Predicting Phasean BusinessCyclesUnder ConceptDrift

Ralf Klink enbergy

University of Dortmund,Germary
Departmenbf ComputerScienceArtificial IntelligenceUnit

E-Mail: kl i nkenber g@ s8. cs. uni - dort nund. de
WWW: http://wweai.cs.uni-dortnund. de/

Abstract

For mary taskswhere datais collectedover an ex-
tendedperiod of time, its underlying distribution is
likely to change. A typical exampleis information
filtering, i.e. the adaptve classificationof documents
with respecto aparticularuserinterest.Boththeinter-
estof the userandthe documentcontentchangeover
time. Machinelearningapproachesandlingthis type
of conceptdrift have beenshavn to outperformmore
staticapproacheggnoringit in experimentswith dif-
ferenttypesof simulatedconceptdrifts on real-word
text data. In this paper theseapproacheso learning
drifting conceptsareappliedto the problemof classi-
fying phasesn businessycles. Their performances
comparedo the morestaticapproachesn real-world
datafor this classificationtask, in orderto evaluate
whetherthis domainalso exhibits conceptdrifts and
whetherthe conceptdrift approacheslsoallow per
formancegainsin thisdomain.While previousstudies
were basedon simulatedconceptdrift scenariosthe
experimentsn this domainarenotbasedn arny simu-
lateddrift, but ontherealconcepdrift inherentto this
real-world data. Hencethis paperprovidessignificant
supportfor the applicability of the proposedmachine
learningapproacheso handlingconceptdrift in real-
world problems.

1 Intr oduction

Machinelearningmethodsare often appliedto problems,
wheredatais collectedover an extendedperiod of time.
In mary real-world applicationsthis introducesthe prob-
lem that the distribution underlying the datais likely to
changeover time. For example,companiesollectanin-
creasingamountof datalik e salediguresandcustomedata
to find patternsn the customebehaior andto predictfu-
ture sales.As the customemehaior tendsto changeover
time, the modelunderlying successfupredictionsshould
beadaptedaccordingly

The sameproblemoccursin information filtering, i.e.
the adaptve classificationof documentswith respectto a
particularuserinterest. With the amountof online infor-
mationandcommunicatiorgrowing rapidly, thereis anin-
creasingneedfor automatidnformationfiltering. Informa-
tion filtering techniquesreused for example to build per
sonalizedhewsfilters, which learnaboutthe news-reading
preferencesf a user[Lang, 1995;Veltmann,1997, to fil-
ter e-mail [Cohen, 1994, or to guide a users 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 such conceptchanges. This paperproposestwo ma-
chine learning approache$andling this type of concept
drift that have beenshavn to outperformmore static ap-
proachesgnoring conceptdrift in experimentswith dif-

ferenttypesof simulatedconceptdrifts on real-word text

data(seeSection5 and[Klinkenbeg andJoachims2000;
Klinkenbeg andRiiping,2003;Klinkenbeg, 2003). They

learn drifting conceptseffectively and efficiently and re-

quirelittle parameterization.

In this paper theseapproacheso learningdrifting con-
ceptsare appliedto the problemof classifyingphasesn
businesscycles. Their performanceis comparedto the
more static approache®n real-world data for this clas-
sification task, in orderto 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 ary simulateddrift, but on the real conceptdrift
inherentto this real-world data. Hencethis paperprovides
significantsupportor theapplicabilityof theproposedna-
chinelearningapproacheto handlingconcepdrift in real-
world problems.

After formalizing the conceptdrift problemin Sec-
tion 2.1andshortlydescribingpreviousapproaches han-
dling conceptdrift in Sections2.2 and 2.3, the underly-
ing machindearningmethodusedfor theexperimentgre-
sentedn this papersupportvectormachinegSVM), is de-
pictedin Section3 includinga subsectioron effective and
efficient performanceestimationfor SVMs (Section3.1).
Section4 proposeswo approachedor handlingconcept
drift makinguseof SVMsandtheseerrorestimatorsThese
approachearethenevaluatedon severalsimulatedconcept
drift scenario®nreal-world text data(Section5) andonan
economigroblemexhibiting realconcepdrift (Sectionb).
Section7 summarizeshe resultsof this paper

2 ConceptDrift

2.1 Problem Definition

Throughoutthis paper we study the problemof concept
drift for the patternrecognition problemin the follow-
ing framawork [Klink enbeg andJoachims2000;Klink en-
bemy, 2003. Eachexamplez = (z,y) consistsof afeature
vectorz € R andalabely € {-1,+1} indicatingits
classification.Dataarrivesover time in batches.Without
lossof generalitythesebatchesareassumedo be of equal
size,eachcontainingm examples.
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2(i,;) denotesthe j-th example of batchi. For each
batch i the datais independentlyidentically distributed
with respecto a distribution Pr;(z,y). Dependingon the
amountandtype of conceptdrift, the exampledistribution
Pr;(z,y) andPr; 11 (z, y) betweerbatcheswill differ. The
goalof thelearner( is to sequentiallypredictthe labelsof
the next batch. For example,after batcht the learnercan
useary subsetof the training examplesfrom batchesl to
t to predictthe labelsof batcht + 1. Thelearneraimsto
minimizethe cumulatechumberof predictionerrors.

