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Abstract
Background: Qualitative dynamics of small gene regulatory networks have been studied in quite
some details both with synchronous and asynchronous analysis. However, both methods have their
drawbacks: synchronous analysis leads to spurious attractors and asynchronous analysis lacks
computational efficiency, which is a problem to simulate large networks. We addressed this
question through the analysis of a major biosynthesis pathway. Indeed the cholesterol synthesis
pathway plays a pivotal role in dislypidemia and, ultimately, in cancer through intermediates such
as mevalonate, farnesyl pyrophosphate and geranyl geranyl pyrophosphate, but no dynamic model
of this pathway has been proposed until now.
Results: We set up a computational framework to dynamically analyze large biological networks.
This framework associates a classical and computationally efficient synchronous Boolean analysis
with a newly introduced method based on Markov chains, which identifies spurious cycles among
the results of the synchronous simulation. Based on this method, we present here the results of
the analysis of the cholesterol biosynthesis pathway and its physiological regulation by the Sterol
Response Element Binding Proteins (SREBPs), as well as the modeling of the action of statins,
inhibitor drugs, on this pathway. The in silico experiments show the blockade of the cholesterol
endogenous synthesis by statins and its regulation by SREPBs, in full agreement with the known
biochemical features of the pathway.
Conclusion: We believe that the method described here to identify spurious cycles opens new
routes to compute large and biologically relevant models, thanks to the computational efficiency of
synchronous simulation.
Furthermore, to the best of our knowledge, we present here the first dynamic systems biology
model of the human cholesterol pathway and several of its key regulatory control elements, hoping
it would provide a good basis to perform in silico experiments and confront the resulting properties
with published and experimental data. The model of the cholesterol pathway and its regulation,
along with Boolean formulae used for simulation are available on our web site http://
Bioinformaticsu613.free.fr. Graphical results of the simulation are also shown online. The SBML
model is available in the BioModels database http://www.ebi.ac.uk/biomodels/ with submission ID:
MODEL0568648427.
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Background
Systems biology
Systems biology is an emerging scientific field that integrates large sets of biological data derived from experimental and computational approaches. In this new
paradigm, we no longer study entities of biological systems separately, but as a whole. Hence, large data sets can
be translated into sets of links representative of the interactions of species from within single or multiple pathways. In fact, elementary functions in those systems are
the result of the inherent characteristics of the specific elements involved and the interactions they are engaged in
within the systems [1]. In biological or biomedical matters, modeling activities are strongly linked to the nature
and amount of available data on the model. Furthermore,
computational studies in systems biology rely on different
formalisms that are intimately connected to the level of
knowledge one has of a biological system. In the present
study, the cholesterol synthesis pathway, including most
of its associated reactions, is analyzed to address the effect
of either activators or inhibitors. Hence, blockade can be
attained by targeting the HMG-CoA reductase, the ratelimiting enzyme of the mevalonate pathway, with statins,
widely used hypocholesterolemic drugs. Alternatively,
activation of the pathway can be triggered by Sterol
Response Element Binding Proteins (SREBPs), as part of a
compensatory feedback mechanism. Moreover, to better
analyze this pathway including both enzymatic reactions
and gene regulatory networks, we will focus on the
Boolean networks formalism, particularly suitable to
delineate dynamic properties from qualitative information on regulatory interactions [2,3].
Boolean formalism for qualitative modeling and
simulation
A model or simulation of a biological network is said to
be qualitative when each entity of this model is represented by a variable having a finite set of possible values.
We can note here that the possible values that can be
taken by the variable are not necessarily linearly correlated
to the concentration of the represented species. Those values represent qualitative states of the entities from the network. In the formalism of Boolean networks, the state of
a species is described by a Boolean variable, which value
is either 1 if the species is active (i.e. its activity is detectable, in biological terms) or 0 if inactive (its activity is
undetectable). Moreover, a Boolean function allows to
compute the state of a species at time t + 1, knowing the
states of k other species at time t. If we denote by xi the
state of species i and by bi(x(t)) the associated Boolean
function, we get the following equations for the dynamics
of the Boolean network:

xi(t + 1) = bi(x(t)), 1 ≤ i ≤ n

(1)

We can note here that the Boolean formalism allows us to
model various biological systems such as gene regulatory
networks and metabolic networks whose entities have
very different timescales.
Construction of a Boolean network: modeling inhibition
and activation
Let us detail how inhibitions and activations should be
modeled in the Boolean network formalism.

• Inhibition: if A is an enzyme that produces a compound
B but can be inhibited by compound C, then the Boolean
function that predicts the presence of B at time t + 1 will
be: B(t + 1) = A(t) AND NOT(C(t))
• Activation: if A is a precursor of B and the reaction of
transformation of A to B is catalyzed by enzyme C, then
the Boolean function that predicts the presence of B at
time t + 1 will be: B(t + 1) = A(t) AND C(t)
Here is a simple example with 4 genes (A, B, C, D) and the
4 following Boolean functions:
• A(t + 1) = NOT (D(t))
• B(t + 1) = NOT (A(t))
• C(t + 1) = A(t) OR B(t)
• D(t + 1) = NOT (C(t))
The graphical representation of this network can be seen
in figure 1.

Figure 1of a simple regulatory network
Example
Example of a simple regulatory network. Graphical
representation of a regulatory network with 4 genes (A, B,
C, D). Its full dynamics is described in the associated Boolean
functions.
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Synchronous and asynchronous paradigms in the Boolean
formalism
In Boolean simulations, there are two main paradigms
where conception of time and transition between states
differs.

• The simplest one is the synchronous simulation. At each
step of clock (time is moving discretely in Boolean simulations) all the decrease or increase calls are realized
simultaneously. This approach is computationally efficient, but might lead to simulation artifacts such as spurious cycles [4,5], which are cycles that do not appear in
asynchronous simulation.
• In asynchronous simulation, only one transition occurs
at each clock step. Thus, the same reaction can occur several times before another one is completed, which enables
the simulation of biological systems that contain slow
and fast kinetics (equivalent to a stiff system in the Ordinary Differential Equations paradigm).
It is worthwhile to note that the steady states, which correspond to some phenotypes, are the same in those two
paradigms. However, some dynamic behaviors can be
very different.
To sum up, synchronous simulations have fewer modeling power but are more computationally efficient while
asynchronous simulations are able to predict a wider
range of biological behaviors but their exhaustive computation becomes intractable for large biological systems
[6,7].
In the synchronous paradigm simulation, our simple regulatory network gives the results partially shown in table
1. The study of this truth table shows that {1010} is a
steady state (or point attractor, or equilibrium) and that
{0010, 1100, 1011} is a state cycle (or dynamic attractor,
or cyclic attractor). This becomes more evident when converting this network into a finite state machine as shown
in figure 2. The state colored in green corresponds to the
steady state and the states colored in red correspond to the
state cycle.
Table 1: Fragment of the truth table obtained from our simple
regulatory network.

