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Abstract

This paper studiesthe problem of constructingan effec-
tive hetengeneousensembleclassi er for text classi ca-
tion. One major challenge of this problemis to formu-
late a good combinationfunction, which combineghe de-
cisions of the individual classi ers in the ensemble We
showthattheclassi cationperformances affectedbythree
weightcomponentsand they shouldbe includedin deriv-
ing an effectivecombinatiorfunction. They are: (1) Global
effectivenesswhich measuesthe effectivenes®f a mem-
ber classi er in classifyinga setof unseerdocuments(2)
Local effectivenesswhich measuesthe effectivenes®f a
memberclassi er in classifyingthe particular domain of
an unseendocument;and (3) Decisioncon dence which
describesowcon denta classi er is whenmakinga deci-
sionwhenclassifyinga speci ¢c unseerdocument\W\e pro-
posea new balancedcombinatiorfunction,called Dynamic
Classi er Weighting (DCW), that incorporatesthe afore-
mentionedhree componentsThe empirical studydemon-
stratesthat the new combinatiorfunctionis highly effective
for text classi cation.

1 Intr oduction

Let U be a setof unseerdocumentsand C be a setof
prede nedcategories. Automatedtext classi cationis the
processof labelingU with C, suchthateveryd 2 U will
beassignedo someof the catejoriesin C. Notethatd can
be assignedo noneof the cateyoriesin C. If the number
of categoriesin C is morethantwo (jCj > 2), it is amulti-
label text classi cation problem. Sinceevery multi-label
text classi cationproblemcanbe transformedo a binary-
label text classi cation problem, we focus on the binary
problemin this paper(jCj = 2). Let c2 C. Binary-label
text classi cationis to construcia binaryclassi er, denoted
by F (), for c suchthat:

1 if f(d)> 0;

F(d) = .
1 otherwise

(1)

whereF (d) = 1 indicatesthatd belongsto ¢ andF (d) =

1 indicatesthat d doesnot belongtoit. f()2 A is a
decisionfunction Every classi er, Fj, hasits own decision
function, fj( ). If therearem differentclassi ers,therewill
be m differentdecisionfunctions. The goal of constructing
abinaryclassi er, F (), is to approximatehe unknavn true
targetfunctionF ( ), sothatF () andF () arecoincidentas
muchaspossibleg17].

In orderto improve the effectivenessgnsembleclassi-

ers (a.k.aclassi er committee)wereproposedl, 3, 5, 6,
7, 8,9 15 16, 17, 18, 19. An ensembleclassi er is con-
structedby groupinga numberof memberclassi ers. If the
decisionsof the memberclassi ersarecombinedproperly,
theensembleas robustandeffective. Therearetwo kinds of
ensemblelassi ers: homaeneousandhetengeneous

A homogeneougnsembleclassi er containsm binary
classi ersin which all classi ers are constructedby the
samelearningalgorithm. Baggingand boosting[19] are
two commontechnique$1, 15, 16, 18].

A heterogeneousnsembleclassi er containsm binary
classi ersin which all classi ersareconstructedy differ-
ent learningalgorithms(e.g.,one SVM classi er andone
kNN classi er are groupedtogether)[19]. The individual
decisionsof the classi ers in the ensembleare combined
(e.g.,throughstacking[19]):

(
1 ifg Fy(d);F2(d);:::;Fm(d) > 0;
1 otherwise

Q(d) = )

whereQ( ) is anensembleclassi er; g( ) is acombination
functionthatcombineghe outputsof all Fi( ). The effec-
tivenes®f theensembleslassi er, Q( ), depend®ntheef-
fectivenessf g( ). In this paper we concentrateon ana-
lyzing heterogeneousnsembleclassi ers. Our problemis
thusto examinehow to formulateagoodg( ).

