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Abstract. Thetwomainchallengestypicallyassociatedwith miningdatastreams
areconceptdrift anddatacontamination.To addressthesechallenges,we seek
learningtechniquesandmodelsthatarerobustto noiseandcanadaptto changes
in timely fashion.In this paper, we approachthe stream-miningproblemusing
a statisticalestimationframework, andproposea discriminative model for fast
mining of noisy datastreams.We build an ensembleof classi�ers to achieve
adaptationby weighting classi�ers in a way that maximizesthe likelihood of
thedata.We furtheremploy robuststatisticaltechniquesto alleviatetheproblem
of noisesensitivity. Experimentalresultson bothsyntheticandreal-life datasets
demonstratetheeffectivenessof thisnew discriminativemodel.
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1 Intr oduction

Recentlythereis a substantialresearchintereston learningdatastreams:the type of
datathatarrivescontinuouslyin highvolumeandspeed.Applicationsinvolving stream
dataabound,suchasnetwork traf®c monitoring,credit cardfrauddetectionandstock
market trendanalysis.The work presentedherefocuseson the primary challengesof
datastreamlearning:conceptdrift anddatacontamination.

Datain traditionallearningtasksis stationary. That is, theunderlyingconceptthat
mapsthe attributesto the classlabelsis unchanging.With datastreams,however, the
conceptis not stablebut drift with time dueto changesin theenvironment.For exam-
ple, customerpurchasepreferenceschangewith season,availability of alternativesor
services.Oftenthechangesmakethemodellearnedfrom old datainconsistentwith the
new data,andupdatingof themodelis necessary. This is generallyknown asconcept
drift [18].

Datacontaminationis a practicalproblem,introducedeitherdueto unreliabledata
sourcesor duringdatatransmission.Noisecangreatlyimpairdatalearning.It is aneven
moresevereproblemin the context of datastreamsbecauseit interfereswith change
adaptation.If an algorithm is too greedyto adaptto conceptchanges,it may over®t
noiseby mistakenly interpretingit asdatafrom a new concept.If oneis too robust to
noise,it mayoverlookthechangesandadjustslowly.

In this paper, we proposea novel discriminative model for adaptive learningof
noisydatastreams.Thegoal is to combineadaptabilityto conceptdrift androbustness
to noise.Themodelproducedby thelearningprocessis in theform of anensemble.Our
work contributesin two aspects:(1) we formulatetheclassi®erweightingproblemasa
regressionproblem,targetingat likelihoodmaximizationof datafrom currentconcept;
and,(2) we integrateoutlierdetectioninto theoverallmodellearning.



2 RelatedWork

The problemof conceptdrift hasbeenaddressedin both machinelearninganddata
mining communities.The ®rst systemcapableof handlingconceptdrift was STAG-
GER [14], which maintainsa set of conceptdescriptions.Later on, therewere the
instance-basedalgorithmIB3 [2], which storesa setof instancesandeliminatethose
whenthey becomeirrelevant or out-dated.The FLORA family [18] keepsa rule sys-
tem in stepwith the hiddenconceptthrougha window of recentexamples,andalters
thewindow sizeaccordingto changesin predictionaccuracy andconceptcomplexity.
Althoughthesealgorithmsintroducedaninterestingproblemandproposedvaluablein-
sights,they weredevelopedandtestedonly on very smalldatasets.It is not very clear
how suitablethey are for datastreamswhich areon a signi®cantly larger scalethan
previouslystudied.

Several scalablelearningalgorithmsdesignedfor datastreamswereproposedre-
cently. They eithermaintainasinglemodelincrementally, or anensembleof baselearn-
ers.Work belongingto the ®rst category includesHoeffding tree [9], which grows a
decisiontreenodeby splitting anattributeonly whenthatattribute is statisticallypre-
dictive.Thestatisticsis recordedandperiodicallycheckedto discoverpossibleconcept
changes.However, many examplesareneededto decidea split, hencethe algorithm
requiresa large numberof training samplesto reacha fair performance.Domeniconi
andGunopulos[7] designedanincrementalsupportvectormachinealgorithmfor con-
tinuouslearning.ExperimentalresultssuggestthatSVM is not theidealchoicefor fast
learningonstreamdata.

