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Abstract

In many practical classi�cation problems,mislabeled
datainstances(i.e., classnoise)exist in theacquired(train-
ing) dataandoftenhavea detrimentaleffecton theclassi-
�cation performance. Identifyingsuch noisyinstancesand
removingthemfromtrainingdatacansigni�cantly improve
the trainedclassi�ers. Onesuch effectivenoisedetectoris
the so-calledensemble�lter , which predictsthe instances
misclassi�edby multiple learnedclassi�ers as noise. This
paperproposesa novel noisedetectionmethodthat usesa
boostingensembleof the ensemblenoise�lter s. Multiple
ensemblenoise�lter s are built sequentially, with each one
workingon weightedinstances.Theweightingschemefol-
lows the general boostingidea and reducesthe weightsof
thoseinstancesthat are con�dently predictedas noise in
previous runs. This methodessentiallywraps an existing
ensemble�lter -basednoisedetectorwith a secondlayer of
boostingensemble. Our experimentalresultson a range of
real datasetsfromtheUCI repositoryshowthesuperiority
of theproposedboostednoisedetectors.

1 Intr oduction

Outliersandvariouskinds of errorsareunavoidablein
real data. For example,in medicaldomains,patientsmay
bemis-diagnosedthusclassi�ed into a wrongcategory. In
manufacturingprocesses,datasensorscan be affectedby
temperature,humidity, andotherenvironmentvariables,or
maybetemporarilymalfunctioning,leadingto possiblyab-
normalmeasures.In a dataacquisitionprocessthat is not
completelyautomated,humancanmake mistakesandtype
wrong numbersinto databases.All thesekinds of data
recordswith anomalousanderroneousvaluescanbeviewed
asnoise.Thatis,webasicallytakethesameview of “noise”
asin [12], whichde�nesnoiseasany datainstancesthatdo
not follow the“true” modelthatgeneratestherestmajority
of datarecords.

Much existing work hasshown that properhandlingof
noiseusuallyleadsto betterclassi�cationperformancethan
ignoringnoisein thetrainingdata[6, 11, 1, 5, 15, 12, 7]. In
general,therehave beenthreedifferentapproachesto han-
dling noisein dataanalysis:(a)designingrobustalgorithms
thatareinsensitiveto noise[9, 6]; (b) �ltering outnoise[1];
and(c) correctingnoisyinstances[11].

Robust algorithmsare mostly built with a complexity
controlmechanismsothattheresultingmodelsdonotover-
�t training dataandgeneralizewell to future unseendata.
Crossvalidation,Minimum DescriptionLength,andStruc-
tural Risk Minimization are somecommonly-usedmodel
selectionprinciples.

Noise�ltering techniquesidentify andeliminatepoten-
tial outliers and mislabeledinstancesin the dataset. One
typicalmachinelearningmethodin thiscategoryis tousean
ensembleof multiple classi�ersandtreatthedatainstances
thataremisclassi�edby a givenmajority of theclassi�ers
aspotentialdatanoise(or mislabeledinstances).

Noisecorrectionmethodsarebuilt upontheassumption
that eachattribute or featurein the datais correlatedwith
othersandcanbereliablypredicted.Thecorrectionprocess
startsby predictingthe valueof eachfeaturefor eachdata
instancefrom other features. Heuristicsare then usedto
determinewhetheroneshouldchange(“correct”) theorigi-
nal valueof a featurefor aninstanceto thepredictedvalue.
This approachis usually more computationallyexpensive
than the �rst two, and runs the risk of “correcting” clean
instances.

It hasbeenargued[4] thattherobustalgorithmapproach
is lesseffective than the other two approaches,which di-
rectlyhandlenoisein thetrainingdatabeforebuilding clas-
si�cation models.The�ltering approachseemsto besafer
thanthe correctingapproachsincethe noiseidenti�cation
effort cannotbe fault-proofand removing cleaninstances
is probablylessharmful thanmislabelingcleaninstances.
For example, in [8], it is shown that removing predicted
noise instancescan better improve classi�cation models
than“correcting” thelabelsof thoseinstances.



In thispaper, wefocusonatypicalensembleapproachto
noise�ltering, which is of muchresearchinterestlately [1,
5, 15, 12, 7]. Theensemble�lter methodessentiallybuild
multiple classi�ers andpredict the instancesmisclassi�ed
by majority or all of theclassi�ersasmislabeledinstances.
Existing work on ensemblenoise �lters differs from one
anothermainly in thefollowing aspects:

� multiple predictionsof an instancecouldbe from dif-
ferent classi�ers trainedon samedatasubset[1], or
the sameclassi�er trained on different data subsets
[5, 15, 12];

� datapartitioningcouldusehardn-fold crossvalidation
[1, 5, 15], or resampling(e.g.,bagging)[12];

� for then-fold crossvalidationpartitioning,eachclas-
si�er couldbetrainedonamajorset(aunionof �����

folds) [1, 5], or ona minorset(onefold) [15];

� predictionscouldbemadeonly for held-outinstances
[1], only for traininginstances[5], or for all instances
[15].

