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Abstract— K-means clustering combines a variety of striking
properties because of which it is widely used in applicatios:
training is intuitive and simple, the final classifier represents
classes by geometrically meaningful prototypes, and the gb-
rithm is quite powerful compared to more complex alterna-
tive clustering algorithms. In this contribution, we focus on
extensions which incorporate additional information into the
clustering algorithm to achieve a better accuracy: neighbthood
cooperation from neural gas, (possibly fuzz? label infornation
of input data, and general problem-adapted distances instsl

cooperation of neural gas networks [4], [18], [26] is inchdd

to avoid local optima; (potentially fuzzy) label informetti

can be incorporated into the clustering by means of an exten-
sion of the cost function [26], [27]; the so-called generedi
median allows to apply batch clustering to general distance
matrices [4], [15]. Here, we systematically combine and-ana
lyze these ideas and obtain a family of clustering algorghm
which can cope with the above-mentioned problems, thereby
maintaining the intuitivity of prototype-based clusteyinVe

of the standard Euclidean metric. These extensions can be
formulated in a simple general framework by means of a cost
function. We demonstrate the ability of these variants on seeral
representative clustering problems from computational bology.

demonstrate the effect of the different variants on several
typical classification problems from computational biglog

Il. BASIC CLUSTERING ALGORITHM

Assume data vectors € R? are given as stimuli, dis-
| INTRODUCTION S tributed according to an underlying probability distrilout

Prototype-based or k-means clustering is widely used ir(v). The aim of prototype-based unsupervised clustering
problems of computational biology such as gene expressigfito find a number of prototypes or weight vectars
analysis [16], [20], [23]. The algorithm combines severak? ; — 1, ... k representing the data points faithfully,
striking properties: it is fast, intuitive and very easy toe.g. measured in terms of the average deviation of a data
implement, the resulting classes are represented by thgiint from its respective closest prototype. The objectife
means and simple to interpret, and, despite its simplicitgjustering is a minimization of the quantization error
the algorithm is quite powerful. However, the algorithm
has several drawbacks when applied to typical problems in
computational biology: it optimizes the quantization ety
means of a simple batch optimization scheme similar to EM
(Expectation Maximization) algorithms [5]. It is well know : .
that these methods easily get stuck in local optima of théherex;(v) € {0,1} equalsl iff w; is the prototype located
cost function such that multiple restarts or computatiynal €10Sest tov in the Euclidean norm. For a given finite set
complex metaheuristics such as genetic algorithms or sim@f training datav,, ..., v,, sampled according t@®, the

lated/deterministic annealing have to be used [16]. Furthe duantization error can be optimized in a batch-optimizatio
particular for high dimensional or noisy data, minimizatio Schéme by determining in turn optimum assignments of data

of the quantization error does not yield meaningful cluster POINS to prototypes and optimum prototype locations fer th
rather, additional information such as cluster labels ar co@SSigned data points, i.e. the two following steps are ttepea
relation should be taken into account [12], [13]. In additio Until convergence: . . .
it depends heavily on the underlying Euclidean metric and 1) Given fixedw;, determiney;; = 1 if w; is closest to
yields inappropriate results if the standard Euclideanrimet v;, and0 otherwise. )
is not suited (e.g. for gene expression data where up- and2) Given  fixed ;;,  determine
down-regulations are more important than the absoluteegalu S XijVi/ Yoy Xij @s  center
[6], [25]) or not applicable at all (e.g. for protein sequesc the data points assigned to;.
of different length [19]). These steps are obtained when optimizing the cost function
Various approaches to overcome these problems have beeg,, for a given finite set of data points where the assign-
proposed in the literature: clustering for general progmi ments y,(v;) are taken as hidden variables for fixed;
data [7], [22], clustering with auxiliary information [13] resp. fixed assignments. It has been shown in [2] that this
clustering using annealing schemes or metaheuristics [&ligorithm converges in a finite number of steps and it can be
[16], clustering with adapted metric [1] or alternative geal interpreted as a (fast) Newton optimization scheme.
approaches, see e.g. [29] for an overview. However, these _ )
methods do not share the simplicity and easy interpretabiliA- Label information
of prototype-based clustering, often requiring quite cEp  Assume additional information in the form of (possibly
optimization schemes, such that they do not approximate itszzy) class labels is available which should be taken into
popularity. _ _ ) ) ~account when building the clusters. That means, for every
. Recently, various clustering algorlthms which partiallydata pointv; a class label; € R?, d being the number of
incorporate these issues and which are based on a cekisses, is available. Crisp labels correspond to unitovect
function similar to the quantization error have been preglos probabilistic interpretation requires that the composesft
in the context of prototype-based clustering: neighbochoaeachy,; add up tol. Here, general possibilistic labels can be
dealt with, i.e. no conditions have to be met fgrit has been
proposed in [9], [26], [27] to incorporate this information
into clustering by extending the respective cost functign b
a term which deals with the correctness of labels within