(ABCD)
t

0000

0001

0010

0011

0100

0101

...

t+1

1101

0101

1100

0100

1111

0111

...

For each initial array of values (initial state) at time t, the new array of
values, obtained by evaluating the system through the Boolean
functions, is shown on the second line (t + 1).

Figure
Finite
example
state
2in synchronous
machine of our
simulation
regulatory network taken as an
Finite state machine of our regulatory network taken
as an example in synchronous simulation. The state
[1010] colored in green corresponds to a steady state. It has
5 states and itself in its basin of attraction (i.e. the states
whose trajectory during the simulation lead to this steady
state). The 3 states [0010], [1100], [1011] colored in red
correspond to a state cycle. They have 7 states and themselves in their basin of attraction. All the state space is shown
in the figure.

In the asynchronous paradigm simulation, our simple
regulatory network gives the finite state machine shown in
figure 3. The state colored in green corresponds to the
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steady state in both synchronous and asynchronous simulations. We recall that steady states are obviously always
the same in synchronous and asynchronous simulations.
The states colored in red are the states which correspond
to the state cycle in synchronous simulation. The purple
arrows propose one way -among many possible- to reach
cyclically those states. Note that, for some regulatory networks, it is not possible in asynchronous simulation to

Figurestate
Finite
example
3in asynchronous
machine of oursimulation
regulatory network taken as an
Finite state machine of our regulatory network taken
as an example in asynchronous simulation. The state
[1010] colored in green also corresponds to a steady state in
the asynchronous simulation. (All the steady states are the
same in synchronous and asynchronous simulations) The 3
states [0010], [1100], [1011] which correspond to a state
cycle in the synchronous simulation are still colored in red,
but this figure clearly shows that they do not correspond to
a state cycle in the asynchronous simulation. Actually, even if
there are several paths enabling to reach cyclically those
three states (one of those paths is indicated with purple
arrows), there are also several paths leading to the steady
state from which there is no path back to those 3 states.

http://www.biomedcentral.com/1752-0509/2/99

reach cyclically states which form a state cycle in synchronous simulation. This becomes obvious when looking at
the synchronous and asynchronous simulation results of
a simple negative feedback loop of size 3. The synchronous state cycle {010, 101} does not exist in asynchronous simulation. These results are shown on our web site
http://bioinformaticsu613.free.fr/simpleloopsn3.html.
Furthermore, we can have an intuition that this purple trajectory is in some way unstable because while cycling
through the 3 states {0010, 1100, 1011}, the system
could have gone through many transitions that lead to the
steady state 1010.
The cholesterol biosynthesis pathway
Cholesterol is an important constituent of mammalian
cell membranes. It maintains their fluidity and allows
other molecules playing important biological roles, like
glycoproteins, to anchor to the membrane compartment.
It is also the precursor of fat-soluble vitamins, including
vitamins A, D, E and K and of various steroids hormones,
such as cortisol, aldosterone, progesterone, the various
estrogens and testosterone. It comes for about one third
from the dietary intake and for about two thirds from
endogenous synthesis from unburned food metabolites.
Its synthesis starts from acetyl CoA, through what is often
called the HMG-CoA reductase pathway. It occurs in
many cells and tissues, but with higher rates in the intestines, adrenal glands, reproductive organs and liver. Cholesterol synthesis is orchestrated by a protein complex
formed by the Sterol Regulatory Element Binding Protein
(SREBP), the SREBP-cleavage activating protein (SCAP)
and the insulin-induced gene 1 (Insig) [8-10]. This complex is maintained in a repressed state located in the endoplasmic reticulum (ER). When the cholesterol level is low,
Insig1 interaction with SREBP-SCAP complex is relieved
allowing SREBP-SCAP to migrate to the Golgi apparatus
where SREBP is cleaved by two proteases called S1P and
S2P. Once SREBP is matured, it migrates to the nucleus
and acts as a transcription factor upon binding to sterol
regulatory elements (SRE) to activate the genes coding for
the main enzymes of the HMG-CoA reductase pathway
(e.g. HMG-CoA synthase, HMG-CoA reductase, FPP synthase, CYP51). The synthesis of cholesterol can be regulated by drugs such as HMG-CoA reductase inhibitors,
among which the most potent belong to the statins family
[11-14]. They lower cholesterol by inhibiting the enzyme
HMG-CoA reductase, which is rate-limiting.
Effects of statins on cancer activated pathways
Therefore statins are known lipopenic drugs, but they are
also drug candidates against cancer [15]. Intermediate
molecules in the HMG-CoA reductase pathway undergo
important biochemical reactions of prenylation whose
blocking will inactivate several intracellular transduction
pathways that involve Ras, Rho and small G proteins [16-
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19]. Hence, statins can block Ras activation, which occurs
in 30% of human tumours. Experimentally, statins can
stop cell growth by blocking cells at the G1 or G2/M
stages, or induce apoptosis in several cancer cell types
[20]. Important results have also been obtained using
rodent models where neuroblastoma, colic cancer and
melanoma have regressed under the effect of lovastatin.
Moreover, the combination of classical antineoplastic
drugs, like DNA topoisomerase inhibitors, and statins
increases tumour cell killing [21,22].
In this paper, we first focus on the synchronous formalism
enabling us to compute our large model of cholesterol
regulatory pathway. We next propose a methodology
based on asynchronous formalism and of Markov chains
to overcome one of its limitations: the appearance of spurious cycles.

Methods
Boolean modeling of the human cholesterol regulatory
pathway
The model shown in figure 4 has been made using data
from the literature [23-25]. It is composed of the cholesterol synthesis pathway and its regulation by SREBPs.

