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Abstract

We extend soft nearest neighbor classification to fuzzy
classification with adaptive class labels. The adaptation
follows a gradient descent on a cost function. Further, it is
applicable for general distance measures, in particular task
specific choices and relevance learning for metric adap-
tation can be done. The performance of the algorithm is
shown on synthetical as well as on real life data taken from
proteomic research.
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1 Introduction

KOHONEN’ S Learning Vector Quantization (LVQ) be-
longs to the class ofsupervisedlearning algorithms for near-
est prototype classification (NPC) [8]. NPC relies on a set
of prototype vectors (also called codebook vectors) labeled
according to the given data classes. The prototypes loca-
tions are adapted by the algorithm such that they represent
their respective classes. Such, NPC is a local classifica-
tion method in the sense that the classification boundaries
are approximated locally by the prototypes. The classifica-
tion provided by the trained LVQ is crisp, i.e., an unknown
data point is uniquely assigned to a prototype based on their
similarity, which itself is uniquely related to a class. Several
extensions exist to improve the basic scheme.

Recently a new method, Soft Nearest Prototype Classi-
fication (SNPC), has been proposed by SEO ET AL. [11]
in which soft assignments of the data vectors for the proto-
types are introduced. The determination of soft assignments
are based on a Gaussian mixture approach. However, the

class labels of the prototype vectors remain crisp and they
are fixed apriori as usual in LVQ.

Generally, the crisp (unique) labeling in LVQ-methods
has the disadvantage that the initial prototype labeling may
be not sufficient for the real class label distribution of the
data points in the data space. Data with different class la-
bels may be assigned to the same prototype (misclassifi-
cations) because the classes are overlapping. A solution
could be a post-labeling of the prototype labels according
to the data statistics given by all data vectors represented by
the considered prototype leading to a fuzzy labeling [13].
However, this method is not appropriate for online learn-
ing, since crisp prototype label information is essential for
all classical LVQ-learning schemes to determine correct and
incorrect classification during prototype adaptation.

In this article we introduce a dynamic fuzzy labeling of
prototypes. This has the consequence that the required in-
formation of correct or incorrect classification during learn-
ing is lost and, hence, a new learning scheme has to be es-
tablished. Based on SNPC we derive an adaptation scheme
for labels and prototypes such that adaptive fuzzy labeling
can be achieved.

We apply the new algorithm to profiling of mass spec-
trometic data in cancer research. During the last years pro-
teomic1 profiling based on mass spectrometry (MS) became
an important tool for studying cancer at the protein and pep-
tide level in a high throughput manner. Additionally, MS
based serum profiling is a potential diagnostic tool to distin-
guish patients with cancer from normal subjects. The under-
lying algorithms for classification of the mass spectrometric
data are one crucial point to obtain valid and competitive
results. Usually one is interested in finding decision bound-
aries near to the optimal Bayesian decision. Especially, for

1Proteome - is an ensemble of protein forms expressed in a biological
sample at a given point in time [1].



high-dimensional data this task becomes very complicate.
Further, for cancer research it is important to get a judge-
ment about the safety of the classification. The proposed
method offers a solution to these issues introducing fuzzy
classification with relevance learning.

2 Crisp learning vector quantization

Usual crisp learning vector quantization is mainly influ-
enced by the standard algorithms LVQ1. . .LVQ3 introduced
by KOHONEN [8] as intuitive prototype-based clustering al-
gorithms. Several derivatives were developed to improve
the standard algorithms to ensure, for instance, faster con-
vergence, a better adaptation of the receptive fields to opti-
mum Bayesian decision, or an adaptation for complex data
structures, to name just a few [5, 9, 12].

Standard LVQ does not possess a cost function in the
continuous case; it is based on the heuristic to minimize
misclassifications using Hebbian learning. The first version
of learning vector quantization based on a cost function,
which formally assesses the misclassifications, is the Gen-
eralized LVQ (GLVQ) [10]. To be insensitive on the initial-
ization and avoiding local minima, GLVQ can be combined
with neighborhood learning yielding the Supervised Neural
Gas (SNG). Further, both approaches can be extended by
metric adaptation according to the given classification task.
The respective relevance oriented algorithms are GRLVQ
and SRNG [4],[6]. It has been shown that GLVQ as well as
the extension SNG, GRLVQ, SRNG optimize the hypothe-
sis margin [3].

