareseveralversionsof the
NB classifiers. Recentstudieson a Naive Bayes
classifierwhich is proposed by McCallum et. al.
reportedhigh performanceover someother com-
monly usedversionsof NB on several datacollec-
tions(McCallum et al., 1998). We usethemodelof
NB by McCallum et. al. which is shown in formula
(1).
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W XYW
refers to the numberof vocabularies,

W Z[W
de-

notesthenumberof labeledtrainingdocuments,andW \]W
shows the numberof categories.

W ^)_`W
denotes

documentlength. =ba � 1 is theword in position c of



document̂
_
, wherethesubscriptof = ,

^ _(d
indicates

anindex into thevocabulary. e[f =hg;i ^ _;j denotesthe
numberof timesword = g occursin document̂

S_
, andk f�l�m W�^ _nj is definedby

k f�l�m W�^ _ojqpsr
0,1t .

2.2 SVMs

SVMs are introducedby Vapnik(Vapnik, 1995)for
solving two-classpatternrecognition problems. It
is definedover a vectorspacewheretheproblemis
to find a decisionsurface(classifier)that ‘best’ sep-
aratesa setof positive examplesfrom a setof nega-
tiveexamplesby introducingthemaximum‘margin’
betweentwo sets.Themargin is definedby thedis-
tancefrom thehyperplaneto thenearestof thepos-
itive andnegative examples. The decisionsurface
producedby SVMs for linearly separablespaceis a
hyperplanewhichcanbewrittenasuwv�x + � = 0 (x ,
u pzyh{

, � p|y ), wherex is anarbitrarydatapoint,
and u = (=~} , vLv�v ,= { ) and � arelearnedfrom a train-
ing setof linearlyseparabledata.Figure1 showsan
exampleof a simpletwo-dimensionalproblemthat
is linearlyseparable2.
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w

w
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Positive examples

Negative examples

Figure1: Thedecisionsurfaceof a linearSVMs

In thelinearlyseparablecasemaximizingthemargin
canbeexpressedasanoptimizationproblem:

�|���S�����J������� �� 243�� � F 3� ���� � 243�� � � �<�%���L�o�S������� (2)

s.t
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� & �� 243�� � �����S� (3)

wherex _ = (� _ } , vLv�v ,� _ { ) is the
�
-th trainingexample

and � _ is a label corresponding the
�
-th trainingex-

ample. In formula (3), eachelementof w, = d (1 �
2Wefocused onlinearhypothesesin thiswork, while SVMs

canhandlenonlinearhypothesesusing� �� 7����¡ functions.

c�� � ) correspondsto eachword in thetrainingex-
amples,andthelargervalueof = d�¢ £_)¤ _ � _ � _(d is,
themoretheword = d featurespositive examples.

We notethat SVMs are basicallyintroducedfor
solving binary classification, while text classifica-
tion is a multi-class, multi-labelclassificationprob-
lem. Several methodsusing SVMs which were in-
tendedfor multi-class, multi-label datahave been
proposed(Weston andWatkins, 1998).Weuse¥ ��� -�L�H�L� �¦��§ -§�>@� - ¨ ����§ versionof the SVMs model in
the work. A time complexity of SVMs is known
as ¥©f 
�ª j�« ¥bf 
¬ j , where 
 is the numberof train-
ing data. We consider a time complexity of ¥ �¦� -�L�H�L� �¦��§ -§�>@� - ¨ ����§ method. Let 
 be the number
of training data with c categories. The average
size of the training data per category is

£d . Let
also cR®¯v4°©f 
 ® j be the time neededto train all cat-
egories,where °±f 
 ® j representsthe time for learn-
ing onebinary classifierusing 
 ® training data,and
c ® is the numberof binary classifier. The time for
learningonebinaryclassifier, °©f 
 ® j is representedas
°©f 
 ® j²¢ \ v 
 ® ¬ , where

\
isaconstant.¥ ��� - �����L� ����§ -§�>@� - ¨ ����§ methodis thusdonein time

\ c 
0¬ .
3 SystemDesign

3.1 Hierar chical classification

A well-known technique for classifying a large,het-
erogeneouscollection suchaswebcontentis to use
category hierarchies.Following the approachesof
Koller andSahami(Koller andSahami,1997),and
Dumais’s(DumaisandChen,2000),weemployahi-
erarchyby learningseparateclassifiersat eachin-
ternal nodeof the tree, and then labeling a docu-
ment using theseclassifiersto greedilyselectsub-
branchesuntil a leaf is reached.