k
Exn(W) = % Z/Xj(v) (v —w;)2P(v)dv

Wi
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a cluster. Here, we transfer the ideadof [9]: assume eaéh Neighborhood cooperation

prototype is equipped with a lab®] € R” which represents  Tnere exists a variety of methods which include neighbor-
the mean fuzzy label of clustérand which is automatically nood cooperation into clustering, such as the self-orgagiz
determined during training. The cost function of supemtise jap (SOM) or neural gas (NG) [14], [18]. Due to its

k-means becomeBskn(W,Y) = fixed prior lattice, usually a two-dimensional Euclideardgr
Lk SOM is widely used for simultaneous data clustering and
‘ 2 visualization. However, the topology puts a bias towards
1-a) 3 Z/Xﬂ (v,) - (v = w;)"P(v)dv clustering which is misleading if the inherent data topglog
J=1 is not of the same dimensionality. Neural gas has the benefit
1 & ) that it learns a data optimum topology. The cost function of
+a- 3 Z/Xj(v,y) (y—Y;)*P(v)dv NG is given by
j=1

k
1 S . S
wherex;(v,y) =1if (1—a)-(v—w;)2+a-(y—Y;)? < Esne(W) = 2000 'Z/hk(l{j(”’ W) (0 —15;) P(dZ)
1—a)-(v—-w)+a-(y—Y)?foralll#j and it j=1

is 0, otherwise. That means, the prototypg with class
labelY; is closest to the data poirt and its labely in the - ; o
Euclidéan norm enhanced by the label information. Thereb J{thf tp}r)\o)tc?;y%eégggtggnag%c;rdgég ctgr\t/rclaevsilt?]tar?gaﬁtt))o?hood
a € [0, 1] constitutes a weighting of the two objectives, labe p( : P & 9

learning and a distribution of prototypes among the data. THange A > 0, and C(A) is the constan®__; hx(k;). In
quantization error is recovered for= 0. the limit of small neighborhood cooperation, i.&.— 0,

This cost function can be optimized in batch mode fothe standard quantization error of k-means is recovered. Fo
a given finite set of data. Optimum values Bf andY, A >0, the multimodal quantization error is smoothed and
given fixed assignments of the data points, and, in turff, becomes unimodal foh — oo. On the one hand, this
optimum assignments, given fixdfl andY can be directly Nneighborhood cooperation avoids that prototypes get &adpp
computed. As a result, the following two steps are iterateid local optima. On the other hand, the use of the ranks in
until convergence: EI_G allows arrlll |rr]1tr|n3|<; n|1ag|;n|.f|0ﬁfu%nd(.)f differences g the

i 1 (T — ) (v — )2 istances, which, particularly in high dimensions, tendhéo
b zc')r(g.w_er;/V.[;é }; (ieiX&J) ._(i_lf_(iv )Qaz_ ((yvf( VKJ)Y;S very similar due to the curse of dimensionality. Therefore,
for ailli I 7&3. and it is0 othérwisé Yi ! a better convergence can be observed for NG than for k-
2) For fixed s setw. 7’2 "'V'/.Z andy. — Means clustering. NG is usually trained with decreasing
S o yX/”Z T i Xig " Vil 2 Xigs i~ nelghbt?rh(l)og c?ope(;aglonh_such tfrw]atdg(l)Jod Oﬁmn’zla(\;o_f k-m_eags
iAW TS L g can robustly be foun this method. Usually, is traine
Note that the assignments of the receptive fields depend gnan onIineymode. For g given training set, glternative tbatc
the closeness of the prototype as well as the correctnessgjtimization can be applied as derived in the article [4]
its class Iabel, SUCh- that cluster blorders tend to follow th@om the NG cost function together with a convergence proof
class labels depending on the choicenofThe convergence simijlar to [2]. We refer to this batch optimization scheme by
proof provided in [9] applies to this scenario: the algarith gNG.
converges in a finite number of steps, whereby the solution is Again supervised label information can be incorporated,
a (local) optimum of the cost function under mild conditionsjielding the cost functiorEsgng (W, Y) =
on the output. Further, the scheme can be interpreted as a
Newton optimization w.r.t. prototype and label locatioas, 1 k
can be seen as follows: the updates of prototypes and labéls— o) - Yo\ Z/hx(kj(v, Y, W,Y)) - (v —w;)*P(v)dv
can be written in the form (A) j=1