Wepickedabagging�lter asthebaselineensemblenoise
�lter methodinvestigatedin thispaperfor thefollowingrea-
sons.First, asdiscussedin [15], predictingnoiseon held-
out instancesmaynot beasaccurateaspredictingon train-
ing instances.Thus we want to usetrainedclassi�ers to
predictnoisemainly on traininginstances.Thebagging�l-
ter [12] is oneof the noisedetectorssatisfyingour needs.
Second,thecomparativestudyin [12] showedthatthebag-
ging �lter algorithmis amongthebestperformingmethods
for detectingclassnoise.Finally, thebagging�lter is anap-
propriatechoicefor building anotherlayerof ensembleon
topof it, asseenin Section3.

Aiming to improve the noisedetectionperformanceof
existingensemble�lters, we proposea novel boostednoise
�lter method,which combinesmultiple runsof a bagging
�lter . At eachrun, datainstancesareweightedusingpre-
vious�ltering resultsin sucha way thatcon�dent noisein-
stancesreceive lower weights. The main differencefrom
traditionalboostingfor classi�cationproblemsis thathere
we do not know the true noise identity of eachinstance.
Consequently, we cannot focus on incorrectly predicted
noise(we do not have this information)in eachsubsequent
run. Thus, we insteadfocus on instanceswith uncertain
noiseidentity.

In this paper, we comparetwo weightingstrategies for
the proposedboostednoise�lter approach.One is to re-
ducetheweightsof noisyinstancesin accordwith our con-
�dence. Thatis, themorelikely aninstanceis noiseaccord-
ing to our prediction,thesmallerweight the instancegets.
Thesecondstrategy is to reducetheweightsof bothnoise
andcleaninstancesin accordwith ourcon�dence.If weare

verycertainthataninstanceis clean(i.e.,correctlylabeled),
its weightsshrinksin thenext run, just like a certainnoise
instance.In otherwords,we try to focusonly on uncertain
instancesin subsequentruns.

In additionto thenew boostednoise�lter , thispaperdis-
tinguishesfrom existing work in thatwe focuson evaluat-
ing noisedetectionperformanceinsteadof inductive learn-
ing performanceafter eliminatingnoise. Sincethe bene�t
of removing noisefor classi�cationperformancehasbeen
shown in many papers,we mainly presentthenoisedetec-
tion performancein thispaper. Furthermore,weuseamore
comprehensive evaluationcriterion,precision-recallcurve,
to comparethe bagging�lter andboostedbagging�lters.
Ourexperimentalresultsoverawide rangeof UCI datasets
show that theboostedbagging�lter (with the �rst weight-
ing strategy above) can signi�cantly outperformthe base
bagging�lter , whenthenoiselevel is higherthan15%.

Most existing work dealtwith classnoise,which is usu-
ally acknowledgedasaneasierproblemthanattributenoise.
It is alsoreportedthathandlingattributenoiseleadsto less
gainthan�ltering classnoisein learningperformance[14].
Althoughwefocusonclassnoisein thispaper, themethod-
ology presentedis potentiallyuseful for handingattribute
noiseaswell.

The organizationof this paperis asfollows. Section5
discussessomerelatedwork. Section2 presentsthe base-
line bagging�lter usedin this paper. Section3 proposes
two boostedbagging�lter algorithms. Section4 shows a
comparative studyof the aforementionedalgorithmson a
rangeof UCI datasets,anddemonstratesthe effectiveness
of the boostedbagging�lter . Finally, concludingremarks
aregivenin Section6.

2 BaggingFilter

Thebasenoise�lter usedin this paperis shown in Fig-
ure 1. At the heartof the bagging�lter is the resampling
componentwhich generatesmultiple classi�ers,eachon a
randomsampleof theoriginal dataset.This is alsothecore
differencefrom the existing majority or consensus�lters
[5, 15].