After a few simplifications aimed at reducing the state
space size, our model includes 33 species (genes, mRNAs,
proteins, biochemical intermediates and statins). In particular, we assume the SREBP-SCAP-Insig1 complex to be
always present in the membranes of the endoplasmic
reticulum (ER). Therefore, in our model, the SREBP-SCAP
complex can be either present in the ER if the cholesterol
level is high, or absent if the cholesterol level is below the
physiologically relevant threshold, a situation that occurs
following its dissociation from Insig. We also assume that
S1p and S2p are always present in the membranes of the
Golgi apparatus. Hence, in our model, a non-fully
matured SREBP protein, called here pSREBP (for precursor-SREBP) is automatically produced if SREBP-SCAP is
present. Likewise, matured SREBP, called mSREBP, is
automatically derived from pSREBP and then migrates to
the nucleus to enhance transcription of the genes from the
HMG-CoA reductase pathway when cholesterol levels are
perceived as insufficient.
Target genes will then be transcribed into their respective
mRNA, which will be translated into the corresponding
enzymes. The endogenous cholesterol synthesis starts
with acetyl-CoA which can, in our model, be either
present, or absent in case of deficiency. Acetyl-CoA combines with itself to give CoA-SH and acetoacetyl-CoA.
Acetyl-CoA reacts then with acetoacetyl-CoA to give
HMG-CoA (3-Hydroxy-3-methylglutaryl CoA). This reaction is catalyzed by the HMG-CoA synthase. Therefore,
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the Boolean formula that describes the evolution of
HMG-CoA is:
HMG_CoA(t+1) = Acetoacetyl_CoA(t) AND
Acetyl_CoA(t) AND HMG_CoA_Synthase(t)
as expressed in the formalism of equation (1).
We assume that NADPH and H+ are always present and
we have chosen not to represent them in our model. Thus,
in the presence of HMG-CoA reductase, HMG-CoA will
produce mevalonic acid. ATP is also considered to be
present in sufficient amounts so that mevalonic acid will
transform into mevalonyl pyrophosphate, which will
then transform into isopentenyl pyrophosphate.
Isopentenyl pyrophosphate will give dimethyl allyl pyrophosphate, and then combine with its own product to
form geranyl pyrophosphate. This last one will combine
with isopentenyl pyrophosphate to give farnesyl pyrophosphate. Farnesyl pyrophosphate will lose two inorganic phosphates and one H+ ion to give presqualene
pyrophosphate that will get two hydrogens from NADPH
and H+ and lose two more inorganic phosphates to transform into squalene.
Since we assume NAPDH and H+ to be always present in
enough quantity, farnesyl pyrophosphate will automatically give squalene and presqualene pyrophosphate
which, as an intermediate of the reaction, is not mentioned.
The ring closure of squalene produces lanosterol. We have
then omitted several transitions and jumped from the
lanosterol to desmosterol or 7-dehydrocholesterol, which
both give cholesterol. The Boolean formula that describes
the formation of cholesterol from either desmosterol or 7dehydrocholesterol is:
Cholesterol(t+1) = Desmosterol(t) OR
7_dehydrocholesterol(t)
Perturbations of the model such as blockade of the HMGCoA reductase by statins, widely used hypocholesterolemic drugs, can be readily modeled. In the case of statins
and HMG-CoA reductase, the Boolean formula is:
HMG_CoA_Reductase(t+1) =
HMG_CoA_Reductase_RNA(t) AND NOT(Statins(t))
Encoding the model
At each time of the simulation the state of the targeted
biological system is represented by a Boolean vector. Each
coordinate represents a species in the pathway.
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Figure 4 Regulatory Pathway
Cholesterol
Cholesterol Regulatory Pathway. The cholesterol biosynthesis pathway is shown on this figure starting by its precursor
Acetyl-CoA. Several of the key enzymes of this pathway regulated by SREBPs are also shown. The genetic regulation initiated
by the effect of cholesterol on the Insig-SREBP-SCAP complex can be seen on the top of this figure. The action of statins,
widely used hypolipidemic drugs, on the HMG-CoA-Reductase enzyme is also captured in this graph. Species of the model are
grouped into cellular compartments as nucleus, golgi apparatus and endoplasmic reticulum. Default cellular compartment is the
cytosol. This graphical representation has been prepared with CellDesigner [60,61].
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The evolution function takes a Boolean vector representing the state of the model at time t and returns a Boolean
vector representing the state of the model at time t + 1.
Storing the model
The study of those pathways is greatly facilitated when the
models are stored in a computer-readable format allowing
representation of a biological system. Such formats have
already been proposed like the Systems Biology Markup
Language (SBML) [26,27]. SBML files are static representations of biological systems that contain species, reactions, kinetic laws and possible annotations. SBML
implements the XML (Extensible Markup Language)
standard and is now internationally supported and widely
used. It allows models of biological systems to be stored
in public or private databases. However, it has been
designed for the purpose of ODE (Ordinary Differential
Equations) simulations and thus needs some adaptations
to be used for Boolean simulations, like the possibility to
store Boolean formulae. For our purposes, we have used
SBML files with additional <BooleanLaws> </BooleanLaws>
tags which are stored within reaction tags in an annotated
section to remain compatible with SBML standard. This
SBML can be downloaded from the BioModels database
http://www.ebi.ac.uk/biomodels/[28] and has the following submission ID: MODEL0568648427.
Simulation: point and cyclic attractors
In a synchronous simulation, every trajectory converges to
an attractor. Indeed, as the state space is finite (its size is
2N with N the number of species in the model), if we keep
the simulation running long enough it will eventually
come back to an already reached state. At that point, the
trajectory becomes periodic because the simulation is
deterministic on a finite state space.

If the periodic part of the trajectory is of size one, we call
the state a point attractor. When the system loops infinitely through several states, we call the set of these states
a cycle attractor.
While non-attractor states are transient and visited at most
once on any network trajectory, states within an attractor
cycle or point are reached infinitely often. Thus, attractors
are often identified with phenotypes [2,3]. Considering
that a phenotype is an observable state, therefore stable, of
an organism or a cell, real biological systems are typically
assumed to have short attractor cycles [29].
The state-space explosion problem
In order to fully analyze the model with a simple simulation approach, we would need to simulate every state of
the state-space. But the size of this space grows exponentially with the number of species and thus the computation of the trajectories starting from all possible states will
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rapidly become too costly. Thus, we have decided, as a
first step prior to a formal analysis, to use a random generator in order to choose a subset of start states significantly smaller than the whole state-space and uniformly
distributed in this space. We have also taken advantage of
multiple processors computing in order to cover the maximum of the state space with a minimum of time. Algorithms developed for Boolean simulation are very well
suited for parallel execution. For example the set of start
states used for simulation can easily be divided into subsets and simulation can be run independently from those
start subsets. However, we think that parallelization is not
sufficient to overcome the combinatorial explosion.
Indeed, in order to add a species to a model, the computing capabilities must be multiplied by two.
Relative importance of cycles: A Markovian approach
based on asynchronous perturbations
We propose here a methodology based on Markov processes that computes the stability of cycles. Markov processes have already been used for controlling and analyzing
gene networks [30,31]. Our approach differs from what is
done in Probabilistic Boolean Networks (PBN) by the
choice of the state space: instead of classically using the
state space of the system itself (i.e. the 2N possible values
of the state vector), we will use the set of state cycles and
equilibria which is typically much smaller [2,3]. This
allows us to compute Markov chain-based algorithms on
large biological systems and thus to take into account the
substantial and still growing amount of data we have on
those networks and pathways. However, as a price for scalability and unlike PBN, the framework of synchronous
Boolean networks does not represent the possible stochasticity of state transitions. Let S be the set of results of our
Boolean analysis (S is composed of point attractors and
cyclic attractors). S is the state-space of the finite discrete
time-homogeneous Markov chain we want to study. In
order to define the transitions of this Markov chain, we
apply a perturbation on each cycle C in S. C has k states (k
can be 1 in the case of a point attractor), say (s1, s2, ..., sk).
For each state si of the cycle (s1, s2, ..., sk) the perturbation
consists in reevaluating each species by its own Boolean
function triggered asynchronously. Thus we obtain N new
states (si,1, si,2, ..., si,N) for each state in C. When we perturb
every state with every perturbation, we obtain a new set of
perturbed states of size kN.

