
Predicting Phasesin BusinessCyclesUnder ConceptDrift

Ralf Klink enberg

Universityof Dortmund,Germany

Departmentof ComputerScience,Artificial IntelligenceUnit

E-Mail: klinkenberg@ls8.cs.uni-dortmund.de
WWW: http://www-ai.cs.uni-dortmund.de/

Abstract

For many taskswhere data is collectedover an ex-
tendedperiod of time, its underlying distribution is
likely to change. A typical example is information
filtering, i.e. theadaptive classificationof documents
with respecttoaparticularuserinterest.Boththeinter-
estof theuserandthedocumentcontentchangeover
time. Machinelearningapproacheshandlingthis type
of conceptdrift have beenshown to outperformmore
staticapproachesignoring it in experimentswith dif-
ferent typesof simulatedconceptdrifts on real-word
text data. In this paper, theseapproachesto learning
drifting conceptsareappliedto theproblemof classi-
fying phasesin businesscycles. Their performanceis
comparedto themorestaticapproacheson real-world
data for this classificationtask, in order to evaluate
whetherthis domainalsoexhibits conceptdrifts and
whetherthe conceptdrift approachesalsoallow per-
formancegainsin thisdomain.While previousstudies
werebasedon simulatedconceptdrift scenarios,the
experimentsin thisdomainarenotbasedonany simu-
lateddrift, but on therealconceptdrift inherentto this
real-world data.Hencethis paperprovidessignificant
supportfor the applicabilityof theproposedmachine
learningapproachesto handlingconceptdrift in real-
world problems.

1 Intr oduction
Machinelearningmethodsareoften appliedto problems,
wheredatais collectedover an extendedperiod of time.
In many real-world applicationsthis introducesthe prob-
lem that the distribution underlying the data is likely to
changeover time. For example,companiescollect an in-
creasingamountof datalikesalesfiguresandcustomerdata
to find patternsin thecustomerbehavior andto predictfu-
turesales.As thecustomerbehavior tendsto changeover
time, the modelunderlyingsuccessfulpredictionsshould
beadaptedaccordingly.

The sameproblemoccursin information filtering, i.e.
the adaptive classificationof documentswith respectto a
particularuserinterest. With the amountof online infor-
mationandcommunicationgrowing rapidly, thereis anin-
creasingneedfor automaticinformationfiltering. Informa-
tion filtering techniquesareused,for example,to build per-
sonalizednews filters, which learnaboutthenews-reading
preferencesof a user[Lang,1995;Veltmann,1997], to fil-
ter e-mail [Cohen,1996], or to guide a user’s searchon
the World Wide Web [Joachimset al., 1997]. Both the
interestof the user, i. e. the conceptunderlyingthe clas-
sification of the texts, and the documentcontentchange
over time. A filtering systemshould be able to adapt

to suchconceptchanges. This paperproposestwo ma-
chine learning approacheshandling this type of concept
drift that have beenshown to outperformmorestaticap-
proachesignoring conceptdrift in experimentswith dif-
ferent typesof simulatedconceptdrifts on real-word text
data(seeSection5 and[Klinkenberg andJoachims,2000;
KlinkenbergandRüping,2003;Klinkenberg,2003]). They
learn drifting conceptseffectively and efficiently and re-
quirelittle parameterization.

In this paper, theseapproachesto learningdrifting con-
ceptsare appliedto the problemof classifyingphasesin
businesscycles. Their performanceis comparedto the
more static approacheson real-world data for this clas-
sification task, in order to evaluatewhetherthis domain
exhibits conceptdrifts and whetherthe conceptdrift ap-
proachesalso allow performancegains in this domain.
While previous studieswere basedon simulatedconcept
drift scenarios,the experimentsin this domain are not
basedon any simulateddrift, but on the real conceptdrift
inherentto this real-world data.Hencethis paperprovides
significantsupportfor theapplicabilityof theproposedma-
chinelearningapproachesto handlingconceptdrift in real-
world problems.

After formalizing the concept drift problem in Sec-
tion 2.1andshortlydescribingpreviousapproachesto han-
dling conceptdrift in Sections2.2 and 2.3, the underly-
ing machinelearningmethodusedfor theexperimentspre-
sentedin thispaper, supportvectormachines(SVM), is de-
pictedin Section3 includinga subsectionon effectiveand
efficient performanceestimationfor SVMs (Section3.1).
Section4 proposestwo approachesfor handlingconcept
drift makinguseof SVMsandtheseerrorestimators.These
approachesarethenevaluatedonseveralsimulatedconcept
drift scenariosonreal-world text data(Section5) andonan
economicproblemexhibiting realconceptdrift (Section6).
Section7 summarizestheresultsof this paper.