Four widely usedg( ) are: (1) Majority voting (MV)
[8, 9]; (2) Weightedlinearcombination(WLC) [7]; (3) Dy-
namicclassi ersselectionDCS)[3, 8, 6, 5]; and(4) Adap-
tive classi ers combination(ACC) [8, 9]. Exceptfor MV,
theotherthreefunctionsassigndifferentweightsto theclas-
si ers in theensembleThe biggertheweight,the moreef-
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Figure 1. lllustrationof local effectivenesanddeci-
sioncon dence.

fectiveis thatclassi er. In MV, all classi ersin theensem-
ble areequallyweighted. It canendup with a wrong deci-
sionif theminority votesaresigni cant. WLC assignstatic
weightsto the classi ers basedon their performanceon a
validationdata. However, a generallywell-performedclas-
si er canperformpoorly in somespeci ¢ domains.For in-
stancethe micro-F, scoresof SVM andNaive Bayes(NB)
for thebenchmarlReuters21578rerespectiely 0:860and
0:788.In thissenseSVM excelsNB. Yet, for thecateyories
PotatcandRetailin Reuters21578heF; scoredor NB are
both0.667 but areboth0.0for SVM. DCSandACCweight
the classi ers by partitioning the validation data (domain
speci c), they do notcombinethe classi ers' decisionsput
selectoneof the classi ersfrom the ensembleandrely on
it solely. We will shaw in theexperimentghatthiswill lead
to inferior results.

In this paper we proposea new combinationfunction
calledDynamicClassi ersWeighting(DCW). We consider
threecomponentavhen combiningclassi ers: (1) Global
Effectivenesswhichis theeffectivenes®f aclassi erin an
ensemblavhenit classi esa setof unseerdocuments(2)
Localeffectivenesswhichis theeffectivenes®of aclassi er
in an ensemblevhenit classi esthe particulardomainof
the unseerdocument;and (3) Decisioncon dence,which
is the con denceof a classi er in makinga decisionof the
ensembldor a speci c unseerdocument.

2 Motivations

sion functions. ConceptuallyF () dividesthe entire do-
maininto two partsaccordingto fi( ). Figurel illustrates
this idea. The dashedines arethe decisionboundaries.If
the unseerdocumentd, falls into the upper(lower) trian-
gle, it would belabeledaspositive (negative). Usually; if d
is furtheraway from the decisionboundarythe decisionof
d by Fi(d) is morecon dent.

Every classi er hasdifferenteffectivenessFor instance,
SupportVectorsMachine(SVM) is beingregardedasmore

accuratdeffective)thanNaive Bayes(NB) [20]). Although
it doesnotimply all of the decisionsmadeby SVM must
besuperiorthanNB, it doesimply thatwe shouldvaluethe
judgmentof SVM higherthanthatof NB in general.n this
paperwetermthiskind of effectivenesasglobal effective-
nessof a classi er, denotedby a; (E.g. asym > ans). a;

givesus goodinsightabouthow to weighttheclassi ersin

anensemblelntuitively, if we constructanensemblelas-
si er by groupingF 5( ) andF () togetherwhereag > ayp,

thenwe shouldvalueF 5( ) higherthanF ().

Yet, a globally effective classi er may sometimeger
form poorly on somespeci ¢ datase{domain). As an ex-
ample,considettwo classi ers,SVM andNB. Accordingto
thebenchmarlReuters21578hemicro-F scoredor SVM
andNB arerespectrely 0.860and 0.788. Unfortunately
the F1 scorefor SVM when classifying Retail (Retail
Reuters21578is 0.0, but it is 0.667 for NB. As a result,
an effective classi er may not always performwell in all
domains(e.g.,SVM performspoorly in Retai). This can
be furtherillustratedin Figure 1. Thetwo ovals, A andB,
representwo differentdomains. Oval A coversover the
decisionboundarywherea®val B residesn thelower tri-
angle. All of the documentswithin the domainof Oval A
are alignednearthe decisionboundary An unseendocu-
mentthat belongsto this domainmay easily be classi ed
wrongly. On the otherhand,the documentswithin the do-
mainof Oval B arewell separatetly thedecisionboundary
An unseerdocumenthatbelongsto this domainwill most
likely be classi ed correctly So, the effectivenessof the
classi er alsorelieson the domainof the unseerdata. We
termthis kind of effectivenessaslocal effectivenes®sf the
classi er, denotedy b;. b; helpsusto adjusttheweightsof
the classi ersin theensemblelf thea; of F; is very high
but it is noteffectivein classifyingthedomainof theunseen
documentwe shouldre-consideits effectiveness.