Soft Nearest Prototype Classification (SNPC) has been
proposed as alternative based on another cost function. It in-
troduces soft assignments for data vectors to the prototypes
in order to obtain a cost function for classification such that
adaptation forms a gradient descent. In the standard variant
of SNPC provided in [11] one considers as the cost function

E (S,W) =
1

NS

NS∑
k=1

∑
r

uτ (r|vk)
(
1− αr,cvk

)
(1)

with S = {(v, cv)} the set of all inputsv and their class
label cv, NS = #S, W = {wr} the set of all codebook
vectors andW = {(wr, cr)} wherebycr is the class la-
bel of wr. The valueαr,cvk

equals the unit ifcvk
= cr.

Otherwise it is zero.uτ (r|vk) is the probability that the
input vectorvk is assigned to the prototyper. In case of a
crispwinner-takes-allmapping one hasuτ (r|vk) = 1 iff r
is wiiner forvk.

In order to minimize (1) in [11] the variablesuτ (r|vk)
are taken as fuzzy assignments. This allows a gradient de-
scent on the cost function (1). As proposed in [11], the
assignment probabilities are chosen to be of normalized ex-

ponential form

uτ (r|vk) =
exp

(
−d(vk,wr)

2τ2

)
∑

r′ exp
(
−d(vk,wr′ )

2τ2

) (2)

wherebyd is the standard Euclidean distance. The cost
function (1) can be rewritten into

Esoft (S,W) =
1

NS

NS∑
k=1

lc (vk, cvk
) (3)

and local costs

lc (vk, cvk
) =

∑
r

uτ (r|vk)
(
1− αr,cvk

)
(4)

i.e., the local error is the sum of the assignment probabilities
αr,cvk

2 to all prototypes of an incorrect class, and, hence,

lc (vk, cvk
) ≤ 1 (5)

Because the local costslc (vk, cvk
) (for shortlc in the fol-

lowing) are continuous and bounded, the cost function (3)
can be minimized by stochastic gradient descent using the
derivative of the local costs:

4wr =

{
uτ (r|vk)·lc

2τ2 · ∂dr

∂wr
cvk

= cr

−uτ (r|vk)·(1−lc)
2τ2 · ∂dr

∂wr
cvk

6= cr
(6)

using
∂lc

∂wr
= −uτ (r|vk)

2τ2
(ζ − lc) · ∂dr

∂wr
(7)

This leads to the learning rule

wr = wr − ε (t) · 4wr (8)

with learning rateε (t) restricted to
∑∞

t=0 ε (t) = ∞ and∑∞
t=0 (ε (t))2 < ∞ as usual. Note that this adaptation is

quite similar to classical LVQ2.1.
A window rule like for standard LVQ2.1 can be derived

for SNPC. The window rule is necessary for numerical sta-
bilization [8],[11]. The update is restricted to all weights
for which the local value

ηr = lc · (1− lc) (9)

is less than a threshold valueη with 0 � η < 0.25.

3 Dynamic fuzzy labeling for soft nearest
prototype classification

Up to now, the prototype labels are crisped and fixed in
advance. InDynamic Fuzzy Labelingfor SNPC (FSNPC)

2We introduceζ = (1− αr,cvk
) as an abbreviation



we allow dynamic fuzzy labelsαr,c to indicate the responsi-
bility of weight vectorwr to classc such that0 ≤ αr,c ≤ 1
and

∑NL
c=1 αr,c = 1. These labels areautomatically

adapted during learning. We remark that the class infor-
mation used to distinguish the adaptation rules for correct
and incorrect prototypes needed in (6) is no longer avail-
able now. Hence, in addition to an update rule for the fuzzy
labels, we have to introduce a new methodology for appro-
priate prototype adaptation.

