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Abstract

In this paper we addresghe problemof
dealing with a large collection of data
and proposea methodfor text classifi-
cationwhich manipulatesiatausingtwo
well-knovn machinelearningtechniques,
Naive Bayes(NB)andSupportVectorMa-
chines(SVMs). NB is basedon the as-
sumptia of word independencin atext,
which makesthe computationof it far
moreefficient. SVMs, on the otherhand,
have the potental to handlelarge feature
spaces,which makesit possibé to pro-
duce better performance. The training
datafor SVMs are extracted using NB
classifiersaccordingto the cateyory hier
archieswhichmakest possble to reduce
the amountof computaibn necessaryor
classificatiorwithout sacrificingaccurag.

1 Intr oduction

As the volume of online documentdhasdrasticaly
increasedtext classificationhasbecomemore im-
portant,anda growing numberof statigical andma-
chinelearningtechniquesave beenappliedto the
task(Lawvis, 1992),(YangandWilbur, 1995),(Baker
and McCallum, 1998), (Lam andHo, 1998, (Mc-
Callum, 1999),(DumaisandChen,2000). Most of
them usethe Reuters-2157&urticles in the evalu-

The Reuters-21578 distribution 1.0, is comprised of
21,578documats, representingvhat remainsof the original

Reuters-2213 corpusafter the elimination of 595 duplicdes
by Steve Lynch andDavid Lewis in 1996

ysuzuki@alpsl.esi.yamanasu.jp

ations of their methods,sincethe corpushas be-

come a benchmark,and their resultsare thus eas-
ily comparedwith other results. It is generally
agreedthatthesemethodsusingstatigical andma-

chinelearningtechniges are effective for classifi-
cationtask, sincemostof them shaved sigrificant

improvement(the performanceover 0.85F1 score)
for Reuters-21578(&ehims,1998),(Dumaisetal.,

1998),(YangandLiu, 1999).

More recently some researcherhave applied
their techniqies to larger corpora such as web
pagesn Internetapplicatims(MladenicandGrobel-
nik, 1998),(McCallum, 1999),(DumaisandChen,
2000). The increasingnumberof documentsand
cateyories, however, often hampersthe develop-
mentof practicalclassificatio sysems,mainly due
to statstical, computatioal, and representatiaal
problems(Diettrich, 2000). Thereare at leasttwo
stratgjies for sohing theseprobkems. Oneis to
use catayory hierarchies. The idea behindthis is
thatwhenhumansorganizeextensive datasetsinto
fine-grainedcateyories,cateyory hierarchiesare of-
ten employedto makethe large collectionof cate-
goriesmore manageable.McCallum et. al. pre-
senteda methodcalled ‘shrinkage’to improve pa-
rameterestimatesy taking advantageof a hierar
chy(McCallum,1999).They testedheirmethodus-
ing threedifferent real-world datasets:20,000ar
ticles from UseNet, 6,440 web pagesfrom the in-
dustry sector and 14,831 pagesfrom Yahoo, and
shoved improved performance. Dumais et. al.
usedSVMs andclassifiedhierarchicalweb content
consising of 50,078 web pagesfor training, and
10,024for testirg, with promisingresult$Dumais



andChen,2000).

The otheris to useensemble methodswhich are
learningalgorithmsthatconstructa setof classifiers
andthen classify new databy taking a (weighted)
vote of their predictiong¢Dietterich, 2000). One
of the methoddgfor constructing ensemblesnanipu-
latesthetraining examplesto generatenultiple hy-
potheses. The most straighforward way is called
Bagging. It presentghelearningalgorithmwith a
trainingsetthatconsiss of a sampleof m examples
dravn randomlywith replacementrom the original
training set. The secondmethodis to constructhe
training setsby leaving out disjoint subset of the
training data. The third is illustratedby the AD-
ABOOST algorithm(Freundand Schapire, 1996).
Dietterich hascomparedthesemethods(Détterich,
2000). He reportedthat in low-noise data, AD-
ABOOST performswell, while in high-noisecases,
it yields overfitting becauseADABOOST puts a
largeamountof weightonthe mislabeledxamples.
Baggingworkswell onboththenoisyandthenoise-
free databecausét focuseson the statstical prob-
lem which ariseswhenthe amountof training data
availableis too small, and nois increaseghis sta-
tistical problem. However, it is not clear whether
‘works well’ meanghatit exponentialy reduceghe
amountof computatiomecessaryor classification,
while sacrificingonly a small amountof accurag,
or whetherit is statisically significantl betterthan
othermethods.