2 ConceptDrift
2.1 ProblemDefinition
Throughoutthis paper, we study the problemof concept
drift for the pattern recognition problem in the follow-
ing framework [KlinkenbergandJoachims,2000;Klinken-
berg, 2003]. Eachexample ���������
	�� consistsof a feature
vector �� R � anda label 	��������������� indicating its
classification.Dataarrivesover time in batches.Without
lossof generalitythesebatchesareassumedto beof equal
size,eachcontaining� examples.����� � �"!��$#%#&#&�
����� � '(!)�)�*�&+,� �-!��.#&#%#&�
���%+.� '/!)�.0.0$0.����213� �-!
�$#%#&#&�
���213� '/!��
���21�45� � �-!
�$#%#&#&�
���21�45� � '/!
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! denotesthe 9 -th example of batch : . For each
batch; : the data is independentlyidentically distributed
with respectto a distribution <>= 6 �����
	�� . Dependingon the
amountandtypeof conceptdrift, theexampledistribution<?= 6 �7���
	@� and <?= 6%45� ���5�-	�� betweenbatcheswill differ. The
goalof thelearnerA is to sequentiallypredictthelabelsof
the next batch. For example,after batch B the learnercan
useany subsetof the training examplesfrom batches� toB to predictthe labelsof batch B �C� . The learneraimsto
minimizethecumulatednumberof predictionerrors.

2.2 Heuristic Approachesto ConceptDrift
In machinelearning,changingconceptsareoftenhandled
by time windows of fixed or adaptive size on the train-
ing data[Mitchell et al., 1994;Widmer andKubat,1996;
Lanquillon, 1997; Klinkenberg and Renz, 1998] or by
weightingdataor partsof thehypothesisaccordingto their
ageand/orutility for theclassificationtask[Kunisch,1996;
Taylor et al., 1997]. The latter approachof weighting
exampleshasalreadybeenusedfor information filtering
in the incrementalrelevancefeedbackapproachesof [Al-
lan, 1996] and [Balabanovic, 1997]. In this paper, the
earlier approachmaintaininga window of adaptive size
is explored. More detaileddescriptionsof the methods
describedabove and further approachescan be found in
[Klinkenberg,1998].

For windows of fixedsize,thechoiceof a “good” win-
dow size is a compromisebetweenfast adaptivity (small
window) andgood generalizationin phaseswithout con-
cept change(large window). The basicidea of adaptive
window managementis to adjust the window size to the
currentextentof conceptdrift.

2.3 Theoretical Approachesto ConceptDrift
The taskof learningdrifting or time-varyingconceptshas
alsobeenstudiedin computationallearningtheory. Learn-
ing a changingconceptis infeasible,if no restrictionsare
imposedon the type of admissibleconceptchanges,1 but
drifting conceptsareprovablyefficiently learnable(at least
for certainconceptclasses),if therateor theextentof drift
is limited in particularways.

HelmboldandLong[HelmboldandLong,1994] assume
a possiblypermanentbut slow conceptdrift anddefinethe
extentof drift asthe probability that two subsequentcon-
ceptsdisagreeonarandomlydrawn example.Their results
includean upperboundfor the extendof drift maximally
tolerableby any learnerandalgorithmsthatcanlearncon-
ceptsthat do not drift morethana certainconstantextent
of drift. Furthermorethey show that it is sufficient for a
learnerto seea fixednumberof themostrecentexamples.
Hencea window of a certainminimal fixedsizeallows to
learnconceptsfor which theextentof drift is appropriately
limited.

While Helmbold and Long restrict the extend of drift,
Kuh, Petsche,and Rivest [Kuh et al., 1991] determinea
maximal rate of drift that is acceptableby any learner,
i. e.amaximallyacceptablefrequency of conceptchanges,
which impliesa lowerboundfor thesizeof afixedwindow
for a time-varyingconceptto belearnable,which is similar
to thelowerboundof HelmboldandLong.

In practice,however, it usually cannotbe guaranteed
that the applicationat handobeys theserestrictions,e.g.

1E.g.afunctionrandomlyjumpingbetweenthevaluesoneand
zerocannotbepredictedby any learnerwith morethan50%ac-
curacy.

a readerof electronicnews may changehis interests(al-
most) arbitrarily often and radically. Furthermorethe
large time window sizes, for which the theoretical re-
sults hold, would be impractical. Hencemore applica-
tion orientedapproachesrely on far smallerwindows of
fixed size or on window adjustmentheuristicsthat allow
far smallerwindow sizesandusuallyperformbetterthan
fixed and/or larger windows [Widmer and Kubat, 1996;
Lanquillon, 1997; Klinkenberg and Renz,1998]. While
theseheuristicsareintuitive andwork well in their partic-
ular applicationdomain,they usually requiretuning their
parameters,areoftennottransferableto otherdomains,and
lacka propertheoreticalfoundation.

3 Support Vector Machines(SVM)
Support vector machinesare basedon the principle of
structuralrisk minimization (SRM) [Vapnik, 1998] from
statisticallearningtheory. In their basicform, SVMs learn
lineardecisionrules,D �$E�F�?��G :IHKJ �LEMN0OE�P�NQR�S��T ���*� if EMU0VE���WQSXZY���*� else

describedby aweightvector EM anda thresholdQ . Theidea
of structuralrisk minimization is to find a hypothesis

D
for which onecanguaranteethe lowestprobability of er-
ror. For SVMs, [Vapnik,1998] shows thatthis goalcanbe
translatedinto finding thehyperplanewith maximumsoft-
margin. Computingthishyperplaneis equivalentto solving
thefollowing optimizationproblem:

Optimization Problem1 (SVM (primal) )

Minimize: [ �OEM��)Q\� E] �^� �+ EM_0/EMN�N` ab6&c5� ] 6 (1)

subjectto: d a6%c5�Se 	 6-f EMU0VE� 6 �NQ)g�h��i� ] 6 (2)d a6&c5� e ] 6 hjY (3)

In this optimization problem, the Euclideanlength k&k EM k%k
of the weight vector is inverselyproportionalto the soft-
margin of thedecisionrule. Theconstraints(2) requirethat
all training examplesare classifiedcorrectly up to some
slack

] 6 . If a training examplelies on the “wrong” side
of thehyperplane,thecorresponding

] 6 is greateror equal
to � . Therefore

b a6&c5� ] 6 is anupperboundon thenumber
of training errors. The factor ` in (1) is a parameterthat
allows trading-off trainingerrorvs.modelcomplexity.

