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This open access book provides a comprehensive treatment of recent
developments in kernel-based identification that are of interest to
anyone engaged in learning dynamic systems from data. The reader is
led step by step into understanding of a novel paradigm that leverages
the power of machine learning without losing sight of the system-
theoretical principles of black-box identification. The authors’
reformulation of the identification problem in the light of regularization
theory not only offers new insight on classical questions, but paves the
way to new and powerful algorithms for a variety of linear and
nonlinear problems. Regression methods such as regularization
networks and support vector machines are the basis of techniques that
extend the function-estimation problem to the estimation of dynamic
models. Many examples, also from real-world applications, illustrate
the comparative advantages of the new nonparametric approach with
respect to classic parametric prediction error methods. The challenges
it addresses lie at the intersection of several disciplines so Regularized
System Identification will be of interest to a variety of researchers and
practitioners in the areas of control systems, machine learning,
statistics, and data science. This is an open access book.
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"Intrinsic Clocks" presents an array of current research activities on
intrinsic clocks and their contributions to biology and physiology. It
elucidates the current models for the intrinsic clocks, their molecular
components and key mechanisms as well as the key brain regions and
animal models for their behavioral analysis. It provides a timely view on
how these clocks guide behavior, and how their disruption may cause
depressive-like behavior and impairment in cognitive functions.
Thereby, any specific method by which the mood-related functions of
the intrinsic clocks might be influenced bears therapeutic potential and
has clinical interest. The importance of some of these mechanisms was
highlighted by the 2017 award of the Nobel Prize in Physiology or
Medicine to Jeffrey C. Hall, Michael Rosbash, and Michael W. Young for
their discoveries of the genetic control of the daily biological rhythm.
The key to the explanation was the discovery of transcription-
translation feedback loops of the so-called "clock genes."



