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Abstract. Thetwo mainchallengesypically associatewith miningdatastreams
are conceptdrift and datacontaminationTo addresghesechallengeswe seek
learningtechniquesindmodelsthatarerobustto noiseandcanadaptto changes
in timely fashion.In this paper we approachthe stream-miningproblemusing
a statisticalestimationframework, and proposea discriminatve modelfor fast
mining of noisy datastreams.We build an ensembleof classi ers to achieve
adaptationby weighting classi ersin a way that maximizesthe likelihood of
thedata.We furtheremplay robuststatisticaltechniquedo alleviate the problem
of noisesensitvity. Experimentalesultson both syntheticandreal-life datasets
demonstrat¢he effectivenesf this new discriminatve model.
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1 Intr oduction

Recentlythereis a substantiaresearchintereston learningdatastreamsthe type of
datathatarrivescontinuouslyin high volumeandspeedApplicationsinvolving stream
dataabound suchasnetwork traf®c monitoring, credit cardfraud detectionand stock
market trend analysis.The work presentedherefocuseson the primary challengesof
datastreamearning:conceptrift anddatacontamination.

Datain traditionallearningtasksis stationary Thatis, the underlyingconceptthat
mapsthe attributesto the classlabelsis unchangingWith datastreamshowever, the
conceptis not stablebut drift with time dueto changesn the ervironment.For exam-
ple, customemurchasereferenceghangewith seasonavailability of alternatvesor
servicesOftenthe changesnake themodellearnedrom old datainconsistentvith the
new data,andupdatingof the modelis necessaryThis is generallyknown asconcept
drift [18].

Datacontaminatioris a practicalproblem,introducedeitherdueto unreliabledata
source®r duringdatatransmissionNoisecangreatlyimpair datalearning.It is aneven
more severe problemin the context of datastreamsecauset interfereswith change
adaptationlf an algorithmis too greedyto adaptto conceptchangesijt may over®t
noiseby mistalenly interpretingit asdatafrom a new conceptlf oneis too robustto
noise,it mayoverlookthe changesandadijustslowly.

In this paper we proposea novel discriminatve model for adaptve learning of
noisy datastreamsThegoalis to combineadaptabilityto conceptdrift androbustness
to noise.Themodelproducedy thelearningprocesss in theform of anensembleOur
work contritbutesin two aspects(1) we formulatethe classi®emeightingproblemasa
regressiomproblem targetingat lik elihoodmaximizationof datafrom currentconcept;
and,(2) we integrateoutlier detectioninto the overall modellearning.



2 RelatedWork

The problemof conceptdrift hasbeenaddressedh both machinelearningand data
mining communities.The ®rst systemcapableof handlingconceptdrift was STAG-
GER [14], which maintainsa set of conceptdescriptions.Later on, there were the
instance-basedlgorithm B3 [2], which storesa setof instancesandeliminatethose
whenthey becomeirrelevant or out-dated.The FLORA family [18] keepsa rule sys-
temin stepwith the hiddenconceptthrougha window of recentexamples,andalters
thewindow sizeaccordingto changesn predictionaccurag andconceptcompleity.

Althoughthesealgorithmsintroducedaninterestingproblemandproposedaluablein-

sights,they weredevelopedandtestedonly on very small datasetslt is not very clear
how suitablethey are for datastreamswhich are on a signi®cantlylarger scalethan
previously studied.

Several scalablelearningalgorithmsdesignedor datastreamswere proposede-
cently They eithermaintainasinglemodelincrementallyor anensemblef basdearn-
ers.Work belongingto the ®rst cateyory includesHoeffding tree [9], which grows a
decisiontreenodeby splitting an attribute only whenthat attribute is statisticallypre-
dictive. Thestatisticss recordedandperiodicallychecledto discorer possibleconcept
changesHowever, mary examplesare neededo decidea split, hencethe algorithm
requiresa large numberof training samplego reacha fair performanceDomeniconi
andGunopulog7] designedanincrementakupportvectormachinealgorithmfor con-
tinuouslearning.ExperimentaresultssuggesthatSVM is not theideal choicefor fast
learningon streandata.

Now we focuson ensemble-basepproacheKolterandMaloof [10] proposedo
trackconcepdrift by anensembl®f experts.Thepoorexpertsareweightedow or dis-
cardedandthegoodexpertsareupdatedisingrecentexamples Oneproblemwith this
approachs the incrementabaselearner Incrementahlgorithmsare not readily avail-
able,andtheir updatingis not easywithout restrictingassumptionshatareimpractical
in mary situationsFor example,anassumptions madein [10] thatthe valuesof each
attribute follow certainGaussiardistribution.