2.2 Heuristic Approachego ConceptDrift

In machinelearning,changingconceptsareoften handled
by time windows of fixed or adaptie size on the train-
ing data[Mitchell et al., 1994; Widmer and Kubat, 1996;
Lanquillon, 1997; Klinkenbeg and Renz, 1994 or by
weightingdataor partsof the hypothesisaccordingo their
ageand/orutility for theclassificatiortask[Kunisch,1996;
Taylor et al., 1997. The latter approachof weighting
exampleshasalreadybeenusedfor information filtering
in the incrementalrelevancefeedbackapproachesf [Al-
lan, 1996 and [Balabanweic, 1997. In this paper the
earlier approachmaintaininga window of adaptve size
is explored. More detaileddescriptionsof the methods
describedabove and further approachesan be found in
[Klinkenbeg, 1994.

For windows of fixed size,the choiceof a “good” win-
dow sizeis a compromisebetweenfast adaptvity (small
window) and good generalizatiorin phaseswithout con-
ceptchange(large window). The basicidea of adaptive
window manayementis to adjustthe window size to the
currentextentof conceptrift.

2.3 Theoretical Approachego ConceptDrift

Thetaskof learningdrifting or time-varying conceptshas
alsobeenstudiedin computationalearningtheory Learn-
ing a changingconceptis infeasible,if no restrictionsare
imposedon the type of admissibleconceptchanges, but
drifting conceptsareprovably efficiently learnablgat least
for certainconceptlasses)if therateor the extentof drift
is limited in particularways.

HelmboldandLong [HelmboldandLong, 1994 assume
apossiblypermanenbut slow conceptdrift anddefinethe
extentof drift asthe probability thattwo subsequenton-
ceptsdisagreenarandomlydravn example. Theirresults
include an upperboundfor the extend of drift maximally
tolerableby any learnerandalgorithmsthatcanlearncon-
ceptsthat do not drift morethana certainconstantextent
of drift. Furthermorethey shaw thatit is sufficient for a
learnerto seea fixed numberof the mostrecentexamples.
Hencea window of a certainminimal fixed size allows to
learnconceptdor which theextentof drift is appropriately
limited.

While Helmbold and Long restrict the extend of drift,
Kuh, Petscheand Rivest[Kuh et al., 1991 determinea
maximal rate of drift that is acceptableby ary learner
i. e.amaximallyacceptabldrequeng of conceptthanges,
whichimpliesalowerboundfor thesizeof afixedwindow
for atime-varyingconcepto belearnablewhichis similar
to thelower boundof HelmboldandLong.

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

'E.g.afunctionrandomlyjumpingbetweerthevaluesoneand
zerocannotbe predictedby ary learnerwith morethan50% ac-
curag.

a readerof electronicnews may changehis interests(al-
most) arbitrarily often and radically Furthermorethe
large time window sizes, for which the theoreticalre-
sults hold, would be impractical. Hence more applica-
tion orientedapproachesely on far smallerwindows of
fixed size or on window adjustmentheuristicsthat allow
far smallerwindow sizesand usually perform betterthan
fixed and/or larger windows [Widmer and Kubat, 1996;
Lanquillon, 1997; Klinkenbeg and Renz,1994. While
theseheuristicsareintuitive andwork well in their partic-
ular applicationdomain,they usually requiretuning their
parametersareoftennottransferabléo otherdomainsand
lack a propertheoreticafoundation.

3 Support Vector Machines (SVM)

Support vector machinesare basedon the principle of
structuralrisk minimization (SRM) [Vapnik, 1994 from
statisticallearningtheory In their basicform, SVMs learn
lineardecisionrules,

ifw-Z4+b6>0
else

h(Z) = sign{i- &+ b} = { iy

describedy aweightvectorw andathresholdb. Theidea
of structuralrisk minimizationis to find a hypothesish
for which one canguarantedhe lowest probability of er
ror. For SVMs, [Vapnik,1994 shaws thatthis goalcanbe
translatednto finding the hyperplanevith maximumsoft-
maugin. Computingthis hyperplanés equivalentto solving
thefollowing optimizationproblem

Optimization Problem1 (SVM (primal))
Minimize: V(d,0,8) =17 -G+C 3 & (1)
i=1
subjectto: VI, :y[wf- &+ 0] >1-¢; 2
r1:62>20 3)

In this optimization problem, the Euclideanlength |||
of the weight vectoris inverselyproportionalto the soft-
maugin of thedecisionrule. The constraintg2) requirethat
all training examplesare classifiedcorrectly up to some
slack¢;. If atraining examplelies on the “wrong” side
of the hyperplanethe corresponding; is greateror equal
to 1. Therefore}_" , & is anupperboundon the number
of training errors. The factorC in (1) is a parametethat
allows trading-of trainingerrorvs. modelcomplexity.

