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Abstract

This paper studiesthe problem of constructingan effec-
tive heterogeneousensembleclassi�er for text classi�ca-
tion. One major challenge of this problem is to formu-
late a goodcombinationfunction,which combinesthede-
cisionsof the individual classi�ers in the ensemble. We
showthattheclassi�cationperformanceis affectedbythree
weightcomponentsand they shouldbe includedin deriv-
ing aneffectivecombinationfunction.They are: (1) Global
effectiveness,which measures the effectivenessof a mem-
ber classi�er in classifyinga setof unseendocuments;(2)
Local effectiveness,which measures the effectivenessof a
memberclassi�er in classifyingthe particular domainof
an unseendocument;and (3) Decisioncon�dence, which
describeshowcon�denta classi�er is whenmakinga deci-
sionwhenclassifyinga speci�c unseendocument.We pro-
posea new balancedcombinationfunction,calledDynamic
Classi�er Weighting (DCW), that incorporatesthe afore-
mentionedthreecomponents.Theempirical studydemon-
stratesthat thenew combinationfunctionis highlyeffective
for text classi�cation.

1 Intr oduction

Let U be a setof unseendocumentsandC be a setof
prede�nedcategories. Automatedtext classi�cation is the
processof labelingU with C, suchthat every d 2 U will
beassignedto someof thecategoriesin C. Notethatd can
be assignedto noneof the categoriesin C. If the number
of categoriesin C is morethantwo (jCj > 2), it is a multi-
label text classi�cation problem. Sinceevery multi-label
text classi�cationproblemcanbe transformedto a binary-
label text classi�cation problem, we focus on the binary
problemin this paper(jCj = 2). Let c 2 C. Binary-label
text classi�cationis to constructabinaryclassi�er, denoted
by F (�), for c suchthat:

F (d) =

(
1 if f (d) > 0;

� 1 otherwise;
(1)

whereF (d) = 1 indicatesthat d belongsto c andF (d) =
� 1 indicatesthat d doesnot belongto it. f (�) 2 Â is a
decisionfunction. Everyclassi�er, F i , hasits own decision
function, fi (�). If therearem differentclassi�ers,therewill
bem differentdecisionfunctions.Thegoalof constructing
abinaryclassi�er, F (�), is to approximatetheunknowntrue
targetfunction �F (�), sothatF (�) and �F (�) arecoincidentas
muchaspossible[17].

In order to improve the effectiveness,ensembleclassi-
�ers (a.k.aclassi�er committee)wereproposed[1, 3, 5, 6,
7, 8, 9, 15, 16, 17, 18, 19]. An ensembleclassi�er is con-
structedby groupinganumberof memberclassi�ers.If the
decisionsof thememberclassi�ersarecombinedproperly,
theensembleis robustandeffective. Therearetwo kindsof
ensembleclassi�ers:homogeneousandheterogeneous.

A homogeneousensembleclassi�er containsm binary
classi�ers in which all classi�ers are constructedby the
samelearningalgorithm. Baggingand boosting[19] are
two commontechniques[1, 15, 16, 18].

A heterogeneousensembleclassi�er containsm binary
classi�ersin which all classi�ersareconstructedby differ-
ent learningalgorithms(e.g.,oneSVM classi�er andone
kNN classi�er aregroupedtogether)[19]. The individual
decisionsof the classi�ers in the ensembleare combined
(e.g.,throughstacking[19]):

Q(d) =

(
1 if g

�
F 1(d);F 2(d); : : : ;F m(d)

�
> 0;

� 1 otherwise;
(2)

whereQ(�) is anensembleclassi�er; g(�) is a combination
function thatcombinestheoutputsof all F i (�). Theeffec-
tivenessof theensembleclassi�er, Q(�), dependson theef-
fectivenessof g(�). In this paper, we concentrateon ana-
lyzing heterogeneousensembleclassi�ers. Our problemis
thusto examinehow to formulateagoodg(�).