Other effective ensemble-basedpproachesimply partition the datastreaminto
sequentiablocks of ®xed sizeandlearnan ensembldrom theseblocks.Oncea base
modelis constructedit will never be updatedwith new examples.Two typesof voting
schemesreadopted Streetet al. [16] let their ensemblevote uniformly, while Wang
etal. [17] prefera weightedvoting. Thesetwo approacheqd,16] and[17], areclosely
relatedto what we will presentin this paper as our methodalso build an ensemble
from sequentiablocks.In our comparatie study we will referto thesewo methodsas
Bagging andWeightedBagging, respectiely.

Whatis missingfrom theabove mentionedvork is amechanisnaealingwith noise.
Althoughtherehave beenanumberof off-line algorithmg1, 13,5,11,6] for noiseiden-
ti®cation, or oftenindistinguishablycalledoutlier detection the conceptdrift problem
createsa substantiabap betweerstreamdataandthe existing techniquesin addition,
we addresghe problemof ®nding a generaldistancemetric. Populardistancefunc-

! Thesemethodsconformto the traditional bagging[4] and online baggingensembleg12],
wheretrainingsamplesarenot weighted.



tionsincludethe Euclideardistanceor otherdistribution-sensitre functions,which are
unableto treatcategorical values.

Ourwork differsin two aspectérom previousapproacheto outlier detectionFirst,
we tightly integrateoutlier detectiorninto the modellearningprocesssinceoutliersalso
drift asconceptdrifts away. Secondly the distancemetricis derived from the classi-
®cation performanceof the ensemblejnsteadof a function de®nedin the dataspace.
The adaptve modellearningand outlier detectionthereforemutually reinforceeach
other An accuratemodelhelpsto identify the outliers.On the otherhand,by correctly
identifying andeliminatingthe outliers,a moreaccuratenodelcanbe computed.

In section3 andsection4, we will describethe discriminatve modelwith regard
to adaptatiorandrobustnessrespectiely. Section5 givesthe modelformulationand
computationExtensve experimentakesultswill beshavn in section6.

3 Adaptation to ConceptDrift

Ensembleweighting is the key to fastadaptationln this sectionwe showv that this
problemcan be formulatedas a statisticaloptimizationproblemsolvable by logistic
regression.

We ®rstlook athow anensemblés constructecdindmaintainedThe datastreamis
simply brokeninto smallblocks,thena classi®ercanbelearnedfrom eachblock. The
ensemblés comprisedf themostrecent classi®ersOld classi®ergetiresequentially
by age.Besidegrainingexamplesgvaluationexamplegalsowithin known clasdabels)
areneededor weightingclassi®erlf trainingdatais suf®cient,partof it canberesened
for evaluation;otherwise randomsamplesf the mostrecentdatablockscansene the
purpose We only needto make the two datasetsassynchronizedas possible When
suf®cientdatais collectedfor training andevaluation,we do the following operations:
(1) learna new classi®erfrom the training block; (2) replacethe oldestclassi®erin
the ensemblewith this newly learned;and (3) usethe evaluationdatato weigh the
ensemble.

Therestof this sectionwill give a formal descriptionof ensembleneighting. For
simplicity, a two-classclassi®catiorsettingis consideredbut the treatmentanbe ex-
tendedto multi-classtasks.

The evaluationdatais representeds

(X;Y) = f(xj;yi);i = 1;¢¢¢;Ng

with x; a vectorvaluedsampleattribute andy; 2 fO0; 1g the sampleclasslabel. We
assumanensemblef classi®ersdenotedn avectorform as

f = (Fo(x); 00¢ fx (x)"

whereeachf  (x) is aclassi®erfunctionproducingavaluefor thebeliefonaclass.The
individual classi®erdn the ensemblanay be weakor out-of-date It is the goal of our
discriminatve modelM to make the ensemblestrongby weightedvoting. Classi®er
weightsaremodelparametersjenotedcas

w = (wg; 606w )T



wherewy is the weight associatedvith classi®erf,. The modelM alsospeci®edor
decisionmakinga weightedvoting schemethatis,

w' ¢f

Becauseheensemblgredictionw T ¢f is a continuousvalue,yettheclasslabely;
to bedecideds discrete a standardapproachs to assumehaty; conditionallyfollows
aBernoullidistribution parameterizeby alatentscore” ; :

y|JX|,f,W » Ber(Q(,I)) (1)
. i = WT ¢f
whereq(" ;) is thelogit transformatiorof " ;:
I
a(1), logit(1) = o

