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Preface

What are the factors that promote the appearance of diseases and determine the response to

a specific treatment? During the last fifty years significant advances in biological research have

revealed the basic components of living organisms including DNA, RNA and proteins. Several

scientific efforts have elucidated the main processes by which these building blocks are produced

and degraded. The origin of once unexplained fatal diseases like cystic fibrosis is now taught to

first year medical students. The complete human genome is available for anyone with an Internet

connection and enough time to learn the meaning of contig, expressed sequence tag, messenger

RNA or alternative splicing

Biologists have the capacity to measure the expression of thousands of genes in one single experi-

ment and to compare how this gene expression changes in terms of time or specific perturbations.

Similar approaches are available for proteins or even whole cells. However, has this spectacular

revolution in biological research changed the way in which medicine is practiced today? The

answer is a clear yes. But there are still several questions that remain unsolved for the most

common group of diseases, the ones responsible for the higher burden of human suffer: cancer,

neurodegenerative diseases, cardiovascular diseases and autoimmune diseases.

Biology and medicine are gradually becoming quantitative sciences. High throughput quanti-

tative techniques provide researchers with large amounts of biological data that is difficult to

analyze with intuition alone. Computational and mathematical methods are in this case urgently

needed as well as collaboration between mathematicians and biologists. This is not an easy task.

There are several hurdles, beginning with the language used in both fields. Mathematics is a

formal science based on theorems and proofs. Biology is an experimental science rooted in hy-

pothesis testing through experiments. Mathematics likes generalization but biology is interested

in reductionism, one gene, one protein, one disease. A frontier area where shared efforts are giving

continous success is the physicochemical modeling of biochemical reactions, the subject of this

work

Signaling pathways are networks of chemical reaction involved in the control of key cellular

processes. They are composed of repeating structures denominated signaling motifs that show

interesting dynamical properties (oscillations, bistability) susceptible of mathematical modeling.

Deregulation of the control mechanism of signaling pathways is a common theme in complex

diseases.
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XIV Preface

The aim of this thesis is to improve the understanding of signaling pathways through a theo-

retical study of chemical reaction networks. The equilibirum solution to the equations derived

from chemical networks will be analytically resolved using tools from algebraic geometry.

The chapters are organized as follows:

1. An introduction to chemical dynamics in biological systems with a special emphasis on

steady state analysis

2. Complete description of the chemical reaction network theory explaining the new results

applied in this thesis We also cover the inverse problem in reaction kinetics whereby if the

differential equations could be derived from a chemical system, there is the possibility to

apply the theorems covered in the chapter

3. Signaling pathways are constituted by signaling motifs. In this chapter some of the most

common motifs are resolved

4. Apoptosis or programmed cell death displays an interesting dynamical mark: bistability,

thoroughly analyzed

5. A mathematical model for the JAK-STAT signaling pathway

6. A state of the art discussion of systems biology and autoimmune diseases

7. General conclusions and outlook of this work.



Chapter 1

Introduction

Biological organisms are conformed by different types of cells. Each group of cells has a well

defined organization and function to constitute a tissue and then an organ. However, the correct

activity of tissues and organs depends on the adequate communication between each of its cells.

A communication systems is required.

Cells interact among them using chemical signals broadly classified as autocrine, paracrine and

endocrine. Autocrine signals are produced and sensed by the same cells. Paracrine signals are

secreted to nearby medium, where cells recognize them using specific receptors to the chemical

signal. Examples of paracrine signals are cytokines and neurotransmitters. In the case of en-

docrine communication, the signal (an hormone) is released to the bloodstream and the effect is

mediated in distant organs, after binding to the correct receptor.

Signal transduction pathways share some common features:

1. Specificity. Ligand receptor binding is controled in precise detail by accurate complementar-

ity between the signal and the receptor. In multicellular organisms specificity is also attained

due to the selective expression of receptors in the cells performing the function indicated by

the ligand

2. Adaptation. Receptor protein production or activity promotes a negative feedbak loop

that abrogates the signal. The mechanims involved are receptor internalization, receptor

degradation and receptor protein messenger RNA downregulation

3. Amplification. Ligand binding activates an enzyme cascade that produces a geometrically

increase in the signal strength. This is accomplished through the simultaneous activation of

several proteins downstream ligand-receptor binding

4. Integration. The physiological effect of signals is not produced in isolation. The cell inte-

grates incoming signals to generate an adequate output according to the cell status. There

is a crosstalk between signaling pathways that ultimately provides the cell with instructions

to perform a determined biological process

A common theme in cellular communication is the need of a receptor and a signal (a ligand). But,

What happens after receptor binding to its ligand? How an external chemical signal regulates the

1



2 Introduction

activity of intracellular components? What are the requirements to turn off a response elicited to

an hormone? Cells are equipped with reaction networks responsible of transforming the upcoming

chemical signals in information that helps the cell to take decisions about key cellular processes.

The aforementioned chemical networks are known as signaling pathways.

Figure 1.1: A. Autocrine signal. The cell responds to its own product B. Paracrine signal. A

cell senses a signal produced by a neighbour cell. C Endocrine signal. A distant cell reacts to a

hormone transported in the blood.

1.1. Signaling pathways

A signaling pathway (SP) is a chemical reaction network conformed by a set of proteins that

mediate the transduction of biochemical signals (in terms of cytokines, hormones) to specific

changes in cellular function. In order to complete its role, signals must be first sinthesized and

secreted from the signaling cells. After traveling in the blood or in the extracellular medium,

signals bind to specific receptors in target cells. Many receptors are transmembrane proteins and

serve as a bridge between the extracellular medium and the cytoplasm. Upon signal perception

receptors change their conformation to an active state. During the time of receptor activation,

adaptor proteins initiate a sequence of reactions that ultimately bring about chemical signal phys-

iological effects[1].

Ligand-receptor interactions take place through reversible non-covalent modifications. Ligand

receptor binding displays effector specificity meaning that each ligand receptor complex gener-

ates a clearly defined cellular response. For example insulin in liver cells promotes glycogen
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synthesis but no glucogen degradation. The kinetics of ligand-receptor binding could be modeled

using the following equation

R + L ⇆ LR (1.1)

where the forward reaction occurs at a rate kon and the backward reaction at a rate koff . The

dissociation (or affinity constant) can be calculated using this formula

kd =
[LR]

[L][R]
(1.2)

[L],[R] and [LR] represent the equilibrium concentrations of ligand, receptor and ligand-receptor

complex. kd values are in the range of 10−12M...10−6M . The lower kd, the higher affinity between

ligand and receptor. We will discuss in more detail receptor kinetics in another section of this

introduction[2].

After the receptor in the target cell is activated by its ligand on the surface of the cell mem-

brane, a group of molecules takes the message to the nucleus where they induce changes on cell

behavior. Chemical signals can augment or decrease the production of a protein or collection of

proteins. Following the insulin example, this hormone increases gene expression of the hexokinase

protein, an essential mediator in glycogen synthesis. In another way, extracellular signals often

induce changes in the activity of proteins. Insulin inhibits the action of glycogen phosphorylase,

a protein that interrupts the action of glycogen synthase, the key enzyme involved in glycogen

synthesis.

The types of biochemical reactions performed by SP are diverse. Production and degradation,

molecular modifications (methylation, acetylation) and activation and inhibition reactions are

among the most common. A repeating process is the phosporylation and deposphorylation of

protein cascades mediated by kinases and dephosphatases, respectively. This type of reaction

gives rise to non-trivial dynamic properties susceptible of mathematical modeling[3].

There is no clear way to classify signaling pathways. Using the terminology proposed in a well

known book of the field, SP could be divided in two groups: Classical and non-classical. Classical

pathways include the ones activated by G-protein coupled receptors, receptors with enzymatic

activity or steroid hormones. The mediators (or second messengers) of this group are metabolites

as cyclic AMP or dyacilglycerol. Pathways responsive to cytokines or growth factors represent

non-classical pathways. This group has been extensively studied during the last fifteen years.

The prototypes comprise NF-κ B and JAK/STAT signaling pathways. This classification is only

academical since it has been demostrated that signaling pathways usually don’t work in isolation.

Cells respond to a myriad of perturbations using common relay devices capable of integrating

diverse inputs into a well defined cellular output. SP have combinatorial capacity[4][5].

Signaling pathways are tightly regulated. Cells have several control mechanisms to interrupt

the action of chemical signals and terminate in this way the cellular response promoted by them.

Cells regulate the number of receptors and their activity as well as the production of signaling

components (kinases, adaptors). Regulatory circuits are a hallmark in SP biology. Therefore

it is not of surprise that common human diseases such as cancer and type II diabetes could be
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originated in the abnormal activity of transduction pathways.

