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Abstract The problem of identifying and eliminating mislabeled

The problem of identifying mislabeled training exampletéai”ing examples has been widely studied particulariyén t
has been examined in several studies, with a variety of &3{tern recognition and machine learning literature [13,2,
proaches developed for editing the training data to obtdin®]- While some of these algorithms attempt to edit the
better classifiers. Many of these approaches involve appRjislabeled examples during model building, others apply
ing an individual or an ensemble of classifiers to the trajnif0ise filtering as a preprocessing step prior to executie th
set and filtering the mislabeled examples based on their cBidel building algorithms. The latter group of algorithms,
sistency with respect to the classifier’s outputs. In thislgt Which is the focus of this study, differs in terms of the
we formulate mislabeled detection as an optimization proBfategy used to determine whether a training example is
lem and introduce a kernel-based approach for filtering téslabeled. . .

mislabeled examples. Experimental results using a variety Some algorithms employ local learning methods such
of data sets from the UCI data repository demonstrate @k-nearest neighbork(NN) classification to measure the
effectiveness of our proposed method, compared to existﬁffﬁount of inconsistencies between the label of a training

nearest-neighbor and ensemble-based filtering schemes.€xample and the labels of its surrounding neighbors.  If
there is strong evidence of discrepancy among the labels, th

1 Introduction training example is tagged as mislabeled. One problem with

The presence of noise, in the form of mislabeled training etQ-IS app_roach Is that it do_es not propagat_e _the mislabeling
information to the detection of other training examples.

amples, often has an adverse effect on the performance.o - : . . !
o : . ach training example is examined independently, without
classifiers. As the amount of mislabeled examples increases

. . Cﬁnsidering the decisions made for other examples. Another
the classifiers become more susceptible to the model overfii- : . e
[oup of algorithms applies an ensemble of classifiers to

ting problem. This has led to considerable interest in devg1 o
oping techniques for identifying and eliminating misladzg| e.trammg examples and Qetects'whethe'r the class label
assigned to each example is consistent with the output of

examples from training data. e . . :
. . . : these classifiers. The main problem with this approach
According to Brodley and Friedl [1], mislabeling occurs o .
. . . o is that the classifiers used to detect mislabeled examples
due to a variety of reasons, including the subjective nature

of the labeling task, the mistakes made during data enfie constructed from a traln_lng set containing mlslab_eled
examples. As a result, the induced model may be biased

g?i tr;\?el\a(;ia?; |Inef orrgsg%r::tse dﬁ?};gg& thriatruﬁalabe?ﬁwards the mislabeled examples. The problem becomes
' 9 pie. ) . 9 may NapPellen more pronounced when the level of noise in the training
for instance, when experts are given the task of ratlngda

. : . . . ata is high.
particular observation aqcordmg to their personal juc gi."' ' The use of ensemble learning approaches for mislabeled
The assessments provided by some experts may disagree . . . .
. . . . etéction has become increasingly popular in recent years
with the general consensus, which lead to mislabeling &rr
. . o 5, 3]. The performance of such approaches strongly rely
Another potential cause for mislabeling is due to data entf : .
: : T : on the following two fundamental assumptions—(1) that the
mistakes which occur when transforming information on : .
aper to computerized forms due to illeaible or uncle§TOrs committed by the base models are independent of each
paper to p ) . 9 . o{her and (2) that the error rates of the base models should be
handwriting. Finally, mislabeling errors may also ariseswh . .
I - ) . ; less than 50%. Guaranteeing that both of these assumptions
there is insufficient amount of information to determine thé™ " . . 2
; . old is not a trivial task. This is because there are two types
true class label of a given example. For example, in t

medical domain, a physician may not be able to make t%eerrors often associated with mislabeled detection. AeTyp

. : ) . . . error corresponds to declaring a correctly labeled exampl
right diagnosis unless certain expensive medical proesdur ~ . . ;

) as mislabeled, while a Type 2 error corresponds to declaring
have been performed on a patient.

a mislabeled example as correctly labeled. As will be shown
in our experiments, the Type 2 errors in the base models may
o . .
*Michigan State University. Email: valizade@cse.msu.edu exce?d 50 _/0_ for ma_ny data sets, espeually when the noise
tMichigan State University. Email: ptan@cse.msu.edu level is sufficiently high.