For computationateasonsit is usefulto solve the Wolfe
dualof optimizationprobleml insteadf solvingoptimiza-
tion problem1 directly [Vapnik,1999.

Optimization Problem 2 (SVM (dual))

n n n
Minimize: W(O_Z) = —Zai-i- % E Eyiyjaiaj (f,fj)
i=1 i=15=1

n
> yia; =0

i=1

Vinzl :0 S a; S C

subjectto:

Joachimshas developeda fast algorithm for computing
the solutionto this optimizationproblem[Joachims1999;
2001]. We usethis algorithmimplementedn mySVM for
theclassificatiorexperimentsdescribedn this paper

2htt p: // www @i . ¢s. uni - dor t mund. de
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Supporivectorsarethosetrainingexamplesg; with a; >
0 atthe solution. Fromthe solutionof optimizationprob-
lem 2, the decisionrule canbe computedas

-+ =

n
w"r:zaiyi(fi &) and b= yusy — W - Tusy -
i=1

The training example (Zysy, Yusy) for calculatingb must
be a supportvectorwith a,s, < C. Finally, the training
lossest; canbecomputedas

& =mazx(l —y; [W-Z; +1],0).

For solving optimizationproblem?2 aswell asapplying
the learneddecisionrule, it is sufiicient to be ableto cal-
culateinner productsbetweenfeaturevectors. Exploiting
this property kernelsX (%, , Z») for learningnonlinearde-
cisionrulescanbe introduced. Dependingon the type of
kernelfunction, SVMs learnpolynomial classifiersradial
basisfunction (RBF) classifierspr two layersigmoidneu-
ral nets. Suchkernelscalculatean inner productin some
featurespaceandreplacetheinnerproductin the formulas
above.

3.1 Effective and Efficient Err or Estimation

The performanceof an SVM can be effectively and ef-
ficiently estimatedby a special form of £a-estimates
[Joachims, 200d.  £a-estimators are based on the
idea of leave-one-outestimation[Lunts and Brailovskiy,
1967. The leave-one-out estimator of the error
rate proceedsas follows. From the training sam-
ple S = ((mbyl): T (xna yn)) the first example
(z1,11) is removed. The resulting sample S\! =
((z2,92), -+, (xn,yn)) is usedfor training, leadingto a

classificatiorrule h\Ll. This classificatiorrule is testedon
the held out example(z1,41). If the exampleis classified
incorrectlyit is saidto producea leave-one-outerror. This
processs repeatedor all training examples.The number
of leave-one-outerrorsdivided by n is the leave-one-out
estimateof the generalizatiorerror.

While the leave-one-outestimateis usually very accu-
rate, it is very expensve to compute. With a training
sampleof sizen, one mustrun the learnern times. £a-
estimatorovercomethis problemusinganupperboundon
the numberof leave-one-outerrorsinsteadof calculating
them brute force. They owe their nameto the two argu-
mentsthey arecomputedrom. gis the vectorof training
lossesat the solutionof the primal SVM training problem.
a is thesolutionof the dual SVM training problem.Based
on thesetwo vectors— both are available after training
the SVM at no extra cost— the {a-estimatorsaredefined
usingthe following two counts. With R% beingthe max-
imum differenceof ary two elementsof the Hessian(i.e.
R2 > max, , (K(z,z) — K(z,2"))),

d=|{i: (R + &) > 1} (4)

countsthe numberof training examples, for which the
quantitya; R3 + &; exceedne. Sincethe documentec-
tors are normalizedto unit lengthin the experimentsde-
scribedin this paper here RA = 1. It is provenin
[Joachims,2004 that d is an approximateupper bound
on the numberof leave-one-outerrorsin the training set.
With n asthe total numberof training examples,the £a-
estimatorof theerrorrateis

i : (uRA +&) > 1}

Errg,(he) = -

®)

The theoretical propertiesof this {a-estimatorare dis-

cussedn [Joachims200d. It canbe showvn thatthe es-
timator is pessimisticallybiased,overestimatingthe true

error rate on average. Experimentsshov that the biasis

acceptablysmall for text classificationproblemsand that

thevarianceof the£a-estimatoiis essentiallyaslow asthat

of a hold-outestimateusingtwice asmuchdata. It is also
possibleto designsimilar estimatorsfor precisionandre-

call,qaswell asfor combinedmeasuretike F'1 [Joachims,
2004.