Protein interaction networks and signaling pathways are composed by a large number of interact-

ing entities. In order to understand the underlying complexity both in structure and dynamics

it is required some kind of mathematical analysis. Terms like steady state, bifurcation point

and limit cycle acquire a biological meaning. This thesis is about the mathematical analysis of

signaling pathways. Mathematics starts in the next section.

1.2. Mathematical modeling of biochemical reactions

High efficiency technologies (such as DNA microarray and mass spectrometry) provide re-

searchers with a great amount of data to analyze. Gene expression experiments and proteomic

assays are static, taking an instantaneous picture of the cellular state. Static data is of relevance

to reconstruct the normal components of protein and gene interactions networks. But we are

interested in the dynamical behavior arising from these interactions, often elucidated through

development of a mathematical model

The steps required to produce a mathematical model for a biochemical reaction network are

the following[6]:

1. Available data (components,interactions,parameter values) is translated into a mathematical

model

2. The model structure and dynamical properties are extensively analyzed

3. Using the model some predictions can be made

4. Predictions are tested with experiments

5. Conclusions and data can be incorporated to the model

6. The cycle repeats until the model is nearly complete and accurate

In this section the first two steps of model building are explained using as an example receptor

ligand dynamics.

1.2.1. In search of good data. Network reconstruction

Mathematical model building relies on previous information about the components and inter-

actions among the components. There exist a growing number of databases that provide curated

knowledge to identify the proteins participating in the chemical reaction of interest. Among the

most widely used databases are KEGG (Kyoto Encyclopedia of Genes and Genomes), STRING

and REACTOME. In these repositories it is possible to find cartoons that indicate the elements of

the network and a sketch of the connections between them. Of great interest is the experimental

evidence that relates perturbations in the components to observable phenotypic variations[7][8][9].

Once a complete part list is available it is time to make sense of such a list. The scope of
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the model can be broad and include a detailed description of all proteins, proteins modifications

and control mechanism affecting the chemical network. In another way, the model can take into

account only the most important components and interactions. For example in the case of the

receptor ligand system we can include all the known states of the receptor (resting, activated,

sensitized, desensitized) or only distinguish between an inactive and an active form.

Models in biology are phenomenological or mechanistic. Phenomenological models describe the

data and try to infer casualty from statistical correlations. Mechanistic models seek to under-

stand the phenotype trough the study of the emergent properties of molecules interacting inside a

cell. Mechanistic models can be viewed as a form of dynamical system, susceptible to be handled

with mathematical reasoning. A dynamical system describes how its components change over

time. Dynamical systems depend on paramaters, but biological parameters (such as reaction rate

constants) are difficult to obtain. This has led some authors to advocate for a biology with no

parameters, emphasizing the need to obtain general conclusions about the dynamics of a biochem-

ical system relying only on the structure of the chemical reactions. However there are databases

that include parameter information, see for example DOQCS (Database of Quantitative Cellular

Signaling)[10].

1.2.2. One-dimensional systems

In this section of mathematical analysis we will follow a classical presentation of dynamical

systems. For the dimension of a system we mean the number of variables that conform it. One

dimensional systems have one variable, two-dimensional systems, two variables, and so on. A sys-

tem is linear if all the terms are linear. We will discuss first the characteristics of one-dimensional

systems using as an example a production and degradation reaction for a single chemical specie.

In the previous subsection we describe the information needed to develop a mechanistic dy-

namical system. Now is time to introduce the dynamic. Here the state of a particular component

represents its concentration over time. In this regard the temporal evolution of the species par-

ticipating in the reactions can be described by a system of ordinary differential equations. The

terms for each component represent the net production and degradation of the species taking

place in the chemical network. The time evolution derives from the equation

dx

dt
= f(x, k), (1.3)

where x ∈ R
n is a vector of variable representing chemical species concentrations, k ∈ R

m is a

vector of reaction parameters and f : R
m+n → R

n is the vector function that describe the balance

between production and consumption for each xi. In the case of a single chemical specie, the ODE

for the production and degradation example using mass action kinetics is:

ẋ = k1 − k2x (1.4)

The steady state (or equilibrium) of the system can be obtained solving the algebraic equation

f(x, k) = 0. In our example the equilibrium can be calculated using the expression x = k1

k2
. It is

clear that for each choice of reaction parameters the system will converge to an isolated steady
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state. In figure 1.2 there is the qualitative evolution of the system depending on the initial condi-

tion x0. For x0 > k1

k2
, the trajectory (the solution) slows down to the equlibrium point. If x0 > k1

k2

then x goes up until reaching the steady state. It is worth to mention the impossibility of other

Time

k1/k2

Figure 1.2: Qualitative evolution of the production-degradation system. In blue a trajectory with

initial condition x0 > k1

k2
. In red a trajectory where x0 < k1

k2

types of dynamical behavior (i.e. oscillations) in one dimensional systems. Hence, there are no

periodic solutions to ẋ = f(x)

Other types of kinetics are commonly implemented in biochemical simulations. We will briely

cover Michaelis-Menten kinetics and the Hill equation. In enzymatic reactions, the enzyme is

not produced or degraded and forms a transient complex with the reactant. In this case a quasi

steady state approximation is valid only if the enzyme is in much lower concentration than the

reactant concentration. Michaelis-Menten kinetics can be formulated in the following form

ẋ =
Vmaxx

Km + x

(1.5)

where Vmax is the maximal reaction rate and Km is the substrate concentracion where half

the maximal reaction velocity is reached. Michaelis-Menten kinetics has been widely used in

biochemical reaction network analysis. However, in signaling pathways where postranslational

modifications are common (i.e phosphorylation) the quasy steady state approximation does not

hold because a chemical specie can be at the same time substrate and enzyme. In such case mass

action kinetics seems the appropriate choice[11].

In some reaction networks involving multiunit proteins or dimers of the same protein, the binding

of the ligand (or substrate) produces a conformational change allowing an easier recruiting for

another ligand molecule. This is known as cooperativity and is found in ligand-receptor systems,

transcription factor binding to DNA and in the hemoglobin when it is in the presence of oxygen.
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Cooperativiy is mathematically formulated as the Hill equation:

ẋ =
Vmaxxn

Km + xn

(1.6)

Vmax and Km have the same interpreation as in the Michaelis-Menten kinetics and n designates

the Hill coefficient or the degree of cooperativity of the reaction. For example in the hemoglobin

reaction n = 2.8 − 3.

1.2.3. Two dimensional systems

Here we will use three examples, all having two variables:

1. Ligand-receptor dynamics

2. Glycolytic oscillations

3. The Bruselator

Ligand receptor dynamics

The initial process in a SP is ligand-receptor binding. Figure 1.3 displays the chemical reactions

involved in this system. The chemical species are

Figure 1.3: Receptor ligand dynamics. X1 is the inactive receptor, X2 is the active receptor.

k1, k2, k3, k4, k5 represent reaction rates.

x1= inactive receptor

x2= active receptor

The network is composed of five reactions with the following reaction rates assuming mass action

kinetics.

Inactive receptor production k1

Inactive receptor degradation k2x1
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Receptor activation k3x1

Receptor deactivation k4x2

Activated receptor degradation k5x2

This leads to a system of ODE

ẋ1 = k1 + k4x2 − (k2 + k3)x1 (1.7)

ẋ2 = k3x1 − (k4 + k5)x2 (1.8)

After ligand binding, inactive receptor decays rapidly and the active receptor becomes fully oper-

ative in just a fraction of time. The steady state (or equilibrium) of the system can be calculated

solving the algebraic equation f(x, k) = 0. For the running example this is

x1 =
(k4 + k5)k1

k2k4 + k2k5 + k3k5
, x2 =

k3k1

k2k4 + k2k5 + k3k5
(1.9)

Another way to observe the steady state of the systems is using a phase plane. A nullcline is

the set of all points where dxi

dt
= 0. We can identify an equilibrium in the intersection of the

nullclines. In the example there is only one steady state. However, more interesting dynamics

have been observed in biochemical reaction networks. This is the topic of the next part of this

work.

Glycolytic Oscillations

Periodic variation in chemical species concentration is a prevalent property of living organisms.