In this paper we addresghe problemof dealing
with a large collectionof dataandreporton anem-
pirical studyfor text classificationwhich manipu-
latesdatausirg two well-known machinelearning
techniques Naive Bayes(NB)and SupportVector
Machines(SVMs). NB probabiistic classifiersare
basedntheassumptio of wordindependenci a
text which makesthe computatiorof the NB classi-
fiers far more efficient. SVMs, on the otherhand,
have the potental to handlelarge feature spaces,
since SVMs use overfitting protectionwhich does
not necessarilydependon the numberof features,
andthusmakesit possble to producebetterperfor
mance.Thebasicideaof our approachis quite sim-
ple: We solve simpleclassificationproblemsusirg
NB andmorecomple anddifficult problemsusirg
SVMs. As in previous researchwe usecateyory
hierarchies. We useall the training datafor NB.

The training datafor SVMs, on the otherhand, is
extractedusingNB classifiers.The training datais
learnedby NB usirg cross-alidationaccordingto
the hierarchicaktructureof catayories,andonly the
documentsvhich couldnotclassifycorrectlyby NB
classifierdgn eachcategory level areextractedasthe
trainingdataof SVMs.

Therestof the papers organizedasfollows. The
next sectionprovidesthebasicframenork of NB and
SVMs. We thendescribeour classificatiormethod.
Finally, we reportsomeexperimentsusing279,303
documentén theReutersl996corpuswith adiscus-
sionof evaluation

2 Classifiers

21 NB

Naive Bayes(NB)probabiistic classifiersare com-
monly studiedin machinelearning(Michell, 1996).
Thebasicideain NB approachess to usethe joint

probabilties of wordsandcateyoriesto estimatehe
probabiities of catayoriesgiven a document. The
NB assumpbtin is that all the wordsin a text are
conditonally independengiventhevalueof aclas-
sificationvariable. Thereare several versionsof the
NB classifiers. Recentstudieson a Naive Bayes
classifierwhich is propogd by McCallum et. al.

reportedhigh performanceover some other com-
monly usedversionsof NB on several datacollec-
tiondMcCalum et al., 1998). We usethe modelof

NB by McCalum et. al. whichis shovn in formula

).

P(c; | O)IE P(way | cj.6)

P(Cj | d’b é) = ~ - =
S Pler | )&, P(way, | cr,6)
where
|D|
N 14> 70 N(we, di)P(cj | ds
P(wg | cj,0) = %‘*1 u()‘t )P(c; | di)
[V I+t 2oy N(ws,di)P(c; | di)
|D|
Plc; |6) = @)

> Ple;|di)/| D]

|V| refersto the numberof vocalularies |D| de-
notesthenumberof labeledtrainingdocumentsand
|C| shavs the numberof categyories. |d;| denotes
documentength. wg,, is thewordin postion k of



documentl;, wherethesubscripof w, d;; indicates
anindex into thevocalulary. N (wy, d;) denoteghe
numberof timeswordw; occursn documentl;, and
P(c; | d;) is definedby P(c; | d;) € {0,1}.

2.2 SVMs

SVMs areintroducedby Vapnik(Vapnk, 1995)for
solving two-classpatternrecognition problems. It
is definedover a vectorspacewherethe problemis
to find a decisionsurface(classifierhat ‘best’ sep-
aratesa setof postive examplesfrom a setof nega-
tiveexampleshy introdwcingthemaximum'margin’
betweertwo sets. The mamin is definedby thedis-
tancefrom the hyperplando the nearesbf the pos-
itive and negative examples. The decisionsurface
producedby SVMs for linearly separablepaces a
hyperplanavhichcanbewrittenasw - x + b =0 (x,
w € R", b € R), wherex is anarbitrarydatapoint,
andw = (w1, - -,w,) andb arelearnedfrom atrain-
ing setof linearly separablelata.Figurel shavsan
exampleof a simpletwo-dimensionabroblemthat
is linearly separablé

[ J
o Positive examples

Origin

Negative examples \‘O
o Margin

Figurel: Thedecisionsurfaceof alinearSVMs

In thelinearly separableasemaximizingthemaigin
canbe expressedsanoptimizaton problem:

Minimize: =377 i+ 5 0 @iogyiy;Xi - Xi (2)
Zi:l aiyi=0 Vi: a; > 0

w = 22:1 YiXg (3)

S.t:

wherex; = (z;1, - ,in) iS thei-th trainingexample
andy; is alabel corresponig the i-th training ex-
ample. In formula (3), eachelementof w, wy, (1 <

2We focusel onlinearhypdahesesn thiswork, while SVMs
canhandlenonlinearhypothesesising K ernel functions.

k < m) corresponds$o eachwordin thetrainingex-
amplesandthelargervalueof wy, = ! a;yizi, is,
themoretheword wy, featuregositive examples.
We notethat SVMs are basicallyintroducedfor
solving binary classificatio, while text classifica-
tion is a multi-class multi-label classificatiorprob-
lem. Several methodsusirg SVMs which werein-
tendedfor multi-class multi-label datahave been
proposed(\Wstam andWatking 1998).We useOne-
against-the- Rest versionof the SVMs model in
the work. A time compl«ity of SVMs is known
asO(1?) ~ O(1?), wherel is the numberof train-
ing data. We consicr a time complity of One-
against-the- Rest method. Let [ be the number
of training data with k cateyories. The average
size of the training data per cateyory is L. Let
alsok’ - T(I') be the time neededto train all cat-
egories,whereT'(l') representshe time for learn-
ing one binary classifierusing!’ training data,and
k' is the numberof binary classifier The time for
learningonebinaryclassifier T'(1’) is representeds
T(l') = C-1"*,whereC isaconstantOne-against-
the-Rest methodis thusdonein time Ckl3.

3 SystemDesign

3.1 Hierarchical classfication

A well-known techniqe for classifying alarge, het-
erogeneousollectin suchasweb contentis to use
cateyory hierarchies. Following the approache®sf
Koller and Sahami(Kller and Sahami,1997),and
Dumaiss(DumaisandChen,2000),we employa hi-
erarchyby learningseparateclassifiersat eachin-
ternal node of the tree, and then labeling a docu-
mentusirg theseclassifiersto greedily selectsub-
branchesntil aleafis reached.

3.2 Manipulating training data

OurhypothesisregardingNB is thatit canwork well
for documentsvhich areassignedo only onecate-
gory within the samecateyory level in the hierar
chicalstructure We basehis onsomerecentpapers
claimingthatNB methodsperformsurprisngly well
for an ‘accuragy’ measurewhich is equivalentto
the standardprecisionunderthe one-catgory-per
documentssumptiorn classifiersandalsoequiva-
lentto the standardecall,assumig thateachdocu-
menthasoneandonly onecorrectcateory per cat-



egorylevel(Lewis andRinguette 1994),(Koller and
Sahami,1997). SVMs, on the otherhand,have the
potental to handlemorecomple problemswithout
sacrificingaccurag, eventhoughthecomputatio of
the SVM classifierds far lessefficientthanNB. We
thususeNB for simpleclassificatbn problemsand
SVMs for more comple data,i.e., the datawhich
cannotbe classifiedcorrectlyby NB classifiers.We
useten-foldcrossvalidation: All of thetraining data
were randomlyshufled and divided into ten equal
folds. Nine folds were usedto train the NB clas-
sifiers while the remainingfold(held-ou testdata)

wasusedto evaluatethe accurag of the classifica-

tion. For eachcatayorylevel, we applythefollowing
proceduresLet N, bethetotalnumberof ninefolds
trainingdocumentsand NV, bethenumberof there-
mainingfold in eachclasslevel. Figure?2 illustrates

theflow of our system.
1 Extracting training documents usiNg incorrect documents tyB

estimating
parameter

test "

document

aining documents
N, documents

|, documents Nerror documents

2 Classifying test documents
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Figure2: Flow of oursysem

1. Extracting training data usingNB

1-1 NB is appliedto the N, documentsandclas-
sifiersfor eachcateyory areinduced. They are
evaluatedusingthe held-ou testdata,the N,
documents.

1-2 This processs repeatedentimessothateach
fold senesasthe sourceof the testdataonce.
Thethresholdthe probability valuewhichpro-
ducesthe mostaccurateclassifierthroughten
runs,is selected.