4 Handling ConceptDrift

In alearningproblemwith drifting conceptsasintroduced
in Section2.1, we facethe problemto decide,how much
informationfrom pastexamplesmay be usedto find a hy-
pothesighatis adequatéo predictthe classinformationof
future data. Sincewe do notknow, if andwhena concept
drift happenstherearetwo opposingeffects: On the one
hand theolderthedatais, themorelikely it is thatits prob-
ability distribution differsfrom the currentdistribution that
underliesthe processso thatthe datamay be misleading.
Ontheotherhand themoredatais usedn thelearningpro-
cess.the betterthe resultsareif no conceptdrift occurred
sincethe dataarrived.

In this sectionwe presendifferentapproachefor learn-
ing drifting concepts.They differ in the way previous ex-
amplesareusedto constructa new hypothesis.All of our
approachesharethe assumptionthat conceptdrifts do
not reverse,i.e. never examplesare always more impor-
tant than older ones. This assumptionwas implemented
by a commonscheméor estimatingthe performanceof a
learner:In all experimentsthe performancevasonly cal-
culatedon the last batchof data,regardlessof how mary
batchesvereusedin training. To geta goodestimationof
theperformancéut still be efficient, we usedthe so-called
£a-estimatorof [Joachims,200q (seealso Section3.1),
which estimateghe leave-one-out-erroof a SVM based
solelyontheoneSVM solutionlearnedwith all examples.

4.1 Adaptive Time Windows

Oneof thesimplestscenariogor detectingconceptrift are
conceptdrifts thathappenvery quickly betweerrelatively
stablesingle concepts.For example,imaginea userof an
informationfiltering systemwho wantsto buy a new car:
at first, he is interestedin information aboutall sorts of
cars,but after he madehis decisionandboughtthe car, he
is only interestedn informationaboutthis specialtype of
car. This maybe moreaccuratelycalled“conceptchange”
or “conceptshift” ratherthan“conceptdrift”.

In this scenario,the problemof learning drifting con-
ceptscanbe approachedsthe problemof finding thetime
point ¢ at which the last conceptchangehappened After
that, a standardearningalgorithmfor fixed conceptscan
beusedto learnfrom thedatasincet. Similarly, othercon-
ceptdrift scenarioganbehandledby usingatime window
on the training data,assuminghat the amountof drift in-
creasesvith time andhencefocusingon thelastn training
examples.

The shortcomingsof previous windowing approaches
are that they either fix the window size [Mitchell et al.,
1994 or involve complicatedheuristics[Widmer and Ku-
bat,1996;Lanquillon,1997;Klinkenbeg andRenz,1999.
A fixedwindow sizemakesstrongassumptionsbouthow
quickly the conceptchanges. While heuristicscan adapt



to differentspeedand amountof drift, they involve mary
parametershataredifficult to tune.

In [Klinkenbeg and Joachims200d, Klinkenbeg and
Joachimgresentednapproacto automaticallyselecting
an appropriatewindow sizethatdoesnot involve compli-
catedparameterizationThey key ideais to selectthe win-
dow sizesothatthe estimatedyeneralizatiorerroron new
examplesis minimized. To get an estimateof the gener
alization error, a specialform of £a-estimated Joachims,
2004 (seealsoSection3.1)is used.

The adaptve window approactemploys theseestimates
in thefollowing way. At batcht, it essentiallytriesvarious
window sizes,training a SVM for eachresultingtraining
set.

Z(ta1)7 "t Z(t’m)
R(t—1,1)5 --+» Z(t—1,m) 1 2(t,1)> ===y Z(t,m)
RB(t=2,1)7 *++> Z(t—2,m)> Z(t—1,1)5 ==+ B(t—1,m)s 2(t,1) ==*> 2(t,m)

For eachwindow sizeit computesa éa-estimatebasedon

the result of training, consideringonly the last batchfor

the estimationthatis them mostrecenttrainingexamples
R(t,1) 5 =++5 2(t,m)
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This reflectsthe assumptiorthatthe mostrecentexamples
aremostsimilar to the new examplesin batcht + 1. The
window size minimizing the £a-estimateof the error rate
is selectedy thealgorithmandusedto train a classifierfor
thecurrentbatch.

Thewindow adaptatioralgorithmcanbesummarizeds
follows:

e input: a training sanple Siqain CON-
sisting of ¢t batches containing m
(1 abel ed) exanpl es each

e for he{0,..,t—-1}
—train SVM on exanpl es
z(t—h,l); veey z(t,m)
— conmpute &a-estinmate on exanpl es
Z(t71), ceey Z(mm)
e output: w ndow size which mni-
m zes (a-estimate

4.2 Example Selection

[Klinkenbeg andRilping, 2003 proposedan extensionof
thetime window adjustmenapproactby [Klinkenbeg and
Joachims 2004 allowing to selector deselecbatchesn-
dividually for the training setratherthanonly allowing an
un-interleaedsequencef batchegtime window) astrain-
ing set.