Now we focuson ensemble-basedapproaches.Kolter andMaloof [10] proposedto
trackconceptdrift by anensembleof experts.Thepoorexpertsareweightedlow or dis-
carded,andthegoodexpertsareupdatedusingrecentexamples.Oneproblemwith this
approachis the incrementalbaselearner. Incrementalalgorithmsarenot readilyavail-
able,andtheir updatingis noteasywithout restrictingassumptionsthatareimpractical
in many situations.For example,anassumptionis madein [10] thatthevaluesof each
attributefollow certainGaussiandistribution.

Other effective ensemble-basedapproachessimply partition the datastreaminto
sequentialblocksof ®xed sizeandlearnanensemblefrom theseblocks.Oncea base
modelis constructed,it will never beupdatedwith new examples.Two typesof voting
schemesareadopted.Streetet al. [16] let their ensemblevoteuniformly, while Wang
et al. [17] prefera weightedvoting. Thesetwo approaches,[16] and[17], areclosely
relatedto what we will presentin this paper, as our methodalso build an ensemble
from sequentialblocks.In ourcomparativestudy, wewill referto thesetwo methodsas
BaggingandWeightedBagging, respectively. 1

Whatis missingfrom theabovementionedwork is amechanismdealingwith noise.
Althoughtherehavebeenanumberof off-line algorithms[1,13,5,11,6] for noiseiden-
ti®cation,or oftenindistinguishablycalledoutlier detection,theconceptdrift problem
createsa substantialgapbetweenstreamdataandtheexisting techniques.In addition,
we addressthe problemof ®nding a generaldistancemetric. Populardistancefunc-

1 Thesemethodsconform to the traditional bagging[4] and online baggingensembles[12],
wheretrainingsamplesarenotweighted.



tionsincludetheEuclideandistanceor otherdistribution-sensitive functions,whichare
unableto treatcategoricalvalues.

Ourwork differsin two aspectsfrom previousapproachesto outlierdetection.First,
wetightly integrateoutlierdetectioninto themodellearningprocess,sinceoutliersalso
drift asconceptdrifts away. Secondly, the distancemetric is derived from the classi-
®cationperformanceof the ensemble,insteadof a function de®nedin the dataspace.
The adaptive model learningand outlier detectionthereforemutually reinforceeach
other. An accuratemodelhelpsto identify theoutliers.On theotherhand,by correctly
identifyingandeliminatingtheoutliers,amoreaccuratemodelcanbecomputed.

In section3 andsection4, we will describethe discriminative modelwith regard
to adaptationandrobustness,respectively. Section5 givesthe modelformulationand
computation.Extensive experimentalresultswill beshown in section6.

3 Adaptation to ConceptDrift

Ensembleweighting is the key to fast adaptation.In this sectionwe show that this
problemcanbe formulatedasa statisticaloptimizationproblemsolvableby logistic
regression.

We®rst look athow anensembleis constructedandmaintained.Thedatastreamis
simply brokeninto smallblocks,thena classi®ercanbelearnedfrom eachblock.The
ensembleis comprisedof themostrecentK classi®ers.Old classi®ersretiresequentially
byage.Besidestrainingexamples,evaluationexamples(alsowithin known classlabels)
areneededfor weightingclassi®er. If trainingdatais suf®cient,partof it canbereserved
for evaluation;otherwise,randomsamplesof themostrecentdatablockscanserve the
purpose.We only needto make the two datasetsassynchronizedaspossible.When
suf®cientdatais collectedfor trainingandevaluation,we do thefollowing operations:
(1) learn a new classi®erfrom the training block; (2) replacethe oldestclassi®erin
the ensemblewith this newly learned;and (3) usethe evaluationdatato weigh the
ensemble.

The restof this sectionwill give a formal descriptionof ensembleweighting.For
simplicity, a two-classclassi®cationsettingis considered,but thetreatmentcanbeex-
tendedto multi-classtasks.