For every decisiona classi er makes,onemay askhow
con dent the classi er is aboutthe decision?Considerthe
two unseerdocumentsgocumentl anddocumeng®, in the
samedomain(Oval B) in Figure 1. While both document
1 anddocumeng® residenearthe boarderof their domain,
document2 locatescloserto the decisionboundary(the
dashedine) whereasdocumentl locatesfar away from it.
Sincebothdocumentl anddocumen® belongto the same
domain,the local effectivenessf the classi er uponthem
arethe same.Yet, the con dencein makinga correctdeci-
sionfor document. shouldbehigherthanthatof document
2, asdocument is furtherawayfrom thedecisionboundary
(d1 > dp). In this paperwe termit asdecisioncon dence
It is estimatedaccordingo thedistancebetweertheunseen
documentindthedecisionboundary

We summarizethe needsfor the abose componentsas
follows: if we ignorea;, over tting may resultaswe ne-
glectthe combinedin uence of all domains. If we ignore



bi, over-generalizationmay ensueasit relieson thedomain
wherethe unseerdocumentappearsa; andb; do notmea-
surethe classi er's decisioncon dence, g is proposedas
it indicateshow much con dencea classi er haswhenit
classi estheunseerdocuments.

3 Dynamic Classi ers Weighting (DCW)

In the previoussectionwe have explainedwhy thethree
weightcomponentga;, b; andg) arehelpful in construct-
ing an effective combinationfunction, g( ). We now de-
scribehow they are estimatedandhow they are combined
in anensemblelassi er.

a; is the effectivenessof the classi er whenwe useit
to classifya setof unseermdocuments.During the training
phasealthoughwe do nothave a setof labeledunseerdoc-
uments,we canestimatea; from the trainingdata,D: we
estimatea; by 10-foldedcrossvalidation. While our expe-
riencesuggestedhatestimatingthe effectivenesf a clas-
si er basedon crossvalidationwould alwaysyield an op-
timistic resultthanevaluatingit from the unseerdata,this
wouldnotbeaproblemin oursituation,aswe arenottarget-
ing for evaluatingthe real global effectivenesof the clas-
si ers, but aimingat obtainingtherelativeglobal effective-
nessWe normalizea; suchthatO< aj< 1andal;a;= 1.

b; is the effectivenesof the classi er whenwe useit to
classifythe domainof the unseerdocumentd. For anun-
seerdocumentwe would never know whatthetruedomain
of d is. As above, we canonly estimateits domainaccord-
ing to thetrainingdata,D. Let D be a subsebf documents
in thetraining data,i.e., D D. We can nd the domain
of theunseerdocumentd, by usingD, to extractthedocu-
mentsin D thataresimilarto d. Accordingly, theextraction
of D is basedon a nearestneighborstratey. We extract
thetop n documentshataremostsimilarto d from D. The
valuen canbereadilyobtainedhroughavalidationdataset.
Thesimilaritiesamongthesen document@aremeasuredby
thecosinecoefcient [13]. SinceD is a subsebf thetrain-
ingdata(D D), wewill know preciselythelabelsof those
documentghatappeatin D. We estimateb; by evaluating
D usingthe F1 score.b; is normalizedsuchthatO< b; < 1
anda b= 1.