We can note here that some of the states in (si,1, si,2, ..., si,N)
are equal to the perturbed state si. Those states will be
taken into account similarly to the states different from si.
We then simulate synchronously all the states in (si,1, si,2,
..., si,N) until they reach one of the attractors of the system
(i.e. an element of S). The transition probability from a
cycle to another is defined as the ratio of the number of
perturbed states of the first cycle that reach the second one
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over the total number of perturbed states of the first cycle.
We also take into account the transitions from a cycle to
itself. By this mean, we add some asynchronous dynamics
in our synchronous analysis. We can then compute the
stationary distribution of this Markov process and interpret it as a measure of the relative importance of each
cycle. We achieve this computation with an initial vector
of size n and of value [1/n, 1/n, ..., 1/n] where n is the size
of S. By this mean, we make sure that all the absorbing
states are taken into consideration. The aim of this methodology is to provide a measure of the stability of each
synchronous attractor, using an asynchronous perturbation. Expecting that all the resulting attractors of synchronous Boolean analysis are biologically relevant would
mean that all the biochemical reactions in the network
happened simultaneously. Yet we know that it is not the
case. Furthermore, it is well known that, within a biological pathway, some reactions are triggered with higher frequency than others (that is why, in the ODE paradigm, a
lot of systems are stiff). Thus, Boolean analysis should, in
some way, take into consideration the asynchronous character of biochemical reactions. Under this assumption,
asynchronous perturbations seem a logical and convenient way to provide a hint of the biological relevance of
the state cycles found.

Results
Dynamical synchronous analysis of the model
Based on the simulations obtained from 105 random
states (out of 233 . 8.6 × 109 possible states), we predict 3
equilibria or steady states:

• one with the complex SREBP-SCAP-Insig1 activated but
a lack of precursor (Acetyl-CoA) preventing cholesterol
synthesis;
• one with the presence of cholesterol precursor (AcetylCoA), but also the presence of statins blocking the cholesterol synthesis by inhibiting the HMG-CoA reductase
enzyme;
• and one with a lack of precursor and the presence of statins.
Furthermore, we found 4 state cycles corresponding to the
physiological regulation of cholesterol synthesis: when
the cholesterol level is too low (equivalent to the absence
of cholesterol in a Boolean formalism) there is activation
of the SREBP-SCAP complex and (enhancement of the)
production of all the enzymes of the cholesterol synthesis
regulated by SREBP. Then, the endogenous synthesis of
cholesterol starts again and when its level becomes too
high (equivalent to the presence of cholesterol in a
Boolean formalism) it inhibits the release of the SREBP-

http://www.biomedcentral.com/1752-0509/2/99

SCAP complex and thus the production of the above
enzymes.
Among those 4 cycles one has size 29 (named cycle_0 further in this article) and the others have size 33. In the cycle
of size 29 the cholesterol changes from false to true (i.e.
the cholesterol gets above the threshold indicative of the
activation of its synthesis by the complex SREBP-SCAPInsig) only once per cycle, while in the cycles of size 33,
the cholesterol becomes true 5 times per cycle.
Results verification through a formal analysis using a SAT
solver
The results detailed in the previous paragraph are
obtained using a start space for the simulation around 105
times smaller than the state space. This method has the
advantage to quickly provide some attractors for the biological system. However, when using a sample of the
whole state space, there is no assurance of finding all the
system attractors. Formal analysis is one way to ensure
that all the attractors have been found with a computational cost that could be lower than the cost of performing
simulation on the whole state space. We decided to perform such a formal analysis by running a SAT solver on
our Boolean network. We recall here that the Boolean satisfiability problem (commonly called SAT-problem) [32]
determines if there is a set of variables for which a given
Boolean formula can be evaluated to TRUE and identifies
this precise set if existing. This is an NP-complete problem
for which some instance solvers have been developed. To
achieve this formal analysis, we wrote our system of
Boolean equations into a suitable dimacs file format [33]
(some dimacs files used for simulation can be downloaded at http://Bioinformaticsu613.free.fr). In that way,
we were able to confirm that the only attractors of size 1,
29 and 33 were those detected by our simulation tool with
a random start space of size 105.
Why did we need to go further: detection of spurious cycles
The simulation performed with our model results in 4
state cycles. We believe that all those cycles do not correspond to a phenotype. These outcomes of different simulations, which are not biologically relevant, are typical of
the synchronous Boolean paradigm, and are called spurious cycles [4,5]. Therefore, there is a need to measure the
relative importance of the cycles found using the previous
methods.
Markov chains-based stability analysis of the previous
synchronous simulation
Let us use our stability analysis on the results of the synchronous simulation of the cholesterol regulatory pathway. We perturb the cyclic attractors found during this
simulation and then simulate synchronously the states
resulting from the perturbation. We interpret the ratio of
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the number of perturbed states of a given cyclic attractor
that reach a second cyclic attractor over the total number
of perturbed states of the given cyclic attractor as a transition probability. Afterwards, we use all the computed
transition probabilities obtained previously to build the
Markov chain shown in figure 5.
The stationary probability vector is [1, 0, 0, 0]. This reflects
the fact that the state cycle 0 is absorbing (i.e. it has no
outgoing transitions). We interpret this result as state
cycles 1, 2 and 3 are spurious.

