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Properties of High-dimensional Data Space and Metric Choice
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Abstract High-dimensional data analysis is the core task of machine learning and data mining. By finding optimal sub-
space for data representation, dimensionality reduction algorithms can reduce computational cost and improve the per-
formance of subsequent classification or clustering algorithms, leading to effective techniques for high-dimensional data
analysis. However, there is very little guidance for theoretical analysis on high-dimensional data. This paper reviewed
some statistical and geometrical properties of high-dimensional data space,and gave some intuitive explanations on “con-
centration of measure” phenomenon from different perspectives. In order to improve performances of classical machine
learning algorithms based on distance metric, this paper discussed the effects of metric choice on high-dimensional data

analysis. Empirical results show that fractional distance metric can improve performances of K Nearest Neighbor and
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Kmeans significantly.

Keywords High-dimensional data,Curse of dimensionality,Concentration of measure
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