In the first step,a classifieris learnedon only the most
recentbatchof data.Of coursejn mostcaseghis classifier
will notbe asgoodasit canbe, but we canbe surethatit
alwayswill betheclassifierthatis mostup-to-datewith the
drifting concept.Now we canusethis classifierto estimate,
whichbatcheof dataweregeneratedrom thesamemodel
(i. e.the sameusersinterest)asthe mostrecentbatch,by
comparingthe estimatedeave-one-outerror of the classi-
fier on the mostrecentbatchto its testerror on the other
batchesThehigherthe error, themoreunlikely is thedata
giventhe model. Note thatat this point, it is importantto

usethe leave-one-out-estimatioandnot the training error
to avoid errorsby over-fitting the mostrecentdata.

In a secondstep,the informationaboutthe error of the
classifiercanbe usedto build a training setfor the actual
classifier We canexcludeall batchegrom the new training
set, which have a significantly higher classificationerror
thanthe mostrecentbatch(batch selectio). By this, we
hopeto train the final classifieron all datageneratedy
the currentmodelin away similarto theexampleselection
schemen Sectiond.1 (adaptivetimewindow).

5 Evaluation on Simulated ConceptDrift
Scenarios

5.1 Experimental Setupand Evaluation Scheme:
Simulated Scenarioson BusinessNews

In orderto evaluatethe learning approachedor drifting
conceptproposedn this paperthreesimplenon-adaptie
datamanagemerapproachearecomparedo theadaptve
time window approachandto the batchselectionstrateyy,
all usingSVMs astheir corelearningalgorithm:

e “Full Memory” The learnergeneratedts classifica-
tion modelfrom all previously seenexamplesii.e. it
cannot‘forget” old examples.

e “No Memory” The learneralways inducesits hy-
pothesisonly from the mostrecentbatch. This cor-
respondgo usinga window of the fixed size of one
batch.

e Window of “FixedSize” A timewindow of thefixed
sizeof threebatchess usedon thetraining data®

e “Adaptive Window”: The window adjustmentalgo-
rithm describedn Section4.1 (andin [Klinkenbeg
and Joachims 2000) adaptsthe window sizeto the
currentconceprift situation.

e “Batch Selection” The batchesproducingan error
lessthantwice theestimatederrorof thenewestbatch,
whenappliedto a modellearnedon the nevestbatch
only, receive aweightof one,i.e. they areselectedor
thefinal trainingset. Theweightof all otherexamples
is setto zero,i.e. they aredeselectedseeSection4.2
and[Klinkenbeg andRiiping,2003).

The experimentsare performedin aninformationfilter-
ing domain,atypical applicationareafor learningdrifting
concept.Text documentsarerepresentedsattribute-value
vectors(bag of words model), where eachdistinct word
correspondso a featurewhosevalueis the “ltc”-TF/IDF-
weight[SaltonandBuckley, 198§ of thatwordin thatdoc-
ument. Wordsoccurringlessthanthreetimesin thetrain-
ing dataor occurringin a givenlist of stopwordsarenot
consideredEachdocumenfeaturevectoris normalizedo
unit lengthto abstracfrom differentdocumentengths.

Theperformancef theclassifierss measuredtyy predic-
tion error. All reportedresultsareestimatesveragedover
four runs. For more detailedresultsincluding precision
and recall resultsand graphicalplots of the performance
and the selectedwindow size over time see [Klinken-
berg andJoachims2000;Klinkenbeg and Riiping, 2003;
Klinkenbeg, 2003.

3Thefixedwindow sizeof threebatcheutperformedsmaller
andlarger fixed window sizesin the following experimentsand
hencewaschoserhere.



While most evaluationmethodsfor machinelearning,
like e. g. cross-alidation, assumethat examplesare in-
dependentand identically distributed, this assumptionis
clearlyunrealisticin the presencef conceptdrift. There-
fore the conceptdrift approachegproposedin this paper
use a-estimategseeSection3.1 and [Joachims,200d)
insteaddf cross-walidationto estimateandoptimizetheper
formanceof a particularparameterizatiomat eachlearning
stepandonly estimategheperformancenthecurrentlylast
batch(seeSection4.1). Thisis not only moreappropriate
for the conceptdrift situationat hand,but also more effi-
cient, becausehe £a-estimatorcanbe computedwithin a
singletrainingrun.

Suchanevaluationproblemoccursnot only within each
time step of a conceptdrift scenariohandledby one of
the conceptdrift frameworks (internal evaluationand pa-
rametermptimization),but it alsooccurswhensereralsuch
frameavorksareto be comparedik e here(externalevalua-
tion andoverall performancecomparison).Justlike in the
earlier case,evaluationmethodslike cross-alidation are
inappropriatefor the latter case. In this paper we usere-
peatedunswith simulatedconcepdrift scenario$o obtain
averagedandtherebystatisticallymorereliableresults.

