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1 Network Reconstruction

Many methods that exist for reconstructing biological networks take into account assump-
tions of sparsity or already known relationships among states of the network. Here we wish
to completely characterize the relationships among observed states and inputs in a network
without making excessive assumptions about structure. In this work we demonstrate that a
series of inducible overexpression or silencing experiments equal to the number of observed
states will completely characterize system structure.

Dynamical structure functions, as explained in [1], describe the causal relationships among
observed states and inputs in a network. The dynamical structure (@, P) of a linear system
is related to that system’s transfer function by

I-QG=P (1)

where () represents relationships among the observed states (basically, the information we
look for, i.e., the dynamical network) and P represents effects of the inputs on the observed
states.

In [1] we showed that input-output data alone is insufficient for the task of network recon-
struction even if a system is linear and time-invariant. There we characterized precisely
the additional information needed to obtain network structure without making further as-
sumptions. Here we show how this information can be obtained through a series of typical
biological experiments. Assuming nothing is known about the internal structure of the sys-
tem (i.e. @), such experiments are designed in a way that the structure of P is diagonal. As
explained in [1], with enough experiments ) can be solved uniquely from (1).

2 Overexpression and Silencing

Gene overexpression and silencing are two methods of biological system modification. Over-
expression may be constitutive or inducible, through introduction of a transgene into the host
which is specifically designed to increase the abundance of the desired transcript. Expression
may also be down-regulated, via mutation or inhibition, such as RNA silencing. The target
specificity of these methods allows the control of gene expression, without directly affecting
other genes in the network. Such methods can be modeled by introducing extra states to
the linear(ized) system, which can be controlled externally.

Silencing of a gene ¢ will drive the corresponding RNA x; near to zero, independently of its
upward regulators, by some interaction with a typically hidden variable that is externally
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Figure 1: A sample network (i) and the modified networks that result from silencing of
information about sytem structure that cannot be obtained from input-output data alone—
for example, we note that (ii) will result in a zero transfer function. This implies the input
uw only works directly on .

controlled. The result is that the vector of P corresponding to this experiment will have
one and only one nonzero entry (the ith entry). As for @, row i will all be zero since no
measured state can affect x;. Such experiments provide new information about the elements
of @ (see Figure 1.)

A gene j can be inducibly overexpressed with a similar modification to the original system.
Basically, an externally controlled typically hidden variable turns the gene on, independently
of its upward regulators. The implications for recovering () and P are similar to those for
silencing of a gene.

3 Reconstructing Networks from Overexpression or Silencing Experiments

We discuss why silencing and overexpression experiments are preferable to mutations and
other experiments, explain how this work relates to other results ( [2], [3], [4], [5], [6], [7], [8])
and outline future applications and modifications of this theory for nonlinear systems.
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