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Abstract

Distributional data result frequently from statistical surveys. When additional explanatory vari-
ables are available, they can also occur as the response of a functional regression model. In
functional data analysis (FDA) methods to deal with regression models with functional response
and real regressors have been widely discussed, but only for the somehow limited case of the space
L2 (Ramsay and Silverman, 2005). Problems arise when the response variable is formed by proba-
bility density functions (PDF) because the L2 space, which is typically employed in FDA, does not
account for their geometrical properties. In fact, PDFs represent a special case of functional data
carrying relative information; respecting their relative nature – resulting in scale invariance and
relative scale properties – is crucial for processing them statistically. Accordingly, PDFs should
be represented in the Bayes space with the Hilbert space structure (Boogaart and others, 2014;
Egozcue and others, 2006; Hron and others, 2016, Menafoglio and others, 2014). The aim of this
contribution is to introduce functional linear regression models with distributional response, by
grounding our developments precisely on the theory of Bayes spaces, that properly accounts for
the properties of distributional data. In order to extend the widely-used approaches of FDA, espe-
cially those based on B-spline representation, we map PDFs from the Bayes space to the L2 space,
using the so called centred logratio transformation. We illustrate methodological developments
with real data consisting of measurements of metabolite concentrations. The data set results from
standard newborn screening done in the Laboratory of Inherited Metabolic Disorders, Department
of Clinical Biochemistry, Faculty Hospital in Olomouc.
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