The experimentausea subsef 2608documentf the
datasetof the Text REtrieval Confeence(TREC)consist-
ing of Englishbusinessewnstexts. Eachtext is assignedo
oneor several catgyories. The catgyoriesconsiderechere
arel (Antitrust CasedPending) 3 (JointVentures)4 (Debt
Rescheduling)s (Dumping Chages),and6 (Third World
Debt Relief). For the experimentsthree conceptchange
scenariosare simulated. The texts arerandomlysplit into
20 batchesof equalsize containing130 documentseach?
Thetexts of eachcateyory aredistributedasequallyaspos-
sibleoverthe 20 batches.

In thethreescenariosadocumentis consideredelevant
at a certainpoint in time, if it matcheshe interestof the
simulateduseratthattime. For eachTRECtopic andeach
batchin eachscenaridhe probabilitythatadocumenfrom
thistopicis relevantfor theuserinterestatthistime (batch)
is specified. In the scenariossimulatedhere,the userin-
terestchangedetweenthe topics 1 and 3. Documentsof
the classe#, 5, and 6 are never relevantin ary of these
scenariosFigurel shavsthe probability of beingrelevant
for adocumenbf catgyory 1 at eachbatchfor eachof the
threescenarios.Documentf category 3 are specifiedto
alwayshavetheinverserelevanceprobabilityof documents
of category 1, i.e. 1.0- relevanceof category 1. In thefirst
scenario(scenarioA), first documentsof categoryl are
consideredelevantfor the userinterestandall otherdoc-
umentsirrelevant. This changesabruptly (conceptshift)
in batch10, wheredocumentsof cateyory 3 are relevant
andall othersirrelevant. In the secondscenario(scenario
B), againfirst document®f catgory 1 areconsideredele-
vantfor theuserinterestandall otherdocumentsrrelevant.
This changeslowly (conceptdrift) from batch8 to batch
12,wheredocument®f category 3 arerelevantandall oth-
ersirrelevant. Thethird scenarigscenarioC) simulatesan
abruptconceptshift in the userinterestfrom category 1 to
catgyory 3 in batch9 andbackto category 1 in batchl1.

The experimentswere conductedwith the machine
learningervironmentYALE [Ritthoff etal., 2001;Fischer
etal., 2003;Mierswa et al., 2003a;20031.5> For all time

“Hence,in eachtrial, out of the 2608 documentsgight ran-
domly selectedexts arenot considered.
*http://yal e. cs. uni - dort nund. de/
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Figure 1: Relevanceof the TREC topic 1 in the concept
changescenario®\, B, andC. Therelevanceof TRECtopic
3is 1.0 - relevanceof topic 1. The relevanceof all other
topicsis alwayszero.

window andexampleselectionapproachessupportvector
machineswere usedas core learningalgorithm. Herewe

chosethe SVM implementatiormySVM [Riiping, 200d.

Sincelinear kernelsare the standardkerneltype usedfor

text classificationproblems,and sincemore complec ker-

neltypesusuallydonotperformbetterontext classification
tasks,only linearandno otherkerneltypesweretried here.
After preliminary experimentsto determinea good value
for the capacityconstantC' of the SVM, which allows to

trade off model compleity versusgeneralizationtesting
the valuesC € {1,10,100,1000}, the valueC = 1000

waschoserfor the experimentdescribecdere.

5.2 Experimental Results

Table 1 shaws the resultsof all static and adaptve time
window andbatchselectionapproachesn all scenariosn
termsof predictionerror. The adaptve time window ap-
proachandthe batchselectionstrateyy clearly outperform
thetrivial non-adaptre approaches.

Among the two example selectionstrat@ies, batchse-
lection performsbetterthanthe adaptve time window ap-
proach,especiallyon scenarioC as Table 1 shows, where
the initial conceptreflectingthe userinterest,topic 1, is
only shortly interruptedby a conceptshift to topic 3, and
thenreturnsto topic 1 again.In thebatchesfterthesecond
conceptshift in scenarioC, the adaptie time window can
only capturethedataafterthesecondconcepshift, if it isto
excludethe no longerrepresentatie databetweerthe two
conceptshifts, while the batchselectionstratgyy canalso
usethe earlierdataof thetime beforethefirst concepshift
andselectvely excludeonly thenolongerrelevantbatches
betweerthetwo concepshifts. Thisallowsthebatchselec-
tion to maintaina largerconsistentraining setandthereby
to bettergeneralizeesultingin alower errorrate.

From the resultsof the non-adaptie approachegfull
memory nomemory andfixedsize),we canseethattheer-
ror is thelowestif thetime window containsall time points
from the currentmodelandno others.For examplein sce-
narioA aslong asno conceptrift occurs thefull memory
approachhasthe lowesterror. Immediatelyafter the con-
ceptdrift the no memoryapproachquickly returnsto its
previouserrorlevel, while thefixed sizememoryapproach
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Table 1: Error of all time window and exampleselection
methodsfor all scenariosaveragedover 4 trials with 20
batches.