Kernel methods are currently at the heart of mamnd to remove other suspicious examples whose class labels
machine learning algorithms. These methods are basedcannot be verified with high certainty. In NCN [7], the near-
the idea of projecting the data into a higher dimensionadt neighbors are chosen not only based on their proximity,
embedding, known as the Hilbert space, and searching liat also whether they are symmetrically placed around the
linear relations in the transformed space. The projecsongiven example. One problem with local learning methods
performed implicitly and specified by a kernel function thas that they do not propagate the mislabeling information to
facilitates the efficient computation of inner product beéw other examples in the data set. In other words, each train-
any two given examples. These methods have shown giagtexample is examined separately, without considering it
promise in solving a variety of clustering, classificatiangd effect on other examples.
dimensionality reduction problems. Ensemble-based methods [8, 5, 3] assume that the mis-

In this paper, we present a novel kernel-based approtabeled examples often produce conflicting class labelswhe
for detecting mislabeled training examples. Unlike othenultiple, independent classifiers are applied. Algorithms
approaches, we directly formulate mislabeled detectionthat belong to this category vary in terms of how the dif-
a constrained optimization problem and introduce a kerntdrent classifiers are constructed. Brodley and Fried! [1]
based strategy to find mislabeled examples. Experimentalused leave-one-out cross validation to generate an ensembl
sults indicate that our proposed method can effectively pif classifiers. They also proposed two approaches to detect
duce higher detection rate and lower false alarm rate comislabeled examples—consensus filter and majority vote. A
pared to existing ensemble and nearest neighbor methatsisensus filter tags an example as being mislabeled only
when applied to many real world data sets. if it is misclassified by all the classifiers in the ensemble.

The remainder of the paper is organized as follows. Sécless conservative method is to consider an example to be
tion 2 presents some preliminary background with relatedslabeled if it disagrees with the majority vote of the elas
work. Section 3 describes our proposed kernel-based misifiers. Verbaeten and Assche [9] considered an ensemble
beled detection approach. Experimental results are reghornethod for mislabeled detection based on boosting and bag-
in Section 4. Finally, we conclude with a summary of owging. John proposed an iterative method to remove exam-

contributions and directions for future research. ples by pruning a decision tree algorithm and then to rebuild
a new tree from the reduced data set [4]. Zhu et al. [5] in-

2 Background troduced a method based on partitioning a large data set into

LetD = {(x1,41), (X2,42), - - ., (Xn, yn)} be a collection of smaller subsets and building a corresponding classifier for

n training examples, where eaghis an instance of the inputeaCh subset. Jiang et al. [3] considered an ensemble of neu-
spaceR? andy; € {—1,+1} denotes its corresponding clasE networks for mislabeled detection while Venkatararan e

label. The objective of mislabeled detection is to idensfy@!- [10] employed an ensemble approach using support vec-

In the remainder of this section, we briefly review the redaténe problem with these ensemble-based methods is that the

work in this area. underlying models are built from a training set that corgain
mislabeled examples. Another problem is the requirement
2.1 Related Work that each base classifier must be independent and has type 1

and type 2 error rates of less than 50%, which may not hold

Recent years have witnessed growing interest in developiMgen the level of noise is sufficiently high.
effective methods for detecting mislabeled examples in the [N the past decade, kernel-based learning has found
training data. Similar to our proposed approach, most $ide applications in a variety of data mining and machine
the methods are designed to deal with random noise, instk&dning problems, including classification, clusteriagd
of systematic mislabeling errors. The existing methog¥nensionality reduction [11, 12, 13, 14, 15]. Through the
differ in terms of the strategies used to determine the tr€ of a positive semi-definite kernel function, kernelehs
classification of the training examples. learning exploits the inherent structure of the data and thu
Local learning methods [2, 6] assume that the class poduces highly effective results. Nevertheless, to date,
bels of mislabeled examples tend to disagree with the cl3§g not aware of any work that uses kernel-based learning for
labels of other examples in their surrounding neighborhodBislabeled detection. o
Sanchez et al. [2] used several variations of the kNN ap- One challenging aspect of kernel-based learning is the
proach, including depuration and nearest centroid nei,ghbq,ifﬁculty of choosing the appropriate kernel function adlwe
hood (NCN), to detect mislabeled examples. Depuratidt its corresponding kernel parameter [16, 17, 14, 18]. Al-
which was initially introduced by Marques et al. in [6], is afough many algorithms require the user to set the parame-
iterative process to modify examples whose class labels df§S manually, there have been several recent studiesagevot
agree with the class labels for most of their nearest-neighbt© the automatic selection of kernel parameters. Shi and Ma-