Markov chains-based stability analysis of simple regulatory
networks
Furthermore, to validate our method of Markov chainsbased stability analysis, we applied it on simple positive
and negative regulatory loops of different sizes, which are
well known to contain spurious cycles. In the example of
a negative feedback loop of size 3, the state cycle {010,
101} is found in synchronous simulation but does not
exist in asynchronous simulation. It is obviously spurious,
as detected by our method. All the detailed results and
graphs can be found on our web site: http://
bioinformaticsu613.free.fr/simpleloopsn3.html.

957/957

Cycle 0

1030/1089
26/1089

Cycle 1

52/1089
78/1089

33/1089

33/1089

33/1089

Cycle 3

Cycle 2
33/1089

978/1089

971/1089

Figure
Markov 5chain of the transition probabilities between state cycles in the cholesterol regulatory pathway
Markov chain of the transition probabilities between state cycles in the cholesterol regulatory pathway. Let k be
the number of states within an attractor (k can be 1 in the case of a point attractor) and N be the number of species in the
model. For each attractor of this finite time-homogeneous Markov chain, we perturb each species of each state by triggering its
own Boolean function asynchronously. Thus there are kN perturbations per attractor. In the cholesterol regulatory pathway,
one cyclic attractor found by the synchronous analysis has 29 states and the three other cyclic attractors have 33 states. The
number of species in the model is 33. The weight of the edge from an attractor X to an attractor Y is the ratio between the
number of perturbations of X which lead to Y over the total number of perturbations of X.
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When we perform this analysis on our example of a simple regulatory network (figures 1, 2 and 3) we obtain the
results shown in table 2. The transition probabilities associated to the simple regulatory network shown in table 1
allow us to build the Markov chain shown in figure 6. The
resulting stationary distribution of the Markov chain
shown in figure 6 is [1, 0]. Thus we interpret the state cycle
of our simple regulatory network as spurious.
Benchmarking of our method
The lack of a common file format for qualitative analysis
is an important issue for the benchmark of such methods.
This is clearly stated in the article about the SQUAD software by Di Cara et al [34]: "With the increase of published
signaling networks, it will be possible in the future to realize a
benchmark among these software packages to compare their
strengths and weaknesses. For doing that, however, it would be
very useful to develop a common file format." Since Di Cara's
article, this issue of a common file format for qualitative
analysis is still important because the current SBML format cannot encode logical models. However, work is
ongoing to extend SBML such that version 3 could support information for qualitative simulation. The solution
we have found to overcome this current limitation was to
use a proprietary annotation with a specific namespace to
remain compatible with the SBML standard. This allowed
us to read and write annotated SBML files from our computational tool. However, other software cannot use our
annotated SBML to perform the qualitative analysis of a
biological network, unless specific code is developed to
read our annotations. SQUAD can generate SBML, but it
cannot use its own generated SBML to perform qualitative
analysis. All the information concerning qualitative analysis is stored only in MML files (the file format used by

SQUAD). This is why we could not use the current SBML
version to perform the benchmark.
Furthermore, except for some well-known problems
which have been well formulated and thus accepted by
the community (like the test for Initial Value Problems
(IVPs) solvers of the Bari University [35] or the ISCAS89
benchmark for circuits [36]), any type of benchmark
would be partial and its results could be seen as unfair by
other authors. For example, as mentioned by Naldi et al.
in [37], some methods are only suited for a subset of biological problems: "Garg et al. have already represented
Boolean state transition graphs in terms of BDD. They considered the particular case of networks where genes are expressed
provided all their inhibitors are absent and at least one of their
activators is present " [7]. The Naldi et al.'s method, regardless of its computational efficiency, is a more powerful
modeling tool thanks to the use of logical evolution rules
and multi-valued species. Even if it is always possible to
use Boolean formalism to model multi-valued networks
(by leveraging the number of Boolean species by the
number
of
wished
values,
e.g.
{Boolean_species_A_low_level,
Boolean_species_A_middle_level,
Boolean_species_A_high_level}), the use of multi-valued
logical networks greatly eases the modeling process.
However, despite all the restrictions discussed above, we
believe that benchmarking our method is an important
issue. We have then developed a program that generates a
random network whose size is a user input. For the sake
of simplicity, the obtained network contains species that
can have 0, 1, 2 or 3 species influencing it. This means
that, to compute the state of a species at time t + 1, we only

Table 2: Computation of the transition probabilities associated to our simple regulatory network.

Attractors

Steady State (SS)

State Cycle (SC)

States

1010

0010

1100

1011

Perturbed states and their limit cycles

1010 → SS

1010 → SS
0110 → SS
0000 → SC
0010 → SC

1100 → SC
1000 → SC
1110 → SS
1101 → SC

0011 → SC
1011 → SC
1011 → SC
1010 → SS

Resulting probability transition

P(SS → SS) = 1

P(SC → SC) = 8/12 . 0.67
P(SC → SS) = 4/12 . 0.33

This table shows both the principle of our newly introduced stability analysis and its application on the simple regulatory network shown in figure 1.
It has 2 main columns: the steady state column and the state cycle column. As the state cycle found during the dynamical synchronous analysis
contains 3 states (see figure 2), the last column is divided into 3 sub-columns. In the line "Perturbed states and their limit cycles" we show the
perturbation results of each state of each attractor by re-evaluating each species by its own Boolean function triggered asynchronously.
Perturbations are done from species A to species D. There are 4 species in our simple regulatory model, therefore 4 new states are generated
from 1 perturbed state. We then synchronously simulate each new state and note if their simulation leads to the attractor they are derived from or
to the other attractor of the system. In other words, we watch in which basin of attraction are those new states (see figure 2). The arrows
following by "SC" (state cycle) or "SS" (steady state) give those responses. For the steady state no perturbation has an effect because a steady state
in synchronous analysis remains a steady state in asynchronous analysis. Thus we simplify the presentation, showing that all the perturbations
applied to state [1010] leave this state unchanged.

Page 10 of 14
(page number not for citation purposes)

BMC Systems Biology 2008, 2:99

http://www.biomedcentral.com/1752-0509/2/99

Steady
State

State
Cycle

4/12

8/12

12/12

Figure
Markov 6chain of the transition probabilities between the steady state and the state cycle in our simple regulatory network
Markov chain of the transition probabilities between the steady state and the state cycle in our simple regulatory network. Let k be the number of states within an attractor (k can be 1 in the case of a point attractor) and N be the
number of species in the model. For each attractor of this finite time-homogeneous Markov chain, we perturb each species of
each state by triggering its own Boolean function asynchronously. Thus there are kN perturbations per attractor. In our simple
regulatory network the cyclic attractor has 3 states. The number of species in the model is 4. The weight of the edge from an
attractor X to an attractor Y is the ratio between the number of perturbations of X which lead to Y over the total number of
perturbations of X.

need to know the state of a maximum of 3 other species at
time t. Our benchmarking tool has 3 parameters that can
modify the connection density of the network :

We have analyzed networks of sizes ranging from 33 (the
number of species in our cholesterol regulatory pathway)
up to 2500 species.