Four widely usedg(�) are: (1) Majority voting (MV)
[8, 9]; (2) Weightedlinearcombination(WLC) [7]; (3) Dy-
namicclassi�ersselection(DCS)[3, 8, 6, 5]; and(4) Adap-
tive classi�erscombination(ACC) [8, 9]. Exceptfor MV,
theotherthreefunctionsassigndifferentweightsto theclas-
si�ers in theensemble.Thebiggertheweight,themoreef-
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Figure 1. Illustrationof localeffectivenessanddeci-
sioncon�dence.

fective is thatclassi�er. In MV, all classi�ersin theensem-
ble areequallyweighted.It canendup with a wrongdeci-
sionif theminorityvotesaresigni�cant. WLC assignsstatic
weightsto the classi�ers basedon their performanceon a
validationdata.However, a generallywell-performedclas-
si�er canperformpoorly in somespeci�c domains.For in-
stance,themicro-F1 scoresof SVM andNaive Bayes(NB)
for thebenchmarkReuters21578arerespectively 0:860and
0:788.In thissense,SVM excelsNB. Yet,for thecategories
PotatoandRetailin Reuters21578, theF1 scoresfor NB are
both0.667,but areboth0.0for SVM. DCSandACCweight
the classi�ers by partitioning the validationdata(domain
speci�c), they donotcombinetheclassi�ers' decisions,but
selectoneof theclassi�ers from theensembleandrely on
it solely. Wewill show in theexperimentsthatthiswill lead
to inferior results.

In this paper, we proposea new combinationfunction
calledDynamicClassi�ersWeighting(DCW). Weconsider
threecomponentswhencombiningclassi�ers: (1) Global
Effectiveness,which is theeffectivenessof aclassi�er in an
ensemblewhenit classi�esa setof unseendocuments;(2)
Localeffectiveness,whichis theeffectivenessof aclassi�er
in an ensemblewhenit classi�es the particulardomainof
the unseendocument;and(3) Decisioncon�dence,which
is thecon�denceof a classi�er in makinga decisionof the
ensemblefor a speci�c unseendocument.

2 Moti vations

Let F 1(�);F 2(�); : : : ;F m(�) bem differentbinaryclassi-
�ers and f1(�), f2(�); : : : ; fm(�) betheir correspondingdeci-
sion functions. Conceptually, F i (�) divides the entiredo-
main into two partsaccordingto fi (�). Figure1 illustrates
this idea. Thedashedlinesarethedecisionboundaries.If
theunseendocument,d, falls into the upper(lower) trian-
gle, it would belabeledaspositive (negative). Usually, if d
is furtheraway from thedecisionboundary, thedecisionof
d by F i (d) is morecon�dent.

Everyclassi�er hasdifferenteffectiveness.For instance,
SupportVectorsMachine(SVM) is beingregardedasmore

accurate(effective)thanNaiveBayes(NB) [20]). Although
it doesnot imply all of the decisionsmadeby SVM must
besuperiorthanNB, it doesimply thatweshouldvaluethe
judgmentof SVM higherthanthatof NB in general.In this
paper, wetermthiskind of effectivenessasglobaleffective-
nessof a classi�er, denotedby a i (E.g. aSVM > aNB). a i
givesusgoodinsightabouthow to weighttheclassi�ersin
anensemble.Intuitively, if we constructanensembleclas-
si�er by groupingF a(�) andF b(�) together, whereaa > ab,
thenweshouldvalueF a(�) higherthanF b(�).

Yet, a globally effective classi�er may sometimesper-
form poorly on somespeci�c dataset(domain). As an ex-
ample,considertwo classi�ers,SVM andNB. Accordingto
thebenchmarkReuters21578, themicro-F1 scoresfor SVM
andNB are respectively 0.860and 0.788. Unfortunately,
the F1 scorefor SVM when classifyingRetail (Retail �
Reuters21578) is 0.0, but it is 0.667for NB. As a result,
an effective classi�er may not always perform well in all
domains(e.g.,SVM performspoorly in Retail). This can
be further illustratedin Figure1. The two ovals,A andB,
representtwo differentdomains. Oval A coversover the
decisionboundary, whereasOval B residesin thelower tri-
angle. All of the documentswithin the domainof Oval A
arealignednearthe decisionboundary. An unseendocu-
ment that belongsto this domainmay easilybe classi�ed
wrongly. On theotherhand,thedocumentswithin thedo-
mainof Oval B arewell separatedby thedecisionboundary.
An unseendocumentthatbelongsto this domainwill most
likely be classi�ed correctly. So, the effectivenessof the
classi�er alsorelieson thedomainof theunseendata.We
term this kind of effectivenessaslocal effectivenessof the
classi�er, denotedby bi . bi helpsusto adjusttheweightsof
theclassi�ersin theensemble.If thea i of F i is very high
but it is noteffectivein classifyingthedomainof theunseen
document,weshouldre-considerits effectiveness.

