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Abstract
Robustness is a universal feature of biological systems which assures the survival of
organisms during evolution. We studied robustness in the context of gene regulatory
network models based on prior theoretical studies and its application to experimental
studies. We defined robustness by specifying features and perturbations in the biological
system, and identified several measures of robustness in Boolean gene regulatory
network model. We studied the effect of scale-free distribution on the network dynamics
and found that distribution parameter (!) determines the dynamic phase of the system, as
previously observed. Our definitions, measures, and models of robustness will allow us
to identify additional design principles that provide robustness to biological systems and
offer insight to the origins of cellular complexity.

1. Introduction
One of the defining and universal features of biological system is robustness against
genetic mutations and environmental perturbations. In one of the most comprehensive
studies to date, 80% of the genes in the yeast genome were found dispensable under
favorable laboratory conditions and 65% of the genes were dispensable under nonoptimal conditions (Giaever et al. 2002). High levels of robustness are pervasive across
all species, assuring their survival during evolution. Although robustness of living
organisms has been documented for over a century, design principles responsible for
robustness of biological systems are only beginning to emerge (Stelling et al. 2004).
These design principles will provide deeper insights into the mechanisms of evolution
and origins of cellular complexity and will also provide frameworks for designing
diagnosis and treatment of complex human diseases (Kitano 2004). Recent revolutions in
genome technologies allow us to obtain part lists of biological systems as well as the
interaction of those parts. Both pieces of information are crucial to understanding what
give rise to robust biological systems (Lander 1996). Thus far, topology of biological
networks, including protein-protein interactions (Jeong et al. 2001, Giot et al. 2003, Li et
al. 2004, Han et al. 2004), metabolic pathways (Jeong et al. 2000, Fell and Wagner 2000),
and gene regulatory networks (Guelzim et al. 2002), were found to be scale-free. These
implied that these networks are robust to random attacks and that scale-free network is a

universal design principle conserved throughout biological systems (Barabasi and Oltavi
2004).
While network topology revealed tolerance against random attacks, analysis of network
dynamics offers a new level of insight to the nature of robustness in biological system.
Most of the work on the dynamics of biological networks focused on gene regulatory
networks using theoretical models (Kauffman 1993). Recently, experimentalists
developed tools to monitor dynamics of global gene expression activities (Brown and
Botstein 1999) as well as regulatory interactions between genes (Harbison et al. 2004).
These tools provide opportunities to entwine theoretical and experimental works on gene
regulatory network. However, robustness in biology is often discussed without clear
definitions. To provide foundations for applying theoretical network models on
experimental data, we set out to define robustness and identify appropriate measures of
robustness in gene regulatory networks. We focused mainly on the Boolean network
models in which many previous theoretical studies exist. Then, using these definitions
and measures, we tested the role of scale-free network on the dynamics of gene
regulatory network. Our results agree with previous work by Aldana (2003) and offer
new insight to the design principles of robust networks.

2. Definitions of Robustness
Robustness is a feature of complex systems that is often vaguely defined in biology.
Erica Jen (2004) in her recent treatise on robust design proposed that one needs to specify
both the feature and the perturbation of interest before discussing robustness. An
important feature of gene regulatory networks is the ability to achieve functional diversity.
In multicellular organisms, functional diversity includes cellular differentiation during
development which gives rise to different tissue types and complex body plan. Another
important feature of gene regulatory network is homeostasis. Once the cell finds its
desired state, it needs to maintain the same cellular state under various stresses from the
environment.
Perturbations in gene regulatory network include genetic, environmental, and intrinsic
noise. Gene networks must tolerate genetic mutations in order for evolution to take place.
Gene networks must also be resilient against changing environmental conditions such as
changes in energy source and nutrients. Gene regulatory networks must also tolerate
noise within the system itself. The process of gene regulation is a probabilistic process in
which gene regulatory proteins within a cell must find their target genes amongst many
proteins and sequences that crowd the nucleus. These features and perturbations are
important for defining robust biological system in the context of gene regulatory
networks.