Examples include calcium waves, oscillations in glucose metabolism and the control of the cell

cycle, all of them important processes in cell physiology. The origin of periodicity is an intense

area of research. Some authors propose two general requirements for biochemical oscillations:

negative feedback and time delay. In this part we will deal with oscillations trough an example

of glycolytic oscillations[12]

Phosphofructokinase I (PFK 1) is an enzyme that catalyzes the transfer of a phosphate to fructose-

6-phosphate to yield fructose-6-biphosphate. The phosphate donor is ATP. In the reaction, ATP

is transformed to ADP. ADP is an activator of PFK 1 while ATP is an inhibitor. Fructose-6-

biphosphate (the product of the enzymatic reaction) is also an activator of PFK 1. The system

could be modeled using the following ODEs[13]

ẋ1 = k1 − k2x1x
2
2

ẋ2 = k2x1x
2
2 − k3x2 (1.10)

where x1 , x2 represent substrate (fructose-6-phosphate) and product (fructose-6-biphosphate)

respectively. Figure 1.4 displays the temporal evolution of metabolite concentration. In Figure

1.5 appears the phase plane of the system. There is an oscillatory trajectory for the parameters

values specified in the legend of the figure. In biochemistry, deregulation in oscillating systems

can be the basis of the so-called dynamic diseases. Examples include cyclical neutropenia and

the relapsing remitting variant of multiple sclerosis.
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Figure 1.4: Time course for the glycolytic system. Red line represents x1 and blue line x2. The

parameter values used in the simulation were k1 = 1, k2 = 1, k3 = 1.0001 Initial conditions are

x1 = 2, x2 = 1
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Figure 1.5: Phase plane of the glycolytic system. Parameter values are the same as in Figure 1.4
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The Bruselator

In 1968 Prigogine and Lefever [14] reported a two-dimensional chemical mechanism displaying

atypical dynamicss such as oscillation or bistability. The ODE system is

ẋ = a − bx + cx2y − dx

ẏ = bx − cx2y − ey (1.11)

where a, b, c, d, e are reaction rate parameters. For the case e = 0 , the brusselator as a unique

steady state at x = a
d
, y = bd/ac. This steady state is unstable when d3 − bd2 + ca2 < 0. As

shown in Figure 1.6 the unstable equilibrium point is surrounded by a limit cycle. A limit cycle

is an isolated closed trajectory. If all the solutions converge to the limit cycle, it is called stable,
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0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

x

y

Figure 1.6: Phase plane of the Bruselator. Parameter values are a = 1, b = 3, c = 1, d = 1, e = 0

otherwise unstable. In Figure 1.7 appears the temporal evolution of the system, where x and y

oscillate without interruption .

Limit cycles are common in science. They describe sytems that display self sustained oscillations.

Examples include the heart beat, periodic neuron firing and intracelular calcium oscillations.

Until now we have explained two qualitative solutions for a two-dimensional system:

1. Converge to a steady state

2. Converge to a limit cycle

The well known Poincare-Bendixson theorem stays that there are no more posibilities in two-

dimensional systems. According to this theorem any continous planar system approaches either

a fixed point or a periodic orbit. There is no place for chaos.
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Figure 1.7: Temporal evolution of the Bruselator. In red x solution, in blue y solution

1.2.4. Three-dimensional systems

Two dimensional systems are capable of self-sustained oscillations and as 1D systems of setting

down to a steady state. In systems of three variables (3D) it was thought that the qualitative

behavior would include limit cycles and steady states. It was a great susrpise when in 1963,

Edward Lorenz reported a system with three variables that exhibited a dynamical pattern never

oberved before. The ODE system is

ẋ = −σ(x − y)

ẏ = rx − y − xz

ż = xy − bz (1.12)

This system lead to the development of a new field of mathematical research known as chaos

theory. But, what is chaos? We will follow a classical definition from Steve Strogatz[15]. Chaos

is aperiodic long-term behavior in a deterministic systems that exhibit sensitive dependence on

initial conditions. Aperiodic means that solutions do not converge to fixed points or periodic

orbits. Deterministic means that the system has no random or noisy inputs or parameters. The

form of the solutions depends entirely of the non-linearities present in the system. Sensitivity

to initial conditions means that close solutions separate exponentially. This can be observed by

changing y initial conditions as displayed in Figure 1.8. The phase space of the Lorenz system

is the classic butterfly attractor. Another famous chaotic system is the Rössler equation. Otto

Rössler is a german physician interested in chemical kinetics where non-linear terms naturally

occur. The Rössler system is

ẋ = −y − z

ẏ = x + ay

ż = b + z(x − c) (1.13)

A phase space plot of this ODE system is shown in Figure 1.10. It is remarkable how simple

mathematics (one or two non-linear terms) gives rise to such complicated dynamics.
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condition. In blue changing x1 = −7.4

−15

−10

−5

0

5

10

15
−20

−15
−10

−5
0

5
10

15
20

10

20

30

40

yx

z
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Figure 1.10: The Rössler attractor. Parameter values are a = 0.2, b = 0.2, c = 5.0

1.2.5. Bifurcations

The qualitative solutions of dynamical systems can vary if the parameters are changed. In the

previous sections we have explained the possible outcomes for fixed parameters values. But, if

one or several of the parameters are perturbed, new phenomena can come into sight. New steady

states can appear, the stability can change or in some systems chaos can be present. The qualita-

tive changes in system dynamics observed after modifying parameters are known as bifurcations.

The values at which bifurcations occur are bifurcation points.

Bifurcations have received special attention in mathematical modeling of SP. Bifurcations could

be the origin of life and death switches in the apoptosis network, or the biochemical background

for cell cycle progression. As usual we will cover this topic with an example: the lac operon

Lac Operon

Signaling pathways are composed by chemical reactions. Chemical kinetics analysis often

gives rise to non linear dynamical systems. In particular simple reaction mechanisms, such as

bimolecular reactions i.e x1 + x2 → x3 produce non linear terms in ODE representation. If we

observe the ”trivial” mathematical object derived from this simple interaction

ẋ1 = −k1x1x2 (1.14)

we can see the appearance of a non linear term. Simple chemical interactions could be the source

of interesting non linear dynamics. This would be clarified using a classical example : the lactose
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utilization network of Escherichia coli.

Bacteria consume glucose in their metabolism. The glucose is obtained from the external medium

and imported to the cytoplasm where it can be processed in order to obtain energy. Several

enzymes participate in this process. One mean of regulation of glucose metabolism is the tran-

scriptional control of the enzymes involved in glucose homeostasis. In prokaryotic cells (i.e.

bacteria) groups of genes participating in the same function, are transcribed together conforming

an operon[16].

Escherichia coli depends on glucose. When there is no glucose in the medium to use, Escherichia

coli takes on lactose and transform it into glucose. The enzymes responsible to perform this

function are LacY and LacZ. LacY or β-galactoside permease transports lactose into the cell.

LacZ or β-galactosidase cleave lactose into glucose and galactose. It also converts lactose into

allolactose. LacY and LacZ (along with LacA, not involved in lactose metabolism) constitute the

lac operon. The lac operon is tightly regulated. In the absence of lactose an inhibitor protein

LacI binds to the operator region of the lac operon and inhibits gene expression. In the presence

of lactose, its metabolite allolactose produces a conformational change in LacI preventing LacI

binding to the operator an allowing lac operon expression.[17] The lac operon could be modeled

with the ODE system

ẋ1 = c0 + c(1 −
1

1 + xn
2

) − γx1 (1.15)

ẋ2 = lx2 − δx2 −
vx1x2

h + x2
(1.16)

where x1 is the lac operon mRNA concentration and x2 is allolactose concentration. c0 is mRNA

basal production, c is the mRNA growth rate, γ and δ are decay constants. v is the maximum rate

of the reaction and h is a saturation term. l denotes lactose concentration. For the parameters

values represented in Figure 1.11 there are three steady states, two stable and one unstable. The

bifurcation diagram shows how changes in the l parameter controls lac operon gene expression.

The plot was obtained using the MAPLE system implementing methods presented in Chapter

2.This type of behavior (bistability) is common in biochemical networks both in eukaryote and

prokaryote cells. It could be the origin of differentiation and memory. Perhaps could be the cause

of lack of response to a lowering cholesterol drugs, as discussed in section 1.3 section[18].

1.2.6. Network motifs

Chemical species are not isolated, but linked and cells are thus reaction networks. In the

last decade there has been a growing interest in the structural properties of biological networks.

Several topological measures (includind degree, cluster coefficient) have been defined and ap-

plied to the elucidation of how genes and proteins are interconnected. Genes and protein-protein

interaction networks seem to follow certain design patterns, repeatedly converging to similar ar-

chitectures during evolution. This patterns are currently known as network motifs. Most of the

work done in this field has covered transcription networks. In this part of the introduction we will

briefly review some well characterized network motifs along with some dynamical properties they

exhibit. Several software implementations are designed to detect network motifs in transcription
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Figure 1.11: Bifurcation diagram for the lac operon system. l is lactose concentration. x1 repre-
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networks and in protein-protein interaction networks. In Figure 1.12 there is a schematic repre-

sentation of the networks motifs presented[19]. SIM (Single input motif) a signal S controls

the production of x and y with reaction constants r1 and r3 respectively. This motif can generate

an ordered expression program for each of the components under regulation of S. The equation

for this motif is

ẋ = r1S − r2x

ẏ = r3S − r4y

The terms r1S and r3S could be transformed to k1 and k3 and the degration rates r2 and r4 to

k2 and k4. Now the ODE sytem is

ẋ = k1 − k2x

ẏ = k3 − k4y

X could be considered as a master regulator of the target gene. The SIM components perform

an orchestrated biological function. In the right upper panel of Figure 1.13 appears a time series

simulation for the SIM motif.