In the algorithm, we simply return a ranked list of all
instancesin theorderof decreasingcertaintyaboutthenoise
identity of eachinstance. The certaintyis indicatedby a
noisecount( �
	 ) value. In theresultssection,we usethis
rankedlist to draw precision-recallcurves(seeSection4.2).
Of course,eithermajority or consensusvoting canalways
be usedto cut at a certainpoint to get a list of instances
predictedasnoise. However, sucha harddecisionmakes
evaluationmore dif�cult sincedifferentmethodsmay cut
at different points and have different precisionand recall
values.EvenanaveragedF-valueis not asintuitive asthe
precision-recallcurvespresentedin this paper.
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Figure1: Bagging�lter algorithm(BF).

The ResampleWithWeight() function returnsa bootstrap
sampleof data H following the normalizedweights I

(asprobabilities). The numberof bootstrapsamplesJ is
usually set to 10. The buildClassi�er() function returns
a trainedhypothesisfunction which is usedto predict the
classof eachinstance.Thenoisecount �
	LKNM�O recordsthe
numberof classi�ersthatmisclassi�esinstanceHPKNM�O .

3 BoostedBaggingFilters

In thissection,weproposetwo boostednoise�lters. The
basenoise�lter is thebagging�lter presentedin theprevi-
oussection. The two boostedbagging�lters (BBFs) dif-
fer only in instanceweighting. The �rst one (BBF-I) is
shown in Figure2. The algorithmessentiallyreducesthe
weightsfor instanceswith hightotal noisecountsaftereach
round since the weight of eachinstanceis equivalent to

IQKNM�OSRUTAV%WYXCZ\[ ] ^ . The numberof runs _ is given asan
inputin thealgorithm.It couldbeautomaticallydetermined
by usinga stoppingcriterion,e.g.,whenthenumberof in-
stancesthat have a noisecount of J dropsbelow certain
threshold. However, from our experiments,it is observed
that the noise�ltering resultsare relatively stablefor any

_a`cb . As a result, in our experimentswe simply pick
_
de�6f . Thealgorithmreturnsa rankedlist of instancesin
theorderof decreasingtotal noisecounts.

The secondalgorithm (BBF-II) is almost the sameas
Figure2 exceptfor theweightupdatestepattheendof each
round:

IQKNM�OhgcIQKNM�O/iFT

Vkj XCZ\[ ] ^�VFl m\jon

where p q is the middle noise count. A high value of
r

�
	LKNM�Os�tp
q

r

signi�es a high con�denceon the instance
beingeithernoisy or clean. This weightingschemeeffec-
tivelybooststheweightsof thoseuncertaininstances.Com-
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Figure2: Boostedbagging�lter algorithm- I (BBF-I).

paredto BBF-I, this algorithmreducestheweightsof clean
instancesin additionto con�dent noiseinstances.

4 Experimental Results

In this section,we �rst describethe datasetsused in
our experiments,then the experimentalsetup,and �nally
presentananalysisof results.

4.1 Datasets

We experimentedon the 12 datasetsshown in Table1.
They areavailablefrom theUCI MachineLearningReposi-
tory [10], andrepresentawiderangeof datacharacteristics,
with numberof instances� from 432to 67557,numberof
nominal features‡2ˆ from 0 to 61, numberof continuous
features‡2‰ from 0 to 30,andnumberof classesŠ from 2 to
5.

In ourexperiments,we assumeall thesedatasetsarerel-
atively cleanandinject arti�cial classnoiseto testtheper-
formanceof our proposednoise�lters. The assumptionis
not a badonegiventhatmostof thesedatasetsareeasyto
classify, asdiscussednext.

To get an idea about the inherentcomplexity of each
dataset,we canlook at theclassi�cationperformance.In-



Table 1. Summar y of datasets. Columns two
thr ough �ve are number of instances, number
of nominal features, number of contin uous
features, and number of classes, respectivel y.

Data � ‡�ˆ‹‡2‰ŒŠ

connect-4 67557 42 0 3
adult 48842 8 6 2

nursery 12960 8 0 5
mushroom 8124 22 0 2

sick 3772 22 7 2
kr-vs-kp 3196 36 0 2

car 1728 6 0 4
CMC 1473 7 2 3

tic-tac-toe 958 9 0 2
credit-a 690 9 6 2
WDBC 569 0 30 2
monks3 432 6 0 2

steadof repeatinga lot of experiments,we leverageon ex-
istingpublishedresults.For example,classi�cationaccura-
ciesarereportedonall thedatasetsin Table1 with different
noiselevelsin [16]. At 5%noiselevel, theaccuraciesrange
from a little over 50%to closeto 100%. TheCMC dataset
is themostdif�cult one(with a bestaccuracy of 53%),fol-
lowedby connect-4(with abestaccuracy of 75%)andother
datasets(all with an accuracy of 83% andabove). As we
shallseein laterdiscussion,theseobservationscanhelpex-
plainsomenoisedetectionresults.