Eq.(1)stateghaty; follows aBernoullidistribution with parameteq, thusthe pos-

terior probabilityis
p(yiixi; fiw) = i1 li Vi 2)

The abore descriptionleadsto optimizing classi®erweightsusinglogistic regres-
sion.Givenadataset(X ; Y) andanensembld, thelogistic regressiortechniqueopti-
mizestheclassi®emveightsby maximizingthelik elihoodof the data.The optimization
problemhasa closed-formsolutionwhich canbe quickly solved. We postponehede-
tailedmodelcomputatiortill section5.

Logistic regressionis a well-establishedegressionmethod,widely usedin tradi-
tional areaswhenthe regressorsare continuousandthe responsegarediscrete[8]. In
our work, we formulatethe classi®erweighting problemas an optimizationproblem
andsolwe it usinglogistic regression.n section6 we shaws that sucha formulation
andsolutionprovide muchbetteradaptabilityfor streamdatamining, ascomparedo
otherweightingschemesuchastheintuitive weightingbasedn accuracies(Referto
Fig.1-2,section6 for aquick reference.)

4 Robustnesso Outliers

The reasorregressions adaptve to changess thatit alwaystriesto ®t the datafrom
thecurrentconceptBut, noiseover®ttingis apotentialproblem.Thereforewe propose
thefollowing outlier detectiormethodasanintegral partof the modellearning.

We interpretoutliers as sampleswith very small likelihoodsundera given data
model. The goal of learningis to computea modelthatbest®ts the bulk of data,that
is, the non-outliers Outliersare hiddeninformationin this problem.This suggestisto
solve the problemunderthe EM framawork, usinga robuststatisticsformulation.

In Section3, we have describeda datasetasf (x;yi);i = 1;¢¢¢; Ng, or (X;Y).
Thisis anincompletedataset,astheoutlierinformationis missing.A completedataset
is atriplet

(X5Y;2Z)



where
Z = fzg;¢0¢ 2y g

is ahiddenvariablethatdistinguishesheoutliersfromthecleanonesz; = 1if (X;;Vi)
is anoutlier, z, = 0 otherwiseThisZ is notobserableandneeddo beinferred.After
thevaluesof Z areinferred,(X ; Y) canbe partitionedinto a cleansampleset

(Xo;Yo) = f(Xi;yiszi);xi 2 X;yi 2 Y;z = Og

andanoutlier set

(Xa;Ya) = f(Xijyi;zi);xi 2 X3yi 2Y;zi = 19
It is the samplesn (Xo; Yo) thatall comefrom oneunderlyingdistribution, and are
usedto ®t themodelparameters.

To infer the outlier indicator Z, we introducea new model parameter, . It is a
thresholdvalueof sampldikelihood.A sampleis marked asanoutlier if its likelihood
falls belov , . This, , togetherwith f (classi®erfunctions)andw (classi®erweights)
discusseearlier constituteshecompletesetof parametersf ourdiscriminative model
M , denotedasM (x;f;w;, ).

5 Our Discriminati ve Model

In this section,we give the modelformulation followed by model computation.The
symbolsusedaresummarizedn table 1.

(xi;yi) |asamplewith x; thesampleattribute,y; thesam-
ple classlabel,
(X;Y) |anincompletedatasetwith outlierinformationmissing

z ahiddenvariable,

(X;Y; Z)|acompletedatasetwith outlierinformation,

(Xo; Yo) |acleandataset,

(X4; Ya) |anoutlier set,
M thediscriminatve model,
f avectorof classi er function,amodelparameter
w avectorof classi er weights,amodelparameter

athresholdof likelihood,a modelparameter

Table 1. Summaryof symbolsused



5.1 Model Formulation

Our modelis a four-tuple representatiod (x;f;w; ). Givenan evaluationdataset
(X;Y), anensembleof classi®erd = (fi(x); ¢¢¢;f (x)) T, we wantto achieve two
objectives.