Regulatory chain motif. In this architecture a signal regulates the production of x which

in turn controls the production of y. The model for this system is

ẋ = k1 − k2x

ẏ = k3x − k4y
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Figure 1.12: Network motifs. A Single input motif B. Regulatory chain motif C. Feedback loop

(positive and negative) D. Feedforward loop (coherent and incoherent)

As observed in the left upper panel of Figure 1.13, there is a delay in the activation of y in relation

to x, because y variations depends on x which is zero at the start of the simulation.

Feedback motif. Feedback motis are postive or negative. In positive FB the product of a

regulation cascade augments the production of the initial chemical specie. This motif occurs in

more than 50 % of repressor promoters in bacteria and eukaryotic cells The ODE system for a

positive FB is

ẋ = k1 + k5y − k2x

ẏ = k3x − k4y

When levels of species X increase, expression of Y is induced, which represses expression of X

(and its own expression). When levels of X fall below a threshold, its production is stimulated

because of the absence of the repressor Y . This control mechanism yields oscillations around a

mean value, which, in turn, depends on other parameters of the system such as synthesis and

degradation rates. A negative feedback could be model by the ODE

ẋ = k1 + k5(
1

1 + y
) − k2x

ẏ = k3x − k4y

Feed-forward loops (FFL) consist of three components: A, B, and C. A is a regulator of B and

C (left). FFL is coherent if the sign (activation or suppression) of the path A-B-C is the same

as the sign of the path A-C. If the signs do not match, the FFL is incoherent. FFL can reject
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transient inputs and activate only after persistent stimulation. An ODE system for a coherent

FFL is

ẋ = k1 − k2x

ẏ = k5 + k3x − k4y

FFL loops are the most extensive studied both trough analytical and experimental approaches.

FFL dynamics resembles filters for protecting systems from rapidly changing signals that other-

wise will trigger unwanted cellular responses.

The Bifan motif is composed of two source nodes directly cross-regulating two target nodes.

This motif is able to act as signal sorter, a synchronizer, or a filter. It also provides temporal

regulation of signal propagation. Network motifs function and dynamics have been tested exper-

imentally. There is data available for the RC motif and the coherent FFL. In Figure 1.13 appears

time series plots for the SIM, RC, negative feedback loop and coherent feedforward loop motifs.

Network motifs are
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Figure 1.13: Time series for the motifs described in the text. In red x concentration and in blue

y concentration.Parameter values are ki = 1 for all i

1.3. Signaling pathways in human disease

Cancer, neurodegenerative diseases, cardiovascular disease and autoimmune diseases are the

most common cause of death and suffering in the world. This group of maladies can be classified

as complex diseases in contraposition to monogenic diseases (Mendelian heredity) such as cystic

fibrosis or sickle cell anemia, that result in modifications of a single gene affecting all the cells of
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the organism. The cause is usually unknown, resulting from a combination of genetic and envi-

ronmental factors. Complex disease treatment is most of the time supportive and lagging behind

the natural course of the disease. This means that when a therapeutic regimen is started, control

devices in normal functioning have been subsumed. Take the example of a malignant tumor. A

mass of 1 mm3 size contents nearly 1x109 cells and has grown for almost ten years[20].

SP are important for the appropriate physiology of the cell. They are involved in cell growth, cell

proliferation, apoptosis, control of gene expression an protein transduction among other relevant

biological processes. Aberrations in receptor number, protein phosporylation or dephosporylation

or cytoplasm transport can have profound effects in cells and organisms well being. Therefore it

is not surprising that SP participate in the pathogenesis of complex diseases. SP are in this sense,

ideal drug target candidates. Understanding how SP interact among each other and produce a

phenotype is fundamental to design effective drug interventions to treat complex diseases. The

first step is to gather as much information as possible about the composition and connectivity of

SP both in health and disease[21].

Several approaches (both genomic and proteomic) are available to understand the molecular

details behind SP organization. Here, it is worth to mention two genomic tools commonly used

to dilucidate SP biology: gene expression microarrays and single nucleotide polymorphism (SNP)

identification. From the proteomics point of view sources of data are mass spectrometry (MS)

and two dimensional polyacrylamide gel electrophoresis (PAGE)[22].

All cells in the body have the same composition of genes, but not all genes are expressed (or

turned on ) in every cell. At the same time, a particular gene can be expressed under very

specific conditions and stay completely silent in others. The study of these changes can now be

addressed through the use of a technology called DNA microarrays. A microarray is a tool for

analyzing gene expression that consists of a small membrane or glass slide containing samples

of many genes arranged in a regular pattern. Microarrays have proven useful in stratifying the

prognosis of several types of cancer and in proposing new drug targets based on differential gene

expression between patients and healthy persons. Dynamical studies of gene expression after

different perturbations (drugs,infections) have also be accomplished.

A SNP is a change in one nucleotide inside the DNA sequence. An example is ATTG to AATG,

where the second T has been replaced for an A. SNPs occur in the human population more than

one percent of the time. Most SNPs are located in non-coding regions, that is, in parts of the

genome not directly involved in protein codification. However SNPs could be present in regula-

tory regions where they can produce subtle changes in gene expression. Sets of SNPs could be

associated with the development of complex diseases. SNPs can also be involved in the grade

of response to a drug. SNPs in signaling pathways components have been reported in the case

of multiple sclerosis, breast cancer, etc. The functional role of SNPs is not well understood. In

order to assess how SNPs impinge on SP physiology it is necessary to obtain data regarding the

effect of SNPs upon protein components of the SP[23].

Proteomic experiments (MS, PAGE) can be used in two ways. First, changes in protein ex-
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pression (as well as gene expression) serve as a mean to compare protein abundances in response

to perturbations. This pattern of response can be translated to a marker of a specific condition.

Second, proteomic data is taken as the source for network reconstruction of protein interactions,

the building blocks of SP.

Now, we will like to illustrate how mathematical models of signaling pahtways are interesting

tools to discover properties of reaction networks (bistability) that could be the hidden origin of

treatment lack of response in a common complex disease. For this, we will first briefly review the

cholesterol pathway.

1.3.1. Cholesterol metabolism pathway

Coronary heart disease (CHD) is the leading mortality cause in developed countries. Several

risk factors are associated with CHD appearance including increasing age, male gender, hereditary

predisposition, tobacco smoke, high blood pressure and high blood cholesterol. High blood choles-

terol is a modifiable risk factor for CHD through diet, exercise or drug therapy (i.e. statins)[24].

Cholesterol metabolism is intricate. Several types of components and interactions participate

to maintain cholesterol concentration in the normal range. Lipoproteins are molecules respon-

sible of transporting lipids (including cholesterol) between the tissues. In table 1.1 there is an

overview of lipoprotein classification and composition[25]. Overwhelming clinical evidence suggest

Lipoprotein class Density (g/mL) Protein (%) Cholesterol(%)

HDL 1.063-1.021 33 30

LDL 1.019-1.063 25 50

IDL 1.006-1.019 18 29

VLDL 0.95-1.006 10 22

Chylomicrons < 0.95 1-2 8

Table 1.1: Composition of lipoproteins. High-density liporoteins (HDL), Low-density liporoteins

(LDL), Intermediate-density lipoproteins (IDL) and Very low-density lipoproteins (VLDL)

a direct connection linking LDL high plasma concentration and CHD. Statins are a group of drugs

indicated to reduce blood cholesterol and CHD risk. Statins inhibit HMG-CoA reductase, the

principal enzyme in cholesterol synthesis pathway. In the complex system regulating cholesterol

metabolism it is necessary to understand which are the control mechanisms with the goal to ma-

nipulate the components and its interactions and in this way reduce CHD risk. A mathematical

model is an interesting tool because it allows to propose quantitative predictions susceptible to

be confirmed with experiments. Mathematical models also provide insight to identify the species

most susceptible to interventions with pharmacological agents.

1.3.2. A dynamical model of lipoprotein metabolism

In this section we analyze a model for lipoprotein dynamics proposed by Barahona et al[26].

The model has five variables representing VLDL, IDL, LDL, intracellular cholesterol concentration
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(IC) and LDL receptor (LR) fraction. The ODE system is:

˙V LDL = −kvV LDL + uv

˙IDL = kvV LDL − kiIDL − diIDLLR

˙LDL = kiIDL − dlLDLLR − dLDL

˙LR = −b(diIDL + dlLDL)LR + c
1 − LR

IC
˙IC = (χidiIDL + χldlLDL)LR + χldLDL − dicIC (1.17)

The parameters kv, ki, di, d, dl, b, c, χi, χl, dic, represent production and degradation rates. Two

parameters, uv and dic, are affected by pharmacological intervention. uv and dic constitute secre-

tion rate of VLDL from the liver and depletion rate of intracellular cholesterol respectively. For

example uv value is reduced by statins. In figure 1.14 appear bifurcation diagrams for equilibrium

solutions versus uv . Increasing VLDL production rate produces a steady rise in blood IDL,LDL,

ldl

200
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Figure 1.14: LDL equilibrium solution vs uv. Parameters values kv = 0.3, ki = 0.025, di = 2, dl =

0.01, d = 0.0075, χi = 0.1, χl = 0.6, b = 0.1, c = 0.05, dic = 1.