3.2 Manipulating training data

OurhypothesisregardingNB is thatit canwork well
for documentswhich areassignedto only onecate-
gory within the samecategory level in the hierar-
chicalstructure.Webasethisonsomerecentpapers
claimingthatNB methodsperformsurprisingly well
for an ‘accuracy’ measurewhich is equivalent to
the standardprecisionunderthe one-category-per-
documentassumptiononclassifiersandalsoequiva-
lent to thestandardrecall,assuming thateachdocu-
menthasoneandonly onecorrectcategory percat-



egory level(Lewis andRinguette,1994),(Koller and
Sahami,1997). SVMs, on the otherhand,have the
potential to handlemorecomplex problemswithout
sacrificingaccuracy, eventhoughthecomputation of
theSVM classifiersis far lessefficient thanNB. We
thususeNB for simpleclassification problemsand
SVMs for more complex data,i.e., the datawhich
cannotbeclassifiedcorrectlyby NB classifiers.We
useten-foldcrossvalidation:All of thetraining data
were randomlyshuffled anddivided into ten equal
folds. Nine folds were usedto train the NB clas-
sifiers while the remainingfold(held-out testdata)
wasusedto evaluatethe accuracy of the classifica-
tion. For eachcategorylevel,weapplythefollowing
procedures.Let eb³ bethetotalnumberof ninefolds
trainingdocuments,and e�´ bethenumberof there-
mainingfold in eachclasslevel. Figure2 illustrates
theflow of oursystem.

1  Extracting training documents using NB

test
documents

Nb documents

NB

estimating
parameters 

incorrect documents by NB

Nerror documents

training documents

2  Classifying test documents

Nt documents

NB
SVM

output

Na+Nb documents Nerror documents

Na documents

category
assigned?

NO

YES

Figure2: Flow of oursystem

1. Extracting training data usingNB

1-1 NB is appliedto the e~³ documents,andclas-
sifiersfor eachcategory areinduced. They are
evaluatedusingthe held-out testdata,the e ´
documents.

1-2 This processis repeatedtentimessothateach
fold servesasthe sourceof the testdataonce.
Thethreshold, theprobability valuewhichpro-
ducesthe mostaccurateclassifierthroughten
runs,is selected.

1-3 Theheld-outtestdatawhichcouldnotbeclas-
sifiedcorrectlyby NB classifierswith theopti-
mal parametersareextracted( e-µn¶n¶C·C¶ in Figure
2). They areusedto trainSVMs.

Theprocedureis appliedto eachcategory level.

2. Classifying test data

2-1 We useall the training data, e~³ + e¸´ , to train
NB classifiersandthe datawhich is produced
by procedure1-3 to trainSVMs.

2-2 NB classifiersareappliedto thetestdata.The
testdatais judgedto be the category l whose
probability is largerthanthethresholdwhichis
obtainedby 1-2.

2-3 If thetestdatais notassignedto any oneof the
categories,the testdatais classifiedby SVMs
classifiers.Thetestdatais judgedto bethecat-
egory l whosedistance

}¹ ¹`º» ¹¼¹ is largerthanzero.

Weemploythehierarchyby learningseparateclassi-
fiersateachinternalnodeof thetreeandthenassign
categoriesto adocumentbyusingtheseclassifiersto
greedilyselectsub-branchesuntil a leaf is reached.

4 Evaluation

4.1 Data and Evaluation Methodology

We evaluatedthe methodusing the 1996 Reuters
corpusrecentlymadeavailable. The corpusfrom
20th Aug. to 31stDec. consists of 279,303doc-
uments. Thesedocumentsare organizedinto 126
categorieswith a four level hierarchy. We selected
102categorieswhich have at leastonedocumentin
thetrainingsetandthetestset.Thenumberof cate-
goriesin eachlevel is 25 top level, 33 secondlevel,
43 third level, and1 fourth level, respectively. Table
1 shows thenumberof documentsin eachtop level
category.

