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Abstract. In this work, we present a novel approach for data visualization based on interactive dimensionality
reduction (iDR). The main idea of the paper relies on considering for visualization the intermediate results of non-
convex DR algorithms under changes on the metric of the input data space driven by the user. With an appropriate
visualization interface, our approach allows the user to focus on the relationships among dynamically selected groups of
variables, as well as to assess the impact of a single variable or groups of variables in the structure of the data.
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In the case of parametric dependency of this type
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|. Analysis of time-varying input datasets

Analysis of a fixed set of samples, each one characterized by a set of measurements that
evolve with time (e.g., analysis of a batch of fruits, analysis of the evolution of a set of
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Application interface with iDR user-driven modification of the input metric space
Javascript application using processingjs (http://processingjs.org)

Analysis of three vibration signals ax(t) ay(t) a,(t) and two phase currents ir(t), is(t)
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