IC and a decline in LR levels. After reaching a threshold there are two possible solutions: one

with low cholesterol levels and another with high cholesterol levels. The same threshold changes

the LR equilibrium concentration allowing high and low LR levels. Some clinical observations

can be explained with this model. Statins are effective in nearly 70 percent of patients taking the

medication. However nearly 5 percent of treated subjects maintain cholesterol concentration over

600 mg/dL. As observed in figure the presence of bistability suggests that if a patient is already

in the upper branch of the diagram is almost impossible to return to the branch of low cholesterol

concentration.

A simple example as the one described in this part of the work highlight the role of mathematical
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modeling in signaling pathways research. Intervention aimed at restoring normal signaling func-

tion could be tested first in silico and then if appropriate in vivo. This is the tenet of systems

biology.

1.4. Systems biology

Systems biology is a growing area that aims to understand biological systems at a holistic

level. It has applications in various areas related to medicine including biomarker discovery, im-

provement of drug target identification and prognosis assessment[27][28] . For example, using

network analysis, one of the most pursued approaches in systems biology, we were able to iden-

tify Jagged-1-Notch as a therapeutic target for MS [29]. Systems biology is well positioned to

respond to the increasing need of personalized medicine in complex diseases like multiple sclerosis

and cancer by integrating theoretical and experimental research. From the theoretical side, it

takes computational methods to study the structure and dynamics of biological networks. From

the experimental side, it uses tools that permit the measure of genes, proteins and metabolites

at a large scale, the omics revolution. The end-point is, by combining all pieces of information in

computational models, to generate new knowledge about how the system works (i.e. the immune

system) in health and disease and which are the best suitable approaches for therapy.

In an interesting case, biomarkers of the response to therapy in complex diseases, systems bi-

ology can be helpful at different levels. First it can provide new candidate genes and proteins

coming from network and pathway analysis, to be assessed as biomarkers of the response to disease

modifying drugs. Second, once a set of biomarkers have been validated, we can create network or

dynamical models where to assess their functional implications. Finally, computational models

can provide predictions or therapeutic strategies for restoring non-responder to the responder

status.

1.5. Summary

In the previous sections there is an overview of signaling pathways, the possible dynamic

behavior engendered, and some mathematical methods of analysis. Table 1.2 summarizes the

explanation according to the dimension of the system. We also mentioned the importance of

Dimension Qualitative behavior allowed

1D Steady state

2D Steady state or periodic behavior

nD (n ≥ 3) Chaos, steady state, periodic behavior . . .

Table 1.2: Dynamic possibilities according to system dimension

signaling pathways in biology and medicine. Finally a simple example showed the power of math-

ematical modeling in the elucidation of drug mechanism and lack of response.
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Chapter 2

Mathematical methods

2.1. Introduction

Signaling pathways (SP) are chemical reaction networks susceptible of mathematical modeling.

In this chapter we present the theory required to understand the dynamic properties of SP. To

this end throughout the text we will follow a classic biochemical reaction network. In 1970,

Edelstein proposed a reaction scheme which has multiple steady states and a hysteresis loop.[30]

The structure of the model is displayed in Figure 2.1. The network is composed by three species

Figure 2.1: Edelstein chemical reeaction network scheme. X1 = A, X2 = B, X3 = C

(A,B,C) and six reactions. The chemical mechanism represented is the specie A autocatalytic

production and posterior enzymatic degradation. During the explanation we will assume that

the chemical reactions occur in a well stirred chemical reactor with constant temperature. The

following sets are used frequently in this chapter:

R
n for the n Euclidean space

R
n
>0 for the positive orthant of R

n

23
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R
n
≥0 for the non-negative orthant of R

n

The questions we will like to answer with the theory are these:

1. Does the system admit a positive equilibrium ?

2. Does the system admit multiple positive equlibria ?

3. In what range of parameters does equlibria or multiple equilibria occur?

This questions are not easy to solve and a lot of mathematics is needed in order to scratch the

surface of the problem defined.

2.2. Definitions

A reaction network is composed by three sets[31]:

Species, the chemical components of the network, S

Complexes, the formal combinations of species that appear before and after of reaction

arrows, C

Reactions, specify how complexes are joined by arrows, R

There are some restrictions in reaction networks. Each element of S must appear in at least one

complex. In the same way a complex must participate in at least one reaction and no complex is

at the same time a reactant and a product. That is reactions of the form A→A are not allowed. In

the Edelstein model S={ A,B,C }, C={ A, 2A, A+B, C, B } and R={ A→2A,2A→A,A+B→C,

C→A+B, C→B,B→C}. We denote the number of species m, the number of complexes n and the

number of reactions r. In the outgoing example m = 3, n = 5 and r = 6.

Each chemical entity is associated with a continous variable representing its concentration, mea-

sured in moles per litre, M , or in another appropriate unit. Only non-negative concentration are

biologically realistic. We will use xi to identify species concentrations. In this way A=x1, B=x2

and C=x3. Complexes are denoted y and can be reactant complexes y and product complexes

y′.Complexes can be reactants in a reaction an products in another reaction. Reactions are repre-

sented as y → y′. A complex vector contains the stoichiometric coefficient of species yi in complex

y. Stoichiometries are usually integers. In open systems we use a special complex, known as the

zero complex 0 whose all entries are 0 and has as many entries as the number of species of the

system under study. As an example, the complex vector for complex 2A is







2

0

0






.

The complex matrix Y is a m x n matrix that contains as columns the complex vectors. A

reaction vector is the vector resulting after substracting the product complex from the reactant

complex, y′ − y. For the reaction A+B→C the reaction vector is







−1

−1

1






.



Section 2.2 25

The stoichiometric matrix, N, has m x r size and its columns represent the reaction vectors

of the chemical network. For the Edelstein model we obtain

Y =







1 2 1 0 0

0 0 1 0 1

0 0 0 1 0






N =







1 −1 −1 1 0 0

0 0 −1 1 1 −1

0 0 1 −1 −1 1






(2.1)

Chemical networks in general have conservation relations that can be identified calculating the

left null space of N. If s is the rank of N, there are m − s conservation relations. In our working

example s = 2, therefore there is a conservation relation x2 + x3 = c. Conservation relations are

also known as stoichiometric compatibility classes and have important consequences in the study

of chemical reaction network equilibrium solution as outlined in the next section. Conservation

relations are useful for reducing the dimension of the system under consideration.

A kinetics for a reaction network {S, C, R} is a function that describes the rate at which chemical

species interact to form products. The most common kinetics implemented so far is mass action

kinetics (MA). In MA, the rate of the reaction is proportional to the product of the concentration

of the reactant species and a kinetic constant ki. The general form of MA is

Ky→y′(x) = ky→y′

∏

s∈S

xys

s (2.2)

where x is the concentration vector. Reaction parameters are positive and estimated using chem-

ical principles or deduced from experiments. It is worth to mention that accurate parameters

values are hardly known for complex chemical networks. The reaction rates form a vector v ∈ R
r.

In the Edelstein case v = (k1x1, k2x1
2, k3x1x2, k4x3, k5x3, k6x2)

t

The matrix N can be viewed as the multiplication of two matrices Y Ia where Y is the com-

plex matrix and Ia is an n x r incidence matrix[31]. Each column of Ia represents a reaction and

has an entry -1 for the reactant complex and 1 for the product complex. In the same way the

reaction vector v is the product of IkΨ(x). Ik is a r x n matrix containing in the columns the

complexes and using as entries the kinetic constants for each reaction, ki for reactants. Ψ(x) is a

monomial vector for the species participating in each complex. For the Edelstein example

Ia =















−1 1 0 0 0 0

1 −1 0 0 0 0

0 0 −1 1 0 0

0 0 1 −1 −1 1

0 0 0 0 1 −1















Ik =



















k1 0 0 0 0

0 k2 0 0 0

0 0 k3 0 0

0 0 0 k4 0

0 0 0 k5 0

0 0 0 0 k6



















Ψ(x) =















x1

x2
1

x1x2

x3

x2















(2.3)

An often cited matrix is the kinetic matrix A, which is the product of IaIk. For our example

A =















−k1 k2 0 0 0

k1 −k2 0 0 0

0 0 −k3 k4 0

0 0 k3 −k4 − k5 k6

0 0 0 k5 −k6















(2.4)
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Another useful matrix is α. This is an m x r matrix whose entries are the stoichiometries of the

reactant species in the corresponding reaction:

α =







1 2 1 0 0 0

0 0 1 0 0 1

0 0 0 1 1 0






(2.5)

The ODE system for a chemical network is of the form

ẋ = Nv(k, x) (2.6)

where N is the stoichiometric matrix and v is the reaction vector. Using the decompositions

previously explained the ODE system is also presented in the following form

ẋ = Y IaIkΨ(x) or ẋ = Y AΨ(x) (2.7)

According to these considerations, the differential equations for the Edelstein network are

ẋ1 = k1x1 − k2x1
2 − k3x1x2 + k4x3

ẋ2 = −k3x1x2 + k4x3 + k5x3 − k6x2

ẋ3 = k3x1x2 − k4x3 − k5x3 + k6x2 (2.8)

A final definition is needed. The stoichiometric subspace for a reaction network is the linear

subspace defined by

T = span(y′ − y ∈ R
r : y → y′ ∈ R) (2.9)

In our example, the stoichiometric subspace is conformed by the reaction vectors {C-B,A}.The

significance of T is that the concentration of each chemical is constrained to evolve in an affine

subspace which is a parallel translate of T.