lik [17] recommended using a kernel width 8% to 20% This quantity also ranges between [-1,1] and can be

of the maximum distance between examples. Zelnik-Marioterpreted as follows:

and Perona [16] proposed a self-tuning approach to compute .

the local kernel width of a data poirt based on its distance 1. Whehnbél- Is close Ito d_'li the clqss labels of the nearest

to thekth nearest neighbor. Another promising strategy is to neighbors strongly disagree with.

programming [21], spectral graph partitioning [14] and un-

supervised learning of kernel matrix[15]. 3. Wheng; is close to zero, the nearest neighbors have
equal representations from both classes.

3 Methodology Therefore,§; can be used as a measure for detecting misla-

We begin this section with an introduction to the weightagh|ed examples. The smaller the valueSgfthe more likely
k-nearest neighbor classifier, which is the building blo€k @ is mislabeled.

our proposed kernel-based mislabeled detection algorithm

We also show how WKNN can be extended for handling the; Kernel-based Detection of Mislabeled Samples
mislabeled detection problem. Finally, in Section 3.2 WkBDMS)

discusses the limitations of using WkNN for mislabeled de-

tection, leading to the development of our proposed kernghe weighted kNN approach described in the previous sec-

based learning algorithm calle&BDMS tion has several inherent limitations. First, according to
) Equation (3.1), it predicts the class of a given exampledbase
3.1 Weighted-kNN approach (WkNN) on the assumption that other examples in its local neighbor-

hood are correctly labeled. Second, as can be seen from

A k nearest neighbor (kNN) classifier prediCtS the class |a@juati0n (33), the decision whether a given examp'e is mis-
of an example based on the majority vote of class lab@ieled has no impact on the analysis of other exarhples
among itsk nearest neighbors. One potential drawback wiliher words, mislabeled detection is performed locallywit
this approach is that finding the appropriate valuefds oyt propagating the decision to other examples. This makes
not a trivial task. Many algorithms employ the leave-oné-oghe detection process simple but not quite as effectives iEhi
cross-validation approach to determine the right value:forpecause the incorrect label of a previously known mislabele
but such an approach is not only time-consuming, they ggample is still being used to detect mislabeling of other ex
not guarantee that the optimlis chosen for the particularamples in its neighborhood. A more effective strategy is to
data set. propagate information about the correctness of a clas$ labe

Instead of using simple majority voting, the weighteg 3| the neighboring examples, but this is not a triviaktas
kNN approach takes into account the similarity between Qne way to propagate the decision is to replace gach
examples. More specifically, the class label for the trainign the right-hand side of Equations (3.1) and (3.3) with its

exampler; is determined as follows: corresponding predicted clagg, However, since this af-
fects the prediction of other examples, the process must be
(3.1) G; = M repeated for all the examples. Instead of iteratively com-
ZjEN(:pi) Wi puting ¢; in each round, we formulate mislabeled detection

o . directly as a quadratic optimization problem.
whereW = [w;;] corresponds to the similarity matrix be- | gt ;. be the probability that a training exampie is

tween all the training examples and(z;) is the neighbor- mnisjabeled. Therefore, the expected valuefois:
hood formed by thé: closest training examples af. The

predicted clasg; ranges between -1 and +1. Note that, dé3.3) Elyil = —piyi + (1 — pi)yi = (1 — 2p))ys,

pending on the choice of similarity function, it may also be . o

possible to extend the summation over all the training exadich —y; is the actual class if; is mislabeled.

ples, instead of restricting it only to thienearest neighbors. ~ We may derive a similar quantity as Equation (3.3)
To measure the extent of which the predicted class\$fich includes the probability that the training examples a

z; departs from its actual clags, the following margin-like mislabeled. However, we need to consider the following four

quantity [22] can be defined: situations:
1. Bothz; and its neighbot:; are correctly labeled.
(3.2) 6 = y-za‘eN(m Y5t i ghbo; y
. s = g 2eNw) 7
ZJ'GN(%') Wiy " TOtherwise, the right hand side of Equation (3.3) shouldlresthed ;s

= Yili or ;s of its neighbors.