1-3 Theheld-outtestdatawhich couldnotbeclas-
sifiedcorrectlyby NB classifierswith the opti-
mal parameterare extracted(Ne,-or in Figure
2). They areusedto train SVMs.

Theprocedurds appliedto eachcateyory level.

2. Classtying testdata

2-1 We useall the training data, NV ,+NN,, to train
NB classifiersandthe datawhich is produced
by procedurel-3to train SVMs.

2-2 NB classifiersareappliedto the testdata. The
testdatais judgedto be the catayory ¢ whose
probabiity is largerthanthethresholdvhichis
obtainedoy 1-2.

2-3 If thetestdatais notassignedo ary oneof the
catayories,the testdatais classifiedby SVMs
classifiersThetestdatais judgedto bethecat-
egorycwhosedistancem is largerthanzero.

We employthehierarchyby learningseparatelassi-
fiersateachinternalnodeof thetreeandthenassign
cateyoriesto adocumenby usingtheseclassifierso
greedilyselectsub-branchesntil aleafis reached.

4 Evaluation

4.1 Dataand Evaluation Methodology

We evaluatedthe methodusing the 1996 Reuters
corpusrecentlymadeavailabke. The corpusfrom
20th Aug. to 31stDec. consiss of 279,303doc-
uments. Thesedocumentsare organizedinto 126
cateyorieswith a four level hierarchy We selected
102 cateyorieswhich have atleastonedocumenin
thetrainingsetandthetestset. Thenumberof cate-
goriesin eachlevel is 25top level, 33 secondevel,
43third level, andl fourth level, respectiely. Table
1 showvs the numberof documentsn eachtop level
catgory.

After eliminatingunlabeled documentswe ob-
tained271,171documents We dividedthesedocu-
mentsinto two sets: a training setfrom 20th Aug.
to 31thOct. which consis$ of 150,939documents,
and test set from 1th Nov. to 31stDec. which
consis$ of 120,242documents.We obtaineda vo-
cahulary of 183,400unique wordsafter eliminatirg
wordswhich occuronly once,stemmingby a part-
of-speechtagger(Schmid1995),andstopword re-
moval. Figure 3 illustratesthe cateyory distribution



| Catgory name [ Training [ Test |
Corporate/Industrial 69,975| 56,100
Econanics 22,214 | 18,694
Government/social 45,618 | 36,923
Crime 6,248 4,865
Defence 1,646 1,408
Internationakelations 7,523 6,278
Disasters 1,644 1,383
Arts 771 602
Environment 1,170 876
Fashion 71 14
Health 1,232 961
Labou issues 3,314 2,827
Obituaries 123 124
Humaninterest 479 418
Domesticpolitics 11,528 9,022
Biographies 1,115 1,041
Religion 618 418
Sciene andtechndogy 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] 183,84 |

Tablel: Toplevel catayories

in the training set. The numberof cateyoriesper
documentis 3.2onaverage.
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Figure3: Catayory distributionin Reutersl996

We useten-fold crossvalidaion for learningNB
parameterskor evaluatirg the effectivenesof cate-
gory assigments,we usethe standardecall, preci-
sion,and F'1 measuresRecalldenoteghe ratio of
correctassiggmentshy thesysemdividedby theto-
tal numberof correctassignmentsPrecisionis the
ratio of correctassigmentsby the systemdivided
by the total numberof the sysem’s assignments.

The £'1 measuravhichcombinegecall(r) andpre-

cision(p) with anequalweightis F1(r, p) = %
4.2 Resultsand Discusson
Theresultis shovnin Table2.
category Performance

miR [ miP | miFl

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: Catayorizationaccurag

‘NB’, ‘SVMs’, and‘Manipulating data’ denoteghe
resultusingNaive Bayes,SVMs classifiersandour
method, respectrely. ‘miR’, ‘miP’, and ‘miF1’

refersto the micro-areragedrecall, precision and
F1, respectiely. ‘all’ in Table 2 shavs the results
of all 102 catayories. The micro-averagedr1 score
of ourmethodin ‘all’ (0.704)is higherthanthe NB

(0.519)and SVMs scoreq0.285). We notethatthe
F1 scoreof SVMs (0.285)is signficantly lowerthan
othermodels.Thisis becauseve couldnot obtan a
classifierto judgethecateyory ‘corporate/indstrial’

in thetop level within 10 daysusinga standard2.4

GHz PentiumlV PC with 1,500MB of RAM. We
thuseliminatedthe catayory andits child cateyories
from the 102 cateyories. The numberof theremain-
ing cateyoriesin eachlevel is 24 top, 14 second,
29 third, and 1 fourth level. ‘Parts’ in Table2 de-
notesthe results. Thereis no significantdifference
between'all’ and‘parts’ in our method,asthe F1
scoreof ‘all’ was0.704and‘parts’ was0.700. The
F1 of our methodin ‘parts’ is alsohigherthanthe
NB andSVMs scores.