Table 2: Error of all time window and exampleselection
methodsfor splits of the businesscycle datainto 5 and15
batchesrespectiely.

takeslongeruntil it finally reachesa lower error thanthe

nomemoryapproactagain.For thefull memoryapproach,
evenninetime pointsaftertheconcepshift theerrorrateis

still threetimeshigherthantheerrorof theotherstrateies.
Of coursethesefindingsarenot very surprising.

For practicaluse though thesenon-adaptie approaches
arenotvery useful,asit cannotbe determinedeforehand,
whenandhow oftena conceptshift will occur, soanopti-
mal statictime window cannotbe set. Thelongerthetime
window is, the lower errorthe classifiercanachieve if no
concepdrift occurs put theshorterthetime window is, the
fasterit will adjustto anew concept.In generalpalancing
betweerthetwo extremesof no andfull memory thefixed
sizeapproaclseemgo work best.

The adaptive window andthe batchselectionapproach
adjustverywell to conceptrift. In all threescenariosthe
errorratequickly reachedts prior level afteraconcepdrift
occurred.In scenarioC, the batchselectionapproactout-
performstheadaptve window method asthemoreflexible
way of selectingthe final training setallows it to exclude
the two outlier batchesand use all other data, while the
adaptve window methodcanonly usetheinformationbe-
fore thefirst conceptshift if it alsoincludesthe outliersin
themiddle.

Summingup, the batchselectionstrateyy achievesthe
lowesterror of all testedapproachesAn explanationfor
this maybe, thatoutliers,evenif therearelatively few, se-
riously hurtthe performancef the SVM classification As
the specialpropertiesof text data- very high dimensional-
ity andlinear separability- make it easyto identify large
groupsof outliers,the batchselectionmethodcanreliably
chooseahelargestpossiblesetof trainingexampleghatare
usefulto constructhefinal hypothesis.

A more detailed descriptionof the results including
plots shaving the performanceof the differentapproaches
and the selectedwindow sizesover time can be found
in [Klinkenbeg and Joachims,2000; Klinkenbeg and
Riiping,2003;Klinkenbeg, 2009.

6 Evaluation on a Real-World ConceptDrift
Problem From Economics

6.1 Predicting Phasedn BusinessCycles

The secondevaluationdomainis a task from economics
basedon real-world data. The quarterlydatadescribeghe
WestGermanBusines<CyclesFrom 1954to 1994[Heile-
mannandMiinch,1998;1999. Eachof the 158 examples
is describedy 13indicatorvariables.Thetaskis to predict
the currentphaseof the businessycle.

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

Full No | Fixed | Adaptve| Batch Full No Fixed || Adaptve| Batch
Memory| Memory| Size Size | Selection Memory| Memory| Size Size |Selection

Scen. 5

Al 21.11%| 11.16%| 9.03%) 6.65% | 6.15% batches| 32.80%)| 27.20%| 24.00%|| 24.80% | 24.80%
Scen. 15

B || 21.30%)]| 12.64%)| 9.76%| 9.06% | 9.33% batches| 28.08%| 28.77%| 20.55%|| 24.80% | 23.29%
Scen.

0, 0, 0, 0, 0, . . . . .
Cll 860%] 12.73%|11.19%)] 8.56% | 7.55% ing point, and a down swing, where the turning points

cover several month, Theisand Weihs have showvn thatin
clusteringanalysisof West Germanmacro-economidata
at mostthreeclusterscan be identified [ Theis and Weihs,
1999. The first two clustersroughly correspondo the
cycle phasesof upswing and downswing and the even-
tual third clustercorrespondso the periodof the oil-crisis
around1971.This suggestshattwo phasesnsteadof four
may be more suitablefor the descriptionof the business
data.

While linear discriminantanalysisas a baselinemodel
achieves54% accurag using uni-variaterules (according
to [Morik and Riiping, 20024d) for the four phasemodel
on this data set, sophisticatedstatisticalmodelsachieve
63%accurag. SondhaumndWeihsincorporateeconomic
backgroundnowledgeinto businessycle analysisby us-
ing advancedVarkov SwitchingModelsto expressknowl-
edgeaboutthepastandthetransitionprobabilityto thenext
phasd Sondhauf&andWeihs,2001].

Morik and Ruping appliedan inductive logic program-
ming approachalsousingdomainknowledgeon this data
setand achieved an accurag of 53% for the four phase
modelandof 81.5% for the two phasemodel[Morik and
Riiping, 2002b;20024. In the following experimentswe
alsousethis two phasemodelmappingall time pointsclas-
sified as upperturning point to upswingand all quarters
of a yearclassifiedaslower turning point to downswing.
However, we do not make ary useof backgrounddomain
knowledge.

The timely order of the examples(quarters)was pre-
sened and no artificial conceptdrift was simulated. The
two questionof interestare,whetherthis domainactually
exhibits concepdrift behaior andwhetherourapproaches
areablehandleit.