For this purpose we can use the cost function introduced
for SNPC. Obviously, the loss boundary property (5) re-
mains valid. The stochastic derivative of the cost function
(3) according to the weights yields the prototype adaptation.
It is determined by the derivative of the local costs (4):

∂lc

∂wr
= −uτ (r|vk)

2τ2
· (ζ − lc) · ∂dr

∂wr
(10)

Parallely, the fuzzy labelsαr,cvk
can be optimized by gradi-

ent descent on the cost function, too. Taking the local cost
one has

4αr,cvk
= − ∂lc

∂αr,cvk

(11)

= −uτ (r|vk) (12)

and subsequent normalization.
We now turn to the derivation of a window rule for FS-

NPC in analogy to LVQ2.1 and SNPC, which is neces-
sary for numerical stabilization of the adaptation process
[8],[11]. For this purpose we consider in (7) the term

T = uτ (r|vk) (ζ − lc) (13)

paying attention to the fact that now theαr,cvk
are fuzzy.

Using the Gaussian form (2) foruτ (r|vk), the termT can

be rewritten asT = T0 ·Π
(
αr,cvk

)
with

Π
(
αr,cvk

)
=

exp
(
−d(vk,wr)

2τ2

)
∑

r′

(
ζ − αr′,cvk

)
exp

(
−d(vk,wr′ )

2τ2

)
(14)

andT0 =
(
lc · (1− lc)− αr,cvk

(
1 + αr,cvk

))
Obviously,0 ≤ lc · (1− lc) ≤ 0.25 becauselc fulfills the

loss boundary property (5). Hence, we have−2 ≤ T0 ≤
0.25 using the fact thatαr,cvk

≤ 1. Now, a similar argu-
mentation as in [11] can be applied: The absolute value of
the factorT0 has to be significantly different from zero to
have a valuable contribution in the update rule. This yields
thewindow condition0 � |T0|, which can be obtained by
balancing the local losslc and the value of the assignment
variableαr,cvk

.

4 Relevance Learning in SNPC and FSNPC
(FSNPC-R)

It is possible to apply the idea of relevance learn-
ing known from GRLVQ/SRNG to both, SNPC and FS-
NPC. The idea behind is to introduce a parametrized dis-
tance measure. Then, relevance adaptation extracts the
most important paramters for the given classification task
by weighting all paramters. To do so, we replace the
similarity measured (vk,wr) by a local and prototype
dependent parametrized similarity measuredλr

r (vk,wr)
with relevance parametersλr=(λ1 (r) , . . . , λm (r)), λj ≥
0,

∑
λj = 1. An example is the scaled Euclidean metric∑

j λj (r) ·
(
vj − wj

)2
. The update of the relevance pa-

rametersλr is obtained by the derivative of the cost func-
tion, determined by the gradient∂lc

∂λj(r)
using the local cost

(4) andγ = (ζ − lc):

∂lc

∂λj (r)
=

∂

∂λj (r)

∑
r exp

(
−dλr

r (vk,wr)
2τ2

)
· ζ∑

r′ exp
(
−dλr

r (vk,wr)
2τ2

)
(15)

= −
∑
r

uτ (r|vk)
2τ2

· ∂dλr
r (vk,wr)
∂λj (r)

· γ (16)

with subsequent normalization of theλj (r).

5 Experiments and results

5.1 FSNPC on synthetical data

First, we apply the FSNPC to a synthetical set of two
Gaussian classes, each consisting of900 data points in two
dimensions with different variances per data class and a
small overlapping region, see Fig. 1. We use the FSNPC as
a standalone algorithm with50 prototypes. The initial fuzzy
labeling is random at nearly around50% for each class per
prototype corresponding to an initial accuracy of around
46%. The FSNPC algorithm now optimizes in each step the
codebook vector positions and label information. Because
of the fuzzy property the codebook labels can change during
optimization. Indeed the labeling becomes nearly perfect
until the50th complete step of FSNPC which leads to a pre-
diction of 92%. To assess the classification rate we assign
prototypes with responsibility of at least60% to this class.
By this threshold we obtain a sufficiently good labeling after
300 complete steps. Note, that codebook vectors which are
clearly located within the region of a data class show very
pronounced fuzzy labels of about80%− 100% for the cor-
rect class. Only codebook vectors close to a class boundary
or in the overlapping class region are still undecided with
fuzzy labels of approximately50% for each class. It can be
seen during training that the codebook vectors in the over-
lap region switch frequently their labeling. This indicates



for the respective data points that the classification should
be taken as an unknown class label. This behavior is shown
in Fig. 1.