3. Measures of Robustness
Now that we have defined robustness in gene regulatory networks, we can measure
robustness in the network. Measures of robustness involve determining the behavior or
feature (output) of a system as a function of perturbation (input) (Giaever et al. 2002).
Mathematical and computational models provide mapping function from input to output
space. In our project, we focused on Boolean network models and we will discuss input
and output functions in the context of these models.
Boolean networks are generalization of Boolean cellular automata (CA) where the state
of each node is affected by distant nodes in the network rather than by its neighbors. The
original Boolean gene regulatory network was proposed by Stuart Kauffman (1969,
1993). He found that these networks exhibit dynamic behaviors which are classified into
three phases: ordered, chaotic, and critical (edge of chaos). He found that in ordered and
critical phases, gene regulatory network reached limited number of attractor states despite
changes in the initial condition of the network. He compared these attractor states to
different cell types in organisms and argued that these networks capture dynamics of
cellular processes.
If we define attractors as cell types, we can measure robustness by creating specific
perturbations (input) to the network model. We previously defined perturbations as
genetic, environmental, and intrinsic noise. Genetic mutations could be represented by
removal or addition of edges that connect genes in the network. Molecularly, edge
removal is analogous to loss of transcription factor binding site on the target gene and
edge addition represent creation of new regulatory binding site. Environmental
perturbation and stochastic noise in the system can be represented by changing the state
of a node. Molecularly, these are analogous to temporary inhibition or activation of gene
activities by chemical inhibitors and activators in the environment or delay in the changes
of gene activity state due to intrinsic noise.
After we induced perturbations, we can compare the dynamics (outputs) of the original
network and the perturbed network and examine whether the networks reach the same
number of attractors in the same time steps (functional diversity) or determine whether
two networks remain in the same attractor that it started in (homeostasis). A more
sophisticated analysis of network dynamics is Derrida’s coefficient (Derrida and Pomeau
1986) which is equivalent to Lyapunov exponent in continuous dynamic system. These
coefficients classify networks into one of three dynamic phases. However, this analysis
requires a computationally intensive search of all possible network state configurations
and was not feasible for our project.

4. Building Gene Regulatory Network Model
In this section, we describe the construction of scale-free Boolean network which we
used to examine the effect of scale-free distribution on network dynamics. We first
selected a set number of nodes in the network (N=20), defined as !"1, "2, . . ., "20". Each
element takes on a value of 0 or 1 which corresponds to inactive and active gene states,
respectively. Each element "i is controlled by ki elements in the network where ki is
chosen randomly from the scale-free distribution P(k) #$ Ck%! in which we selected ! =
1.5 and ! = 2.6. We could only define in-degree distribution of the network such that we
assumed random (Poisson) distribution for out-degree edges.
Once we defined the network topology, we assigned rules that govern the dynamics of
the system. To each "i, we assigned Boolean function, fi("i1, . . ., "iki), such that each
configuration of the controlling element has equal probability (p=0.5) of fi=1 and fi=0. In
other words, in the entire rule table of network, half of the rules yield gene activation
(fi=1) and the other half yield gene inactivation (fi=0). After rules were assigned, we
updated the network synchronously with the dynamical equation: "i(t&1) #$fi("i1(t), . . .,
"iki(t)). The configuration of the entire system at time t was defined as, #t #$ !"1(t),
"2(t), . . ., "N(t)"$ and at t+1 as'$ #t&1 #$ F[#t ] where F was the set of Boolean function
fi("i1, . . ., "iki).$

