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Exploratory Data Analysis

Far better an approximate answer to the right question, which
is often vague, than the exact answer to the wrong question,
which can always be made precise.

John Tukey, well known topologist
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Dissimilarity Measures and Metrics

Definition

A dissimilarity measure on a set X is a symmetric function
D : X × X → R, for which D(x , y) = 0 ⇐⇒ x = y . D is a
metric if it satisfies the triangle inequality.
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