1. Toinfer aboutthe hiddenvariablezZ thatdistinguishesion-outliers(Xg; Yo) from
outliers(Xa; Ya).

2. To computethe optimal ®t for model parametersv and, in the discriminatve
modelM (x;f;w; ).

An assumptions madethateachnon-outliersample(x;;yi) 2 (Xo; Yo) is dravn
from anindependenidenticaldistribution belongingto a probability family character
izedby parametersv, denotedby a densityfunctionp((x;y); f; w). The problemis to
®ndthevaluesof w thatmaximizeghelikelihoodof (X ; Yo) in theprobabilityfamily.
As customarywe uselog-likelihoodto simplify the computation:

log p((Xo; Yo)jf;w)

A parametrianodelfor outlier distribution is not available,dueto the highly irreg-
ularity of the outlier data. Therefore we useinsteada non-parametristatisticshased
on the numberof outliers (k(X4; Y4)k). Then,the problembecomesan optimization
problem.Thescorefunctionto be maximizedinvolvestwo parts:(i) thelog-likelihood
termfor cleandata(Xo; Yo), and(ii) apenaltytermfor outliers(X4; Y4). Thatis:

i ¢
(w;,)" = argmax)' log p((Xo; Yo)if;w) i 3((Xa: Ya);w;,) @3)

wherethe penaltyterm,which penalizedaving too mary outliers,is de®nedas
(XA Ya)wi, ) = ek(Xa; Ya)k 4

w and, affect? implicitly. Thevalueof eis empirical.If eistoolarge,outlierswill
tendto be misclassi®edsinliersto avoid alarge penalty If e istoo small,mary inliers
will betreatedasoutliersandexcludedfrom the cleandatamodel®tting, leadingto a
seeminglygoodmodelthatactuallyunder®ts the true data.ln our experimentswe set
e?2 (0:2;0:3).

After expandingthelog-likelihoodterm,we have:

IC;? p((Xo; Yo)if; w)
log p((xi;Yi)if;w)

X%Xo X
log p(yijxi;f,w) + log p(xi)
Xi2X o Xi2X o

P
After we absorb % 2% , 109 p(xj) into the penalty term
3((Xa; Ya); w;, ), andreplacethelikelihoodin Eq.(3)with thelogistic form (Eq.(2)),



thenthe optimizationgoalbecome®ndingthebest®t (w;, §.
. X ¢
(w;, )" = arg max yig+ (i y)@i o

(ws,) Ki2Xo .

+ 3((Xa YA w;,) %)

Thescorefunctionto bemaximizeds notdifferentiablebecausef thenon-parametric
penaltyterm.We haveto resortto amoreelaboratdechniquebasedn the Expectation-
Maximization(EM) [3] algorithmto solve the problem.

5.2 Model Inferenceand Learning

Themaingoal of modelcomputatioris to infer the missingvariablesandcomputethe

optimal modelparameters,nderthe EM framework. The EM in generalis a method
for maximizingdatalikelihoodin problemswheredatais incomplete.The algorithm

iteratively performsan Expectation-StegE-Step followed by an Maximization-Step
(M-Step until convergenceln our case,

1. E-Stepitoimpute/ infer theoutlierindicatorZ basednthecurrentmodelparam-
eters(w;, ).

2. M-Step:to computenew valuesfor (w;, ) that maximizethe scorefunctionin
Eq.(3)with currentZ .

Next we will discusshow to imputeoutliersin E-Step,andhow to solve the maxi-
mizationproblemin M-Step.TheM-Stepis actuallyaMaximumLik elihoodEstimation
(MLE) problem.

E-Step: Impute Outliers

With the currentmodelparametersv (classi®erweights),the modelfor cleandata
is establishedsin Eq.(1),thatis, theclasslabel(y;) of asamplex; followsaBernoulli
distribution parameterizeavith the ensemblepredictionfor this sample(w T ¢f (x;)).
Thus,y; 'slog-likelihoodlog p(yijxi;f;w) canbecomputedrom Eq.(2).

Notethattheline betweeroutliersandcleansampless drawvn by , , whichis com-
putedin the previous M-Step. So, the formulation of imputing outliersis straightfor
ward:

i . ¢
z; = sign log p(yijxi;f;w)i , (6)
where 1
Sign(x) = lifx<O
9 ~  0otherwise

M-Step: MLE

The scorefunction (in Eq.(5)) to be maximizedis not differentiablebecauseof
the penaltyterm. We considera simple approachfor an approximatesolution.In this
approachthecomputatiorof , andw is separated.



1. , is computedusingthe standardK-meansclusteringalgorithmonlog-likelihood
logp(yijxi;f;w). Theclusterboundariesrrecandidatesf likelihoodthreshold °,
which separatesutliersfrom cleandata.Thereis atradeof betweeref®cieng/ and
accurag when choosingthe value of K. In our experimentswe setK = 3. A
largerK valueslows down the computationput doesnot necessarilygainsmuch
onaccurag.