For computationalreasons,it is usefulto solvetheWolfe
dualof optimizationproblem1 insteadof solvingoptimiza-
tion problem1 directly [Vapnik,1998].

Optimization Problem2 (SVM (dual))

Minimize: l ��Emn���o��ab6%cp� m 6 � �+ ab6&c5� ab8
c5� 	 6 	 8 m 6 m 8 �RE� 6 0qE� 8 �
subjectto: ab6&c5� 	 6 m 6 �UY

d a6&c5� e YPrjm 6 rZ`
Joachimshas developeda fast algorithm for computing
thesolutionto this optimizationproblem[Joachims,1999;
2001]. We usethis algorithmimplementedin mySVM2 for
theclassificationexperimentsdescribedin this paper.

2http://www-ai.cs.uni-dortmund.de
/SOFTWARE/MYSVM/



SupportvectorsarethosetrainingexamplesE� 6 with m 6 XY at the solution. Fromthe solutionof optimizationprob-
lem2, thedecisionrule canbecomputedas

EM_0VE�s� at 6&c5� m 6 	 6 �$E� 6 0VE�F� and Qi�U	*uwvyxz�{EMU0VE�|uwvyx�#
The training example �$E� u\v"x �-	 uwvyx � for calculating Q must
be a supportvectorwith m uwvyx~} ` . Finally, the training
losses

] 6 canbecomputedas] 6 � �s� �5�-�i��	 6 f EM�0VE� 6 �WQ)g��
Y��,#
For solvingoptimizationproblem2 aswell asapplying

the learneddecisionrule, it is sufficient to be ableto cal-
culateinner productsbetweenfeaturevectors. Exploiting
this property, kernels� �$E� � �KE� + � for learningnonlinearde-
cision rulescanbe introduced.Dependingon the type of
kernelfunction,SVMs learnpolynomialclassifiers,radial
basisfunction(RBF) classifiers,or two layersigmoidneu-
ral nets. Suchkernelscalculatean inner productin some
featurespaceandreplacetheinnerproductin theformulas
above.

3.1 Effective and Efficient Err or Estimation
The performanceof an SVM can be effectively and ef-
ficiently estimatedby a special form of

] m -estimates
[Joachims, 2000].

] m -estimators are based on the
idea of leave-one-outestimation[Lunts and Brailovskiy,
1967]. The leave-one-out estimator of the error
rate proceeds as follows. From the training sam-
ple � � �-�7� � �-	 � � �.0$0.0$�$��� a �-	 a �-� the first example��� � �
	 � � is removed. The resulting sample �?� � ��-�7� + �-	 + � �$0.0.0$�$�7� a �
	 a �-� is usedfor training, leadingto a
classificationrule

D � �� . This classificationrule is testedon
theheldout example ��� � �
	 � � . If theexampleis classified
incorrectlyit is saidto producea leave-one-outerror. This
processis repeatedfor all trainingexamples.Thenumber
of leave-one-outerrorsdivided by J is the leave-one-out
estimateof thegeneralizationerror.

While the leave-one-outestimateis usually very accu-
rate, it is very expensive to compute. With a training
sampleof size J , onemust run the learner J times.

] m -
estimatorsovercomethisproblemusinganupperboundon
the numberof leave-one-outerrorsinsteadof calculating
thembrute force. They owe their nameto the two argu-
mentsthey arecomputedfrom.

E]
is the vectorof training

lossesat thesolutionof theprimal SVM trainingproblem.Em is thesolutionof thedualSVM trainingproblem.Based
on thesetwo vectors— both are available after training
theSVM at no extra cost— the

] m -estimatorsaredefined
usingthe following two counts.With � +� beingthe max-
imum differenceof any two elementsof the Hessian(i.e.� +� hW�����@� � �R�"� � ���5�-�O��� � �7���
�V���-� ),� � k � : e �7m 6 � +� � ] 6 �(h���� k (4)

counts the numberof training examples, for which the
quantity m 6 � +� � ] 6 exceedsone.Sincethedocumentvec-
tors arenormalizedto unit length in the experimentsde-
scribed in this paper, here � +� � � . It is proven in
[Joachims,2000] that

�
is an approximateupper bound

on the numberof leave-one-outerrorsin the training set.
With J asthe total numberof training examples,the

] m -
estimatorof theerrorrateis���\� a�)� � D � �>� k � : e ��m 6 � +� � ] 6 �(h���� kJ (5)

The theoreticalpropertiesof this
] m -estimatorare dis-

cussedin [Joachims,2000]. It canbe shown that the es-
timator is pessimisticallybiased,overestimatingthe true
error rateon average. Experimentsshow that the bias is
acceptablysmall for text classificationproblemsand that
thevarianceof the

] m -estimatoris essentiallyaslow asthat
of a hold-outestimateusingtwice asmuchdata. It is also
possibleto designsimilar estimatorsfor precisionandre-
call, aswell asfor combinedmeasureslike � � [Joachims,
2000].