wherek; (7, W) = |{w, | (7 — ;)2 < (F—;)?}] is the rank

> i Xij - (Vi —wy) 1 k
AW' = 2 b - . B .
! Zi Xij +a 20(/\) ; / hA(kJ (Vv y, W, Y)) (y Y]) P(V)dv
and 2
AV, — > Xij - (Wi —Y)) wherek;(v,y, W,Y) = {w; | (1 — @)(v — w;)? + a(y —
a > i Xij ' Y))? < (1—a)(v—w,)*+a(y — Y;)?}| denotes the rank

of prototypei measured according to the closeness of the

Newton's method for an optimization of the cost functiorcurrent data point and the prototype weight and labeling. Fo

yields a given finite set of training data, batch optimization can be
Nwj,Y;)=—J -H* performed by iterating the following two optimization step

T until convergence:

whereby./ is the Jacobian of the cost function w.kt; and 1) For givenWV, Y, setk;; = [{w;|(1—a)-(vi —w;)?+

Y; and H the Hessian matrix. Sincg;; is locally constant, s —Y)2 < (1—a)-(vi —w.)2 s — V)2

we obtain up to sets of measure zero the Jacobian J wi as the rank of prototypg givenv;.

entries 2) For fixedk;;, setw; = Zih,\(kij) vi) 32 ha(kij),
L—a) Y xig(wi —vi),a- > xi; (Vi —wi)); andY; =3 ; ha(kij) - yi/ D ha(kig)-
(1 -a) Z:XJ(WJ Vi), & ;Xﬂ( 5=y As before, convergence can be guaranteed [9], and the

unsupervised versions are recovereddos 0. One can see
and the Hessian with diagonal entriels— «) - >, x;; for  as beforehand that this method can be interpreted as Newton
the components correspondingw#g anda - ), x;; for the optimization. Note that this update scheme maintains the
components corresponding ¥, thus the above formulas intuitive character of k-means: the main differences cginsi
result. in an extension of the metric by label information and an



incorporation of all training points according to their kan ESBNGMCdian(W, Y)=
to determine cluster means and the averaged cluster label,
respectively.

C. Median clustering 1 n k )
Often, data are not embedded in a Euclidean vector space j
or the Euclidean metric is not appropriate for comparison,

such that the standard clustering versions cannot be applievherew; = v;, and k;(v;,y;, W,Y) = {w; | (1 — )

Instead, pairwise proximitiesfj = d(v;,v;) are available, d?zl +aly; - Y)? < (1—-a)-d +a(y; — Y;)?}|. Batch
which can stem from an arbitrary similarity measure or evegntimization yields !

an experimental evaluation. Thereby, there are no assumpP— ) )

tions on these values such as symmetry or positive definite-1) For givenW, Y, setk;; = [{w; | (1 — ) -djj, + -

ness. There exist several approaches in the literatura¢aex (yi —Y1)? < (1-a)-djj +a-(y;—Y;)*}| as the rank
vectorial clustering and classification methods to thisegah of prototype; givenv;.

setting such as supervised learning vector quantization fo 2) For fixedk;;, setw; = vy, forwhich )", .h)\(kij)-d%lv
general metrics [10], [24], or self-organizing clusterifay is minimum andY; =5 halkiy) - i/ ZJ:Z h(kiz). !