Table 3 denoteghe amountof training dataused
to train NB and SVMs in our methodandtestdata
judged by eachclassifier We can see that our
methodmakesthe computatbn of the SVMs more
efficient, since the datatrainedby SVMs is only
23,243from 150,939documents.

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



Manipulating | # of selectedlocumats miR miP | miF1
data training | test

NB 150,93 76,650 0.798 | 0.674 | 0.730

SVMs 23,243 43,592 0.789 | 0.588 | 0.674

| Total performance

[0.703] 0.704 | 0.704 |

Table3: # of selectedlocumentandcateyorizationaccurag

Toplevel(25cateories)
training[ miR | miP | miFl
NB 147,56 | 0.877] 0.573 | 0.693
SVMs 147,5% | 0.358 | 0.325 | 0.341
Manipulating | 55 55| 0.836 | 0.679 | 0.715
data
Secad level(33cateyories)
training[ miR | miP | miFl
NB 129,1® | 0.559 | 0.529 | 0.543
SVMs 129,19 | 0.327 | 0.302 | 0.314
Manipulating | 17 657 | 0.833 | 0.478 | 0.608
data
Third level(43 cateyories)
training[ miR | miP | miFl
NB 92,320| 0.609 | 0.383 | 0.471
SVMs 92,320 | 0.318 | 0.258 | 0.258
Manipulating | 15 48> | 0.820 | 0.481 | 0.606
data
Fourthlevel(1 cateyory)
training[ miR | miP | miFl
NB 150,9% | 0.397 | 0.184 | 0.251
SVMs 150,9% | 0.318 | 0.258 | 0.258
Manipulating | 150 9 | 0.297 | 0.241 | 0.265
data

Table4: Catayorizationaccurag by cateyory level

goriesis 0.693,0.341,and0.715 respectrely. Clas-
sifying large corporawith similar cateyoriesis a
difficult task, so we did not expectto have excep-
tionally high accurag like Reuters-215780.85F1
score). Performancen the original training setus-
ing SVMsis 0.285andusingNB is 0.519,sothisis
adifficult learningtaskandgeneralizatiomno thetest
setis quite reasonable.

There is no significant difference betweenthe
overall F1 valueof thesecond(0.608ndthird level
cateyories(0.606)n our method while theaccurag
of the other methodsdropswhen classifiersselect
sub-branchedn third level cateyories. As Dumais
et. al. mentioned the resultsof our experiment
showv that performancevaries widely acrosscate-
gories. The highestF1 scoreis 0.864(‘Commaodity
markets’catgyory), andthe lowestis 0.284 (‘Eco-

nomicperformancetateyory).

The overall F1 valuesobtaired by threemethods
for the fourth level cateyory (‘Annual result’) are
low. Thisis becausdhereis only one catayory in
the level, andwe thususedall of thetrainingdata,
150,939%documentsto learnmodels.

The contritution of the hierarchicalstructureis
bestexplained by looking at the resultswith and
withou category hierarchiesasillustratedin Table
5. It is interestig to notethat the resultsof both
NB andour methodclearly demonstrate¢hatincor
poratingcateyory hierarchiesnto the classificatio
methodimprovesperformancewhereasierarchies
degradedheperformancef SVMs. Thisshovsthat
the separatiorof onetop level cateyory(C) from the
setof the other24 top level cateyoriesis more dif-
ficult thanseparatingC from the setof all the other
101catayoriesin SVMs.

