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ABSTRACT
The explosion of methods for analyzing biological data since
the advent of the microarray need not be emphasized. There
have been many publications concerning the biological in-
sights that may and may not be gained from this increas-
ingly common data source.

One important aspect that is missing from the proposed mi-
croarray data analysis methods is validation through simu-
lation. This concept is well established in the �eld of process
control, where controllers are routinely developed and tested
on realistic mathematical models of actual processes. There
are a number of mechanistic models of small biological net-
works ([3], for example) but these are not nearly complex
enough to represent the systems that the microarray anal-
ysis methods are designed to investigate. The cause is the
obvious lack of su�cient mechanistic details for any but the
simplest systems. Despite the lack of mechanistic details,
the development of computational models of genetic regu-
latory networks for the testing and validation of microarray
data analysis methods is useful. Models for validation pur-
poses need only to be constrained by our concept of possible
architectures, and a lack of some mechanistic details is not
fatal. The most obvious bene�ts of such models are the ease
with which in silico experiments can be performed and that
the underlying system architecture is known a priori, mak-
ing validation possible. Another bene�t is the clari�cation
of unknowns since the models must include all interesting
and obscuring sources of variation [2]. This process gen-
erates a quantitative and computational framework for the
evaluation of analytical approaches.

In previous work [7] we developed a ten gene genetic regula-
tory network based on a simple steroid receptor mechanism
and simple genetic networks from the literature. We used
this model to demonstrate the need for biological informa-
tion in addition to microarray data to make network identi-
�cation possible. In the present work, we expand this model
to include cell to cell stochastic variability through stochas-
tic simulations [1] and hybrid deterministic/stochastic sim-
ulations that we have developed. We also present an addi-
tional model that includes a signaling mechanism based on
the EGF receptor [3] and more complex forms of transcrip-
tional regulation. As before, we initially use these simula-

tion models to evaluate linear [6], log-linear [7] and linear +
squashing [5] approximations to the gene network dynam-
ics. In addition, we also use these simulation models as a
basis for various gray-box modeling approaches [4] that at-
tempt to combine biological insights with abundant but in-
complete measurement data. For example, in attempting to
relate experimentally controllable ligand inputs to changes
in gene expression levels, it is possible to develop detailed
mechanistic models relating ligand inputs to signalling ac-
tivities, but downstream relations between these activities
and gene expression must be developed empirically. Given
the potential for combinatorially complex interconnection
searches in these networks, we are particularly interested in
exploring and developing analytical methods that combine
biologically-motivated constraints with coarse prior infor-
mation (e.g., certain interactions known to be inhibitory,
excitatory, or absent).
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