6.2 Experimental Results

The experimentswere againperformedusingthe machine
learningervironmentYALE andthe mySVMasunderlying
learner Two evaluationswereperformedonesplitting the
datainto 5 batche®f equalsizeandonesplitting it into 15
batchef equalsize.Both splitsdid not changehetimely
orderof theexampleanddid notimposeary artificial con-
ceptdrift.

Theresultsof thesewo evaluationsareshavnin Table2.
Theresultsfor thefixedtime window approactcorrespond

"For comparisorwith theresultsreportedaterin this section:
81.5%accurayg ohviously correspondo a classificatiorerrorrate
of 100%- 81.5%= 18.5%.However, this resultwasobtainedfor
leave-one-gcle-out validation, i. e. also using datafrom future
cyclesandtherebyviolating the timely orderingof the data. The
experimentdescribedn this paperpresere this timely ordering
andhencethelearnerghenobviously have lessdatato learnfrom.
Thereforet is notsurprisingthattheirgeneralizatioperformance
is notasgood.



Table3: Error of thefixedtime window methodwith fixed
window sizesfrom 1...5 batchedfor splits of the business
cycle datainto 5 and15 batchesrespectiely.

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

5
batches

15
batches

27.20% | 24.00% | 26.40% | 32.80% | 32.80%

28.77%| 23.29% | 20.55% | 23.29% | 23.97%

to theresultsof the fixedsizethatperformedbest,i.e. they
aretheresultof anoffline parameteoptimizationconsider
ing theperformancenall batchesIn practice thisoptimal
fixedsizeis notknown in advanceatary particularpointin
time beforethe lastbatch. Hencein a real applicationone
would have to guesghis sizein advancefrom experience,
while the adaptve time window approachand the batch
selectionapproachare ableto adaptautomaticallyonline.
Theseoptimal resultsfor the fixed size approachare only
providedfor comparisorin orderto show the performance
thatthis approactcanmaximally reachtheoretically

What do the resultstell about the domain?

Sinceeventhe simplefixed window size approachsignif-
icantly outperformsthe full memory approach,one may
concludethatthis domainexhibits realconcepdrift beha-
ior. Otherwisdearningonall availabletrainingdatashould
allow a bettergeneralizatiorandleadto betterresults. A
closerinspectionof the resultsandthe adaptvely chosen
window sizessuggestshatthe dataof the earlyyears,i.e.
the first businesscycles, follow slightly other rules than
thoseof thelatteryears. Theautomaticallychoserwindow
sizestendto excludeonly thefirst few batches.

What do the resultstell about the conceptdrift
handling approaches?

Obviously the adaptve time window approachand the
batch selectionapproachhandle this conceptdrift very
well. Only the fixed sizetime window approachcanthe-
oreticallycompeteif theoptimalfixedtime window sizeis
known in advance,which is usuallynot possiblein areal-
world application. As showvn in Table 3, usingotherfixed
window sizes,leadsto significantdropsin performanceo
error levels, mostly well above thoseof the two adaptve
approaches.

Thefactthatthefixedsizeapproachs competitvein this
domainmay be dueto the cyclic natureof the domain. A
well chosertime window lengthof severalbusinessycles
seemdo besufficientfor agoodgeneralizatiomesultandto
sufficiently earlydropthedataof thefirst few yearshatsig-
nificantly reducethe performanceof larger time windows
andthefull memoryapproachpecausehey seemto obey
somavhatotherrulesthanthelatteryears.

So,in conclusionfor this domain,if afixedwindow size
can be optimizedoffline, which is not possiblein an on-
line application,or sucha fixed window size canbe well
guessedy a domainexpert, the simpletime window ap-
proachis quite competitive, For the online settingof this
real-world task, however, the two adaptive conceptdrift
adjustmentechniqueseemto be moreappropriatesince
they do not rely on anoffline optimizationor agoodexpert
guesshut adaptto the currentconceptrift automatically

7 Summary and Conclusions

This paper proposedtwo methodsfor handling concept
drift with supportvector machinesusing different strate-
giesto accountfor the differentimportanceof examples
for the currenttarget conceptto be learned. The methods
either maintainan adaptve time window on the training

data[Klinkenbeg andJoachims200d or selectrepresen-
tative training examples[Klinkenbeg and Ruping, 2003;

Klinkenbeg, 2003. Thekey ideais to automaticallyadjust
thewindow sizeandtheexampleselectionyespectiely, so

thatthe estimatedyeneralizatiorerror is minimized. The

approachesre both theoreticallywell-foundedaswell as

effective andefficientin practice.Sincethey do notrequire
complicatedparameterizationthey are simplerto useand

more robust than comparableheuristics. While previous

studieswere limited to simulatedconceptdrift scenarios,
the experimentsdescribedn this papershoved, thatreal-

world dataexhibits typical conceptdrift behaior andthat

the proposednethodsfor handlingconceptdrift wereable

to dealwith this realconceprift.
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