For every decisiona classi�er makes,onemayaskhow
con�dent theclassi�er is aboutthedecision?Considerthe
two unseendocuments,document1 anddocument2, in the
samedomain(Oval B) in Figure1. While both document
1 anddocument2 resideneartheboarderof their domain,
document2 locatescloser to the decisionboundary(the
dashedline) whereasdocument1 locatesfar away from it.
Sincebothdocument1 anddocument2 belongto thesame
domain,the local effectivenessof theclassi�er uponthem
arethesame.Yet, thecon�dencein makinga correctdeci-
sionfor document1 shouldbehigherthanthatof document
2, asdocument1 is furtherawayfrom thedecisionboundary
(d1 > d2). In this paper, we termit asdecisioncon�dence.
It is estimatedaccordingto thedistancebetweentheunseen
documentandthedecisionboundary.

We summarizethe needsfor the above componentsas
follows: if we ignorea i , over-�tting may resultaswe ne-
glect the combinedin�uence of all domains.If we ignore
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bi, over-generalizationmayensueasit relieson thedomain
wheretheunseendocumentappears.a i andbi donotmea-
surethe classi�er's decisioncon�dence,gi is proposedas
it indicateshow much con�dencea classi�er haswhen it
classi�estheunseendocuments.

3 Dynamic Classi�ers Weighting (DCW)

In theprevioussection,wehaveexplainedwhy thethree
weightcomponents(a i , bi andgi ) arehelpful in construct-
ing an effective combinationfunction, g(�). We now de-
scribehow they areestimatedandhow they arecombined
in anensembleclassi�er.

a i is the effectivenessof the classi�er when we useit
to classifya setof unseendocuments.During the training
phase,althoughwedonothaveasetof labeledunseendoc-
uments,we canestimatea i from the trainingdata,D: we
estimatea i by 10-foldedcrossvalidation.While our expe-
riencesuggestedthatestimatingtheeffectivenessof a clas-
si�er basedon crossvalidationwould alwaysyield an op-
timistic resultthanevaluatingit from theunseendata,this
wouldnotbeaproblemin oursituation,aswearenottarget-
ing for evaluatingthe real globaleffectivenessof theclas-
si�ers, but aimingat obtainingtherelativeglobaleffective-
ness.Wenormalizea i suchthat0< a i < 1 andå m

i= 1a i = 1.
bi is theeffectivenessof theclassi�er whenwe useit to

classifythedomainof theunseendocument,d. For anun-
seendocument,wewouldneverknow whatthetruedomain
of d is. As above,we canonly estimateits domainaccord-
ing to thetrainingdata,D. Let D bea subsetof documents
in the training data,i.e., D � D. We can�nd the domain
of theunseendocument,d, by usingD, to extractthedocu-
mentsin D thataresimilar to d. Accordingly, theextraction
of D is basedon a nearestneighborstrategy. We extract
thetopn documentsthataremostsimilar to d from D. The
valuen canbereadilyobtainedthroughavalidationdataset.
Thesimilaritiesamongthesen documentsaremeasuredby
thecosinecoef�cient [13]. SinceD is a subsetof thetrain-
ing data(D � D), wewill know preciselythelabelsof those
documentsthatappearin D. We estimatebi by evaluating
D usingtheF1 score.bi is normalizedsuchthat0 < bi < 1
andå m

i= 1bi = 1.
gi is ameasureabouthow con�dent theclassi�er is when

it makesa decisionupon d. From Eq.(1), the classi�ca-
tion decisionof theclassi�er, F i (�), is basedonthedecision
function, fi (�). Formostcases,if notall, thehigherthemag-
nitudeof fi (�), themorecon�dent aretheir decisions.Con-
sequently, wecancomputegi byusingthedecisionfunction,
fi(�). Unfortunately, therangeof fi (�) variesamongdiffer-
ent algorithms. For example,F i (�) may have fi (�) in the
rangeof [� 1;1], whereasF j (�) may have anotherf j (�) in
the rangeof (� ¥ ;+ ¥ ). Sincedifferentdecisionfunctions
have different ranges,a direct comparisonamongthemis

inappropriate.We solve theproblemasfollows: Let D be
the domainof the unseendocument.D is obtainedby the
techniquedescribedpreviously. We computegi asfollows:

gi =

�
�
�
�

fi (d)
µi

�
�
�
� ; (3)