2. x; iswrongly labeled but; is correctly labeled. to the following transformation{A + A’)/2. The resulting
symmetric matrix is positive semi-definite, which leads to a
convex objective function. Nevertheless, because this is a
4. Neitherz; norz; are correctly labeled. maximizatipn problem, the solution to (3.6) Iie§ alo.ng the
boundary, i.e.¥i : p; € {0,1}. Such a formulation yields
This can be accomplished by replacing eaghwith its a hard classification of the training examples, i.e., egds
corresponding expected value. The quanijtpecomes: classified as either mislabeled or correctly labeled.
It is also worth noting that the objective function given
_ EjGN(zi) (1 = 2p;)y;wi in (3.6) is maximized by declaring all the examples from one
(3.4 6 = (1—2pi)y; ) o :
D jeN () Wi of the two classes as mislabeled. This is because, if all the
training examples are from the same class, there is perfect
The above formulation can be generalized by extending #hsistency between the class label of an example and the
neighborhoodV (z;) to include all the training examples. class labels of its surrounding neighborhood. Clearly this
Note that, by replacing eagf with its expected value, is not our desired solution. To overcome this problem, a
the quantitys; becomes a measure of consistency betweggularization penalty term is introduced to avoid dealgri
the expected value of; and the expected value of theoo many examples as being mislabeled. Our objective
predicted classF(3;). Our objective now is to learn thefunction is now modified as follows:
probability vector, P = (py,ps,...,p,)" such thatd; is
maximized for alln training examples. In other words, weg3.7) max (1—2P) A(1-2P)—C||P||1,
would like to solve the following optimization problem: Pefo.1]”

3. x; is correctly labeled but nat;.

where C is a parameter that controls the tradeoff between

(3.5) peloa] & 0; maximizing the consistency of the class labels with their
! corresponding neighborhood examples (i.e., the first term)
— max (1= 2p,)ys 225 (1 = 2pj)yjwi; and minimizing the number of mislabeled examples (i.e., the
Pef0.1]" < ’ > Wi second term).
o Z Z (1 — 2p3)yswisy; (1 — 2p;) Rearranging the terms in (3.7), we obtain:
Pefo.1] S & 25 Wij (38)  max 4P'AP— (2eA+ 204’ + Ce)P
2

To compute the solution for the preceding optimization

problem, it is useful to rewrite the objective function ik Wheree is a row vector with all its elements being one. No-
following matrix notation: tice that the objective function in (3.8) is in quadraticrfgr

which can be solved efficiently using the Newton method de-
max (1 —2P)diag(Y)W D 'diag(Y)(1 — 2P) scribed in [23]. Specifically, because the constraints i th
Peo.a" formulation involve only the lower bound and upper bound
for P (it does not include other equality or inequality con-
n§traints), it can be solved very efficiently using the altfon
presented in [23] for large-scale problems.
In addition, because the formulation stated in (3.8)

wherelV corresponds to an x n similarity (kernel) matrix,
Y is ann x n diagonal matrix whose diagonal eleme
Y;; = y;, andD is ann x n diagonal matrix with diagonal

elements S S .
n depends only on the similarity between training examptes, i
D;; = Z wij, 1=1,2,...,n. is essentially a kernel-based method, allowing the proldéem
j=1 be solved in a high dimensional space known as the Hilbert
To simplify the expression, let space.
A = diag(Y)W D 'diag(Y). 3.3 Model Parameters
Therefore the objective function to be maximized can I@ur kernel-based mislabeled detection method requires the
written as follows: user to specify two parameters, the constarand the ker-
. nel parameter used to compute the similarity mak¥ix For
(3.6) ng’f}n(l —2P)'A(1 - 2P) example, if we use an RBF kernel function, the latter param-