proximity data [22], [7]. However, these methods require . . ) . : .
either specific properties and adaptations of the algorith/dain, the minimum in step (2) is determined by extensive
according to the metric, or they do no longer rely on &earch, which can be accelerated by a restriction of pafenti
simple cost function similar to k-means. Here, we use theandidates and the sum to data points assigned to the
idea presented in [4], [15]: the mean is substituted by thi€Spective prototype as first or second winner. Supervised
generalized median. This procedure has the benefit thatedian k-means clustering (SKMMedian) is obtained for
can be immediately applied to any given distance matrig, — 0- Unsupervised median NG (BNGMedian) is obtained
and it maintains the simplicity of standard k-means. or = 0. In analogy to [4], [9], convergence of the

The main problem which prevents the applicability Oialgorithm in a finite number of steps can be proved: the

k-means consists in the fact that the prototype Ioc:atiorﬁneral convergence prove provided in [9] also applies to

e : js discrete scenario.
cannot be adapted within a continuous vector space a N ) L .
direct analytical optimization of the cost term given fixed '\Ote that the distance of the labels is still the Euclidean
assignments is not possible. In this case, however, a tiscr@'€tric. Obviously, this could also be substituted by an
adaptation of the prototypes within the locations given bglternanve distance measure such as the cross-entropy.
the data space is possible, i.e. we chooge= v;; for some

lj. D. Classification
Assume valuesi?, = d(v;,v;) are available. Then we . L . .
can formalize the cost function of k-means for the given We Will test the suitability of the algorithms to infer

(finite) data set in the following form for generalized matia Meaningful clusters by applying the methods to several
classification tasks where explicit label information o€ th

clustering data points is available. We evaluate the resulting claster
their capability of finding clusters which respect the class
;& labels. This can be evaluated by the classification error
EKMMedian(W) =5 ZXj(Vi) . d?zj induced by the clustering on an independent test set not used
== for training.

Note that any clustering induces a classification by pos-
. N terior assignment of a class label to the prototypes. This
where w; = wv;; characterizes the position of prototypeclass label can be determined as the majority of labels
J. As a consequence, batch optimization restricts possibd¢ data points assigned to the prototype. This yields an
prototype locations to the set of given training data. Weptimum assignment for the labels once the receptive fields
obtain by iterative optimization of this cost function thetth  are fixed. We will use this labeling for all fully unsupervise
steps methods. We can also use it for the variants incorporating
. label information; we will refer to these posterior labgfiof
1) For givenW wherew; = v;;, setxi; € {0,1} 101  gm, SKMMedian, SBNG, and SBNGMedian by SKM

iff g, is minimum. .  SKMMedian", SBNG', and SBNGMediah.
2) For fixedy;;, setw; = vy, for which 3=, x;; - df;  is The incorporation of label information also leads to a
minimum. direct classification determined by the trained labgls

. ) ) ) _For crisp classification, we can thereby take the majority

Thereby, the minimum in step (2) is determined by extenswgomponent ofY; as the output label ofv;. We will refer
search. Optimization techniques either by exact refortiara g this labeling by the standard variants SKM, SKMMedian,
of the procedure as presented in [3] for median SOM, atBNG, and SBNGMedian. Posterior labeling of prototypes
by heuristic optimization e.g. restricting the set of pdi@n assigns optimum labels to the prototypes with respect to
candidate locations to data points assigned to the respectfhe Euclidean distance, therefore, the two version SKM and
prototype allow to speed up this procedure. SKM* (resp. SKMMedian and SKMMedian ...) do not

The same idea can be transferred to the versions incormtiffer if the methods did already converge. Depending on
rating supervision and neighborhood cooperation. Supedvi the size of the data set, this need not be the case such that
median NG, for example, is described by the cost terrfBKM™ can yield better results than SKM.