• the probability of being a "source" (i.e. the probability
for a species to be influenced by no other species in the
network),

The CPU times obtained with our method on a Intel®
Core™ 2 Duo E6600 processor (2.4 GHz) with 2 GBytes of
RAM are shown in table 3. The performance of other
tested software did not compare favorably with our application. With GINsim, we were able to simulate networks
as large as 1000 species, but we obtained an "out of memory" error message for the network of 2500 species. When
we used the SQUAD software, we were unable to simulate
a network of 1000 species or above. It is however possible
that the parameters used to build the automatically generated networks might have an impact on the results of the
benchmarking. Nevertheless, under the conditions used,
our application is appropriate for the analysis of large biological networks.

• the probability to be under the influence of only one
other species in the network,
• the probability to be under the influence of exactly two
other species in the network.
The complementary probability is the probability for a
species to be influenced by three other species in the network.
Then our benchmarking tool generates the files describing
this network for our software as well as in MML and
GINML formats for SQUAD [34,38] and GINsim [39,40],
respectively.

Discussion
The results reported here are in accordance with the biological knowledge we have on the cholesterol biosynthesis pathway. The steady states found correspond to either
a lack of precursor (Acetyl-CoA) or arise from the effect of
statins blocking the endogenous synthesis of cholesterol,

Table 3: Benchmark of our method for qualitative analysis of biological networks.

number of species

33

100

250

500

1000

2500

CPU time

7.515s

15.874s

39.999s

90.295s

173.107s

569.511s

This table shows the benchmarking results of our qualitative analysis methods on automatically generated networks. Its has been done on a Intel®
Core™ 2 Duo E6600 processor (2.4 GHz) with 2 GBytes of RAM.
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and the cyclic attractor corresponds to a physiological regulation of cholesterol synthesis. Based on these data, we
will be able to evaluate the putative impacts of additional
modifications along the pathway. For instance, we may
evaluate the effect of compensatory intermediates such as
farnesyl pyrophosphate or geranylgeranyl pyrophosphate,
which are expected to both restore cholesterol synthesis
and prevent the deleterious effects of its absence [25,4144]. These compounds may compensate for the lack of
mevalonate, a condition that could readily be introduced
in our computerized scheme and assayed experimentally
at the same time. This would be particularly relevant in
the field of cancer research, for defects in lipid signalling
are of primary importance [19,45-47]. Hence, secondary
protein modifications, including farnesylation or geranyl
geranylation, which depend on the availability of farnesyl
and geranyl geranyl pyrophosphate, respectively, are
known to play pivotal roles in the progression of tumours
that depend on Ras functional status (for review see [15]).
However, it would require further studies to integrate our
cholesterol regulatory pathway with oncological pathways, like the Ras activation pathway. We believe that this
would be a particularly interesting perspective, bearing in
mind that signal transduction pathways with G proteins
have been extensively studied [48-52] and modeling
efforts have already been made [53,54]. Furthermore, the
method described here to identify spurious cycles opens
new routes to compute large and biologically relevant
models thanks to the computational efficiency of synchronous simulation. An important aspect was to benchmark our method in order to determine if its
computational efficiency is comparable to those of GINsim and SQUAD. Our results show that our method can
analyze networks containing as many as 2500 species and
was time efficient. Indeed, the approach could well be
applied to other regulatory pathways, either from other
metabolic routes or from transduction signaling. However, the current model is purely a Boolean model where
a gene is either active or inactive, a protein either present
or not. An obvious limitation of Boolean formalism
comes, for example, from the difficulty or the impossibility to model a simultaneous and antagonist influence on
a species, e.g. if a gene is under the influence of a silencer
and an activator. In that case, we would like to be able to
model a threshold above which there is activation or inhibition of the targeted species, e.g. there is RNA production
when there is at least twice as much activator as silencer.
Boolean formalism is not suitable for this purpose. This
limitation could however be alleviated by expressing the
presence of a molecular species with an enumeration of
values ranging from the complete lack to a highly overexpressed level such as in the generalized logical modeling
approach of Thomas and D'Ari [4]. This would also enable to address, with a more realistic approach, the effect of
an inhibitor or the effect of an enzyme, and to predict the

http://www.biomedcentral.com/1752-0509/2/99

preponderance of one or the other species in case of antagonistic regulation. The multi-level approach was successfully applied to many experimentally studied biological
regulatory networks (e.g. [55-58]). We can note here, that
our Markov chains-based stability analysis could readily
be extended on the analysis of a multilevel qualitative
simulation. Other work seems to be ongoing on cholesterol on cholesterol modeling using a set of ordinary differential equations thanks to a huge effort of
identification of biochemical kinetics and this should add
further insights on the understanding of this pathway
[59]. Those two last approaches would allow us, for example, to analyze different cholesterol levels.

Conclusion
To the best of our knowledge, this is the first description
of a dynamic systems biology model of the human cholesterol pathway and several of its key regulatory control elements. This study was designed with a formal
methodology and was challenged through the use of an
important biochemical pathway. To efficiently analyze
this model and ensure further analysis even after its complexification and possible merge with other pathway
models like Ras signaling cascade models, we associate a
classical and computationally efficient synchronous
Boolean analysis with a newly introduced method based
on Markov chains, which identifies spurious cycles among
the results of the synchronous analysis. The in silico experiments show the blockade of the cholesterol endogenous
synthesis by statins and its regulation by SREPBs, in full
agreement with the known biochemical features of the
pathway. Furthermore, because high throughput experiments give rise to increased complexification of biological
systems, there are major needs for new computational
developments for their dynamical analysis. Our methodology is one answer to this new challenge.

Authors' contributions
LC and GK conceived this study and built the model based
on literature data. GK conducted the in silico experiments.

Acknowledgements
We wish to thank very much Dr. Claudine Chaouiya for her critical reading
of the manuscript.
This work was supported by grants from the Inserm, the Brittany region,
the University of Brest and the Medical Faculty of Brest. Gwenael Kervizic
was supported by a CIFRE contract from the ANRT.

References
1.
2.
3.
4.