4 Handling ConceptDrift

In a learningproblemwith drifting conceptsasintroduced
in Section2.1, we facethe problemto decide,how much
informationfrom pastexamplesmaybeusedto find a hy-
pothesisthatis adequateto predicttheclassinformationof
futuredata.Sincewe do not know, if andwhena concept
drift happens,therearetwo opposingeffects: On the one
hand,theolderthedatais, themorelikely it is thatits prob-
ability distributiondiffersfrom thecurrentdistribution that
underliesthe process,so that the datamaybe misleading.
Ontheotherhand,themoredatais usedin thelearningpro-
cess,the betterthe resultsareif no conceptdrift occurred
sincethedataarrived.

In thissectionwepresentdifferentapproachesfor learn-
ing drifting concepts.They differ in the way previousex-
amplesareusedto constructa new hypothesis.All of our
approachessharethe assumption,that conceptdrifts do
not reverse,i.e. newer examplesare always more impor-
tant than older ones. This assumptionwas implemented
by a commonschemefor estimatingtheperformanceof a
learner:In all experiments,theperformancewasonly cal-
culatedon the last batchof data,regardlessof how many
batcheswereusedin training. To geta goodestimationof
theperformancebut still beefficient,weusedtheso-called] m -estimatorof [Joachims,2000] (seealso Section3.1),
which estimatesthe leave-one-out-errorof a SVM based
solelyon theoneSVM solutionlearnedwith all examples.

4.1 AdaptiveTime Windows

Oneof thesimplestscenariosfor detectingconceptdrift are
conceptdrifts thathappenvery quickly betweenrelatively
stablesingleconcepts.For example,imaginea userof an
informationfiltering system,who wantsto buy a new car:
at first, he is interestedin information aboutall sortsof
cars,but afterhemadehis decisionandboughtthecar, he
is only interestedin informationaboutthis specialtypeof
car. This maybemoreaccuratelycalled“conceptchange”
or “conceptshift” ratherthan“conceptdrift”.

In this scenario,the problemof learningdrifting con-
ceptscanbeapproachedastheproblemof finding thetime
point B at which the last conceptchangehappened.After
that, a standardlearningalgorithmfor fixed conceptscan
beusedto learnfrom thedatasinceB . Similarly, othercon-
ceptdrift scenarioscanbehandledby usingatimewindow
on the training data,assumingthat theamountof drift in-
creaseswith timeandhencefocusingon thelast J training
examples.

The shortcomingsof previous windowing approaches
are that they either fix the window size [Mitchell et al.,
1994] or involve complicatedheuristics[WidmerandKu-
bat,1996;Lanquillon,1997;KlinkenbergandRenz,1998].
A fixedwindow sizemakesstrongassumptionsabouthow
quickly the conceptchanges.While heuristicscanadapt



to differentspeedandamountof drift, they involve many
parameters� thataredifficult to tune.

In [Klinkenberg andJoachims,2000], Klinkenberg and
Joachimspresentedanapproachto automaticallyselecting
an appropriatewindow sizethat doesnot involve compli-
catedparameterization.They key ideais to selectthewin-
dow sizesothat theestimatedgeneralizationerroron new
examplesis minimized. To get an estimateof the gener-
alizationerror, a specialform of

] m -estimates[Joachims,
2000] (seealsoSection3.1) is used.

Theadaptivewindow approachemploys theseestimates
in thefollowing way. At batchB , it essentiallytriesvarious
window sizes,training a SVM for eachresultingtraining
set. ���213� �-!��.#&#%#&�
���213� '/!���213����� �-!)�.#&#%#&�
���213����� '/!��
���213� �-!)�.#&#%#&�
���213� '/!���213�|+.� �-!��.#&#%#&�
���213�O+,� '/!)�
���213����� �-!)�.#&#%#&�
���213����� '/!��
���213� �-!)�.#&#%#&�
���213� '/!

...

For eachwindow sizeit computesa
] m -estimatebasedon

the result of training, consideringonly the last batchfor
theestimation,thatis the � mostrecenttrainingexamples���213� �-!��.#&#%#&�
���213� '/!
���\� '��� � D � ��� k � : e ��r : r ��� �7m>�213� 6&! � +� � ] �213� 6&!"��h���� k�
This reflectstheassumptionthat themostrecentexamples
aremostsimilar to thenew examplesin batch B ��� . The
window sizeminimizing the

] m -estimateof the error rate
is selectedby thealgorithmandusedto trainaclassifierfor
thecurrentbatch.