Theevaluationdatais representedas

(X ; Y) = f (x i ; yi ); i = 1; ¢¢¢; N g

with x i a vectorvaluedsampleattribute andyi 2 f 0; 1g the sampleclasslabel. We
assumeanensembleof classi®ers,denotedin avectorform as

f = (f 1(x); ¢¢¢; f K (x))T

whereeachf k (x) is aclassi®erfunctionproducingavaluefor thebeliefonaclass.The
individual classi®ersin theensemblemaybeweakor out-of-date.It is thegoalof our
discriminative modelM to make the ensemblestrongby weightedvoting. Classi®er
weightsaremodelparameters,denotedas

w = (w1; ¢¢¢; wK )T



wherewk is theweightassociatedwith classi®erfk . ThemodelM alsospeci®esfor
decisionmakingaweightedvotingscheme,thatis,

w T ¢f

Becausetheensemblepredictionw T ¢f is acontinuousvalue,yet theclasslabelyi

to bedecidedis discrete,astandardapproachis to assumethatyi conditionallyfollows
aBernoulli distributionparameterizedby a latentscoré i :

yi jx i ; f ; w » Ber(q(´ i ))
´ i = w T ¢f

(1)

whereq(´ i ) is thelogit transformationof ´ i :

q(´ i ) , logit(´ i ) =
é i

1 + é i

Eq.(1)statesthatyi followsaBernoulli distributionwith parameterq, thusthepos-
teriorprobabilityis

p(yi jx i ; f ; w ) = qyi (1 ¡ q)1 ¡ yi (2)

The above descriptionleadsto optimizing classi®erweightsusinglogistic regres-
sion.Givenadataset(X ; Y) andanensemblef , thelogistic regressiontechniqueopti-
mizestheclassi®erweightsby maximizingthelikelihoodof thedata.Theoptimization
problemhasa closed-formsolutionwhich canbequickly solved.We postponethede-
tailedmodelcomputationtill section5.

Logistic regressionis a well-establishedregressionmethod,widely usedin tradi-
tional areaswhenthe regressorsarecontinuousandthe responsesarediscrete[8]. In
our work, we formulatethe classi®erweightingproblemasan optimizationproblem
andsolve it using logistic regression.In section6 we shows that sucha formulation
andsolutionprovide muchbetteradaptabilityfor streamdatamining, ascomparedto
otherweightingschemessuchastheintuitive weightingbasedon accuracies.(Referto
Fig.1-2,section6 for aquick reference.)

4 Robustnessto Outliers

Thereasonregressionis adaptive to changesis that it alwaystries to ®t thedatafrom
thecurrentconcept.But,noiseover®ttingis apotentialproblem.Therefore,wepropose
thefollowing outlierdetectionmethodasanintegral partof themodellearning.

We interpretoutliers as sampleswith very small likelihoodsundera given data
model.Thegoalof learningis to computea modelthatbest®ts thebulk of data,that
is, thenon-outliers.Outliersarehiddeninformationin this problem.This suggestusto
solve theproblemundertheEM framework, usinga robuststatisticsformulation.

In Section3, we have describeda datasetasf (x i ; yi ); i = 1; ¢¢¢; N g, or (X ; Y).
This is anincompletedataset,astheoutlier informationis missing.A completedataset
is a triplet

(X ; Y; Z )



where
Z = f z1; ¢¢¢; zN g

is ahiddenvariablethatdistinguishestheoutliersfrom thecleanones.zi = 1 if (x i ; yi )
is anoutlier, zi = 0 otherwise.ThisZ is notobservableandneedsto beinferred.After
thevaluesof Z areinferred,(X ; Y) canbepartitionedinto acleansampleset

(X0 ; Y0 ) = f (x i ; yi ; zi ); x i 2 X ; yi 2 Y; zi = 0g

andanoutlier set

(XÁ; YÁ) = f (x i ; yi ; zi ); x i 2 X ; yi 2 Y; zi = 1g

It is the samplesin (X0 ; Y0 ) that all comefrom oneunderlyingdistribution, andare
usedto ®t themodelparameters.