eter corresponds to the kernel width, Note that both of
It is important to realize that the matrid in (3.6) is these parameteré'(and kernel parameter) are also presentin

not symmetric. However, following the approach in [22hther kernel-based learning formulations, including swpp
we may approximate it with a symmetric matrix accordingector machines (SVM). In this section, we describe thesrole



of these parameters in our formulation and present some of As a result, there are two versions of the kernel-based
the possible methodologies for estimating them. learning algorithm investigated in this studyKBDMS],

As previously noted, the paramet€rcontrols the num- which uses the fixed kernel width approach described above,
ber of mislabeled examples in KBDMS. Settidg = 0 andKBDMS2 which uses the variable width approach.
would result in declaring all the training examples from one
of the two classes as mislabeled. This is not the desired 4o0-Experimental Evaluation

lution because it assumes all the training examples shogls section presents our experimental setup and the sesult
belong to the same class. On the other hand, choosing a \&ined when applying KBDMS to a variety of data sets.
large value forC' yields a solution where all thg training ex-The objectives of our experiments are: (1) to compare the
amples are assumed to be correctly labeled,we.p; = 0. performance of KBDMS against other existing algorithms
In support vector machines, the parameteiis typi- (Section 4.2), (2) to illustrate the effect of applying difént
cally cho§en 'using mo'd'el selection methods such as ten-fgikse |evels (Section 4.3), (3) to illustrate the improvetse
cross-validation on training data. Unfortunately, suctrats i, classification accuracy when the mislabeled examples are
egy might not be directly applicable to mislabeled det@Ctigemoved (Section 4.4), and (4) to illustrate the effect gfdy

unless some of the mislabeled examples are known. HoWand Type-2 errors in ensemble methods on mislabeled
ever, it may be easier to identify a sample of correctly labelgetection (Section 4.5).

examples and then artificially inject noise into the sample.

We can then apply KBDMS to the data using different pa:1  Experimental Setup

rameter values of’. The value forC that gives the highest

detection rate of the artificially injected mislabeled ex#®8 T evaluate the performance of our method, we used a

could be selected as our parameter. For our experiments,4gety of data sets from the UCI data repository [24].

apply the same parameter valdé= 1, on all the data sets.Taple 1 shows a summary of the data sets. We artificially

As will be shov_vn in Sec_tion 4, we still obtain very accurat@ject noise to the data set by modifying the class labels

results even without tuning the parameter for some randomly chosen training examples. Similar to
As mentioned in Section 2.1, there are many ways éher previous works, we do not consider mislabeling due to

choose the width parameter of an RBF kernel function. systematic errors. Such type of mislabeling error is beyond

We apply the following two strategies in this paper: the scope of this paper. Each of our experiments is repeated

Fixed Width In this approach the kernel width is fixed at€n imes and the average performance is reported.

10% of the variance of the distance between examples. . ) ] .
4.1.1 Algorithms The following mislabeled detection al-

Variable Width Unlike the previous strategy, this approacforithms are chosen for our experiments:
employs a local kernel width associated with each
examplex;. As a result, the kernel width dependgvkNN: This corresponds to the weighted kNN algorithm
on the pair of examples whose similarity value is to  described in Section 3.1. We used the RBF kernel
be computed. To understand the rationale behind this function as the underlying similarity measure and fixed
approach, letr; be the scaling parameter corresponding  the kernel width to 10% of the variance of the samples

to exampler;. The scaled distance from; to z; as distance. After applying the algorithm, wkNN will tag
measured byt; is d(z;, z;)/o;, while the same scaled  a training example; as mislabeled if its corresponding
distance as measured by is d(x;, z;)/o;. Therefore, margind; (see Equation 3.3) is negative.
the squared distancé® betweenz; and z; can be
written as
d(zi,x))0; x d(zi,x5))0j = d* (x4, 1)/ (0:0;). Table 1: Description of data set.
i # of instances| # of attributes
Zelnik-Manor and Perona [16] proposed a method for lonosphere 351 34
selecting the local scale; based on the local statistics Vote 235 16
in the neighborhood of;. In our experiments, we Flare 1066 10
useo; = d(x;,zx) Which is the distance between Digits08 350 64
and its k-th nearest neighbor (where = 7 for all Diqits38 357 6d
our experiments). With this approach, the similarity Digitsse 363 6d
between; andz; is given by: Digitsl7 361 )
B o Digits27 356 64
wij = exp | —d*(zi, x;)/0i0; | Covertype 2526 10