Thewindow adaptationalgorithmcanbesummarizedas
follows:� input: a training sample � 1���� 6 a con-

sisting of B batches containing �
(labeled) examples each� for

D  �$Y¡�.#&#%#&� B �N�*�
– train SVM on examples���213�F¢*� �"!)�.#&#&#%�)�*�%13� '(!
– compute

] m -estimate on examples���213� �-!��.#&#&#%�)�*�%13� '(!� output: window size which mini-
mizes

] m -estimate
4.2 ExampleSelection
[Klinkenberg andRüping,2003] proposedanextensionof
thetimewindow adjustmentapproachby [Klinkenbergand
Joachims,2000] allowing to selector deselectbatchesin-
dividually for the trainingsetratherthanonly allowing an
un-interleavedsequenceof batches(timewindow) astrain-
ing set.

In the first step,a classifieris learnedon only the most
recentbatchof data.Of course,in mostcasesthisclassifier
will not beasgoodasit canbe,but we canbesurethat it
alwayswill betheclassifierthatis mostup-to-datewith the
drifting concept.Now wecanusethisclassifierto estimate,
whichbatchesof dataweregeneratedfrom thesamemodel
(i. e. the sameusersinterest)asthe mostrecentbatch,by
comparingthe estimatedleave-one-outerror of the classi-
fier on the most recentbatchto its testerror on the other
batches.Thehighertheerror, themoreunlikely is thedata
giventhe model. Note thatat this point, it is importantto

usethe leave-one-out-estimationandnot thetrainingerror
to avoid errorsby over-fitting themostrecentdata.

In a secondstep,the informationaboutthe error of the
classifiercanbe usedto build a training setfor the actual
classifier. Wecanexcludeall batchesfrom thenew training
set, which have a significantly higher classificationerror
thanthe most recentbatch(batch selection). By this, we
hopeto train the final classifieron all datageneratedby
thecurrentmodelin awaysimilar to theexampleselection
schemein Section4.1(adaptivetimewindow).

5 Evaluation on SimulatedConceptDrift
Scenarios

5.1 Experimental Setupand Evaluation Scheme:
SimulatedScenarioson BusinessNews

In order to evaluatethe learning approachesfor drifting
conceptsproposedin this paper, threesimplenon-adaptive
datamanagementapproachesarecomparedto theadaptive
time window approachandto thebatchselectionstrategy,
all usingSVMs astheir corelearningalgorithm:� “Full Memory”: The learnergeneratesits classifica-

tion modelfrom all previously seenexamples,i.e. it
cannot“forget” old examples.� “No Memory”: The learneralways inducesits hy-
pothesisonly from the most recentbatch. This cor-
respondsto usinga window of the fixed sizeof one
batch.� Window of “F ixedSize”: A timewindow of thefixed
sizeof threebatchesis usedon thetrainingdata.3� “Adaptive Window”: The window adjustmentalgo-
rithm describedin Section4.1 (and in [Klinkenberg
andJoachims,2000]) adaptsthe window size to the
currentconceptdrift situation.� “Batch Selection”: The batchesproducingan error
lessthantwicetheestimatederrorof thenewestbatch,
whenappliedto a modellearnedon thenewestbatch
only, receiveaweightof one,i.e. they areselectedfor
thefinal trainingset.Theweightof all otherexamples
is setto zero,i.e. they aredeselected(seeSection4.2
and[Klinkenberg andRüping,2003]).

Theexperimentsareperformedin an informationfilter-
ing domain,a typical applicationareafor learningdrifting
concept.Text documentsarerepresentedasattribute-value
vectors(bag of words model), whereeachdistinct word
correspondsto a featurewhosevalueis the “ltc”-TF/IDF-
weight[SaltonandBuckley, 1988] of thatword in thatdoc-
ument.Wordsoccurringlessthanthreetimesin thetrain-
ing dataor occurringin a given list of stopwordsarenot
considered.Eachdocumentfeaturevectoris normalizedto
unit lengthto abstractfrom differentdocumentlengths.

Theperformanceof theclassifiersis measuredbypredic-
tion error. All reportedresultsareestimatesaveragedover
four runs. For more detailedresultsincluding precision
and recall resultsand graphicalplots of the performance
and the selectedwindow size over time see [Klinken-
berg andJoachims,2000;Klinkenberg andRüping,2003;
Klinkenberg,2003].

3Thefixedwindow sizeof threebatchesoutperformedsmaller
andlarger fixed window sizesin the following experimentsand
hencewaschosenhere.



While most evaluationmethodsfor machinelearning,
like e. g. cross-validation, assumethat examplesare in-
dependentand identically distributed, this assumptionis
clearlyunrealisticin thepresenceof conceptdrift. There-
fore the conceptdrift approachesproposedin this paper
use

] m -estimates(seeSection3.1 and [Joachims,2000])
insteadof cross-validationto estimateandoptimizetheper-
formanceof a particularparameterizationat eachlearning
stepandonly estimatetheperformanceonthecurrentlylast
batch(seeSection4.1). This is not only moreappropriate
for the conceptdrift situationat hand,but alsomoreeffi-
cient,becausethe

] m -estimatorcanbe computedwithin a
singletrainingrun.

Suchanevaluationproblemoccursnot only within each
time stepof a conceptdrift scenariohandledby one of
the conceptdrift frameworks (internalevaluationandpa-
rameteroptimization),but it alsooccurswhenseveralsuch
frameworksareto becomparedlike here(externalevalua-
tion andoverall performancecomparison).Justlike in the
earlier case,evaluationmethodslike cross-validation are
inappropriatefor the latter case. In this paper, we usere-
peatedrunswith simulatedconceptdrift scenariosto obtain
averagedandtherebystatisticallymorereliableresults.