4.2 Experimental Setting

To addnoise,we adoptthesamepairwiseschemeused
in [15]: given a pair of classes( •"Ž , •

q ) anda noiselevel
• , aninstancewith its label •"Ž is corruptedandmislabeled
as •

q with probability • , asis aninstanceof class•

q . This
corruptionmethodis a reasonablesimulationof real sce-
narios,in which usuallycertaintypesof classesarelikely
to bemislabeled.In thefollowing experiments,we corrupt
only onepair of classes(usuallythepair of classeshaving
thehighestproportionof instances).Thiswill leadto anac-
tual noisepercentagethat is lower thanthespeci�ed • , but
we still reportthevalue • (not theactualnoiselevel in the
dataset)in all results,asin [15].

Both thenumberof boostingruns _ andthenumberof
partitions J aresetto 10. Theclassi�er usedin thebuild-
Classi�er() functionin Figures1 and2 is theC4.5algorithm
[9] implementedin the Wekatool [13]. Default settingin
theWekatool is used.

Givena rankedlist of all instancesfrom themostlikely
noise to the least likely noise,we can cut at a sequence

of pointsandcalculateprecisionandrecall valuesat those
points.At eachcutpoint • , assumethereare ‘ truenoisein-
stancesin thetop • instances(in therankedlist) and ’ noise
instancesnot in thetop • instances,wede�ne precisionand
recallas “z”

T�•.M�•oMu–��Pd

‘

•

n

”

T�•(‘˜—�—/d

‘

‘š™5’>›

When we act conservatively andusea small • , the recall
valuewill be small andtheprecisionvaluewill usuallybe
high. As we predict all instancesasnoise,we will get a
100%recall but a low precisionvalue. When comparing
two curves,we sayoneis betterthantheotherif onecurve
is mostlyabovetheother.

Theoretically, we canhave onepoint on the precision-
recall curve for every • in œ3�

n�•�n

› › ›

n

�kž . To get smoother
curves,we draw averageprecisionandrecall valuesevery
50 instances.For example,the �rst point on the curve is
averagedover the�rst 50 • values.

4.3 ResultsAnalysis

Justby lookingattheprecision-recallcurves,wefeelthat
BF andBBF-I areeffective for mostdatasets.For example,
at a recall rateof 0.4, the precisionrate is higherthan0.8
for majority datasets(actually9 out of 12 at a noiselevel
of 15%). The onedataseton which BF/BBF-I work very
poorly is the CMC dataset,which happensto be the most
dif�cult datasetasdiscussedin Section4.1. Whenwe plot
the precisionvalues(with a recall rate of 0.4, at a noise
level of 15%)againsttheaccuracy valuesdiscussedin Sec-
tion 4.1(obtainedfrom [16]), weseeahighly linearcorrela-
tion betweenthem(seeFigure3, thecorrelationcoef�cient
is 0.93).

Figures5-12 show the precision-recallcurves for the
12 datasetsin Table 1. Overall, BBF-I signi�cantly out-
performsBBF-II, except for low ( Ÿ 20%) noiselevels for
the adult, car, and nursery datasets.The reasonBBF-II
performspoorly may be that too many cleaninstancesare
weightedlow. Thenoise�lter constructedin thenext round
losesstrongsupportfrom cleandatainstances,which are
actuallyvital to thesuccessof ensemble�ltering schemes.
Thisscenariowouldbemorecommonlyseenfor highnoise
levels. For low noiselevels, BBF-II may not suffer since
cleaninstancesareabundant.

The performanceof both BF and BBF-I decreasesas
noiselevel • increases;but BBF-I doessoatamuchslower
rate,thusprovidessuperiornoisedetectionperformanceto
BF for higher • values.More comparisonsaresummarized
in Table2. The win-tie-lossdecisionis basedon our sub-
jective judgment.Despitepossiblehumanerrors,thetrend
is clear that for high noisescenarios( •¡  15%), BBF-I is
dominantlybetterthanBF.
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Figure 3. The linear correlation between clas­
si�cation accurac y and noise detection pre­
cision.

Table 2. Summar y of comparisons between
BBF­I and BF for diff erent noise levels. A
win­tie­loss of ¢+�P¢>�P¢ means BBF­I is better
than BF on 4 datasets, comparab le to BF on
4 datasets and worse than BF on 4 datasets.

