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1. Introduction

A wide range of natural, technological and socigstems, such as gene
regulatory networks, the Internet, electrical powgrids and biological
signaling networks in the cell, have been receptigven to show scale-free
network structure. The distinct feature of scakefnetworks is that node degree
distribution follows a power law [2], exhibiting e highly connected nodes
(hubs) and the majority of nodes with low connectivity.

Up to now, the scientific community has focused thyosn verifying the
presence or absence of this kind of organizatiorthim most scientifically
interesting networks; less attention has been dgiwehe design of algorithms for
exploiting information on this particular topologic structure in solving
problems related to such networks.

In this paper, we analyze the structure of a sjpecifiss of network that
exhibit the scale free characteristic, Gene RegnjaNetworks, in order to
address the problem of reverse engineering from DiNeoarray datai.e. the
reconstruction of causal relations among genegirglafrom their expression
profiles. The problem is inherently difficult, bers®e of the extremely wide
amount of data to be processed, and topologicalrmdtion can be useful to
reduce the size of the search space.

Reverse Engineering methods on real datasets alidtically simulated
data are known to exhibit poor performance [1}this work, we investigate how
performance depends on network structure, to utateisf there exist parts of
the network easier to be identified and, on thetreoy, sections intrinsically
difficult to be reconstructed. To this purpose, tMReverse Engineering
algorithms were tested on simulated data: DynangigeBian Networks (DBN)



[4], which works with continuous data, and Causa&twbrks (CNET) [5,6],
which works with quantized data. Resulting netwonkse inspected, searching
for regions identified by both algorithms or, o thpposite, missed by both. In
particular, we explored how performance dependecal network structure.

2. Methods

We randomly generated 15 networks of 12 genestivtsimulator described in
[2]. This simulator generates network topologieséwursively assembling motif
structures characteristic of biological networksing an iterative strategy that
guarantees scale-free degree distribution.

In each network, the hub with the highest out-degmas then externally
stimulated with three kinds of stimuli: a sinugaanp and a step, so to represent
a variety of possible experimental situations. Went obtained the three
different datasets, on which we tested both DBN@NET algorithms.

We first analyzed how much the behaviours of the &lgorithms overlap,

e. if there exist portions of the networks intrindigaimple or difficult for both:
we considered, for every edge, the number of tilhegs identified by each
algorithm in each dataset. The results were inggectearching for common
behaviour patterns.

3. Results

No stimulus, among sinus, ramp and step, allowainioig significantly higher
performance in all the networks (or in the majonfythem) and no algorithm,
between DBN and CNET, performs systematically bettan the other.

Performances depend on the distance between thelatéd hub and the
reconstructed edge, being significantly higher dges outgoing from the hub
and decreasing with the distance. A similar relsaft been observed also in [1],
with different simulated data and a differentialuation based Reverse
Engineering model.

Moreover, the behaviour of the two algorithms tetml¥e homogenous on
particular motifs, which are recognised with sigrahtly higher performance
than others; for example, circles of genes requdatiach other in a chain are
recognized with significantly higher frequency [6fe fig. 1).

In addition, performance on edges ingoing or outgofrom a node is
significantly better for nodes with lower clustagigoefficient,i. e nodes with
fewer connections among their neighbours.



Figure 1. Network motif easy to identify by DBN aGdNET.

4, Conclusionsand futuredirections

These results will be useful in the design of négodthms, which will exploit
the increase in performance near external stinthsi,information on common
network motifs and, in general, the scale-free prtypof biological networks.
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