KBDMS1: This corresponds to the KBDMS with fixed4.2 Comparison among Mislabeled Detection Algo-
kernel width methoflas described in Section 3.2. Noteithms
thatC' = 1 for all our experiments.
Tables 2 and 3 show the performance comparison (in terms

KBDMS2: This corresponds to the KBDMS with varlablemc TPR and FPR) between KBDMS1 and KBDMS2 against

width method as desqubed In Section 3.2. Note thgfher baseline methods when 10% and 30% of the training
¢ = 1for all our experiments. examples are mislabeled. Note that KBDMS2 outperforms
CCTree: CCTree stands for Consensus Cross-Validatiether competing methods for all the data sets. The perfor-
Tree Filter [1]. It partitions the training examples inténance improvements of KBDMS2 (in terms of both TPR
10 folds and uses 9 of the folds to build a decision tre@d FPR) are observed in every data set except for the Vote
The tree building step is then repeated 9 more timggta, in which KBDMS2 has a high TPR but also a relatively
each time leaving out a different partition. At the enbligh FPR. Comparing the results of both tables, the improve-
of the process, an ensemble of 10 tree classifiers is 8tgnts observed in KBDMS2 becomes even more significant
tained. The ensemble is then used to classify each of wieen the number of mislabeled samples increases.
training examples. A given example is declared as mis- In contrast, the performance of KBDMS1 is not as good
labeled if its class label disagrees with the predictioas KBDMS2, which shows that using a local kernel width is
made by all the classifiers in the ensemble. more effective than using a global kernel width. This analy-
. L sis shows that, similar to other kernel-based learning meth
MCTre_e: MTree stands for Majority Cross-VaI|d§t!on Tre_%ds, the performance of the method is quite sensitive to the
Filter [1]. It generates an ensemble of classifiers Usigflyice of kernel function and its corresponding parameters
the same approach as CCTree, except it uses majority gor most of the data sets, the TPR values for the
vote to decide whether a given example is mislabeleghsemple method are very poor. There are two interesting
More speC|f!caIIy, if the class label of the. eX""mplﬁoints worth noting regarding this method. First, the lower
disagrees V\_"Fh more than half_of the pred|Ct|ons mag€iues of TPR in both CCTree and CBTree suggest that
by the classifiers, the example is declared as mislabelgg,gensys filters have worse detection rates than majority

CBTree: CBTree stands for Consensus Bagg|ng Tree F||t@te filters due to their conservative decision making. The
[9]. This approach is very similar to CCTree except f€cond point is that, in many cases, the TPR of MBTree and

uses bootstrapping to create an ensemble of classifidYcTree is less than 50%, especially when the level of noise
is high. This could explain the poor performance observed in

MBTree: MBTree stands for Majority Bagging Tree Filtekne ensemble method as its Type Il error (which is equivalent

[9]. This approach is very similar to MCTree, except { 1 - TPR) is more than 50%. We will revisit this issue in
uses bootstrapping to create an ensemble of classifiesgction 4.5.