Theexperimentsusea subsetof 2608documentsof the
datasetof the Text REtrieval Conference(TREC)consist-
ing of Englishbusinessnewstexts. Eachtext is assignedto
oneor several categories. The categoriesconsideredhere
are1 (AntitrustCasesPending),3 (JointVentures),4 (Debt
Rescheduling),5 (DumpingCharges),and6 (Third World
Debt Relief). For the experiments,threeconceptchange
scenariosaresimulated.The texts arerandomlysplit into
20 batchesof equalsizecontaining130documentseach.4

Thetextsof eachcategoryaredistributedasequallyaspos-
sibleover the20batches.

In thethreescenarios,adocumentis consideredrelevant
at a certainpoint in time, if it matchesthe interestof the
simulateduserat thattime. For eachTRECtopic andeach
batchin eachscenariotheprobabilitythatadocumentfrom
thistopic is relevantfor theuserinterestat this time(batch)
is specified. In the scenariossimulatedhere,the userin-
terestchangesbetweenthe topics1 and3. Documentsof
the classes4, 5, and6 arenever relevant in any of these
scenarios.Figure1 shows theprobabilityof beingrelevant
for a documentof category 1 at eachbatchfor eachof the
threescenarios.Documentsof category 3 arespecifiedto
alwayshavetheinverserelevanceprobabilityof documents
of category1, i.e. 1.0- relevanceof category1. In thefirst
scenario(scenarioA), first documentsof category1 are
consideredrelevant for theuserinterestandall otherdoc-
umentsirrelevant. This changesabruptly (conceptshift)
in batch10, wheredocumentsof category3 are relevant
andall othersirrelevant. In the secondscenario(scenario
B), againfirst documentsof category1 areconsideredrele-
vantfor theuserinterestandall otherdocumentsirrelevant.
This changesslowly (conceptdrift) from batch8 to batch
12,wheredocumentsof category3 arerelevantandall oth-
ersirrelevant.Thethird scenario(scenarioC) simulatesan
abruptconceptshift in theuserinterestfrom category1 to
category3 in batch9 andbackto category1 in batch11.

The experiments were conductedwith the machine
learningenvironmentYALE [Ritthoff et al., 2001;Fischer
et al., 2003;Mierswa et al., 2003a;2003b].5 For all time

4Hence,in eachtrial, out of the 2608documents,eight ran-
domly selectedtexts arenotconsidered.

5http://yale.cs.uni-dortmund.de/

0

0.2

0.4

0.6

0.8

1

0 5 10 15 20

R
el

ev
an

ce
 o

f T
op

ic
 1

Batch No.

Scenario A
Scenario B
Scenario C

Figure 1: Relevanceof the TREC topic 1 in the concept
changescenariosA, B, andC.Therelevanceof TRECtopic
3 is 1.0 - relevanceof topic 1. The relevanceof all other
topicsis alwayszero.

window andexampleselectionapproaches,supportvector
machineswereusedascorelearningalgorithm. Herewe
chosethe SVM implementationmySVM6 [Rüping, 2000].
Sincelinear kernelsare the standardkernel type usedfor
text classificationproblems,andsincemorecomplex ker-
neltypesusuallydonotperformbetterontext classification
tasks,only linearandnootherkerneltypesweretriedhere.
After preliminaryexperimentsto determinea goodvalue
for the capacityconstant̀ of the SVM, which allows to
tradeoff model complexity versusgeneralization,testing
the values `£¤���*�$�$Y¡�.�$Y�Y��$�$Y*Y�Y@� , the value `¥�¦�$Y�Y*Y
waschosenfor theexperimentsdescribedhere.

5.2 Experimental Results
Table 1 shows the resultsof all static and adaptive time
window andbatchselectionapproacheson all scenariosin
termsof predictionerror. The adaptive time window ap-
proachandthebatchselectionstrategy clearlyoutperform
thetrivial non-adaptiveapproaches.

Among the two exampleselectionstrategies,batchse-
lectionperformsbetterthantheadaptive time window ap-
proach,especiallyon scenarioC asTable1 shows, where
the initial conceptreflectingthe user interest,topic 1, is
only shortly interruptedby a conceptshift to topic 3, and
thenreturnsto topic1 again.In thebatchesafterthesecond
conceptshift in scenarioC, theadaptive time window can
onlycapturethedataafterthesecondconceptshift, if it is to
excludetheno longerrepresentative databetweenthetwo
conceptshifts, while the batchselectionstrategy canalso
usetheearlierdataof thetimebeforethefirst conceptshift
andselectively excludeonly theno longerrelevantbatches
betweenthetwo conceptshifts.Thisallowsthebatchselec-
tion to maintaina largerconsistenttrainingsetandthereby
to bettergeneralizeresultingin a lowererrorrate.

From the resultsof the non-adaptive approaches(full
memory, nomemory, andfixedsize),wecanseethattheer-
ror is thelowestif thetimewindow containsall timepoints
from thecurrentmodelandno others.For examplein sce-
narioA aslongasnoconceptdrift occurs,thefull memory
approachhasthe lowesterror. Immediatelyafter the con-
cept drift the no memoryapproachquickly returnsto its
previouserrorlevel, while thefixedsizememoryapproach

6http://www-ai.cs.uni-dortmund.de
/SOFTWARE/MYSVM/



Table§ 1: Error of all time window andexampleselection
methodsfor all scenariosaveragedover 4 trials with 20
batches.

