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Abstract

This paper presents an empirical evaluation on dimensionality reduction strategies by which dissimilarity—based
classifications (DBC) can be implemented efficiently. In DBC, classification is not based on feature measurements of
individual objects (a set of attributes), but rather on a suitable dissimilarity measure among the individual objects
(pair-wise object comparisons). One problem of DBC is the high dimensionality of the dissimilarity space when a lots of
objects are treated. To address this issue, two kinds of solutions have been proposed in the literature: prototype selection
(PS)-based methods and dimension reduction (DR)-based methods. In this paper, instead of utilizing the PS-based or
DR-based methods, a way of performing DBC in Eigen spaces (ES) is considered and empirically compared. In ES-based
DBC, classifications are performed as follows: first, a set of principal eigenvectors is extracted from the training data set
using a principal component analysis; second, an Eigen space is expanded using a subset of the extracted and selected
Eigen vectors; third, after measuring distances among the projected objects in the Eigen space using lp—norms as the

dissimilarity, classification is performed. The experimental results, which are obtained using the nearest neighbor rule with
artificial and real-life benchmark data sets, demonstrate that when the dimensionality of the Eigen spaces has been
selected appropriately, compared to the PS-based and DR-based methods, the performance of the ES-based DBC can be
improved in terms of the classification accuracy.

Keywords : dissimilarity-based classification(DBC), prototype selection based methods, dimension reduction based
methods, Eigen space based methods
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E 1. UCI ololefofl chHslf PS, DR % ESHez st&st
(Minkowski distance) Xi5=0]11, Zto otol| EA|ISH A= EZHAI
Table 1. Classification error rates(%) of NN classifiers trained using the PS, DR, and ES methods for UCI datasets. Here, p
denotes the order of Minkowski distance, while the numbers in the brackets are the standard deviations.
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wdbc 7 7 8 8 8 8 8 8 8 8
waveform 96 23300 234 234 235 235 234 239 237 236
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