4.1.2 Evaluation Metrics Let D be a collection of train- 4 3 Robustness to Noise Level
ing examples. Suppos® C D corresponds to the set of

training examples that was wrongly labeled. Furthermogyr next experiment is to investigate the effect of noisellev
let M" C D be the set of examples tagged by the algorithgy, the performance of various algorithms. To make the plots
as being mislabeled. _ easier to visualize, we only show the results for KBDMS2,
We evaluated the performance of a mislabeled detectigisTree, and MCTree (knowing that KBDMS2 is better than
algorithm in terms of its True Positive Rate (TPR) and Falggsppms1 and wkNN, and majority vote filters are better

Positive Rate (FPR), which are defined as follows: than consensus filters). We use themeasure to compare
M NM the performance of the algorithms.
PR | |
T = M| Due to space considerations, we only show the results
M’ — (M’ 0 M) for four data sets. Note that the results on other data sss al
FPR = D — M| look very similar. For each data set, we vary the amount of

mislabeled examples from 5% up to 50%. Each experiment
Another possibility is to summarize TPR and FPR into iarepeated 10 times and we report the average values of their
single metric using the well-known;Fmeasure, which is acorrespondind’;-measure. From Figure 1, it can be clearly
widely used metric in information retrieval. seen that KBDMS?2 is generally superior than the other two
ensemble methods, except for the Vote data with noise levels
" ZFor the Digits38 data, the default width parameter in KBDM$# a below 20%. KBDMS2 also attains 100% TPR on the digits
WKNN produces a kernel matrix with most of its elements being!z8® data sets when the level of noise is less than 35%. However,

we used 20 percent of variance of the distance between saagiles width similar to the other approaches its performance starts to
parameter. !



Table 2: Performance comparison among various algorithi®b(of examples are randomly mislabeled) .
KBDMS1 | KBDMS2 [ WKNN [ CBTree[ MBTree [ CCTree | MCTree

TPR, FPR
lonosphere| .74, .08 .88, .03 77,.19 .006,0 | .45,.02 .02, .001 .24, .01
\ote .78, .05 .83, .08 .87,.10 15,0 .77,.03 .38,.004 | .76, .03
Flare .70, .13 .83, .17 .80,.20 | .56,.05| .72,.17 .59, .08 .70, .15
Digits08 .78, .02 99,0 .90, .10 0,0 .44, .006 .02,0 .37, .01
Digits38 .83,0.02 | .88, 0.005 .91,.10 | .003,0 | .43,.005 .02,0 .32, .007
Digits56 .80, .03 99,0 .90, .09 0,0 .54, .007| .008, .0003| .35,.01
Digits17 .76, .03 1.0,0 .89,.10 | .003,0 | .53, .008 .04,0 .24, .01
Digits27 77,.02 .97, 0.002 .91,.10 | .003,0| .50, .01 .014,0 .35, .007
Covertype | .986, .005| .9998, .0001| .998, .002| .02,0 | .35,.001 .007,0 .26, .001

Table 3: Performance comparison among various algoriti3®&(of examples are randomly mislabeled) .

KBDMS1 | KBDMS2 | WkNN | CBTree | MBTree | CCTree | MCTree
TPR, FPR

lonosphere| .62, .11 .83, .05 .68, .35 .002,0 .18, .03 .007,0 .09, .007
\Vote .52,.10 .80, .10 .71, .25 | .004, .001| .45, .06 .12, .004 42, .06
Flare .76, .45 .83, .17 .67, .32 .17, .02 .63, .20 .46, .06 .65, .16
Digits08 .56, .08 97,0 .67, .30 0,0 .20, .013 0,0 .05, .007
Digits38 .56, .07 .84, .005 | .67,.28 0,0 17, .02 0,0 .31, .05
Digits56 .55, .09 .98, 0 .70, .29 0,0 .19, .01 0,0 .07, .007
Digits17 .57, .08 1.0,0.0 .69, .29 0,0 .25,.015 0,0 .08, .006
Digits27 .56, .08 .98, .004 | .68, .27 0,0 .18, .02 | .006, .0003| .094, .01
Covertype | .863,.025| .96,.007 | .847,.11| .0003,0 | .25,.02 | .0004, .0001| .11,.01

degrade when the noise level increases. It is also intagesKBDMS2 In this approach, we discard any examples that
to observe that MBTree usually performs better than MCTree are found to be mislabeled by KBDMS2. We then
suggesting that bootstrapping might be more effective to train a new classifier using only the remaining training
create ensemble models for mislabeled detection compared examples.

to the 10-fold data partitioning approach.
MBTree This is analogous to the previous KBDMS2 ap-

proach, except we use MBTree for mislabeled detec-
tion. Again, we choose MBTree because it has better