After eliminatingunlabelled documents,we ob-
tained271,171documents.We dividedthesedocu-
mentsinto two sets:a training set from 20th Aug.
to 31thOct. which consists of 150,939documents,
and test set from 1th Nov. to 31st Dec. which
consists of 120,242documents.We obtaineda vo-
cabulary of 183,400unique wordsafter eliminating
wordswhich occuronly once,stemmingby a part-
of-speechtagger(Schmid,1995),andstopword re-
moval. Figure3 illustratesthecategory distribution



Categoryname Training Test
Corporate/Industrial 69,975 56,100
Economics 22,214 18,694
Government/social 45,618 36,923
Crime 6,248 4,865
Defence 1,646 1,408
Internationalrelations 7,523 6,278
Disasters 1,644 1,383
Arts 771 602
Environment 1,170 876
Fashion 71 14
Health 1,232 961
Labour issues 3,314 2,827
Obituaries 123 124
Humaninterest 479 418
Domesticpolitics 11,528 9,022
Biographies 1,115 1,041
Religion 618 418
Scienceandtechnology 359 410
Sports 5,807 4,998
Travel andtourism 149 142
War 7,064 5,228
Elections 3,070 1,944
Weather 784 474
Welfare 359 260
Markets 34,901 28,484
Total 227,782 183,894

Table1: Top level categories

in the training set. The numberof categoriesper
documentis 3.2onaverage.

Figure3: Categorydistribution in Reuters1996

We useten-foldcrossvalidation for learningNB
parameters.For evaluating theeffectivenessof cate-
gory assignments,we usethestandardrecall,preci-
sion,and ½¿¾ measures.Recalldenotesthe ratio of
correctassignmentsby thesystemdividedby theto-
tal numberof correctassignments. Precisionis the
ratio of correctassignmentsby the systemdivided
by the total numberof the system’s assignments.

The ½b¾ measurewhichcombinesrecall(A ) andpre-
cision(À ) with anequalweightis ½¿¾�f A�i À jq¢ ª ¶CÁ¶�Â)Á .

4.2 Resultsand Discussion

Theresultis shown in Table2.

category Performance

miR miP miF1
NB all 0.684 0.419 0.519

parts 0.565 0.523 0.543
SVMs all 0.318 0.258 0.285

parts 0.795 0.554 0.653
Manipulating all 0.703 0.704 0.704

data parts 0.720 0.692 0.700

Table2: Categorizationaccuracy

‘NB’, ‘SVMs’, and‘Manipulating data’denotesthe
resultusingNaive Bayes,SVMs classifiers,andour
method, respectively. ‘miR’, ‘miP’, and ‘miF1’
refers to the micro-averagedrecall, precision, and
F1, respectively. ‘all’ in Table2 shows the results
of all 102categories.Themicro-averagedF1 score
of our methodin ‘all’ (0.704)is higherthantheNB
(0.519)andSVMs scores(0.285).We notethatthe
F1scoreof SVMs(0.285)is significantly lowerthan
othermodels.This is becausewecouldnotobtain a
classifierto judgethecategory ‘corporate/industrial’
in the top level within 10 daysusinga standard2.4
GHz PentiumIV PC with 1,500MB of RAM. We
thuseliminatedthecategoryandits child categories
from the102categories.Thenumberof theremain-
ing categories in eachlevel is 24 top, 14 second,
29 third, and1 fourth level. ‘Parts’ in Table2 de-
notesthe results.Thereis no significantdifference
between‘all’ and ‘parts’ in our method,as the F1
scoreof ‘all’ was0.704and‘parts’ was0.700.The
F1 of our methodin ‘parts’ is alsohigherthanthe
NB andSVMs scores.