5. Network Dynamics
To examine the dynamics of our scale-free Boolean networks, we selected two different
initial starting conditions for each network and performed synchronous updating of
network as described in section 4. In our model, two initial starting conditions resemble
transient perturbation to the system such as environmental stress or stochastic noise. As
shown in Figure 1(a,b), we plotted the network state (upper panels) for two initial starting
conditions and the differences in the network state using Hamming distance (bottom
panels). For a Boolean network with scale-free distribution of ! = 2.6 (Figure 1a),
networks with two initial starting conditions quickly converged after three time points
and settled into periodic attractor of size two. The Hamming distance plot (bottom panel),
which indicates the difference in the state of two networks, showed rapid decline during
the first three time steps. These results indicated that at ! = 2.6, the scale-free network
was in the ordered phase of the dynamics.
In contrast, in the Boolean network with scale-free distribution of ! = 1.5 (Figure 1b), we
did not observe any overlap in the system state (top panel) over 100 time steps. We
observed periodicity in the network state for each of the initial starting conditions but
these attractor cycles did not converge. In other words, at ! = 1.5, same network with
two initial conditions found separate periodic attractors that do not overlap with each
other. The Hamming distance plot indicated that the difference in the system state
oscillates unpredictably and ranges in the order of 0.2 to 0.6 but never converged to zero.
These results indicated that at ! = 1.5, the network dynamics were in chaotic phase.

The above results agree with analytical estimate of the phase diagram across different
ranges of ! in the scale-free Boolean network. Aldana (2003) showed that transition
between ordered and chaotic phase occurs in the ! range of 2.0 to 2.5 with ordered phase
at higher ! value. This range reflects many of the ! values found in various biological
networks. Our two ! parameters were 1.5 and 2.6, corresponding to chaotic and ordered
phase in the analytical work of Aldana (2003). His phase diagram of scale-free Boolean
networks shows surprising contrast to phase diagram of random Boolean networks. In
random Boolean networks, average connectivity of genes (ki) must be constrained to less
than three in order to reach ordered phase (Gershenson 2002). If the network contains
higher number of average connectivity (ki), the bias parameter for the rule table (p) must
be small in order to achieve ordered phase. However, scale-free network eliminates such
fine-tuning of parameters given that the exponent of scale-free network (!) is beyond the
threshold of 2.0 to 2.5. We were able to achieve ordered phase with p=0.5 given ! value
above 2.5. Therefore, scale-free network contributes to robust network dynamics given
appropriate distribution parameter (!).

6. Conclusion & Future Direction
Robustness is a universal feature of biological systems important for understanding
evolutionary processes, origin of cellular complexity, and the mechanisms of health and
disease. We studied robustness in Boolean gene regulatory network based on its prior
work in the field as well as its potential application to modeling experimental data. We
described both features and perturbations of gene regulatory network in defining
robustness and identified several approaches in measuring robustness. Based on previous
observations that scale-free networks provide robustness on topological level, we studied
whether scale-free networks provide robustness on the level of dynamics. We found that
similar to Aldana (2003), scale-free networks give rise to robust network (ordered phase)
given appropriate ! value. Scale-free networks eliminated requirement for fine-tuning of
bias parameter (p) in order to achieve ordered phase.
Our work involved perturbations to the scale-free Boolean network by changing the
initial starting condition of the network, analogous to environmental perturbation or
stochastic noise in gene regulatory network. However, we could also create alternative
perturbation by deleting the edges of the network, analogous to genetic mutations, and
study the changes in dynamic phases of the system. Also, there are several applications
of Boolean networks in constructing models of experimental data such as in gene
regulation of Arabidopsis plant development (Espinosa-Soto et al. 2004) or
comprehensive gene regulatory network of yeast (Kauffman et al. 2003). We could begin
to apply some of our definitions, measures, and models of robustness to not only identify
additional design principles that generate robust biological system but also apply these
models to predict the outcome of specific genetic mutations and environmental
perturbations in bioengineering and medicine.
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Figure 1. Plot of Boolean network states (upper panels) across time with two different
initial starting conditions for different scale-free distributions, and the Hamming distance
(bottom panels) between the networks with two different starting conditions. (a) ! = 2.6.
(b) ! = 1.5.
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