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Abstract. Generalized Relevance Learning Vector Quantization (GRLVQ)
is combined with correlation-based similarity measures. These are derived
from the Pearson correlation coefficient in order to replace the adaptive
squared Euclidean distance which is typically used for GRLVQ. Patterns
can thus be used without further preprocessing and compared in a man-
ner invariant to data shifting and scaling transforms. High accuracies are
demonstrated for a reference experiment of handwritten character recog-
nition and good discrimination ability is shown for the detection of sys-
tematic differences between gene expression experiments.
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1 Introduction

Pattern classification is the key technology for solving tasks in diagnostics, au-
tomation, information fusion, and forecasting. Backbones of pattern classifi-
cation are the underlying similarity measures: they define how data items are
compared, and they control the grouping of data. Thus, depending on the notion
of similarity, a data set can be viewed and processed from different perspectives.
In learning vector quantization (LVQ) a data vector can be compared with a
prototype vector for example according to the Euclidean distance or the Man-
hattan block distance, the former measuring diagonally across the vector space,
the latter summing up distances along each dimension axis. Thereby, the block
distance better maintains the independence of the considered attributes’ physical
meanings, while the Euclidean metric allows shortcuts the attribute space. In
any case, the specific structure of the data space can and should be accounted for
by selecting the appropriate metric. Alternatively, metrics evolve their specificity
automatically during training within a certain range, as proposed by Kaski [5]
for extensions of the self-organizing map (SOM) or by Hammer and Villmann [4]
for LVQ-based learning. In biological sciences also the functional aspect of col-
lected data plays an important role: the organization of spatio-temporal patterns
for gene expression levels might be more revealing by comparing shapes of the
expression profiles rather than finding spatially close expression vectors. A com-
monly used measure to meet this purpose is given by the Pearson correlation
which describes the degree of linear dependence between two data sets. However
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attractive for pattern processing, attention must be paid to combining this mea-
sure with prototype-based learning methods, such as the unsupervised clustering
with SOM [6] or neural gas (NG) [7] or the supervised classification with LVQ [6].
Ad-hoc solutions just replace the Euclidean distance, stated in the original for-
mulations of the algorithms, by a correlation measure without paying attention
to the prototype update. Thus, winner selection is changed, but update is still
realized for minimizing Euclidean distances by wyew X X—Woiq [2], not for max-
imizing correlations. This realization is also found in commercial bioinformatics
tools, such as ArrayMiner, GeneSpring, or J-Express Pro for a SOM-based gene
profile clustering and visualization. The common goal of these programs is gene
expression analysis, i.e. the identification of key regulators and coexpressed
genes that determine metabolic functions in developing organisms. Since ex-
pression profiles are usually assigned to underlying biological objects, auxiliary
information for supervised classification is available, such as the developmental
stage of the probed tissues, or the stress factors applied to the growing organ-
isms. Here, the supervised generalized relevance learning vector quantization
(GRLVQ, [4]) is taken as basis for extensions, because its large-margin general-
ization properties and its metric adaptivity are founded on strict mathematical
derivations of the parametrized squared Euclidean metric [3]. The key issue of
GRLVQ is the minimization of a classification cost function; this central idea is
transferred to correlation-based similarity. Then we present an application of
the new GRLVQ-variant to detect bias in gene expression studies.

2 Generalized Relevance LVQ (GRLVQ) and extensions

Given a set of training data X = {(x’,y") € R? x {1,...,¢}|i = 1,...,n}

to be classified with d-dimensional elements x* = (af,...,2%) and ¢ classes.
A set W = {w‘l, e ,wk} of prototypes is used for the data representation,
w' = (wi,...,wi,y’) € RYx{1,...,c}, with class labels y* attached to locations

in the data space.
The classification cost function to be minimized is given in the generic form [4]:

- : A A (x) —dx(x')
E = x" where x)=2"2 AT
GRLVQ ;g((h( )) ax(x") di(x’)+d;(x1)
By summing up the classification costs of all patterns, Ecvq serves as a quality
measure of the classification depending on the similarity, or likewise dissimi-
larity, of the presented pattern x? and the two best-matching prototypes, w?*
representing the same label as x’ and w'~ a different label. Usually a sigmoid
transfer function g(x) = sgd(z) = 1/(1 + exp(—=x)) € (0;1) is applied [9]. The
implicit degrees of freedom for the cost minimization are the locations of the
prototypes in the weight space and, additionally, a set of free parameters A con-
nected to the function dx(x) = dx(x,w) comparing pattern and prototype. In
prior work, dx(x) was supposed to be a metric in mathematical sense, i.e. tak-
ing only non-negative values, conforming to the triangle inequality, and giving
a distance of d = 0 only for w = x. These conditions make an intuitive in-
terpretation of prototypes possible. However, if just a well-performing classifier

332



ESANN'2005 proceedings - European Symposium on Artificial Neural Networks
Bruges (Belgium), 27-29 April 2005, d-side publi., ISBN 2-930307-05-6.

333


