So far, we have shown that KBDMS?2 has high detection rate Performance than MCTree.
and low false alarm rate even when the level of noise is high. _. L . .
The question is, how do the improvements in detection ra 2 Filter Th_'.s is another bgs_elme apprpach, where we train
and false alarm rates translate to making better claséifiers a .classmer on the training set without removing the
To investigate this issue, we split the original data into mislabeled examples beforehand.
two parts: a training set and a test set. The training set
contains 80% of the overall examples while the test %et
contains the remaining 20%. A
randomly introduced to the training set (i.e.,
remains unchanged).
To illustrate the effect of removing mislabeled exal
ples, we consider the following classifiers:

4.4 The Effect of Removing Mislabeled Examples

For this experiment, we also vary the amount of misla-
: : led examples from 5% to 50% to illustrate the effect of
Mislabeling errors are then. . .
noise level. We repeated the experiment 10 times for each
the test set. .
noise level and obtained the average accuracy over 10 runs.
Figure 2 shows the results of the experiments. It is clear
Mhat editing the training set by removing mislabeled exam-

ples is effective for both KBDMS2 and MBTree, but KB-
No Mislabeled This corresponds to the baseline approaéiVS2 makes better classifiers (even in the case of the Vote
in which the training set remains unperturbed. Wiéata set) due to its better performance at detecting migldbe
expect such an approach to produce classifiers with g@mples.
highest accuracy.
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Figure 1: F-measure comparison of different algorithmsifiasets with different noise levels

4.5 Analysis of ensemble filters 2 error rates (in terms of detecting mislabeled examples).
To capture their variability, we use a boxplot to show the
In our previous experiments, we were quite surprised distribution of errors committed on the different training
observe the poor performance of the ensemble methasits. Each box in the boxplot summarizes the following
especially in terms of their TPR. We conjectured that thifescriptive statistics: median, upper and lower quartiles
is because the Type 2 errors of the classifier might be greaténimum and maximum data values. We show the boxplots
than 50%. Assuming a null hypothesis in which an examglte both Type 1 and Type 2 errors on four different data sets
is correctly labeled, a Type 1 error corresponds to dedarim Figure 3. For each data set, we again vary the level of
a correctly labeled example as mislabeled (i.e., rejedtieg noise from 5% to 50%. Notice that the Type Il error exceeds
null hypothesis even though it is true). Meanwhile, a Tyf#% most of the time especially when the level of noise is
2 error corresponds to declaring a mislabeled examplehigh even though its Type | error is almost always less that
being correctly labeled (i.e., accepting the null hypoihe$0%. This observation is consistent with the results olethin
even though it is false). in the previous sections. While the ensemble-based filters

To verify our conjecture, we have created 10 differehfave moderately low false alarm rates, their TPR are very
training sets using the bootstrap approach. We then buyilgor. This explains the poor performance of the ensemble
10 different classifiers and compute their Type 1 and Typeethod on the given data sets.
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Figure 2: Accuracy comparison of different algorithms fatalsets with different noise levels

5 Conclusion

versus-one or one-versus-all methods often associatéd wit

Mislabeling of training examples is a pervasive problem ufulti-class learning. Another possible research directso
derlying many real-world data. This paper presents a notjincorporate the multi-class information directly inteet
kernel-based learning algorithm for detecting mislabebed objective function. Finally, we would like to expand the
amples. Unlike other existing methods, which have te@alysis to mislabeling resulting from systematic errors.
drawback of building models from incorrectly labeled data
or not propagating their results to other examples, we addré  Acknowledgement

these problems by formalizing it as an optimization problewide thank the anonymous reviewers for their valuable com-
and developing an iterative approach for solving it. We shanents about the paper.

that our proposed algorithm can effectively detect midizdbe

examples and is very robust even when the level of noisgiisferences
very high. We also demonstrated that the poor performance
of the ensemble method is due to their large Type 2 errors,

which violates the assumption for most ensemble method&l C. E. Brodley and M. A. FriedI.

(that the errors should be less than 50%).
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Figure 3: Type 1 and Type 2 errors of the base classifiers éetisemble method.
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