IIl. EXPERIMENTS Wisconsin breast cancer

Typical data sets in computational biology show different The Wisconsin breast cancer diagnostic database is a
characteristics depending on the concrete applicatioa: arétandard benchmark set from clinical proteomics [28]. It
often, data are described by feature vectors such as reg@nsists of 569 data points described by 30 real-valued
valued measurements for medical diagnosis or global imadfgPut features: digitized images of a fine needle aspirate of
characteristics for biomedical image processing. Sinee fePreast mass are described by characteristics such as form
ture vectors are included in the Euclidean space, standz#fd texture of the cell nuclei present in the image. Data are
Euclidean clustering can be used. For biomedical imagdgbeled by two classes, benign and malignant.
alternative characteristics can be found sometimes: chara The data set is contained in the Euclidean space such that
teristic shapes (described e.g. by a sequence of simple foyg can compare all clustering versions as introduced above
elements such as line segments) or a decomposition of tf@ this data set using the Euclidean metric. We train 40
image into homogeneous regions and their mutual relatigieurons using 200 epochs. The dataset is z-transformed and
(|e a graph or tree representation)_ These latter repi@se randomly Spllt into two halves for each run. The result on the
tions cannot be compared by the Euclidean distance, ratht&st set averaged over 100 runs is reported. The resultffor di
Hausdorff distances, some form of alignment, or general tréerent choices of is depicted in Fig. 1 for median clustering.
or graph metrics have to be used. Symbolic sequence dataf@f the standard (non-median) Euclidean versions reported
different length constitute another very popular datacstru [9]: we obtain a test set accuracy @H57 for the supervised
ture in computational biology, covering genome or proteiiyersion and).935 for the unsupervised version, both setting
sequences. Usually, distances of sequences are determifiegr 0.9 Which is optimum for these cases. Results for k-
by appropriate alignment recovering evolutionary diseanc means yield an accuracy 0.938 for standard (unsupervised)
Another very widespread data type is constituted by (micrd¢-means resp. 0.941 for supervised k-means. Obvioushg the
or macro-) array-data characterizing e.g. gene expressiafe only minor, though significant differences of the resaft
patterns. Although these data are contained in the Euclidee different clustering variants on this data set: incegiion
vector space, the standard Euclidean metric is not the b&tneighborhood allows to improve k-means, incorporation
choice to compare two patterns; rather, the overall shape @f label information allows to improve fully unsupervised
the pattern and the expressed positions of up- and doweglustering. As expected, Euclidean clustering is supetoor
regulation are important. median versions (using the Euclidean norm) because the

We test the clustering methods proposed in this article onfimber of possible prototype locations is reduced for nredia
representative choice of data sets which cover these efiffer clustering. However, the difference is only3%, which is
aspects: the Wisconsin breast cancer data set, a benchnfiiti{e remarkable in consideration of the comparably small
from clinical proteomics where data are feature encodeflata set, thus dramatically reduced flexibility of protatyp
the Copenhagen chromosomes data set, a benchmarklasgations.
images from cytogenetics which are represented by stringsThe article [28] reports a test set accuracy of 97.5%
of different length characterizing the shape of the image&sing 10-fold cross-validation. Thereby, a problem addpte
a popular protein data set where pairwise distances a¢_La_SS|f_|cat|or_1 method was used (a large margin linear clas-
determined to estimate the evolutionary distance; andlyfina Sifier including feature selection). This differs from our
macroarray data of gene expression experiments. All d&ga sBest classification result by 1.8%. Thereby, the goal of our
are labeled such that an evaluation of the clustering by meafPProach is a faithful prototype-based representatiorats,d
of the classification error is possible. Note, however, that such that the result is remarkable.
goal of the algorithms is meaningful clustering of data lbdase
on a chosen similarity measure and cost function. Hence, | [T &8

the classification error gives only a hint about the quality I et
of the clustering, depending on whether the class labels aré| |- wm"
compatible to the data clusters and chosen metric or not. For
simulation the data set was randomly split 50% / 50% into*“|

a training set and a test set with fair label distribution.
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Fig. 2. Results of the methods for the chromosomes datalrabgaaying
mixing parameterx.

Chromosomes

& & - &~ 3 The Copenhagen chromosomes database is a benchmark
from cytogenetics [17]. A set of 4200 human nuclear chro-
Fig. 1. Classification accuracy (in %) obtained by the déférmedian MOsomes from 22 classes (the X resp. Y sex chromosome is
clustering algorithms forx ranging fromo0.1 to 0.9 on the Wisconsin breast not considered) are represented by the grey levels of their
cancer dataset. images and transferred to strings representing the profile
of the chromosome by the thickness of their silhouettes.




