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using decision tree as classifier (SSV) on the reduced data. Moreover, a very simple
tree with 7 nodes and 4 leaves is created. Comparing this with the results in Table
4 one can confirm that this is really the best possible classification method for this
data, giving in most crossvalidations 100% accuracy. Moreover, analysis of the QPC
projection coefficients helps to convert the solution obtained to logical rules in the
original space.

4 Conclusions

The holy grail of computational intelligence is to create methods that will automati-
cally discover the best models for a given data. There is no hope that a single method
will be always the best and therefore multistrategy approaches [10] should be de-
veloped. Most known machine learning methods may be presented as sequences
of transformations. Searching in the space of all possible transformations may be
done in an automatic way if a restricted framework for building models is provided,
such as the similarity based framework [8]. However, in a general case of arbitrary
transformations such search may be quite difficult. Linear separability is the most
common, but not the best goal of learning. Initial transformation may show non-
linear structures in the data that – if noticed – may be easy to handle with specific
transformations.

Visualization may help to notice what type of algorithm is the most promising.
Several linear and nonlinear visualization methods presented here proved to be use-
ful in dimensionality reduction, evaluation of the reliability of classification for indi-
vidual cases, but also discovering whether simple linear classifier, nearest neighbor
approach, radial basis function expansion, naive Bayes or a decision tree will pro-
vide simplest analysis. In particular the QPC index recently introduced [16] proved
to be quite helpful, showing structures in the Monk 1 problem that other methods
were not able to reveal. Studying visualization and transformation-based systems
should bring us a bit closer to systems that use meta-learning to create automati-
cally the best data models.
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Fig. 2 8-bit parity dataset, from top to bottom: MDS, PCA, FDA, SVM and QPC.
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Fig. 3 Heart data set, from top to bottom: MDS, PCA, FDA, SVM and QPC.
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Fig. 4 Wisconsin data set, from top to bottom: MDS, PCA, FDA, SVM and QPC.
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Fig. 5 Leukemia data set, from top to bottom: MDS, PCA, FDA, SVM and QPC.
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Fig. 6 Monks 1 data set, from top to bottom: MDS, PCA, FDA, SVM and QPC.