Kitano H: Computational systems biology. Nature 2002,
420(6912):206-10.
Kauffman SA: Metabolic stability and epigenesis in randomly
constructed genetic nets. J Theor Biol 1969, 22(3):437-67.
Kauffman S: The Origins of Order: Self-organization and Selection in Evolution Oxford University Press, NY; 1993.
Thomas R, D'Ari R: Biological Feedback CRC Press; 1990.

Page 12 of 14
(page number not for citation purposes)

BMC Systems Biology 2008, 2:99

5.
6.
7.
8.

9.
10.
11.
12.
13.
14.
15.
16.
17.
18.

19.
20.
21.
22.

23.
24.
25.

26.

27.
28.

Faure A, Naldi A, Chaouiya C, Thieffry D: Dynamical analysis of a
generic Boolean model for the control of the mammalian
cell cycle. Bioinformatics 2006, 22(14):e124-31.
Chaves M, Albert R, D SE: Robustness and fragility of Boolean
models for genetic regulatory networks. J Theor Biol 2005,
235(3):431-49.
Garg A, Xenarios I, Mendoza L, DeMicheli G: An Efficient method
for dynamic analysis of gene regulatory networks. RECOMB
2007; Heidelberg 2007:62-76.
Horton JD, Shimomura I, Brown MS, Hammer RE, Goldstein JL, Shimano H: Activation of cholesterol synthesis in preference to
fatty acid synthesis in liver and adipose tissue of transgenic
mice overproducing sterol regulatory element-binding protein-2. J Clin Invest 1998, 101(11):2331-9.
Osborne TF: Sterol regulatory element-binding proteins
(SREBPs): key regulators of nutritional homeostasis and
insulin action. J Biol Chem 2000, 275(42):32379-82.
Shimano H: Sterol regulatory element-binding protein family
as global regulators of lipid synthetic genes in energy metabolism. Vitam Horm 2002, 65:167-94.
Auer J, Eber B: A clinical focus on statins. Curr Opin Investig Drugs
2001, 2(3):382-388.
Bocan TM: Pleiotropic effects of HMG-CoA reductase inhibitors. Curr Opin Investig Drugs 2002, 3(9):1312-1317.
Buhaescu I, Izzedine H: Mevalonate pathway: a review of clinical
and therapeutical implications. Clin Biochem 2007, 40(9–
10):575-584.
Fears R: Mode of action of lipid-lowering drugs. Baillieres Clin
Endocrinol Metab 1987, 1(3):727-754.
Demierre MF, Higgins PD, Gruber SB, Hawk E, Lippman SM: Statins
and cancer prevention. Nat Rev Cancer 2005, 5(12):930-42.
Coleman PS, Chen LC, Sepp-Lorenzino L: Cholesterol metabolism and tumor cell proliferation. Subcell Biochem 1997, 28(363–
435):363.
Cox AD, Der CJ: The ras/cholesterol connection: implications
for ras oncogenicity. Crit Rev Oncog 1992, 3(4):365-400.
Edwards PA, Ericsson J: Signaling molecules derived from the
cholesterol biosynthetic pathway: mechanisms of action and
possible roles in human disease. Curr Opin Lipidol 1998,
9(5):433-440.
Rao KN: The significance of the cholesterol biosynthetic pathway in cell growth and Carcinogenesis. Anticancer Res 1995,
2(2):309-314.
Graaf MR, Richel DJ, van Noorden CJ, Guchelaar HJ: Effects of statins and farnesyltransferase inhibitors on the development
and progression of cancer. Cancer Treat Rev 2004, 30(7):609-41.
Chan KK, Oza AM, Siu LL: The statins as anticancer agents. Clin
Cancer Res 2003, 9:10-19.
Wong WW, Dimitroulakos J, Minden MD, Penn LZ: HMG-CoA
reductase inhibitors and the malignant cell: the statin family
of drugs as triggers of tumor-specific apoptosis. Leukemia
2002, 16(4):508-519.
Berg J, Tymoczko J, Stryer L: Biochemistry 5th edition. W.H. Freeman
and Company; 2001.
Bengoechea-Alonso MT, Ericsson J: SREBP in signal transduction: cholesterol metabolism and beyond. Curr Opin Cell Biol
2007, 19(2):215-222.
Brown MS, Goldstein JL: Multivalent feedback regulation of
HMG CoA reductase, a control mechanism coordinating isoprenoid synthesis and cell growth.
J Lipid Res 1980,
21(5):505-517.
Hucka M, Finney A, Sauro HM, Bolouri H, Doyle JC, Kitano H, Arkin
AP, Bornstein BJ, Bray D, Cornish-Bowden A, Cuellar AA, Dronov S,
Gilles ED, Ginkel M, Gor V, Goryanin I, Hedley WJ, Hodgman TC,
Hofmeyr JH, Hunter PJ, Juty NS, Kasberger JL, Kremling A, Kummer
U, Le Novere N, Loew LM, Lucio D, Mendes P, Minch E, Mjolsness
ED, Nakayama Y, Nelson MR, Nielsen PF, Sakurada T, Schaff JC, Shapiro BE, Shimizu TS, Spence HD, Stelling J, Takahashi K, Tomita M,
Wagner J, Wang J: The systems biology markup language
(SBML): a medium for representation and exchange of biochemical network models. Bioinformatics 2003, 19(4):524-31.
Finney A, Hucka M: Systems biology markup language: Level 2
and beyond. Biochem Soc Trans 2003, 31(Pt 6):1472-1473.
Le Novere N, Bornstein B, Broicher A, Courtot M, Donizelli M,
Dharuri H, Li L, Sauro H, Schilstra M, Shapiro B, Snoep JL, Hucka M:
BioModels Database: a free, centralized database of curated,

http://www.biomedcentral.com/1752-0509/2/99

29.
30.
31.
32.
33.

34.
35.
36.
37.

38.
39.

40.
41.
42.
43.

44.
45.
46.

47.