2. By ®xing eachof the candidate ®, w® canbe computedusingthe standardMLE
procedureRunningan MLE procedurefor eachcandidate ®, andthe maximum
scoregivenby Eq.(5)will identify thebest®t of (w;, ).

The standardVILE procedurgor computingw is describedasfollows. Takingthe
derivative of the non-outlierlik elihoodwith respecto w andsetit to zero,we have
@ X i el 1 ¢

@Vyzy yim"'(li yi)l+e'i =0
i 0

To solwe this equation we usethe Newton-Raphsomrocedurewhich requiresthe
®rst and secondderivatives. For clarity of notation,we useh(w) to denotethe ®rst
derivative of cleandatalik elihoodfunctionwith regardto w. Startingfrom w, asingle
Newton-Raphsomupdateis

P @hwy) it @(wy)

Wisr = We avav' av
Herewe have X
@(w)
— = (yii f(xi)
@V yi2Y o |
and, «
@h(W) T
= ali of(xi)f " (xi)

@V@VT | Yi2Y o |

Theinitial valuesof w areimportantfor computationcorvergence . Sincethereis
no prior knowledge,we cansetw to beuniforminitially.

6 Experiments

We usebothsyntheticdataandareal-life applicationto evaluatethe model's adaptabil-
ity to conceptshifts androbustnesdo noise.Our modelis comparedwith two previ-
ousapproachesBagging andWeightedBagging. We shaw thatalthoughthe empirical
weightingin WeightedBagging [17] performsbetterthan unweightedvoting, the ro-
bust regressionweightingmethodis more superioy in termsof both adaptabilityand
robustness.

C4.5decisiontreesare usedin our experimentsput in principle our methoddoes
not requireary speci®cbaseearningalgorithm.
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Fig. 1. Adaptability comparisorof thethreeensemblenethodson datawith abruptshifts.

6.1 Data Sets

Synthetic Data

In the syntheticdatasetfor controlledstudy a sample(x;y) hasthreeindependent
featuresx =< Xj;X2;X3 >, X; 2 [0;1];i = 0O; 1; 2. Geometricallysamplesarepoints
in a 3-dimensiorunit cube.Therealclassboundaryis a spherede®nedas

X2
B(X)= (xij c)’ir’=0
i=0
wherec =< ¢;; Cy; c3 > is the centerof the spherey theradius.,y = 1if B(x) - 0O,
y = 0 otherwise Thislearningtaskis noteasybecause¢hefeaturespacds continuous
andtheclassboundaryis non-linear

To simulatea datastreamwith conceptdrift betweeradjacenblocks,we move the
centerc of the spherethat de®nesthe classboundary The movementis along each
dimensionwith a stepof § +. The value of + controlsthe level of shifts from small,
moderateto large, and the sign of + is randomlyassignedndependentlyalongeach
dimensionFor example,if ablockhasc = (0:40; 0:60; 0:50), + = 0:05, thesignalong
eachdirectionis (+1;i 1;j 1), thenthenext blockwould have c = (0:45; 0:55; 0:45).
The valuesof + oughtto bein a reasonableange,to keepthe portion of sampleshat
changeclasslabelsreasonableln our setting,we considera conceptshift smallif +is
around0:02, andrelatively largeif +around0:1.

To studythe modelrobustnessye insertnoiseinto the training datasetsby ran-
domly ipping theclasslabelswith a probability of p. Cleantestingdatasetsareused
in all theexperimentdor accurag evaluation.

Theexperimentsshavn below areobtainedvhentheblock sizeequal2k, but sim-
ilar resultsareobtainedfor otherblock sizes(1k 4k, 8k, etc.).
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Fig. 2. Adaptability comparisorof thethreeensemblanethodswith mixed changes.

Credit Card Data

Thereal-life applicationis to build aweightedensembldor detectionof fraudulent
transactionsn credit cardtransactionsdatacontrituted by a major credit card com-
pary. A transactiorhas20 featuresjncluding the transactioramount,the time of the
transactionandso on. Detaileddatadescriptionis givenin [15,17]. Sameasin [17],
concepdrift in ourwork is simulatedby sortingtransactiongy thetransactioramount.