2.3. Equilibrium solutions

In the previous section we explained a framework for chemical reaction networks. Starting

from the structure of chemical reactions, it is possible to derive in a unique and orderly way an

ODE system for the dynamical study of CRN. Differential equation from a CRN are tied to the

network structure. From this point on, if we know the reaction parameters (with appropriate

units) and initial conditions , we could begin with a numerical analysis of the systems to observe

how species concentrations change in time (Figure 2.2). That is, we are able to numerically inte-

grate the system taking advantage of software implementation (MATLAB, Mathematica, XPP).

Using numerical methods it is also customary the evaluation of the CRN response to parameter

variation, in other words a sensitivity analysis. Two approaches are available for sensitivity anal-

ysis: local and global. In local analysis the value of a parameter is changed in small amounts

and variation of a defined output is used as a reporter quantity. The field of metabolic control

analysis (MCA) deals with this type of CRN examination . The methods for the global approach

include Monte-Carlo simulations and Latin-Hypercube algorithm. The idea is to modify all the

parameters at once and quantify the observed difference in a previously defined output.The hurdle
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Figure 2.2: Time series for the Edelstein system. Parameter values are k1 = 8.5, k2 = k3 = k4 =

k5 = 1, k6 = 0.2. Initial condition are x1 = 1, x2 = 3, x3 = 3 In red x1, in blue x2, in green x3

(as we mention before) is to obtain accurate parameters from scientific literature or experiments.

If parameters are difficult to obtain it is desirable to gain some insight of CRN dynamical capabil-

ities using reaction structure alone. Some authors promote this approach and called it ”complex

biology with no parameters”[32]. In order to understand CRN we would like to solve the vec-

torial equation Nv(k, x) = 0 to find the stationary states where the system converges. But the

point here is that even moderately large polynomials (as the ones derived from CRN) are poorly

understood. We are facing to resolve a non-linear polynomial system in several variables. Two

general theories have adressed this issue : Feinberg’s Chemical Reaction Network Theory (CRNT)

and Clarke’s Stoichiometric Network Analysis (SNA).[33][34][35][31][36] It is not our objective to

completely describe CRNT or SNA,but we believe it is essential to have a broad knowledge of

CRNT and SNA underpinnings. We will discuss first CRNT and then SNA.

Chemical Reaction Network Theory - CRNT

CRNT is a theory proposed and devoloped by Martin Feinberg during the last 35 years[37].

The remarkable characteristic of CRNT is its capacity to discard multistability (the presence of

two or more steady states) using only the network structure. The theory has produced two theo-

rems based on a positive number easily calculated for any CRN. This number is called deficiency

δ. To calculate δ we need to define what a linkage class means. Sets of complexes joined by

reactions are called linkage classes. Linkage classes are known in graph theory as the weak com-

ponents of a directed graph. Now, deficiency δ = n− l− s where n is the number of complexes, l

is the number of linkage classes and s is the rank of the stoichiometric matrix. For the Edelstein

network δ = 1 because n = 5, l = 2 and s = 2. Another way to calculate δ = n− l− s is with the

formula δ = rank(Ia)− rank(Y Ia) where Ia and Y Ia are used as defined in the previous section.

In our example rank(Ia) = 3 and rank(Y Ia) = 2, so δ = 1.
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One key consideration in CRNT is that solution trajectories for ODE systems derived from CRN

are not free to move in a random path across the positive orthant. Stoichiometric compatibil-

ity classes (conservation relations) impose a great restriction in the possible dynamic behavior

since all trajectories starting from different initial conditions must stay inside the stoichiometric

compatibility class defined by the CRN under study. For this reason when CRNT ask a question

about multistability it is presented in the following form : The question of real interest is whether

the differential equations for a reaction system can admit multiple positive equilibria within a

stoichiometric compatibility class. A graphic is useful to illustrate how for different values

of the conservation relation it is possible to have one, two or three steady states (Figure 2.3).
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Figure 2.3: Number of equilibrium solutions of the Edelstein system changing the value of conser-

vation relation. Figure kindly provided by Dr Sergio Ardanza-Trevijano, Department of Physics

and Applied Mathematics, University of Navarra.

The zero deficiency theorem stays that for a CRN that is weakly reversible with δ = 0 there

exists within each compatibility class only one stable asymptotic equilibrium and there cannot

exist cyclic trajectories. Multistability is discarded. We have not explained what weakly reversible

means. A network is reversible if all its reactions are reversible. We will use Feinberg’s words

to define weak reversibility. A network is weakly reversible if whenever there is a directed arrow

path leading from complex y to complex y′, there is also a path leading from y′ back to y. The

deficiency zero theorem also states that if the CRN is not weakly reversible, the ODE system

cannot admit a positive equilibrium or a cyclic trajectory with a positive composition. Deficiency

zero theorem is proved in [31][38] not published until 1995 even it was originally stated in 1972
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For networks of δ ≥ 1 the deficiency one theorem and the deficiency one algorithm could be

applied to discard multistability. We will consider reaction networks with l linkage classes. Let δ

denote the deficiency of the network; let δθ denote the deficiency of of the θth linkage class and

suppose that both of the following conditions are satisfied:

1. δθ ≤ 1

2. δ =
∑l

δ=1 δθ

If the network is weakly reversible, then for any mass action kinetics, the ODE system admits

precisely one equilibrium in each positive stoichiometric class. There are some networks with

δ = 1 that violate part 2 of the deficiency one theorem and can display multistability. This is the

case of the Edelstein network. The deficiency for the overall network is 1, but the deficiency for

each of the two linkage classes is 0. The deficiency one theorem is proved in [38][36].

CRNT has gain broad attention because with little knowledge can give answers to difficult ques-

tions as the ones presented in the introduction. However, CRNT must be viewed as a negative

theory valid to discard hypothesis. This approach has been followed in recent CRNT applications

in the MAPK pathway and in the apoptosis model analyzed in chapter 4[39].

Stoichiometric Network Analysis - SNA

The reaction rate vector v(x, k) of the system ẋ = Nv(k, x) = 0 lies in the kernel (null space)

of N. The work of Bruce L Clarke investigates in detail this solution set and a wealth of literature

uses his ideas to the study of (mainly) metabolic networks. SNA tries to get insight to CRN

network dynamics using the reaction space instead of the concentrations space. SNA has also

been applied to the analysis of CRN stability. The vector of reaction rates can be decomposed in

diag(k)φ(x). For the Edelstein network:

v(x, k) =



















k1x1

k2x
2
1

k3x1x2

k4x3

k5x3

k6x2



















=



















k1 0 0 0 0 0

0 k2 0 0 0 0

0 0 k3 0 0 0

0 0 0 k4 0 0

0 0 0 0 k5 0

0 0 0 0 0 k6





































x1

x2
1

x1x2

x3

x3

x2



















= diag(k)φ(x)

In this way ẋ = Ndiag(k)φ(x) and since the matrix Ndiag(k) is constant when we calculate the

jacobian of f(x, k) = Ndiag(k)φ(x), we only have to find the derivative of the monomial φ(x).

This is:

Dxf(x, k) = Ndiag(k)Dxφ(x) = Ndiag(k)



















1 0 0

2x1 0 0

x2 x1 0

0 0 1

0 0 1

0 1 0



















In biology, there is interest in positive equilibria, x0
i > 0 for i = 1 . . .m in which f(x0, k) = 0.

The equilibrium is stable only if all the eigenvalues of the jacobian Dxf(x0, k) have negative real
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parts. If parameter values are known, it is possible to calculate the equilibrium points numeri-

cally or in the other case symbolically. Symbolic solution, if feasible, is superior because allows

us to study the dynamic of the system in relation to the reaction rates and analyze the existence

of multistability and bifurcations. We will follow an analytic point of view using the Edelstein

example.