µi =
1

jDj å
d02D

fi (d0); (4)

whereµi is the averagecon�denceof the decisionsmade
by fi (�) amongthedocumentsin D. SinceD � D, we can
presumethatµi is non-zero.Whengi > 1, fi (d), hasmore
thanaveragecon�denceto make a correctclassi�cationon
d, whered will be far away from the decisionboundary
(e.g.,document1 in Figure1). Whengi < 1, the decision
function, fi(d), haslessthanaveragecon�denceto make
a correctclassi�cationon d, whered will be closerto the
decisionboundary(e.g.,document2 in Figure1). We nor-
malizegi suchthat0 < gi < 1 andå m

i= 1gi = 1.
Wenow presenthow a i , bi andgi arecombined.Assume

that thereare m classi�ers in the ensemble. In the most
simplestform, thecombinationfunction,g(�) is:

g(�) =
m

å
i

decisioni ; (5)

wheredecisioni = F i (d) 2 f 1;-1g (Eq.(eq:c)). Here, all
classi�ersin theensembleareequallyweighted(i.e. MV).
In DCW, since a con�dence (gi) is associatedwith each
decisioni, therefore:

g(�) =
m

å
i

decisioni � gi : (6)

Yet, even for a con�dent decision, we need to review
whethertheclassi�er, which makesthis decision,is effec-
tive in theensemble.Consequently:

g(�) =
m

å
i

decisioni � gi � effectivenessi : (7)

Sincethereare two kinds of effectivenessfor eachof the
classi�er (a i andbi), we have:

g(�) =
m

å
i

�
F i (d) � a i � bi � gi

�
; (8)

4 Experimental Study

Thepurposeof theexperimentsis twofold. (1) We want
to examinehow effective theDynamicClassi�ersWeight-
ing (DCW) is, when it is comparedwith the other kinds
of heterogeneousensembleclassi�ers. As such,we imple-
mentedfour existing ensembleclassi�ers for comparison:
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No. Combination Reuters21578 Newsgroup20
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-F1 for differentensembleclassi�ers.

Majority voting (MV) [8, 9], Weightedlinearcombination
(WLC) [7], Dynamicclassi�ersselection(DCS)[3, 8, 6,5],
andAdaptive classi�erscombination(ACC) [8, 9]. We re-
port the resultsin Section4.1. (2) We want to understand
how signi�cant theresultsarewhenever oneof theensem-
ble classi�ers outperformsthe others. As such, we per-
formeda pairwisesigni�cant testin Section4.2.

In the experiments, two benchmarks are used:
Reuters21578and Newsgroup20. For Reuters21578,
we separatethe datasetinto training dataand testingdata
usingtheModAptesplit [2]. For Newsgroup20, for eachof
thecategories,we randomlyselect80% of the postingsas
trainingdata,andtheremainingastestingdata.

For the datapreprocessing,punctuation,numbers,web
pageaddresses,andemailaddressesareremoved. All fea-
turesare stemmedand convertedto lower cases,and are
weightedusing the standardtf � idf schema[14]. Features
thatappearin only onedocumentareignored.All features
arerankedbasedontheNGL Coef�cient[12], andthetopX
featuresareselected.ThisX 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 = 50andselect2,750and4,900featuresfor
Reuters21578andNewsgroup20. For ROC,we implement
theversionin [11] andselects2,750and7,500featuresfor
Reuters21578andNewsgroup20. For NB, we implement
the multinomial version[10] and selects2,750and 9,500
featuresfor Reuters21578andNewsgroup20.

4.1 EffectivenessAnalysis

Table1 showstheresultsof themicro-F1 scorefor all en-
sembleclassi�ers(MV, WLC, DCS,ACCandDCW) when
they arecreatedusingdifferentcombinationsof thebinary

classi�ers for bothbenchmarks.The left mostcolumnde-
noteswhich of the binary classi�ers areusedfor creating
thecorrespondingensembleclassi�er. We useS, K, R and
N to denoteSVM, kNN, RocchioandNaiveBayes,respec-
tively. For example,S+K+Rrepresentsanensembleclassi-
�er which is comprisedof SVM, kNN andRocchio. Note
that MV cannotbe createdif the numberof binary clas-
si�ers in the ensembleis an even number, hencethe “–”
entriesin Table1.

At the �rst glance,the resultsarepromising.DCW, the
proposedapproach,dominatesover all other approaches
whenthey arebeingcreatedusing the samesetof binary
classi�ers. Similar resultsare obtainedwhen we usethe
macro-F1 score. The only casewhereDCW performsin-
ferior is case6 when DCW is createdby kNN and Roc-
chio (K+R), meanwhileit is evaluatedusingReuters21578.
Its micro-F1 is 0.831,which is 0.001lower thanDCS(Dy-
namicClassi�ersWeighting). Nevertheless,sucha differ-
encecanbenegligibled.

