





8 KERNEL-BASED TOPOGRAPHIC MAPS: THEORY AND APPLICATIONS
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Figure 10. Oil ow data set visualized using principal compo-
nents analysis (PCA) (left panel) and the GTM (right panel).
Because the GTM performs a nonlinear mapping, it can better
separate the three types of ow con gurations: laminar (red
crosses), homogeneous (blue plusses), and annular (green circles)
(46). (Reprinted with permission.)

of web navigation sequences (49), and to spatio-temporal
clustering of transition states of a typhoon from image
sequences of cloud patterns (50). In another case, the
GTMiis used for micro-array data analysis (gene expression
data) with the purpose of nding low-con dence value
genes (Fig. 14), which, in the map, become more spread
away from the region representing the bulk of the data (51)
than an alternative method, NeuroScale °. Furthermore, a
single two-dimensional visualization plot may not be suf -
cient to capture all of the interesting aspects of complex
data sets. Therefore, a hierarchical version of the GTM has
been developed (53). A nal note on the GTM and its
application to data mining: The mapping function used
by GTM could not be meaningful as an explanation of
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Figure 11. Visualization of the trajectory in a 20 20 GT™M
lattice of the activity of the tongue (electropalatographic data) of
speaker RK for the utterance fragment “I prefer ~ Kantto Hobbes for
a good bedtime book” (47). (Reprinted with permission from Else-
vier Limited.)
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Figure 12. Magnetic resonance spectra of controls and three
types of Parkinson patients visualized in a 15 15 GTM map
(48). (Reprinted with permission from Wiley-Liss, Inc., a subsidi-
ary of John Wiley & Sons, Inc.)

the possible mappings, as it is based on a very arti cial
and arbitrarily constructed nonlinear latent space. For this
reason, the prior will have to be learned from data rather
than created by a human expert, as is possible for spring-
based models.

Regularized Gaussian Mixture Modeling. Heskes (20)
showed the direct correspondence between minimum dis-
tortion topographic map formation and maximum likeli-
hood Gaussian mixture density modeling (GMM) for the
homoscedastic case. The starting point was the traditional
distortion (vector quantization) formulation of the self-
organizing map:
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with P(i| v,,) the probability that input  v™ is assigned to
neurgy i with weight w; (i.e., the posterior probability, and
with ~ ; Pajv™p ¥l and Pdjv™p 0). Evenif we assign v"to
neuron i, there exists a confusion probability  1(i, j) that v"
is assigned to neuron j. An annealed version of the self-
organizing map is obtained if we add an entropy term:
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with Q; the prior probability (the usual choice is  Q; Ya—,
with N the number of neuronsinthe lattice). The nal (free)
energy is now:
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with b playing the role of an inverse temperature. This

SNeuroScale is an extension of the classical distance preserving
visualization methods of Sammon mapping and multidimensional
scaling. It uses radial basis function networks. For more informa-
tion, see Ref. 52.