Full No Fixed Adaptive Batch
Memory Memory Size Size Selection

Scen.
A 21.11% 11.16% 9.03% 6.65% 6.15%

Scen.
B 21.30% 12.64% 9.76% 9.06% 9.33%

Scen.
C 8.60% 12.73% 11.19% 8.56% 7.55%

takes longeruntil it finally reachesa lower error thanthe
nomemoryapproachagain.For thefull memoryapproach,
evenninetimepointsaftertheconceptshift theerrorrateis
still threetimeshigherthantheerrorof theotherstrategies.
Of course,thesefindingsarenot verysurprising.

For practicaluse,though,thesenon-adaptiveapproaches
arenot veryuseful,asit cannotbedeterminedbeforehand,
whenandhow oftena conceptshift will occur, soanopti-
mal statictime window cannotbeset.Thelongerthetime
window is, the lower error the classifiercanachieve if no
conceptdrift occurs,but theshorterthetimewindow is, the
fasterit will adjustto a new concept.In general,balancing
betweenthetwo extremesof no andfull memory, thefixed
sizeapproachseemsto work best.

The adaptive window andthe batchselectionapproach
adjustvery well to conceptdrift. In all threescenarios,the
errorratequickly reachesits prior levelafteraconceptdrift
occurred.In scenarioC, thebatchselectionapproachout-
performstheadaptivewindow method,asthemoreflexible
way of selectingthe final training setallows it to exclude
the two outlier batchesand useall other data,while the
adaptive window methodcanonly usethe informationbe-
fore thefirst conceptshift if it alsoincludestheoutliersin
themiddle.

Summingup, the batchselectionstrategy achieves the
lowesterror of all testedapproaches.An explanationfor
this maybe,thatoutliers,evenif therea relatively few, se-
riouslyhurt theperformanceof theSVM classification.As
thespecialpropertiesof text data- very high dimensional-
ity andlinear separability- make it easyto identify large
groupsof outliers,thebatchselectionmethodcanreliably
choosethelargestpossiblesetof trainingexamplesthatare
usefulto constructthefinal hypothesis.

A more detailed descriptionof the results including
plotsshowing theperformanceof thedifferentapproaches
and the selectedwindow sizesover time can be found
in [Klinkenberg and Joachims,2000; Klinkenberg and
Rüping,2003;Klinkenberg,2003].

6 Evaluation on a Real-World ConceptDrift
Problem From Economics

6.1 Predicting Phasesin BusinessCycles
The secondevaluationdomainis a task from economics
basedon real-world data.Thequarterlydatadescribesthe
WestGermanBusinessCyclesFrom1954to 1994[Heile-
mannandMünch,1998;1999]. Eachof the158examples
is describedby 13indicatorvariables.Thetaskis to predict
thecurrentphaseof thebusinesscycle.

While Heilemannand Münch use a model with four
phasesfor the businesscycle, in which eachcycle con-
sistsof a lower turning point, an upswing,an upperturn-

Table2: Error of all time window andexampleselection
methodsfor splitsof thebusinesscycle datainto 5 and15
batches,respectively.

Full No Fixed Adaptive Batch
Memory Memory Size Size Selection

5
batches 32.80% 27.20% 24.00% 24.80% 24.80%

15
batches 28.08% 28.77% 20.55% 24.80% 23.29%

ing point, and a down swing, where the turning points
cover several month,TheisandWeihshave shown that in
clusteringanalysisof WestGermanmacro-economicdata
at most threeclusterscanbe identified[TheisandWeihs,
1999]. The first two clustersroughly correspondto the
cycle phasesof upswing and downswing and the even-
tual third clustercorrespondsto theperiodof theoil-crisis
around1971.Thissuggeststhattwo phasesinsteadof four
may be more suitablefor the descriptionof the business
data.

While linear discriminantanalysisasa baselinemodel
achieves54% accuracy usinguni-variaterules(according
to [Morik andRüping, 2002a]) for the four phasemodel
on this data set, sophisticatedstatisticalmodelsachieve
63%accuracy. SondhaußandWeihsincorporateeconomic
backgroundknowledgeinto businesscycle analysisby us-
ing advancedMarkov SwitchingModelsto expressknowl-
edgeaboutthepastandthetransitionprobabilityto thenext
phase[SondhaußandWeihs,2001].

Morik andRüping appliedan inductive logic program-
ming approachalsousingdomainknowledgeon this data
set and achieved an accuracy of 53% for the four phase
modelandof 81.5%7 for thetwo phasemodel[Morik and
Rüping,2002b;2002a]. In the following experiments,we
alsousethis two phasemodelmappingall timepointsclas-
sified as upperturning point to upswingand all quarters
of a yearclassifiedas lower turning point to downswing.
However, we do not make any useof backgrounddomain
knowledge.

The timely order of the examples(quarters)was pre-
served andno artificial conceptdrift wassimulated. The
two questionsof interestare,whetherthis domainactually
exhibitsconceptdrift behavior andwhetherourapproaches
areablehandleit.