To infer the outlier indicator Z , we introducea new model parameteŗ . It is a
thresholdvalueof samplelikelihood.A sampleis markedasanoutlier if its likelihood
falls below ¸ . This ¸ , togetherwith f (classi®erfunctions)andw (classi®erweights)
discussedearlier, constitutesthecompletesetof parametersof ourdiscriminativemodel
M , denotedasM (x; f ; w ; ¸ ).

5 Our Discriminati veModel

In this section,we give the model formulation followed by modelcomputation.The
symbolsusedaresummarizedin table 1.

(x i ; yi ) asample,with x i thesampleattribute,yi thesam-
pleclasslabel,

(X ; Y) anincompletedatasetwith outlier informationmissing,

Z ahiddenvariable,

(X ; Y; Z ) acompletedatasetwith outlier information,

(X0 ; Y0 ) acleandataset,

(XÁ ; YÁ ) anoutlier set,

M thediscriminativemodel,

f avectorof classi�er function,amodelparameter,

w avectorof classi�er weights,amodelparameter,

¸ a thresholdof likelihood,amodelparameter.

Table1. Summaryof symbolsused



5.1 Model Formulation

Our model is a four-tuple representationM (x; f ; w ; ¸ ). Given an evaluationdataset
(X ; Y), anensembleof classi®ersf = (f1(x); ¢¢¢; f K (x))T , we want to achieve two
objectives.

1. To infer aboutthehiddenvariableZ thatdistinguishesnon-outliers(X0 ; Y0 ) from
outliers(XÁ; YÁ).

2. To computethe optimal ®t for model parametersw and ¸ in the discriminative
modelM (x; f ; w ; ¸ ).

An assumptionis madethateachnon-outliersample(x i ; yi ) 2 (X0 ; Y0 ) is drawn
from anindependentidenticaldistribution belongingto a probabilityfamily character-
izedby parametersw, denotedby a densityfunctionp((x; y); f ; w ). Theproblemis to
®ndthevaluesof w thatmaximizesthelikelihoodof (X0 ; Y0 ) in theprobabilityfamily.
As customary, weuselog-likelihoodto simplify thecomputation:

log p((X0 ; Y0 )jf ; w )

A parametricmodelfor outlier distribution is not available,dueto thehighly irreg-
ularity of the outlier data.Therefore,we useinsteada non-parametricstatisticsbased
on the numberof outliers(k(XÁ; YÁ)k). Then,the problembecomesan optimization
problem.Thescorefunctionto bemaximizedinvolvestwo parts:(i) thelog-likelihood
termfor cleandata(X0 ; Y0 ), and(ii) apenaltytermfor outliers(XÁ; YÁ). Thatis:

(w ; ¸ )¤ = arg max
(w ;¸ )

¡
log p((X0 ; Y0 )jf ; w ) ¡ ³ ((XÁ; YÁ); w ; ¸ )

¢
(3)

wherethepenaltyterm,whichpenalizeshaving toomany outliers,is de®nedas

³ ((XÁ; YÁ); w ; ¸ ) = e¢k(XÁ; YÁ)k (4)

w and¸ affect³ implicitly. Thevalueof e is empirical.If e is toolarge,outlierswill
tendto bemisclassi®edasinliers to avoid a largepenalty. If e is toosmall,many inliers
will be treatedasoutliersandexcludedfrom thecleandatamodel®tting, leadingto a
seeminglygoodmodelthatactuallyunder-®ts thetruedata.In our experimentswe set
e 2 (0:2; 0:3).

After expandingthelog-likelihoodterm,wehave:

log p((X0 ; Y0 )jf ; w )

=
X

x i 2X 0

log p((x i ; yi )jf ; w )

=
X

x i 2X 0

log p(yi jx i ; f ; w ) +
X

x i 2X 0

log p(x i )

After we absorb
P

x i 2X 0
log p(x i ) into the penalty term

³ ((XÁ; YÁ); w ; ¸ ), andreplacethelikelihoodin Eq.(3)with thelogistic form (Eq.(2)),



thentheoptimizationgoalbecomes®ndingthebest®t (w ; ¸ )¤.