g isameasurabouthow con denttheclassi eris when
it makesa decisionupond. From Eg.(1), the classi ca-
tion decisionof theclassi er, F( ), is basednthedecision
function, fi( ). For mostcasesif notall, thehigherthemag-
nitudeof f;( ), themorecon dentaretheir decisionsCon-
sequentlywe cancomputeg by usingthedecisionfunction,
fi( ). Unfortunatelytherangeof fi( ) variesamongdiffer-
ent algorithms. For example,Fi( ) may have fi( ) in the
rangeof [ 1;1], whereasF j( ) may have anotherfj( ) in
therangeof ( ¥;+¥). Sincedifferentdecisionfunctions
have differentranges,a direct comparisoramongthemis

inappropriate.We solve the problemasfollows: Let D be
the domainof the unseerdocument.D is obtainedby the
techniquedescribedcpreviously. We computeg asfollows:

fi(d) .
W= — & fi(d): (@)
1Y) 4op

whereyy; is the averagecon denceof the decisionsmade
by fi( ) amongthe documentsn D. SinceD D, wecan
presumehaty; is non-zero.Wheng > 1, fj(d), hasmore
thanaveragecon denceto make a correctclassi cationon
d, whered will be far away from the decisionboundary
(e.g.,documentl in Figurel). Wheng < 1, the decision
function, fj(d), haslessthan averagecon denceto make
a correctclassi cationon d, whered will be closerto the
decisionboundary(e.g.,documeng® in Figurel1). We nor-
malizeg suchthatO< g < 1anda?,g = 1.

We now presenhow aj, b andg arecombined Assume
that thereare m classi ersin the ensemble. In the most
simplestform, the combinatiorfunction,g( ) is:

o()= g decision; (5)

wheredecision = Fi(d) 2 f1;-1g (Eq.(eq:c)). Here, all

classi ersin the ensembleareequallyweighted(i.e. MV).

In DCW, sincea con dence (g) is associatedvith each
decision, therefore:

m
g() = & decision g: (6)
i

Yet, even for a con dent decision, we needto review
whetherthe classi er, which makesthis decision,is effec-
tivein theensembleConsequently:

m
g():édecisiom g effectiveness (7
i

Sincethereare two kinds of effectivenesdor eachof the
classi er (aj andb;), we have:

9)=4a Fi(d) a b g; (8)

4 Experimental Study

The purposeof the experimentss twofold. (1) We want
to examinehow effective the Dynamic Classi ers Weight-
ing (DCW) is, whenit is comparedwith the other kinds
of heterogeneousnsembleclassi ers. As such,we imple-
mentedfour existing ensembleclassi ers for comparison:



No. | Combination Reuters21578 Newsgioup20

MV | WLC [ DCS | ACC | DCW || MV | WLC [ DCS | ACC | DCW
1 S+N - 0.874 | 0.859 | 0.852 | 0.876 - 0.817 | 0.761 | 0.794 | 0.817
2 S+R - 0.883 | 0.862 | 0.874 | 0.885 - 0.800 | 0.762 | 0.793 | 0.800
3 S+K - 0.862 | 0.862 | 0.843 | 0.863 - 0.813 | 0.763 | 0.780 | 0.815
4 R+N - 0.833 | 0.831| 0.821 | 0.834 - 0.762 | 0.738 | 0.759 | 0.765
5 K+N - 0.824 | 0.827 | 0.820 | 0.829 - 0.780 | 0.746 | 0.769 | 0.780
6 K+R - 0.825 | 0.832| 0.821 | 0.831 - 0.762 | 0.764 | 0.760 | 0.765
7 S+K+R 0.872| 0.879 | 0.862 | 0.876 | 0.882 || 0.776 | 0.815 | 0.763 | 0.812 | 0.816
8 S+K+N 0.855| 0.874 | 0.859 | 0.865 | 0.873 || 0.783 | 0.819 | 0.762 | 0.809 | 0.821
9 S+R+N 0.852 | 0.872 | 0.861 | 0.856 | 0.874 || 0.777 | 0.815 | 0.761 | 0.801 | 0.815
10 K+R+N 0.857 | 0.825 | 0.837 | 0.823 | 0.830 || 0.775 | 0.782 | 0.750 | 0.775 | 0.784
11 S+K+R+N - 0.851 | 0.861 | 0.859 | 0.853 - 0.720 | 0.762 | 0.761 | 0.763

Table 1. Theresultsof themicro-F for differentensemblelassi ers.

