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An Efficient Data Transformation Technique for Mixed
Data Visualization

SUN Yang, FENG Xiao sheng, ZHOU Cheng, TANG Da quan, XIAO Wert dong
( College of Tnformation System and Managemert, National Univ. of Defense Technology, Changsha 410073, China)

Abstract: There are abundant mixed data sets with various types of attributes in application fields. However, most multivariate data
visualizations are only effective with simplex one data type. As for mixed data sets, the visualizations of them are usually dssatisfied. We
present a data transformation technique for mixed data sets nvolving both numerical and categorical attributes. Firstly, every numerical
atrbue was categorized by clustering; then, all categorical attrbue was quantified by Comespondence Analysis; finally, the
transformed mix ed data were presented in numerical data visualizations like Star Coordinates. Furthemmore, aiming at those mixed data
sels that have many attrbutes or the cardinality which is high, a set of cardinaliy reduction strategies were poposed to diminish the
attrbues number involved in computation to improve computational efficiency. Fmpirical studies show that the visualization of mixed data
sels is easily understandable and propitious for the user to discover the connotative information wihin; and that cardinality reduction
strategies are highly memory saving and time efficient.
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