Let us suppose that a equilibrium is known, x0 = (x0
1, x

0
2, x

0
3) > 0. The vector h0 contains the

inverse of x0
1, x

0
2, x

0
3, h0 = (h0

1, h
0
2, h

0
3) = ( 1

x0

1

, 1
x0

2

, 1
x0

3

) > 0. The matrices diag(x0) and diag(h0) are

inverse among them. A variable change w = diag(h0)x is useful to express the system x = f(x, k)

in w terms . The relation between the w space and the x is displayed in the next diagram.

x f(x, k)

w f̃(, k)

-f(,k)

?

diag(h0)

-
f̃(,k)

6
diag(x0)

To the vector 1=







1

1

1






of w corresponds the steady state x0 of the x space according to the

scheme:

x0 0

1 0

-f(,k)

?
diag(h0)

-
f̃(,k)

6
diag(x0)

The system ẋ = f(x, k) is transformed into the system ẇ = diag(h0)x = diag(h0)f(x, k) =

f̌(w, k). The next relations hold:

f̌(w, k) = diag(h0)f(x, k) = diag(h0)Nv(x, k) = diag(h0)Ndiag(k)φ(x)

Dwf̌(w, k) = diag(h0)Ndiag(k)Dwφ(x) = diag(h0)Ndiag(k)Dxφ(x)Dwx =

= diag(h0)Ndiag(k)Dxφ(x)diag(x0)

From the last formula we can deduce that Dwf̌(w, k) = diag(h0)Dxf(x, k)diag(x0). As the

jacobian matrices are similar, the eigenvalues are the same for the two systems. It is possible to

study x0 stability of the systems ẋ = f(x, k) taking into account the stability of the 1 steady

state of ẇ = f̌(w, k). A link between the matrix α (pg 25) and the monomial vector φ is stated

in the following equation:

Dxφ(x)diag(k) = diag(φ(x))αt

(2.10)
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In the Edelstein CRN this is:

Dxφ(x)diag(x) =



















1 0 0

2x1 0 0

x2 x1 0

0 0 1

0 0 1

0 1 0

























x1 0 0

0 x2 0

0 0 x3






=



















x1 0 0

2x2
1 0 0

x1x2 x1x2 0

0 0 x3

0 0 x3

0 x2 0



















diag(φ(x))αt =



















x1 0 0 0 0 0

0 x2
1 0 0 0 0

0 0 x1x2 0 0 0

0 0 0 x3 0 0

0 0 0 0 x3 0

0 0 0 0 0 x2





































1 0 0

2 0 0

1 1 0

0 0 1

0 0 1

0 1 0



















=



















x1 0 0

2x2
1 0 0

x1x2 x1x2 0

0 0 x3

0 0 x3

0 x2 0



















We can deduce that

Dwf̌(1, k) = diag(h0)Ndiag(k)Dxφ(x0)diag(x0)

= diag(h0)Ndiag(k)diag(φ(x0))αt

and with this formula it is straightforward to calculate the jacobian as long as the equilibrium

points x0 are known. The reaction vector v(x, k) has been presented as v(x, k) = diag(k)φ(x), if

the reaction rates in the equilibrium v(x0, k) = diag(φ(x0)), it is convenient to write diag(v(xo, k) =

diag(k)diag(φ(x0)) and substituting in the jacobian Dwf̌(1, k) = diag(h0)Ndiag(v(x0, k))αt. If

we return to the original jacobian

Dxf(x0, k) = diag(x0)Dwf̌(1, k)diag(h0)

= diag(x0)diag(h0)Ndiag(v(x0, k))αtdiag(h0) = Ndiag(v(x0, k))αtdiag(h0)

In the Edelstein network using v0 = (x0, k) we have

Dxf(x0, k) =







1 −1 −1 1 0 0

0 0 −1 1 1 −1

0 0 1 −1 −1 1

























v0
1 0 0 0 0 0

0 v0
2 0 0 0 0

0 0 v0
3 0 0 0

0 0 0 v0
4 0 0

0 0 0 0 v0
5 0

0 0 0 0 0 v0
6





































1 0 0

2 0 0

1 1 0

0 0 1

0 0 1

0 1 0



















diag(h0) =







v0
1 −v0

2 −v0
3 v0

4 0 0

0 0 −v0
3 v0

4 v0
5 −v0

6

0 0 v0
3 −v0

4 −v0
5 v0

6

























1 0 0

2 0 0

1 1 0

0 0 1

0 0 1

0 1 0



















diag(h0) =
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v0
1 − 2v0

2 − v − 30 −v0
3 v4

0

−v0
3 −v0

3 − v0
6 v0

4 + v0
5

v0
3 v0

3 + v0
6 −v0

4 − v0
5






diag(h0)

and this the jacobian in terms of the equilibria reaction rates.

A vector v0 is an equilibrium vector only if it fulfills the following conditions:

1. Nv0 = 0 for v0 ≥ 0

2. v0 = v(x0, k) for at least one x0 ∈ R
m
≥0

Now, we will try to determine the set Kv = Null(N) ∩ R
m
≥0. In the running example, this is to

find v > 0 such that

Nv =







1 −1 −1 1 0 0

0 0 −1 1 1 −1

0 0 1 −1 −1 1

























v1

v2

v3

v4

v5

v6



















=







1

0

0






v1 +







−1

0

0






v2 +







−1

−1

1






v3 +







1

1

−1






v4 +







0

1

−1






v5 +







0

−1

−1






v6 =







0

0

0







After the manipulation we have the same CRN with constant velocities. The net production of

chemical species will be:







ẋ1

ẋ2

ẋ3






=







1 −1 −1 1 0 0

0 0 −1 1 1 −1

0 0 1 −1 −1 1

























v1

v2

v3

v4

v5

v6



















=







v1 − v2 − v3 + v4

v4 − v3 + v3 − v6

v3 − v4 − v5 + v6







We are asking for the constant velocities distribution that maintain species concentration invari-

able in time. This is the solution to the system:

v1 − v2 − v3 + v4 = 0

v4 − v3 + v5 − v6 = 0

v3 − v4 − v5 + v6 = 0

v1 ≥ 0, v2 ≥ 0, v3 ≥ 0, v4 ≥ 0, v5 ≥ 0, v6 ≥ 0

It looks like a linear algebra problem, but the real task is to find solutions for a system of equalities

and inequalities. It turns out that the solution set Kv of Nv = 0, v ≥ 0 is the intersection of

12 semispaces in R
6, a pointed polyhedral cone. There is an equivalent representation of the

pointed polyhedral cone as the set of non-negative linear combinations of a finite vector set
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known as extreme rays[40].Several software implementations are available to calculate extreme

rays.(CellNetAnalyzer, Metatool to name a few)[41]. In our case the extreme rays of Kv have

been obtained with the program Metatool:

E =



















1 0 1 0 0

1 0 0 1 0

0 1 1 0 0

0 1 0 1 0

0 0 1 0 1

0 0 0 1 1



















The columns of E are linear independent and for this reason each vector of Kv has a unique

defined coordinate, termed convex coordinate. Defining E1 . . . E5 the extreme rays and j =

(j1, j2, j3, j4, j5)
t ≥ 0, Kv is of the form v = Ej =

∑5
i=1 jiEi. In the CRN under study this is:

v =



















1 0 1 0 0

1 0 0 1 0

0 1 1 0 0

0 1 0 1 0

0 0 1 0 1

0 0 0 1 1

































j1

j2

j3

j4

j5















=



















j1 + j3

j1 + j4

j2 + j3

j2 + j4

j3 + j5

j4 + j5



















As stated before, the jacobian of the system ẋ = f(x, k) = Nv(x, k) in an equilibrium point x0 is

Dxf(x0, k) = Ndiag(v(x0, k)αtdiag(h0). If v0 = v(x0, k) and Dxf(x0, k) = Ndiag(v0)αtdiag(h0),

then the next formula holds

Ndiag(v0)αtdiag(h0) = Ndiag(Ej)αtdiag(h0)

For our case







1 −1 −1 1 0 0

0 0 −1 1 1 −1

0 0 1 −1 −1 1

























j1 + j3 0 0 0 0 0

0 j1 + j4 0 0 0 0

0 0 j2 + j3 0 0 0

0 0 0 j2 + j4 0 0

0 0 0 0 j3 + j5 0

0 0 0 0 0 j4 + j5





































1 0 0

2 0 0

1 1 0

0 0 1

0 0 1

0 1 0



















diag(h0)

=







−j1 − j2 − 2j4 −j2 − j3 j2 + j4

−j2 − j3 −j2 − j3 − j4 − j5 j2 + j3 + j4 + j4

j2 + j3 j2 + j3 + j4 + j5 −j2 − j3 − j4 − j5






diag(h0)

Some mathematical theory links the sign of the matrix components with the eigenvalues. This

type of theory allows to perform a qualitative study of the stability of the system based on the

matrix structure without parameter values difficult to obtain in several scientific disciplines[42].