Majority voting (MV) [8, 9], Weightedlinear combination
(WLC) [7], Dynamicclassi ersselectionDCS)[3, 8, 6, 5],
andAdaptie classi erscombination(ACC) [8, 9]. We re-
port the resultsin Sectiom.1. (2) We wantto understand
how signi cant theresultsarewhenerer oneof the ensem-
ble classi ers outperformsthe others. As such, we per
formeda pairwisesigni cant testin Sectiord.2.

In the experiments, two benchmarks are used:
Reuters21578and Newsgroup20 For Reuters21578
we separatehe datasetinto training dataandtestingdata
usingthe ModApte split [2]. For Newsgroup20for eachof
the categories,we randomlyselect80% of the postingsas
trainingdata,andtheremainingastestingdata.

For the datapreprocessingpunctuationhumbersweb
pageaddressesandemail addresseareremoved. All fea-
turesare stemmedand corvertedto lower cases,and are
weightedusingthe standardif idf schemg14]. Features
thatappeaiin only onedocumentareignored.All features
arerankedbasedntheNGL Coefcient[12], andthetop X
featuresareselectedThis X is tunedfor differentclassi ers
andfor differentbenchmarks.

For creatingthe ensembleclassi ers, different combi-
nationsof four kinds of classi ers are used: (1) Support
VectorsMachine (SVM); (2) k-NearestNeighbor (kNN);
(3) Rocchio (ROC); (4) Naive Bayes(NB). Their default
settingsare as follows: For SVM, we use linear kernel
with C = 1:0. No featureselectionis required[4]. For
kNN, we setk = 50 andselect2,750and4,900featuresfor
Reuters21578nd Newsgroup20 For ROC, we implement
theversionin [11] andselects2,750and7,500featuresor
Reuters2157&nd Newsgroup20 For NB, we implement
the multinomial version[10] and selects2,750and 9,500
featuredor Reuters21578ndNewsgroup20

4.1 EffectivenessAnalysis

Tablel showstheresultsof themicro-F; scorefor all en-
sembleclassi ers(MV, WLC, DCS,ACC andDCW) when
they arecreatedusingdifferentcombinationsof the binary

classi ersfor both benchmarks.The left mostcolumnde-
noteswhich of the binary classi ers are usedfor creating
the correspondingnsembleclassi er. We useS, K, R and
N to denoteSVM, kNN, RocchioandNaive Bayes respec-
tively. For example,S+K+Rrepresentanensemblelassi-
er which is comprisedof SVM, kNN and Rocchio. Note
that MV cannotbe createdif the numberof binary clas-
si ers in the ensembles an even number hencethe “—”
entriesin Tablel.

At the rst glance theresultsare promising. DCW, the
proposedapproach,dominatesover all other approaches
whenthey are being createdusing the sameset of binary
classi ers. Similar resultsare obtainedwhenwe usethe
macro-F score. The only casewhereDCW performsin-
ferior is case6 when DCW is createdby kNN and Roc-
chio (K+R), meanwhileit is evaluatedusing Reuters21578
Its micro-F is 0.831,whichis 0.001lower thanDCS (Dy-
namic Classi ers Weighting). Neverthelesssucha differ-
encecanbenegligibled.

ConcerningDCW, the bestcombinationof binary clas-
si ers in the ensemblds SVM and Rocchio(case?2) for
Reuters21578The micro-F; scoreis 0:885. It is alsothe
bestresultsobtainedamongall of the ensembleclassi ers
thatwe have evaluated.For Newsgroup2@he bestresultis
obtainedby comprisingSVM, kNN and Rocchiotogether
(case8). The micro-F scoreis 0:821. It is alsothe best
resultobtainedamongall approaches.