Thus, this data set is non-Euclidean, consisting of striofgs [8] reports errors which approximately add up to 0.4 for the
different length, and standard k-means clustering canaot keave-one-out error. This result, however, is not comgdarab
used. Median versions, however, are directly applicabhe. Tto our results due to the different error measure. A 1-
edit distance is a typical distance measure for two strirfgs aearest neighbor classifier yields an accuracy 91.6 for our
different length, as described in [11], [21]. In our applioa, setting (k-nearest neighbor for larger k is worse; [8] répor
distances of two strings are computed using the standard edih accumulated leave-one-out error of 0.65 for 1l-nearest
distance whereby substitution costs are given by the signedighbor) which is comparable to our (clustering) results.
difference of the entries and insertion/deletion costgaren
by 4.5 [21]. T
The algorithms have been run using 100 neurons and 100 + S
epochs per run. The results for different mixing parameters
«a can be seen in Fig. 2. The reported results consist of the
test set accuracy averaged over 10 runs. As can be seen
supervised median neural gas achieves an accuracy of 0;8¢
for « = 0.9. This improves by 6% compared to median
k-means. A larger number of prototypes allows to further
improve this result: 500 neurons yield an accuracy of 0.93.
for supervised median neural gas clustering and 0.91 for
supervised median k-means clustering, both takemfes
0.9. This is already close to the results of k-nearest neighbor |
classification which uses all points of the training set for
classification. 12-nearest neighbor with the standard edit! ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘

distance yields an accuracy 0.944 as reported in [11] wkerea Vg et

more compact classifiers such as feedforward networks or _ _ _

hidden Markov models only achieve an accuracy less thdpf: 4. Results of the median versions for the gene exprestitabase
- Using Pearson correlation and varying mixing paramater

0.91, quite close to our results for only 100 prototypes as

shown in Fig. 2.

Gene expression

The data consist of expression patterns of 1421 genes
from filial tissue of barley seeds during 7 developmental
stages O, 2, ..., and 12 days after flowering obtained from
macroarrays. Each experiment has been repeated twice for
control purpose. A labeling indicating which of these two
series data come from is available. As pointed out in [24], a
clear experimental bias can be detected which can be tracked
to a slight shift in assigning developmental stages in the
two sets of independent experiments. This can be detected
using e.g. supervised classification methods which report a
classification accuracy which clearly deviates from a ramdo
classification of 50% for unbiased examples [24].

‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ Data are Euclidean, thus the standard Euclidean distance
° o o o o * can be used. However, for gene expression data the corre-
lation of up- and down-regulation is much more important
Fig. 3. Results of the methods for the protein database wdiggment than the absolute size. Therefore, various different sirityl
distance and varying mixing parameter measures have been proposed in [24] which include the
Pearson correlation of two gene expression series. [24]
: uses generalized relevance learning vector quantization,
Proteins supervised metric-based large-margin classifier whichbean

The evolutionary distance of 226 globin proteins is deadapted to the correlation as distance function. [24] rspor
termined by alignment as described in [19]. These sana classification accuracy of nearly 50% for the standard
ples originate from different protein families: hemoglebi Euclidean metric, i.e. a random classification. The sintylar
a, hemoglobing, myoglobin, etc. Here, we distinguish five d(v;,v;) = 1/C(v;,v;)*, C(vi,v;) being the Pearson
classes as proposed in [8]: HA, HB, MY, GG/GP, and othergorrelation coefficient, yields to a test set accuracy 6495

We use 30 neurons and 300 epochs per run. The accuraeljich indicates a clear bias of the experiments.
on the test set averaged over 50 runs is reported for differen For clustering, we use 15 neurons and 150 epochs. Train-
valuesa in Fig. 3. Here, the optimum can be observed foing and test set are once again randomly split into halves and
supervised median neural gas amd [0.1,0.5] , indicating the average over 25 runs is reported. On the one hand, we
that the statistics of the inputs guides the way towards @se the standard Euclidean metric, which yields an accuracy
good classification accuracy. However, an integration ef thof about 50% just as reported in [24], i.e. no learning takes
labels with small mixing parameter improves the accuragglace. On the other hand, we train median clustering based
by nearly 10% compared to fully unsupervised clusteringon the metricd(v;,v;) = 1/C(v;,v;)?, C(vi,v;) being
As beforehand, integration of neighborhood cooperatiom inthe Pearson correlation coefficient. Results of these rums a
k-means is well suited in this scenario. Unlike the resulteeported in Fig. 4. Clearly, results better than random gues
reported in [8] for SVM which uses one-versus-rest encodtan be obtained, whereby the best result 63.4% approximates
ing, the classification in our setting is given by only ondhe result of the (much more flexible and fully supervised)
clustering model. Depending on the choice of the kernefjeneralized learning vector quantization. Data are noisy,
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