Noiselevel BBF-I vs. BF (win-tie-loss)
5% •
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Finally, we show an examplegraphon the effect of _ ,
the numberof runs usedin the boostingprocedure. Fig-
ure 4 draws several precision-recallcurveson the credit-a
datasetfor severaldifferent _ values(1, 2, 5, 25, and255,
respectively). Thenoiselevel usedis 25%. We mentioned
abovethatfor our experiments_ is �x edat 10. In this par-
ticular example,thereis actually no differencefor any _

greaterthan1.

5 RelatedWork

More completeanddetailedreviewsof existingwork on
ensemble�lter approachesto noisedetectioncanbe found
in many papers[15, 12, 14]. Herewefocusonwork related
to theideaof boostingnoise�lters.

VerbaetenandVan Assche[12] comparedn-fold cross
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Figure 4. Noise �ltering results on the credit-a
dataset with 25% noise level, with diff erent _

values. BF is essentiall y BBF­I (T=1).

validation, bagging,and boostingapproaches,and found
the �rst two work equally well and both are better than
boosting. It is worth noting that, in their work, boosting
is usedto geta basenoise�lter . At eachrun, eachtraining
instancethatis incorrectlypredictedby thetrainedclassi�er
getshigherweightsin thenext run. At theendof boosting,
the instanceswith largeweightsareidenti�ed asnoise. In
contrast,we apply theboostingideaon top of a basenoise
�lter . In short,their methodappliesboostingto classi�ers
(thoughthe �nal instanceweightsareusedfor noise�lter -
ing) whereaswe applyboostingto noise�lters.

Zhu et al. [15] mentioneda multiple roundnoiseelimi-
nationideawhichbearssomesimilarity to ourboostednoise
�lter , but they did not formulate it as a second-level en-
semble. They reportedimprovementin numberof noisy
instancesremovedovermultiplerounds.At eachround,the
noiseidenti�ed from thepreviousroundis removed,along
with somecleaninstances.This canbe viewed asusinga
weightof 0 for theremovedinstancesandaweightof 1 for
therest.Basedonthisexplanation,ourapproacheffectively
usessoft weightingon all instances.Soft weightinghasan
advantagein thatsomeinstancesmaybeincorrectlyidenti-
�ed asnoiseat eachrun andthey have a chanceto becor-
rectedin later runs(whereasfor hardweightingeliminated
instancescannevermake theirway back).

John[6] proposedto build a robustdecisiontreeclassi-
�er by removing misclassi�edinstancesfrom trainingdata
overmultiple iterations(until everytraininginstancecanbe
correctlyclassi�ed by the trainedclassi�er). This canbe
roughlyviewedasa hardweightingcounterpartof our �rst
weightingscheme,but with asingleclassi�er noise�lter .



The instanceweighting schemeused in our boosted
noise�lters essentiallyfollows the formulation in [2], but
is basedon differentuncertainty/con�dencemeasures.An
indirect motivation comesfrom [3], which appliesboost-
ing to clusteringproblems. Thus, our paperalso effec-
tively serves as anotherexampleof applying boostingto
non-classi�cationproblems.

6 Conclusion

We havepresenteda novel boostednoise�lter approach
to identifying mislabeleddata. The proposedapproach
canbe seenasa goodexampleof usingboostingfor non-
classi�cation problems. We have demonstratedthe effec-
tivenessof sucha boostedapproachthroughexperimental
resultson 12UCI datasets.Thesuperiorityof theproposed
boostedbagging�lter algorithmto theregularbagging�l-
teralgorithmis clearlyseenfor mediumto highnoise(when
noiselevel is greaterthan15%).

In thefuture,wecancomparewith otherbase�lters such
as consensusclassi�cation �lter (using n-fold crossvali-
dation). We will investigatedifferent instanceweighting
strategiesin the boostingalgorithmandcompareotheral-
gorithmsfor thesecondlevel ensemble.
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Figure 5. Noise detection results on the connect-4dataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 6. Noise detection results on the adult dataset with six diff erent noise levels: (a) 5%; (b) 10%;
(c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 7. Noise detection results on the nursery dataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 8. Noise detection results on the mushroomdataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 9. Noise detection results on the sick dataset with six diff erent noise levels: (a) 5%; (b) 10%;
(c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 10. Noise detection results on the kr-vs-kpdataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 11. Noise detection results on the car dataset with six diff erent noise levels: (a) 5%; (b) 10%;
(c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 12. Noise detection results on the CMC dataset with six diff erent noise levels: (a) 5%; (b) 10%;
(c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 13. Noise detection results on the tic-tac-toedataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 14. Noise detection results on the credit-a dataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 15. Noise detection results on the WDBC dataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 16. Noise detection results on the monks3dataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.