6.2 Evaluation of Adaptation

In thissubsectionve compareourrobustregressiorensemblenethodwith Baggingand
WeightedBagging. Concepshiftsaresimulatedoy the movementof theclassboundary
centerwhich occurbetweeradjacentiatablocks. Themaoving distancet alongeachdi-
mensioncontrolsthe magnitudeof concepdrift. We have two setsof experimentawith
varying £ values,both have abruptchangesoccurringevery 40 blocks,which means
thatthe abruptconceptchangingpointsare block 40, 80 and 120, wherez is around
0.1.1n oneexperiment,dataremainsstationarybetweenthesechangingpoints.In the
otherexperiment,small shifts aremixed betweerabruptones,with £ 2 (0:005 0:03).
Thepercentagef positve samplesuctuatesbetween41%; 55%).

As shown in Fig.1andFig.2, our robustregressiormodelalwaysgivesthe highest
performanceThe unweightedbaggingensemblefiave the worst predictive accurag.
Both baggingmethodsare seriouslyimpairedat conceptchangingpoints. The robust
regressionpnthe otherhand,is ableto catchup with thenew conceptquickly.

In the abore experimentsnoisesarearound10%. Experimentswvith varying noise
levelsarediscussedh the next subsectionln termsof learningspeedrobustregression
is comparableo, althoughalittle slowerthan,thebaggingensembled-or example the
total learningtime on 40 blocks,eachcontaining2000samplesis 76 secondgor bag-
ging, 90 seconddor weightedbagging,and110secondsor robustlogistic regression.
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Fig. 3. Rolustnessomparisorof thethreeensemblanethodsundervarying noiselevels.

6.3 Robustnessn the Presenceof Outliers

Noiseis the major sourceof outliers.Fig. 3 shawvs the ensembleerformancdor the
differentnoiselevels: 0%, 5%, 10%, 15%and20%. Theaccuray is averagedover 100
runsspanningl60blocks,with smallgradualshifts betweerblocks.We canmake two
majorobsenationshere:

1. Therobust regressionensemblesre the mostaccuratefor all the differentnoise
levels,asclearlyshavn in Fig. 3.

2. Rolust regressionalso gives the leastperformancedrops when noiseincreases.
This conclusionis con®rmedusing pairedt-testat 0.05 level. In eachcasewhen
noiselevel increasedy 10%, 15% or 20%, the decreasén accurag producedby
robustregressions the smallestandthe differencesarestatisticallysigni®cant.

The robustnesgesultsfrom the fact that the noisy samples/outlierare treatedas
hiddeninformationin themodellearning.Onceinferred,theoutliersareexcludedfrom
thecleandatamodel®tting. The experimentson syntheticdatasetsindeedprove thata
majority of noisy samplesarecapturedn thelearningprocedureln oneof the experi-
ments for instancewe inserted10% noiseinto a 2K datablock. Our modelidenti®ed
217outliers,amongwhich 189weretruenoisysamplesThefalsepositive ratewaslow.
This con®rmsexperimentallythatour robustregressiortechniquds goodat separating
datacausedy conceptdrift from noisydata.
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6.4 Experimentson RealLife Data

In thecreditcardapplicationwe build a classi®catiormodelto detectionof fraudulent
transactionsA transactiornas20 featuresncludingthetransactioramountthetime of
thetransactiongetc. We studythe ensembleerformanceaisingvarying block size (1k,
2k, 3k and4k). We shav one experimentin Fig.4 with a block sizeof 1k. The curve
shaws fewer andsmallerdropsin accurag with robustregressiorthanwith the other
methodsThesedropsactuallyoccurwhenthetransactioramouniumps.

7 Summary

In this paper we proposea discriminatve modelthat is highly adaptve to concept
changesndis robustto noise.The modelproducesa weightedensembleTheweights
of classi®erarecomputedy logistic regressiortechniquewhichensuregioodadapta-
tion. Furthermoregutlier detections integratedinto themodel,sothatclassi®emveight
traininginvolvesonly the cleandata,which leadsto the robustnesof theresultingen-
semble.For outlier detection,we assumethat a cleansamples belongingto certain
classfollows a Bernoulli distribution, which is parameterizethy the ensemblepredic-
tion. Outlierscanthusbe identi®edassamplesachwith a very smalllikelihood.The
classi®erweightsarethusestimatedo maximizethe datalik elihoodof the cleansam-
ples.

Comparedwith recentworks [16,17], the experimentalresultsshowv that our dis-
criminatve modelachieveshigheraccurag, adaptsto underlyingconceptshifts more
promptly, andis lesssensitve to noise. Thesebene®tsare attributed to the classi®er
weightingschemausinglogisticregressionandtheintegral outlier detectiortechnique.
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