ConcerningDCW, the bestcombinationof binary clas-
si�ers in the ensembleis SVM and Rocchio(case2) for
Reuters21578. The micro-F1 scoreis 0:885. It is alsothe
bestresultsobtainedamongall of the ensembleclassi�ers
thatwe have evaluated.For Newsgroup20thebestresultis
obtainedby comprisingSVM, kNN andRocchiotogether
(case8). The micro-F1 scoreis 0:821. It is also the best
resultobtainedamongall approaches.

For MV, its philosophyis to takethemajorityagreement
amongthe binary classi�ers in the ensemble.Hence,the
numberof binaryclassi�ersmustbeanoddnumber. Sowe
canonly createMV usingthreedifferentbinaryclassi�ers.
Interestingly, all combinationsperformsimilarly.

Concerning WLC, the best combination for
Reuters21578(case 2), its micro-F1 score is 0.883,
which is higherthanall ensembleclassi�ers(exceptDCW).
For Newsgroup20, similar observationsare made,where
its bestcombinationis case8. Although the ideaof WLC
is very simple– assignsstaticweightsto the classi�ers in
the ensembleaccordingto their global effectivenessand
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combinesthem linearly – it performs surprisingly well.
Anotherinteresting�nding is thatwhenSVM is includedin
theensemble,theeffectivenessof WLC wouldbeincreased
dramatically. Thissuggeststhatthechoiceof theclassi�ers
in WLC is particularlyimportant.

Concerning DCS, its best micro-F1 score for
Reuters21578(case2) is 0:862 only. It is far lag be-
hind all the otherapproaches.For Newsgroup20, noneof
theF1 scoreis higherthan0:77. Webelievethatthereasons
of why DCS performspoorly arebecause:(1) It doesnot
combinetheclassi�ers' decisions.Rather, it selectsoneof
the classi�er in the ensembleand relies on it completely.
(2) It neitherpaysattentionto the global effectivenessof
theclassi�ersnor thedecisioncon�dence.

ACCperformsslightly betterthanDCS.Thismaybebe-
causethe decisionstrategy for ACC is moresophisticated
thatDCS.Thebestensemblesfor Reuters21578andNews-
group20arebothcase7. However, theseresultsareall in-
ferior thanbothWLC andourDCW.

4.2 Signi�cant Test

In thissection,weconductapairwisecomparisonamong
themusingthe signi�cant test[20]. Given two classi�ers,
F A(�) and F B(�), the signi�cant test determineswhether
F A(�) performsbetterthanF B(�) basedon the errorsthat
F A(�) andF B(�) made. Let N be the total numberof the
unseendocuments,and ai = f 0;1g (bi = f 0;1g) indicate
whetherF A(�) (F B(�)) makesa correctclassi�cationupon
theith unseendocument.ai = 0 meansF A(�) makesanin-
correctclassi�cationwhereasai = 1 meansF A(�) makesa
correctone. Similar de�nition is also appliedto bi . Let
da be thenumberof timesthat F A(�) performsbetterthan
F B(�), anddb be the numberof timesthatF B(�) performs
betterthanF A(�). In thistest,thenull hypothesisis thatboth
classi�ersperformthesame(H0 : da = db). Thealternative
is thatF A(�) andF B(�) performsdifferently(H1 : da 6= db).

Table2 shows theresultsof comparingtheperformance
of DCW with theotherensembleclassi�ers. A � B means
A performssigni�cantly better than B (P-Value � 0:01).
A> B meansA performsslightlybetterthanB. A� B means
no evidenceindicatesA andB hasany differencesin terms
of theerrorsthey made.A summaryis givenbelow:

Reuters21578: f DCW, WLCg > f MV, ACCg � DCS

Newsgroup20: DCW > WLC > ACC� MV � DCS

5 Conclusions

In orderto formulatean effective combinationfunction
for heterogeneousensembleclassi�er, threeweightcompo-
nentsarenecessary:GlobalEffectiveness,Local Effective-
ness,and DecisionCon�dence. We compareDCW with

A B Reuters21578 Newsgroup20

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 heterogeneousensembleclassi�ersus-
ing two benchmarks.The resultsindicatedthat DCW can
effectively balancethe contributions of the threecompo-
nentsandoutperformstheexistingapproaches.
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