(w ; ¸ )¤ = arg max
(w ;¸ )

³ X

x i 2X 0

¡
yi q + (1 ¡ yi )(1 ¡ q)

¢

+ ³ ((XÁ; YÁ); w ; ¸ )
´

(5)

Thescorefunctiontobemaximizedisnotdifferentiablebecauseof thenon-parametric
penaltyterm.Wehaveto resortto amoreelaboratetechniquebasedontheExpectation-
Maximization(EM) [3] algorithmto solve theproblem.

5.2 Model Infer enceand Learning

Themaingoalof modelcomputationis to infer themissingvariablesandcomputethe
optimal modelparameters,underthe EM framework. The EM in generalis a method
for maximizingdatalikelihoodin problemswheredatais incomplete.The algorithm
iteratively performsan Expectation-Step(E-Step) followed by an Maximization-Step
(M-Step) until convergence.In ourcase,

1. E-Step:to impute/ infer theoutlier indicatorZ basedon thecurrentmodelparam-
eters(w; ¸ ).

2. M-Step: to computenew valuesfor (w ; ¸ ) that maximizethe scorefunction in
Eq.(3)with currentZ .

Next we will discusshow to imputeoutliersin E-Step,andhow to solve themaxi-
mizationproblemin M-Step.TheM-StepisactuallyaMaximumLikelihoodEstimation
(MLE) problem.

E-Step: Impute Outliers

With thecurrentmodelparametersw (classi®erweights),themodelfor cleandata
is establishedasin Eq.(1),thatis, theclasslabel(yi ) of asamplex i followsaBernoulli
distribution parameterizedwith the ensemblepredictionfor this sample(w T ¢f (x i )).
Thus,yi 's log-likelihoodlogp(yi jx i ; f ; w ) canbecomputedfrom Eq.(2).

Notethattheline betweenoutliersandcleansamplesis drawn by ¸ , which is com-
putedin the previous M-Step.So, the formulationof imputing outliers is straightfor-
ward:

zi = sign
¡

log p(yi jx i ; f ; w ) ¡ ¸
¢

(6)

where

sign(x) =
½

1 if x < 0
0 otherwise

M-Step: MLE

The scorefunction (in Eq.(5)) to be maximizedis not differentiablebecauseof
the penaltyterm.We considera simpleapproachfor an approximatesolution.In this
approach,thecomputationof ¸ andw is separated.



1. ¸ is computedusingthestandardK-meansclusteringalgorithmon log-likelihood
logp(yi jx i ; f ; w ). Theclusterboundariesarecandidatesof likelihoodthresholḑ ¤,
whichseparatesoutliersfrom cleandata.Thereis atradeoff betweenef®ciency and
accuracy whenchoosingthe valueof K . In our experiments,we setK = 3. A
largerK valueslows down thecomputation,but doesnot necessarilygainsmuch
onaccuracy.

2. By ®xing eachof thecandidatȩ ¤, w ¤ canbecomputedusingthestandardMLE
procedure.Runningan MLE procedurefor eachcandidatȩ ¤, andthe maximum
scoregivenby Eq.(5)will identify thebest®t of (w ; ¸ )¤.

ThestandardMLE procedurefor computingw is describedasfollows.Takingthe
derivative of thenon-outlierlikelihoodwith respectto w andsetit to zero,wehave

@
@w

X

y i 2Y 0

¡
yi

é i

1 + é i
+ (1 ¡ yi )

1
1 + é i

¢
= 0

To solve this equation,we usetheNewton-Raphsonprocedure,which requiresthe
®rst and secondderivatives.For clarity of notation,we useh(w) to denotethe ®rst
derivativeof cleandatalikelihoodfunctionwith regardto w. Startingfrom w t , asingle
Newton-Raphsonupdateis

w t +1 = w t ¡
³ @2h(w t )

@w@w T

´ ¡ 1 @h(w t )
@w

Herewehave
@h(w)

@w
=

X

y i 2Y 0

(yi ¡ q)f (x i )

and,
@2h(w)
@w@w T = ¡

X

y i 2Y 0

q(1 ¡ q)f (x i )f T (x i )

The initial valuesof w areimportantfor computationconvergence.Sincethereis
noprior knowledge,wecansetw to beuniform initially.

