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Abstract. The purpose of this paper is to present a comparative study of the use
of three different Minkowski's metrics in the k-NN (k Nearest Neighbor
algorithm) classifier's design and operation: metric 1, euclidean and infinite. In

certain way, this paper is an experimental confirmation of the theoretical
concepts suggested in [5], aiming at finding an optimal metric for the design
and operation of the k-NN classifier. In this paper the k-NN algorithm is
applied to one of the databases that has been most used in testing pattern
recognition and machine learning algorithms, the Iris Plant Database. Our
experiments confirm the hypothesis presented by the authors of [5], in the sense
that euclidean metric tends to be the optimal metric for the k-NN algorithm.

1 Introduction

The k-NN algorithm (k Nearest Neighbor) is one of the longest-lived algorithms in
the area of pattern classification, its simplicity making it attractive to researchers
dedicated to pattern recognition and machine learning. As Cover and Hart [1]
mention, the first formulation of a nearest neighbor rule was presented by Fix and
Hodges in the early fifties. The nearest neighbor rule requires a set of labeled patterns,
also known as fundamental set, where the class to which each pattern belongs is
specified. This fundamental set is used to classify a set of test patterns, accounting for
the distances from a test pattern of unknown class to each and every pattern in the
fundamental set; assigning to the test pattern the class of the nearest pattern,
according to a metric or function of distance previously chosen [9-11].

In the k-NN method the distance from a test pattern to each element of the
fundamental set is calculated, the distances are sorted from lesser to greater and the
majority rule is applied to the classes of those nearest k patterns, being k an arbitrary
integer constant. This process is expensive in computational terms, for a relatively
large fundamental set [2].
The importance of the metric or function of distance used in designing a k-NN

classifier system is such that many researchers have approached the problem of
finding the metric which yields the best results; that is, a statistically optimal metric
[3-8].
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6 Conclusions and Future Work
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By using Minkowski's metrics (the three particular chosen cases) in the k-NN

classifier, we can see that even though the results shown by metric I are very similar
to those given by the euclidean metric, the latter is more exact. We can also see that

the error caused by the infinite metric is much greater than that caused by metric 1 or
the euclidean metric. Therefore, we conclude that the best metric to use in a k-NN

classifier applied to the Anderson's Iris Plant Database is the euclidean metric, and
this conclusion agrees to the hypothesis proposed by Snapp and Venkatesh in [5]. As
future work we suggest applying the methodology herein proposed to do a broader
study on a diverse set of databases, from different fields of application, and show
statistical results in order to corroborate (or reject) the theoretical hypothesis
suggested in [5].
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