6.2 Experimental Results
Theexperimentswereagainperformedusingthemachine
learningenvironmentYALE andthemySVMasunderlying
learner. Two evaluationswereperformed,onesplitting the
datainto 5 batchesof equalsizeandonesplitting it into 15
batchesof equalsize.Bothsplitsdid notchangethetimely
orderof theexampleanddid not imposeany artificial con-
ceptdrift.

Theresultsof thesetwo evaluationsareshownin Table2.
Theresultsfor thefixedtimewindow approachcorrespond

7For comparisonwith theresultsreportedlaterin this section:
81.5%accuracy obviouslycorrespondto aclassificationerrorrate
of 100%- 81.5%= 18.5%.However, this resultwasobtainedfor
leave-one-cycle-out validation, i. e. also using datafrom future
cyclesandtherebyviolating thetimely orderingof thedata.The
experimentsdescribedin this paperpreserve this timely ordering
andhencethelearnersthenobviouslyhavelessdatato learnfrom.
Thereforeit is notsurprisingthattheirgeneralizationperformance
is notasgood.



Table§ 3: Errorof thefixedtimewindow methodwith fixed
window sizesfrom �*#&#%#©¨ batchesfor splits of the business
cycledatainto 5 and15batches,respectively.

No Fixed Fixed Fixed Fixed
Memory Size Size Size Size
(1 batch) 2 batches 3 batches 4 batches 5 batches

5
batches 27.20% 24.00% 26.40% 32.80% 32.80%

15
batches 28.77% 23.29% 20.55% 23.29% 23.97%

to theresultsof thefixedsizethatperformedbest,i.e. they
aretheresultof anoffline parameteroptimizationconsider-
ing theperformanceonall batches.In practice,thisoptimal
fixedsizeis notknown in advanceatany particularpoint in
time beforethe lastbatch.Hencein a realapplicationone
would have to guessthis sizein advancefrom experience,
while the adaptive time window approachand the batch
selectionapproachareableto adaptautomaticallyonline.
Theseoptimal resultsfor the fixed sizeapproachareonly
providedfor comparisonin orderto show theperformance
thatthis approachcanmaximallyreachtheoretically.

What do the resultstell about the domain?

Sinceeven the simplefixed window sizeapproachsignif-
icantly outperformsthe full memoryapproach,one may
concludethatthisdomainexhibitsrealconceptdrift behav-
ior. Otherwiselearningonall availabletrainingdatashould
allow a bettergeneralizationandleadto betterresults. A
closerinspectionof the resultsandthe adaptively chosen
window sizessuggeststhat thedataof theearlyyears,i.e.
the first businesscycles, follow slightly other rules than
thoseof thelatteryears.Theautomaticallychosenwindow
sizestendto excludeonly thefirst few batches.

What do the resultstell about the conceptdrift
handling approaches?

Obviously the adaptive time window approachand the
batch selectionapproachhandle this conceptdrift very
well. Only the fixed sizetime window approachcanthe-
oreticallycompete,if theoptimalfixedtimewindow sizeis
known in advance,which is usuallynot possiblein a real-
world application.As shown in Table3, usingotherfixed
window sizes,leadsto significantdropsin performanceto
error levels, mostly well above thoseof the two adaptive
approaches.

Thefactthatthefixedsizeapproachiscompetitivein this
domainmaybedueto thecyclic natureof the domain. A
well chosentime window lengthof severalbusinesscycles
seemstobesufficientfor agoodgeneralizationresultandto
sufficientlyearlydropthedataof thefirst few yearsthatsig-
nificantly reducethe performanceof larger time windows
andthefull memoryapproach,becausethey seemto obey
somewhatotherrulesthanthelatteryears.

So,in conclusionfor thisdomain,if afixedwindow size
canbe optimizedoffline, which is not possiblein an on-
line application,or sucha fixed window sizecanbe well
guessedby a domainexpert, the simpletime window ap-
proachis quite competitive, For the online settingof this
real-world task, however, the two adaptive conceptdrift
adjustmenttechniquesseemto be moreappropriate,since
they donot rely onanoffline optimizationor agoodexpert
guess,but adaptto thecurrentconceptdrift automatically.

7 Summary and Conclusions
This paperproposedtwo methodsfor handling concept
drift with supportvectormachinesusing different strate-
gies to accountfor the different importanceof examples
for the currenttarget conceptto be learned.The methods
either maintainan adaptive time window on the training
data[Klinkenberg andJoachims,2000] or selectrepresen-
tative training examples[Klinkenberg andRüping, 2003;
Klinkenberg,2003]. Thekey ideais to automaticallyadjust
thewindow sizeandtheexampleselection,respectively, so
that the estimatedgeneralizationerror is minimized. The
approachesareboth theoreticallywell-foundedaswell as
effectiveandefficient in practice.Sincethey donot require
complicatedparameterization,they aresimplerto useand
more robust than comparableheuristics. While previous
studieswere limited to simulatedconceptdrift scenarios,
the experimentsdescribedin this papershowed, that real-
world dataexhibits typical conceptdrift behavior andthat
theproposedmethodsfor handlingconceptdrift wereable
to dealwith this realconceptdrift.
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