6 Experiments

Weusebothsyntheticdataandareal-lifeapplicationto evaluatethemodel'sadaptabil-
ity to conceptshifts androbustnessto noise.Our model is comparedwith two previ-
ousapproaches:Bagging andWeightedBagging. We show thatalthoughtheempirical
weighting in WeightedBagging [17] performsbetterthanunweightedvoting, the ro-
bust regressionweightingmethodis moresuperior, in termsof both adaptabilityand
robustness.

C4.5decisiontreesareusedin our experiments,but in principleour methoddoes
not requireany speci®cbaselearningalgorithm.
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Fig.1. Adaptabilitycomparisonof thethreeensemblemethodsondatawith abruptshifts.

6.1 Data Sets

SyntheticData

In thesyntheticdatasetfor controlledstudy, a sample(x; y) hasthreeindependent
featuresx = < x1; x2; x3 > , x i 2 [0; 1]; i = 0; 1; 2. Geometrically, samplesarepoints
in a3-dimensionunit cube.Therealclassboundaryis aspherede®nedas

B (x) =
2X

i =0

(x i ¡ ci )2 ¡ r 2 = 0

wherec = < c1; c2; c3 > is thecenterof thesphere,r theradius.y = 1 if B (x) · 0,
y = 0 otherwise.This learningtaskis noteasy, becausethefeaturespaceis continuous
andtheclassboundaryis non-linear.

To simulatea datastreamwith conceptdrift betweenadjacentblocks,we move the
centerc of the spherethat de®nesthe classboundary. The movementis along each
dimensionwith a stepof § ±. The valueof ± controlsthe level of shifts from small,
moderateto large, and the sign of ± is randomlyassignedindependentlyalongeach
dimension.For example,if ablockhasc = (0:40; 0:60; 0:50), ± = 0:05, thesignalong
eachdirectionis (+1 ; ¡ 1; ¡ 1), thenthenext block would have c = (0:45; 0:55; 0:45).
Thevaluesof ± oughtto be in a reasonablerange,to keeptheportionof samplesthat
changeclasslabelsreasonable.In our setting,we considera conceptshift small if ± is
around0:02, andrelatively largeif ± around0:1.

To studythe modelrobustness,we insertnoiseinto the training datasetsby ran-
domly �ipping theclasslabelswith a probabilityof p. Cleantestingdatasetsareused
in all theexperimentsfor accuracy evaluation.

Theexperimentsshown below areobtainedwhentheblocksizeequals2k, but sim-
ilar resultsareobtainedfor otherblocksizes(1k,4k, 8k, etc.).
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Fig.2. Adaptabilitycomparisonof thethreeensemblemethodswith mixedchanges.

Credit Card Data

Thereal-lifeapplicationis to build aweightedensemblefor detectionof fraudulent
transactionsin credit card transactions,datacontributedby a major credit cardcom-
pany. A transactionhas20 features,including the transactionamount,the time of the
transaction,andsoon. Detaileddatadescriptionis given in [15,17]. Sameasin [17],
conceptdrift in ourwork is simulatedby sortingtransactionsby thetransactionamount.

6.2 Evaluation of Adaptation

In thissubsectionwecompareourrobustregressionensemblemethodwith Baggingand
WeightedBagging. Conceptshiftsaresimulatedby themovementof theclassboundary
center, whichoccurbetweenadjacentdatablocks.Themoving distance±alongeachdi-
mensioncontrolsthemagnitudeof conceptdrift. Wehave two setsof experimentswith
varying ± values,both have abruptchangesoccurringevery 40 blocks,which means
that the abruptconceptchangingpointsareblock 40, 80 and120,where± is around
0.1. In oneexperiment,dataremainsstationarybetweenthesechangingpoints.In the
otherexperiment,smallshiftsaremixedbetweenabruptones,with ± 2 (0:005; 0:03).
Thepercentageof positivesamples�uctuatesbetween(41%; 55%).

As shown in Fig.1andFig.2,our robustregressionmodelalwaysgivesthehighest
performance.The unweightedbaggingensembleshave the worst predictive accuracy.
Both baggingmethodsareseriouslyimpairedat conceptchangingpoints.The robust
regression,on theotherhand,is ableto catchupwith thenew conceptquickly.