Figure 1. Plot of the overlapping synthetic
data sets. Data of class 0 are given as circles
together with respective codebook vectors as
stars, data of class 1 are given by ’+’-signs
with their codebook vectors as ×. Codebook
vectors without clear decision (labeling) are
indicated by a surrounding black square.

5.2 Application to proteomic data

The proteomic data set used for this analysis is based on
the well known prostate cancer set from the National Re-
search Cancer Institute (NCI) [2]. This set contains mass
spectra of prostate cancer specimens. One class is the con-
trol class, whereas the other are due to different cancer
stages. Overall, the set consists of222 training and96 test
data with input dimensionDV = 130 after preprocessing.
The spectra were first processed using a standardized work-
flow [2]. Model building was performed by application of
FSNPC-R onto the training data sets. Thereby, the number
of cycles of the FSNPC-R has been set tonc = 3000 with
nn = 88 as number of neurons.

The recognition rates obtained from the training data
set and the prediction rates from the test data set are com-
pared with respect to results obtained by the NCI-study [7]
and Supervised Neural Gas as an alternative state of the art
LVQ-approach (see above) in Tab. 1.

We see that FSNPC-R is capable to generate a suitable
classification model which led to prediction rates of about
85%. The results are mostly better than those reported from
NCI and SNG. Besides the good prediction rates obtained
from FSNPC-R we get a fuzzy labeling and thus a judge-
ment about the classification safety. Some of the prototypes
show fuzzy labels close to100% whereas others have val-
ues of about65 − 70% or even lower. For a further anal-

FSNPC-R SNG NCI study ([7])
Benign 86% 80.4% 78%

PSA ≤ 1 81% 20% n.a.
PSA ∈ [4, 10] 100% 29% 71%

PSA > 10 70% 48% 95%

Table 1. Prediction rates of correct classifi-
cation for the FSNPC-R and SNG compared
with NCI results on the NCI prostate cancer
data set. The different PSA levels refer to
different cancer states.

ysis of the prototypes with unclear prediction and the data
points which were wrong classified one has to consider the
receptive fields. In particular, the receptive fields of pro-
totypes with unclear prediction may indicate regions which
are overlapping in the data space. For the special kind of the
NCI data, this effect reflects partially the different, overlap-
ping cancer stages.

6 Conclusion

In this paper, we introduced the fuzzy labeling for SNPC
(FSNPC) approach and an accompanied relevance learning
method. For this purpose we developed a new methodol-
ogy for prototype update during learning because the unique
class information of prototypes necessary in standard LVQ-
methods is not longer valid and, therefore, cannot be used.
We derived an adaptation dynamic for fuzzy labeling and
prototype adjustment according to a gradient descent on a
cost function. This cost function is obtained by appropriate
modification of the SNPC costs.

In general the FSNPC-R algorithm will be used as a stan-
dalone algorithm or in combination with alternative LVQ-
schemes. The new fuzzy labeling learning vector quantiza-
tion can be efficiently applied to the classification of pro-
teomics data and leads to results which are competitive and
mostly better than results as reported by NCI. The extrac-
tion of fuzzy assignments through the algorithm allows the
introduction of an additional class label -unclassifiedif the
fuzzy assignment for the predicted class is under a predeter-
mined threshold (e.g.60%). Therewith, it is possible to get
a deeper understanding of the underlying data space, since,
by use of a sufficiently large number of prototypes, we get
a model which is capable to reflect the class boundaries for
overlapping classes and indicates this by unsafe fuzzy as-
signment values near to those boundaries.
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