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2. Methodology
Abstract
We focus on gene regulatory networks a:

) ) . _the robustness of such networks as the magni
We investigate the robustness of biologdCalhation (in rates and concentrations) t

networks, emphasizing gene regulatory netwodksyje#€ut without changing the steady stat
define the robustness of a dynamical netwonrk,as ork. If the network is limited to i
magnitude of perturbation in terms of rateg@Rdation/inhibition model, robustness becc
concentrations that will not change the steadyhe&ital® different networks having the same
dynamics of the network. We find the number,iQf;ctors. Indeed, as illustrated in Figure

dynamical networks versus their dynamical rQbpFEPRSScan lead to the same steady state &
follows a power law. We observe module robustne bit+1)=a(t)

increase with node degree in published gene reg ae1)=bi) °
networks. Finally, based on dynamical robustnes ::j:;/
propose a growth model for producing networks w
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power law degree distributions. \\\y activation Kgss\y /4;/
inhibition .
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1. Introduction o(t+1)=a()3b() c
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Many biological, social and technological 100 <= 001 1? 001
networks have scale free characteristic, that is (1,1(1)::1‘1’(1) 0104=011<= 101

of the nodes follows a power law distribution. ™ 110
differs from random networks where node deg

€S Luga . - -
a Poisson distribution. In order to generatégggﬁdi;sNEhNorks “”""de““C?'
graphs with power law distributions, specifﬁgr%‘&%ﬁa Both networks cycle in the
have been developed, such as growth through attraclee qomposed of states
attachment [1], or node duplication followe(000,t88:111,010).
deletion [2]. There is still much debate about whether or
not these growth models are appropriate whegndgagiddto search for robust networks, we h
with gene and protein networks. In additiongy,dheferically generated all activation/inhi
models do not take dynamics into account, eygn, ghith up to five nodes. Undirected g
dynamical robustness is an important aspectfpfsgeBgu@Bfated using McKay s orderly enume
protein networks. Quoting Uri Alon [3], bioJpgdepdhm [5]. Next, for each enumerated gra
networks are robust to component tolerance gggﬁﬁié edge directions and the activationy
should impose severe constraints on their degdgfs were added in all possible ways. All
Furthermore, it has been shown that power 1§¥0H8£ﬁﬁfgsnetworks were then run using Bool
exhibit robust behavior for power law expongRtS dr¥eate€hch run was performed over all po
than two [4], and such exponent values are ggRefail¥onditions until an attractor was re
observed in most published protein and genesgf£mgrﬁgs compiled representing the Boolean
In this paper, we further explore the relatippshipcRe®¥2®in the attractors. That strinc
dynamical robustness and scale free ProPert%%isidering all node permutations. Finally,
were clustered according to their dynamical «
string. Figure 2 plots the number of cluste:
cluster sizes.
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distribution of Figure 2. Clearly both figu:
same power law distribution. Thus, we conc]

18000 distribution of module robustness can be use
s the node degree distribution found in gene r
networks.
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Figure 3. Degree distribution for networks
generated using p(r) ~ r>° and edge

, probability rs/r,>.
Figure 2 demonstrates that most networks do

not share their steady state dynamics with others, while a
few networks are highly robust. Precisely,Athknalacgement
different steady state dynamics versus the gh¥mamuithors are pleased to acknowledge fundi
robustness seems to follow a power law withbyxple@aetl$ Department of Energy s GTL program
2.5. This result is surprising, since accoudirgtto Taebon Sequestration in Synechococ
theory of random graphs, network characterigtbmsMshealdar Machines to Hierarchical Mode
follow Poisson distributions. We hypothesiz¢htthat/ pemwergenomes2life.org/) .
law behavior observed in biological networks is a
consequence of dynamic robustness.

To test this hypothesis we analyzed tR€ferences
dynamics of three activation inhibition net¥bkk&.-h. Barabasi, R. Albert, Emergence of
transcriptional regulation network for E-co¥a@ndem, ngs@ogdks , Science, 286,1999, 286, pr
Yeast gene regulatory networks ([7], and a rédwdrk Ase Teichmann, M. M. Babu, Gene regu:
inferred from microarray data [8]). In allnefwga&sgrowth by duplication , Nature Genet
networks, we found that the number of subgrapfé. (Bp. 492-496
modules) with up to five nodes increased witdl tBhe Alon, Biological Networks: The Tinke
dynamical robustness. We also found that dyBB@ieger , Science, 301, 2003, pp. 1866-186"
robustness increased with node degree. ThedélrdsuPdslagan P. A. Cluzel, Natural clas:
be explained by considering that biologicallBEWR&E¥ERs aFNAS, 100, 2003, pp. 8710-8714
composed of modules connected together [9], [8hdBthBt McKay, Isomorph-Free Exhaustive
networks composed of modules can be construEeB&r@téRna, J. of Algorithms, 13, 1992, pp
power law degree distribution, P(k), if thelfmbdSle§S.n&hengOrr et al. Network motifs ii
fitness (robustness in the present case) albBaEstIépihgnal regulation network of E-coli
power law, p(r). Precisely, Caldarelli et alGenawicsav&l, 2002, pp. 64-68.
shown that networks of N modules can be conétlulte@uelzim et al. Topological and causa
with the following distribution of node deg¥eesy®u%§ transcriptional regulatory network
rf/(N<r>)p[rf/(N<r>) k], where <r> and ry GCeRetdls, 31, 2002, pp. 60-63.
averaged and maximum robustness of the modul®k.SNoMartin et al. Inferring Genetic Netw
that P() follows a power law as long as p()Méeggarrag Data , in bib.
growth of such networks is simply carried ol&l Wy Meg@igpani, Evolution thinks modula:
modules, one with robustness r and the oth&engtifs, 35, 2003, pp. 118-119.
robustness s, with probability rs/ry’ . Figudd03 @asCaldarelli, et al., "Scale-Free Netw
compiled for a network of 150,000 modules g¥a¥mim@i¥grtex Intrinsic Fitness," Phys. Re
the above probability and following the robi&@aess

3. Results and Discussion
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