In theabove experiments,noisesarearound10%.Experimentswith varyingnoise
levelsarediscussedin thenext subsection.In termsof learningspeed,robustregression
is comparableto,althoughalittle slowerthan,thebaggingensembles.For example,the
total learningtime on 40 blocks,eachcontaining2000samples,is 76 secondsfor bag-
ging,90secondsfor weightedbagging,and110secondsfor robustlogistic regression.



Fig.3. Robustnesscomparisonof thethreeensemblemethodsundervaryingnoiselevels.

6.3 Robustnessin the Presenceof Outliers

Noiseis the major sourceof outliers.Fig. 3 shows the ensembleperformancefor the
differentnoiselevels:0%,5%,10%,15%and20%.Theaccuracy is averagedover100
runsspanning160blocks,with smallgradualshiftsbetweenblocks.We canmake two
majorobservationshere:

1. The robust regressionensemblesarethe mostaccuratefor all the differentnoise
levels,asclearlyshown in Fig. 3.

2. Robust regressionalso gives the leastperformancedropswhen noiseincreases.
This conclusionis con®rmedusingpairedt-testat 0.05 level. In eachcasewhen
noiselevel increasesby 10%,15%or 20%,thedecreasein accuracy producedby
robustregressionis thesmallest,andthedifferencesarestatisticallysigni®cant.

The robustnessresultsfrom the fact that the noisy samples/outliersaretreatedas
hiddeninformationin themodellearning.Onceinferred,theoutliersareexcludedfrom
thecleandatamodel®tting. Theexperimentsonsyntheticdatasetsindeedprove thata
majority of noisysamplesarecapturedin thelearningprocedure.In oneof theexperi-
ments,for instance,we inserted10%noiseinto a 2K datablock.Our modelidenti®ed
217outliers,amongwhich189weretruenoisysamples.Thefalsepositiveratewaslow.
Thiscon®rmsexperimentallythatour robustregressiontechniqueis goodatseparating
datacausedby conceptdrift from noisydata.



 0.6

 0.65

 0.7

 0.75

 0.8

 0.85

 0.9

 0.95

 1

 0  20  40  60  80  100

A
cc

ur
ac

y

Data Blocks

Robust Logistic Regression
Weighted Bagging

Bagging

Fig.4. Performancecomparisonof thethreeensembleson creditcarddata.Conceptdrift is sim-
ulatedby sortingthetransactionsby transactionamount.

6.4 Experimentson RealLife Data

In thecreditcardapplication,webuild aclassi®cationmodelto detectionof fraudulent
transactions.A transactionhas20featuresincludingthetransactionamount,thetimeof
thetransaction,etc.We studytheensembleperformanceusingvaryingblock size(1k,
2k, 3k and4k). We show oneexperimentin Fig.4 with a block sizeof 1k. The curve
shows fewer andsmallerdropsin accuracy with robust regressionthanwith theother
methods.Thesedropsactuallyoccurwhenthetransactionamountjumps.

7 Summary

In this paper, we proposea discriminative model that is highly adaptive to concept
changesandis robustto noise.Themodelproducesa weightedensemble.Theweights
of classi®ersarecomputedby logisticregressiontechnique,whichensuresgoodadapta-
tion.Furthermore,outlierdetectionis integratedinto themodel,sothatclassi®erweight
traininginvolvesonly thecleandata,which leadsto therobustnessof theresultingen-
semble.For outlier detection,we assumethat a cleansample's belongingto certain
classfollows a Bernoulli distribution, which is parameterizedby theensemblepredic-
tion. Outlierscanthusbe identi®edassampleseachwith a very small likelihood.The
classi®erweightsarethusestimatedto maximizethedatalikelihoodof thecleansam-
ples.

Comparedwith recentworks [16,17], the experimentalresultsshow that our dis-
criminative modelachieveshigheraccuracy, adaptsto underlyingconceptshiftsmore
promptly, and is lesssensitive to noise.Thesebene®tsareattributed to the classi®er
weightingschemeusinglogisticregression,andtheintegraloutlierdetectiontechnique.
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