48.
49.
50.
51.
52.

published, quantitative kinetic models of biochemical and
cellular systems. Nucleic Acids Res 2006:D689-91.
Choudhary A, Datta A, Bittner ML, Dougherty ER: Intervention in
a family of Boolean networks. Bioinformatics 2006, 22(2):226-32.
Shmulevich I, Dougherty ER, Kim S, Zhang W: Probabilistic
Boolean Networks: a rule-based uncertainty model for gene
regulatory networks. Bioinformatics 2002, 18(2):261-74.
Chen PC, Chen JW: A Markovian approach to the control of
genetic regulatory networks. Biosystems 2007, 90(2):535-45.
Du D, Gu J, Pardalos PM: Satisfiability Problem: Theory and Applications
AMS, DIMACS; 1997.
Satisfiability Suggested Format [http://www.satlib.org/Bench
marks/SAT/satformat.ps]. To read this reference you will need the 2
following software: GPL Ghostscript and GSview. GPL Ghostscript
can be downloaded from: http://pages.cs.wisc.edu/~ghost/doc/GPL/
gpl863.htm
and GSview can be downloaded from:
http://
pages.cs.wisc.edu/~ghost/gsview/get49.htm
Di Cara A, Garg A, De Micheli G, Xenarios I, Mendoza L: Dynamic
simulation of regulatory networks using SQUAD. BMC Bioinformatics 2007, 8(462):.
Web page of test for Initial Value Problems (IVPs) solvers
[http://www.dm.uniba.it/~testset]
Web page describing the ISCAS89 benchmark circuits
[http://courses.ece.uiuc.edu/ece543/iscas89.html]
Naldi A, Thieffry D, Chaouiya C: Decision Diagrams for the Representation and Analysis of Logical Models of Genetic Networks. In Computational Methods in Systems Biology, CMSB 2007,
Edinburgh, Scotland Volume 4695. Springer; 2007:233-247.
Mendoza L, Xenarios I: A method for the generation of standardized qualitative dynamical systems of regulatory networks. Theor Biol Med Model 2006, 3:13.
Chaouiya C, Remy E, Mossé B, Thieffry D: Qualitative analysis of
regulatory graphs: a computational tool based on a discrete
formal framework. In "First Multidisciplinary International Symposium
on Positive Systems: Theory and Applications" (POSTA 2003), of LNCIS Volume 294. Springer-Verlag; 2003:119-126.
Gonzalez A, Naldi A, Sãnchez L, Thieffry D, Chaouiy C: GINsim : a
software suite for the qualitative modelling, simulation and
analysis of regulatory networks. Biosystems 2006, 84(2):91-100.
Espenshade PJ, Hughes AL: Regulation of sterol synthesis in
eukaryotes. Annu Rev Genet 2007, 41:407-427.
Goldstein JL, Brown MS: Regulation of the mevalonate pathway.
Nature 1990, 343(6257):425-430.
Ness GC, Chambers CM: Feedback and hormonal regulation of
hepatic 3-hydroxy-3-methylglutaryl coenzyme A reductase:
the concept of cholesterol buffering capacity. Proc Soc Exp Biol
Med 2000, 224:8-19.
Osborne TF: Transcriptional control mechanisms in the regulation of cholesterol balance. Crit Rev Eukaryot Gene Expr 1995,
5(3–4):317-335.
Chen YQ, Edwards IJ, Kridel SJ, Thornburg T, Berquin IM: Dietary
fat-gene interactions in cancer. Cancer Metastasis Rev 2007,
26(3–4):535-551.
Logette E, Le Jossic-Corcos C, Masson D, Solier S, Sequeira-Legrand
A, Dugail I, Lemaire-Ewing S, Desoche L, Solary E, Corcos L: Caspase-2, a novel lipid sensor under the control of sterol regulatory element binding protein 2.
Mol Cell Biol 2005,
25(21):9621-9631.
Logette E, Solary E, Corcos L: Identification of a functional DNA
binding site for the SREBP-1c transcription factor in the first
intron of the human caspase-2 gene. Biochim Biophys Acta 2005,
1738(1–3):1-5.
Kamimura D, Ishihara K, Hirano T: IL-6 signal transduction and
its physiological roles: the signal orchestration model. Rev
Physiol Biochem Pharmacol 2003, 149:1-38.
Kandpal RP: Rho GTPase activating proteins in cancer phenotypes. Curr Protein Pept Sci 2006, 7(4):355-65.
Fritz G, Kaina B: Rho GTPases: promising cellular targets for
novel anticancer drugs. Curr Cancer Drug Targets 2006, 6:1-14.
Bustelo XR, Sauzeau V, Berenjeno IM: GTP-binding proteins of
the Rho/Rac family: regulation, effectors and functions in
vivo. Bioessays 2007, 29(4):356-70.
Strange PG: Signaling mechanisms of GPCR ligands. Curr Opin
Drug Discov Devel 2008, 11(2):196-202.

Page 13 of 14
(page number not for citation purposes)

BMC Systems Biology 2008, 2:99

53.
54.

55.

56.

57.
58.
59.

60.
61.

http://www.biomedcentral.com/1752-0509/2/99

Singh A, Jayaraman A, Hahn J: Modeling regulatory mechanisms
in IL-6 signal transduction in hepatocytes. Biotechnol Bioeng
2006, 95(5):850-62.
Maurya MR, Bornheimer SJ, Venkatasubramanian V, Subramaniam S:
Reduced-order modelling of biochemical networks: application to the GTPase-cycle signalling module. Syst Biol (Stevenage) 2005, 152(4):229-242.
Thomas R, Thieffry D, Kaufman M: Dynamical behaviour of biological regulatory networks-I. Biological role of feedback
loops and practical use of the concept of the loop-characteristic state. Bull Math Biol 1995, 57(2):247-76.
Sanchez L, van Helden J, Thieffry D: Establishement of the dorsoventral pattern during embryonic development of drosophila melanogasater: a logical analysis. J Theor Biol 1997,
189(4):377-89.
Sanchez L, Thieffry D: A logical analysis of the Drosophila gapgene system. J Theor Biol 2001, 211(2):115-41.
Schaub MA, Henzinger TA, Fisher J: Qualitative networks: a symbolic approach to analyze biological signaling networks. BMC
Syst Biol 2007, 1:4.
Ratushny A, Ignatieva E, Matushkin Y, Likhoshvai V: Mathematical
model of cholesterol biosynthesis regulation in the cell. Proceedings of the Second International Conference on Bioinformatics of
Genome Regulation and Structure: 7–11 August 2000; Novosibirsk, Russia
2000:203-06.
CellDesigner [http://www.celldesigner.org/]
Kitano H, Funahashi A, Matsuoka Y, Oda K: Using process diagrams for the graphical representation of biological networks. Nat Biotechnol 2005, 23(8):961-6.

Publish with Bio Med Central and every
scientist can read your work free of charge
"BioMed Central will be the most significant development for
disseminating the results of biomedical researc h in our lifetime."
Sir Paul Nurse, Cancer Research UK

Your research papers will be:
available free of charge to the entire biomedical community
peer reviewed and published immediately upon acceptance
cited in PubMed and archived on PubMed Central
yours — you keep the copyright

BioMedcentral

Submit your manuscript here:
http://www.biomedcentral.com/info/publishing_adv.asp

Page 14 of 14
(page number not for citation purposes)

