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Abstract

Building in silico simulation models of genetic regulatory networks provides a rigorous tool
for unraveling complex machinery of biological pathways. To proceed to in silico simulations, it
is an essential first step to find the effective values of kinetic rate constants, which are difficult
to measure directly from in vivo and in vitro experiments. The aim of this research is to present
a new statistical technology, called Genomic Data Assimilation, for the data-driven construction
of in silico simulation models.
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Model 1 (Fujii et al. (2004)) Model 2 (Additional regulations)
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