Table3 denotestheamountof training dataused
to train NB andSVMs in our methodandtestdata
judged by each classifier. We can see that our
methodmakesthe computation of the SVMs more
efficient, since the data trainedby SVMs is only
23,243from 150,939documents.

Table4 illustratestheresultsof threemethodsac-
cordingto eachcategory level. ‘Training’ in ‘Ma-
nipulating data’ denotesthe numberof documents
usedto train SVMs. The overall F1 valueof NB,
SVMs, and our methodfor the 25 top-level cate-



Manipulating # of selecteddocuments miR miP miF1
data training test
NB 150,939 76,650 0.798 0.674 0.730

SVMs 23,243 43,592 0.789 0.588 0.674
Totalperformance 0.703 0.704 0.704

Table3: # of selecteddocumentsandcategorizationaccuracy

Top level(25categories)
training miR miP miF1

NB 147,576 0.877 0.573 0.693
SVMs 147,576 0.358 0.325 0.341

Manipulating 22,528 0.836 0.679 0.715
data

Second level(33categories)
training miR miP miF1

NB 129,130 0.559 0.529 0.543
SVMs 129,130 0.327 0.302 0.314

Manipulating 17,667 0.833 0.478 0.608
data

Third level(43categories)
training miR miP miF1

NB 92,320 0.609 0.383 0.471
SVMs 92,320 0.318 0.258 0.258

Manipulating 12,482 0.820 0.481 0.606
data

Fourthlevel(1 category)
training miR miP miF1

NB 150,939 0.397 0.184 0.251
SVMs 150,939 0.318 0.258 0.258

Manipulating 150,939 0.297 0.241 0.265
data

Table4: Categorizationaccuracy by category level

goriesis 0.693,0.341,and0.715,respectively. Clas-
sifying large corporawith similar categories is a
difficult task, so we did not expect to have excep-
tionally high accuracy like Reuters-21578(0.85F1
score).Performanceon theoriginal training setus-
ing SVMs is 0.285andusingNB is 0.519,sothis is
adifficult learningtaskandgeneralizationto thetest
setis quite reasonable.

There is no significant differencebetweenthe
overallF1valueof thesecond(0.608)andthird level
categories(0.606)in ourmethod,while theaccuracy
of the other methodsdropswhen classifiersselect
sub-branches,in third level categories. As Dumais
et. al. mentioned, the resultsof our experiment
show that performancevaries widely acrosscate-
gories.ThehighestF1 scoreis 0.864(‘Commodity
markets’category), and the lowest is 0.284(‘Eco-

nomicperformance’category).

The overall F1 valuesobtained by threemethods
for the fourth level category (‘Annual result’) are
low. This is becausethereis only onecategory in
the level, andwe thususedall of the trainingdata,
150,939documents,to learnmodels.

The contribution of the hierarchicalstructureis
bestexplainedby looking at the resultswith and
without category hierarchies,asillustratedin Table
5. It is interesting to note that the resultsof both
NB andour methodclearly demonstratethat incor-
poratingcategory hierarchiesinto the classification
methodimprovesperformance,whereashierarchies
degradedtheperformanceof SVMs. Thisshowsthat
theseparationof onetop level category(C)from the
setof the other24 top level categoriesis moredif-
ficult thanseparatingC from thesetof all theother
101categoriesin SVMs.

Table6 illustratessamplewordswhich have the
highestweightedvaluecalculatedusing formula(3).
Recall that in SVMs eachvalue of word = d (1 �
cV� � ) is calculatedusing formula (3), and the
larger value of = d is, the more the word = d fea-
turespositive examples.Table6 denotestheresults
of two binary classifiers. One is a classifierthat
separatesdocumentsassignedthe ‘Economics’cat-
egory(positive examples)from documentsassigned
a setof the other24 top level categories,i.e. ‘hier-
archy’. The otheris a classifierthat separatesdoc-
umentswith the ‘Economics’ category from doc-
uments with a set of the other 101 categories,
i.e., ‘non-hierarchy’. Table 6 shows that in ‘Non-
hierarchy’, words suchas ‘economic’, ‘economy’
and ‘company’ which feature the category ‘Eco-
nomics’ have a high weightedvalue, while in ‘hi-
erarchy’, wordssuchas ‘year’ and ‘month’ which
do not featurethe category have a high weighted
value. Furtherresearchusingvarioussubsetsof the
top level categoriesis necessaryto fully understand
theinfluenceof thehierarchicalstructure createdby