Table 6 illustratessamplewordswhich have the
highestwveightedvaluecalculatedusirg formula(3).
Recallthatin SVMs eachvalue of word w; (1 <
k < n) is calculatedusing formula (3), and the
larger value of wy, is, the more the word w;, fea-
turespositive examples.Table6 denotegheresults
of two binary classifiers. One is a classifierthat
separatesocumentsassignedhe ‘Economics’cat-
egory(positve examples)from documentsassigned
a setof the other24 top level catayories,i.e. ‘hier-
archy’. The otheris a classifierthat separatesloc-
umentswith the ‘Economics’ cateyory from doc-
uments with a set of the other 101 catayories,
i.e., ‘non-hierarchy’. Table 6 shawvs thatin ‘Non-
hierarchy’, words suchas ‘economic’, ‘economy’
and ‘compary’ which featurethe cateyory ‘Eco-
nomics’ have a high weightedvalue, while in ‘hi-
erarchy’, wordssuchas ‘year’ and ‘month’ which
do not featurethe category have a high weighted
value. Furtherresearchusingvarioussub®tsof the
top level catayoriesis necessaryo fully undersand
theinfluenceof the hierarchicaktructue createdoy



Non-hierarchy Hierarchy
MR miP] mFl]|[ mR] mP] mFl
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-hierarchicaV.s. Hierarchicalcatayorizationaccurayg

humans.

| Economics |

Hierarchy acces, Ford, Japa, Internet,econ-
omy, year sale, service, month,

market _
economic,econany, industry Itd.,

compan, Hollywood busines,
servicenternet,acces

Non-hierarchy

Table6: Samplewvords

Finally, we compareour resultswith a well-
known technique.ensemble stratgies. In the ex-
perimentusingensemblewe divided a training set
into tenfoldsfor eachcateyorylevel. Oncetheindi-
vidual classifiersaretrainedby SVMs they areused
to classifytestdata.Eachclassifievotesandthetest
datais assiged to the cateyory that receves more
than6 votes’. Theresultis illustratedin Table7.

In Table7, ‘Non-hierarchy’and‘Hierarchy’ denotes
theresultof the 102 cateyoriestreatedasa flat non-
hierarchicapbroblem,andtheresultusinghierarchi-
cal structue, respectiely. We canfind thatthe re-
sult of ensemble with hierarchy(0.704-1) outper-
forms the result with non-hierarchy(0.53F1). A
necessanand sufficient condition for an ensemble
of classifierdo be moreaccuratehanary of its in-
dividual membersis if the classifiersare accurate
anddiverse (Hansenand Salamon,1990). An ac-
curate classifieris one that has an error rate bet-
ter thanrandomguessingon new testdata. Two
classifiersare diverseif they makedifferenterrors
on new datapoints. Given our result, it may be
safelysaid,at leastregardingthe Reuters1996cor-
pus,thathierarchicalstructue is more effective for
constructng ensemblesij.e., an ensembleof clas-
sifiers which are constructedby the training data
with fewer than30 cateyoriesin eachlevel is more
accurate and diverse. Table 7 shaws that our
methodand ensemble perform equally (0.704F1

36 voteswas the best resultsamong10 different voting
schenesin theexperiment.

score)when we use hierarchicalstructure. How-

ever, the computatiorof the formeris far more ef-

ficient than the latter Furthermore,we seethat
our method(0.596 F1 score)slightly outperforms
ensemble (0.532F1 score)whenthe102catayories
aretreatedasa flat non-hierarchicaproblem.

5 Conclusions

We have reportedan approachto text classifica-
tion which manipulatedarge corporausingNB and
SVMs. Our mainconclusbnsare:

e Our methodoutperformsthe baselines since
the micro-averaged F'1 scoreof our method
was0.704andthebaselinesvere0.519for NB
and0.285for SVMs.

e As shown in previous researchedhierarchical
structurds effective for classificatio, sincethe
resultof our methodusirg hierarchicalstruc-
tureledto asmuchasa 10.8%reductionin er
ror rates,andup to 1.3%with NB.

e Thereis no significantdifferencebetweerthe
F1 scoresof our methodand the ensemble
methodwith hierarchicalstructure. However,
thecomputation of ourmethods moreefficient
thantheensemble methodin theexperiment.

Futurework includes(i) extracting featureswhich
discriminate betweencateyories within the same
top-level category, (ii) investgating other machine
learningtechniquego obtainfurther advantagesn

efficiency in the manipulating dataapproach,and
(i) evaluatingthe manipulathg dataapproachus-
ing automaticaly generatinchierarchies(Sanderson
andCroft, 1999).
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