For MV, its philosophyis to take the majority agreement
amongthe binary classi ersin the ensemble.Hence,the
numberof binaryclassi ersmustbeanoddnumber Sowe
canonly createMV usingthreedifferentbinary classi ers.
Interestinglyall combinationgperformsimilarly.

Concerning WLC, the best combination for
Reuters21578(case 2), its micro-F; score is 0.883,
whichis higherthanall ensemblelassi ers(exceptDCW).
For Newsgroup20 similar obsenationsare made, where
its bestcombinationis case8. Althoughthe ideaof WLC
is very simple— assignsstaticweightsto the classi ersin
the ensembleaccordingto their global effectivenessand



combinesthem linearly — it performs surprisingly well.
Anotherinterestingnding is thatwhenSVM isincludedin
theensemblethe effectivenesof WLC would beincreased
dramatically This suggestshatthe choiceof theclassi ers
in WLC is particularlyimportant.

Concerning DCS, its best micro-F score for
Reuters21578case?2) is 0:862 only. It is far lag be-
hind all the otherapproachesFor Newsgroup2@noneof
theF; scoreis higherthan0:77. We believe thatthereasons
of why DCS performspoorly arebecause(1) It doesnot
combinethe classi ers' decisions.Rather it selectsone of
the classi er in the ensembleand relieson it completely
(2) It neitherpaysattentionto the global effectivenessof
theclassi ersnorthe decisioncon dence.

ACC performsslightly betterthanDCS. This maybebe-
causethe decisionstratgy for ACC is more sophisticated
thatDCS. Thebestensemble$or Reuters21578ndNews-
groupZ2Q0areboth case7. However, theseresultsareall in-
ferior thanbothWLC andour DCW.

4.2 Signi cant Test

In thissectionwe conducta pairwisecomparisoramong
themusingthe signi cant test[20]. Giventwo classi ers,
Fa() andFpg(), the signi cant test determineswhether
Fa() performsbetterthanF () basedon the errorsthat
Fa() andFg() made. Let N be the total numberof the
unseendocumentsanda = f0;1g (b = f0;1g) indicate
whetherF 5o( ) (Fg()) makesa correctclassi cationupon
theit unseerdocument.a; = 0 meansF () makesanin-
correctclassi cationwhereasa; = 1 meansF a( ) makesa
correctone. Similar de nition is also appliedto b;. Let
da bethe numberof timesthatF o( ) performsbetterthan
Fs(), andd, bethe numberof timesthatF g( ) performs
betterthanF a( ). In thistest,thenull hypothesiss thatboth
classi ersperformthesame(Hp : dy = dp). Thealternatve
isthatF ao( ) andF g( ) performsdifferently(H1 : dq 6 dp).

Table2 shaws the resultsof comparingthe performance
of DCW with the otherensembleclassi ers. A B means
A performssigni cantly betterthanB (P-Value 0:01).
A> B meandA performsslightly betterthanB. A Bmeans
no evidenceindicatesA andB hasary differencesn terms
of theerrorsthey made.A summaryis givenbelow:

Reuters21578 DCW, WLCg> fMV,ACCg DCS
Newsgroup20DCW > WLC > ACC MV DCS

5 Conclusions

In orderto formulatean effective combinationfunction
for heterogeneousnsembleslassi er, threeweightcompo-
nentsarenecessaryGlobal Effectiveness|.ocal Effective-
ness,and Decision Con dence. We compareDCW with

[ A | B | Reuters21578] Newsgoup20 |

MV_| WLC <
MV_| DCS
MV | ACC
MV | DCW
WLC [ DCS
WLC | ACC > >
WLC | DCW <
DCS | ACC
DCS | DCW
[ACC [ DCW | < | |

Table 2. Resultsof thesigni cant test.

four otherkinds of heterogeneousnsembleclassi ersus-
ing two benchmarks.The resultsindicatedthat DCW can
effectively balancethe contributions of the three compo-
nentsandoutperformghe existing approaches.
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