Non-hierarchy Hierarchy
miR miP miF1 miR miP miF1

NB 0.667 0.407 0.506 0.684 0.419 0.519
SVMs 0.655 0.524 0.582 0.318 0.258 0.258

Manipulatingdata 0.772 0.485 0.596 0.703 0.704 0.704

Table5: Non-hierarchicalv.s. Hierarchicalcategorizationaccuracy

humans.

Economics
Hierarchy access, Ford, Japan, Internet,econ-

omy, year, sale, service, month,
market

Non-hierarchy economic,economy, industry, ltd.,
company, Hollywood, business,
service,Internet,access

Table6: Samplewords

Finally, we compareour results with a well-
known technique,���¦�����	��
�� strategies. In the ex-
perimentusingensemble,we divideda training set
into tenfoldsfor eachcategory level. Oncetheindi-
vidualclassifiersaretrainedby SVMs they areused
to classifytestdata.Eachclassifiervotesandthetest
datais assigned to the category that receivesmore
than6 votes3. Theresultis illustratedin Table7.
In Table7, ‘Non-hierarchy’and‘Hierarchy’ denotes
theresultof the102categoriestreatedasa flat non-
hierarchicalproblem,andtheresultusinghierarchi-
cal structure, respectively. We canfind that the re-
sult of ���¦�%���	��
�� with hierarchy(0.704F1) outper-
forms the result with non-hierarchy(0.532F1). A
necessaryandsufficient condition for an ensemble
of classifiersto bemoreaccuratethanany of its in-
dividual membersis if the classifiersare

� l�loÃ A � §��
and

^ �ÅÄ ��A9��� (HansenandSalamon,1990). An ac-
curateclassifieris one that has an error rate bet-
ter than randomguessingon new test data. Two
classifiersare diverseif they makedifferenterrors
on new data points. Given our result, it may be
safelysaid,at leastregardingtheReuters1996cor-
pus,thathierarchicalstructure is moreeffective for
constructing ensembles,i.e., an ensembleof clas-
sifiers which are constructedby the training data
with fewer than30 categoriesin eachlevel is more� l�loÃ A � §�� and

^ �ÅÄ ��A9��� . Table 7 shows that our
methodand ���¦�%���	��
�� perform equally (0.704 F1

36 votes was the best resultsamong10 different voting
schemesin theexperiment.

score)when we usehierarchicalstructure. How-
ever, the computationof the former is far moreef-
ficient than the latter. Furthermore,we see that
our method(0.596 F1 score)slightly outperforms���¦�����	��
�� (0.532F1score)whenthe102categories
aretreatedasa flat non-hierarchicalproblem.

5 Conclusions

We have reportedan approachto text classifica-
tion which manipulateslargecorporausingNB and
SVMs. Ourmainconclusionsare:

Æ Our methodoutperformsthe baselines,since
the micro-averaged ½b¾ scoreof our method
was0.704andthebaselineswere0.519for NB
and0.285for SVMs.

Æ As shown in previous researches,hierarchical
structureiseffectivefor classification, sincethe
resultof our methodusing hierarchicalstruc-
tureled to asmuchasa 10.8%reductionin er-
ror rates,andup to 1.3%with NB.

Æ Thereis no significantdifferencebetweenthe
F1 scoresof our methodand the ���¦�����	��
��
methodwith hierarchicalstructure. However,
thecomputation of ourmethodis moreefficient
thanthe ���¦�����	��
�� methodin theexperiment.

Futurework includes(i) extracting featureswhich
discriminatebetweencategories within the same
top-level category, (ii) investigatingothermachine
learningtechniquesto obtainfurther advantagesin
efficiency in the manipulating dataapproach,and
(iii) evaluatingthe manipulating dataapproachus-
ing automatically generatinghierarchies(Sanderson
andCroft, 1999).
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