As the terms in the diagonal of diag(h0) are positive, the sign distribution of Dxf(x0, k) is the

same of js matrix. BL Clarke put a great emphasis on the study of the sign distribution of the

matrix in convex coordinates.
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BL Clarke associates to extreme rays the corresponding extreme currents (or elementary modes-

EM) defined as subnetworks determined by the non-null elements of the extreme rays. The

biochemical interpretation is that non zero entries in EM are active reactions in steady state

while zero entries are inactive in equilibrium. The basic consideration is to decompose the CRN

in subnetworks more easy to resolve using the reaction space instead of the concentration space.

The subnetworks are the minimal group of reactions for which the CRN admits steady states. In

the example this is[6]:

E1 =



















1

1

0

0

0

0



















= A ⇆ 2A E2 =



















0

0

1

1

0

0



















= A + B ⇆ C E3 =



















1

0

1

0

1

0



















= A → 2A A + B → C → B

E4 =



















0

1

0

1

0

1



















A ← 2A A + B ← C ← D E5 =



















0

0

0

0

1

1



















= C ⇆ B

EM are classified in stoichiometric generators or positive circuits according to the result of the

product IaEi. If IaEi = 0 the Ei is a positive circuit, otherwise Ei is a stoichiometric generator.

Recently C. Conradi based on research by K Gaterman has demonstrated that a network capable

of multistability must hold at minimum one stoichiometric generator[43][44][45]. The idea behind

this statement is that in networks with positive circuits only, rank(Ia) = rank(Y Ia). Taking in

consideration the alternative deficiency definition δ = rank(Ia)− rank(Y Ia) it is clear that δ = 0

and applying the deficiency zero theorem there is no possibility for multistability in this group of

CRN. In the Edelstein system, elementary modes E3 and E4 are stoichiomatric generators while

E1, E2 and E5 are positive circuits[46].

A complementary approach - algebraic geometry

The ODE system derived from a CRN endowed with mass action kinetics is a polynomial sys-

tem in several variables. Most of the time these polynomials are non-linear making them difficult

to solve. During the last years there has been a growing interest in applying algebraic geometry

methods to the study of CRN in equilibrium. As in the case for SNA and CRNT we are not

interested in a deep presentation of algebraic geometry, but in order to exploit its capabilities

we will make a brief overview of the main concepts required to deal with CRN. We refer the

interested reader to an excellent treatise on this topic.[47]

We will first define in a broad sense what is a ring. A ring is a set where the addition, sub-

traction, multiplication and division operations can be defined with the usual properties (com-

mutative,distributive,etc). If the non-null elements have an inverse, the ring now is a field. In
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this context the set of real numbers R is a field while the integers Z are a ring. A monomial

in x1, ...xn is a product of the form xb1
1 xb2

2 ...xbn

n , where b1, b2...bn are nonnegative integers. For

example, xa = x2
1x2x

4
3 is a monomial and |a| = |(2, 1, 4)| = 2+1+4 = 7 is the grade of the mono-

mial. A polynomial is a combination of monomials that can be represented in the following form

g =
∑

a aax
b where aa are coefficients. Taking a coefficient field k, k[x1, x2, . . . , xn] denotes the

ring of all polynomials in x1, x2, . . . , xn with coefficients in k. We now require another definition.

An ideal I is a subset of k[x1, x2, . . . , xn] if satisfies the following conditions[47]:

0 ∈ I

If f, g ∈ I then f + g ∈ I

If f ∈ I and h ∈ k[x1, x2, . . . , xn] then hf ∈ I

This definition is used to understand the Hilbert Basis Theorem that states that every ideal in

k[x1, x2, . . . , xn] is finitely generated. A set of generators of an ideal is called a basis. That is, there

exists f1 . . . fm ∈ I such that I =< f1 . . . fm >= {g1f1 + . . . gmfm; g1 . . . gm ∈ k[x1, x2, . . . xn]}

A variety is the set of solutions of a polynomial system. We can consider the system

f1(x1, . . . xn) = · · · = fm(x1, . . . xn) = 0 and the variety V (f1 . . . fm) = {x ∈ R
n ; f1(x) =

· · · = fm(x) = 0} The ideal I =< f1, . . . fm > contains infinite polynomials, but V (I) = {x ∈

R
n; f(x) = 0 for all f ∈ I} = V (f1, . . . fm). For this reason, in order to find the solutions of

the system we are interested in obtaining an adequate basis of I =< f1, . . . fm >. If we are

willing to solve the equation Nv(x, k) = 0 we would like to get a basis that permit us to eliminate

some variables and back-substitute to obtain the value of the remainder variables. One type of

generator or basis that permits applying elimination theory for an ideal is the Gröbner basis with

lexicographic order. The definitions of Gröbner basis and lexicographic order lie ahead, but first

it is important to define what an order means. As stated before a polynomial is a combination of

monomials. An order is a procedure to exactly rearrange the terms of a polynomial in ascending

or descending way. Several monomial orderings have been described including lexicographic (lex),

graded lexicographic (grlex) and graded reverse lexicographic order (grevlex). Let us take two

monomial xb and xa. The vector difference b−a is used to define the lex order or any other order

presented so far. The definition for the most common polynomial orders are:

1. Lex order: xb >lex xa iff the left-most nonzero entry in b-a is positive. An example will

clarify this term. x3y2z and x2yz2 are monomials in [x, y, z]. The exponent vector for

the first monomial is (3,2,1) and (2,1,2) for the second monomial. The difference vector is

(1,1,-1) and the left-most nonzero entry is positive, so x3y2z >lex x2yz2.

2. Graded order (grlex) : xb >grlex xa iff |b| > |a| or |b| = |a| and b >lex a. In the example

x3y2z >grlex x2yz2.

3. Graded reverse lexicographic order (grevlex): xb >grevlex xa iff |b| > |a|or|b| = |a| and the

right-most nonzero entry in b-a is negative. In the running example this is x3y2z >grevlex

x2yz2.

A Gröbner basis for an ideal I is one in which the polynomial remainder with respect to the basis

determines membership of I. It is a basic result that a Gröbner basis always exist for any ideal and
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any monomial order, but according to the monomial order of choice the result can be different.

Some standard methods for Gröbner basis calculation include Buchberger’s algoritms, Gröbner

walk and F4 algorithm. General use mathematical software such as MAPLE and Mathematica

have implementations of algorithms for Gröbner basis calculation. Buchberger algorithm relies in

the use of S-polynomial that for two polynomial f1 and f2 is of the form:

S(f1, f2) =
s

LT (f1)
f1 −

s

LT (f2)
f2

where s = LCM(LM(f1), LM(f2)). LM stands for leading monomial, LCM for least common

multiple and LT for leading term. An example will clarify how S-polynomial is calculated.

f1 = x2y + 2xy2, f2 = 3y2 + 2 and using the lex order, the terms to obtain S(f1, f2) are:

1. Leading monomial (LM): For f1 the leading monomial is x2y and for f2 is y2

2. Leading term (LT): LT (f1) = x2y and LT (f2) = 3y2

3. s = x2y2

Replacing in the formula S(f1, f2) = x2y2

x2y
x2y + 2xy2 − x2y2

3y2 3y2 + 2.This is S(f1, f2) = 6xy3 − 2x2

.The Gröbner basis obtained in this work were determined using the Groebner package in MAPLE.

The computational cost of calculating a Gröbner basis is hard and some problems are almost never

solved in realistic time, even that theoretically it is always possible to obtain a Gröbner basis for

an ideal. The main use of this type of calculations is to find the solutions of a polynomial system.

Let us show how this can be done. Our example is:

x2 − y − z = 0

x + y2 + z − 12 = 0

x + y + z − 6 = 0

The Gröbner basis with respect the lex order is given by the three polynomials:

h1 = 83z − 66 − 18z2 + z3

h2 = −12y − 13z + 2yz + z2 + 42

h3 = x + y + z − 6

h1 only involves the variable z, so the solution to 83z − 66 − 18z2 + z3 gives the possible values

of z for the system under study. In this case z = (1, 6, 11). It is easy to find the solutions of y

and x just by replacing in h2 and h3. This procedure can be performed through an elimination

step (eliminate x and y) and then applying an extension step.

The idea behind applying algebraic geometry to CRN is that the ODE system derived from

CRN endowed with mass action kinetics is a polynomial set conformed by monomials represent-

ing the production and elimination rates of chemical species. If SNA and CRNT allow to identify

the possibility of certain dynamical behavior, algebraic geometry is an essential tool to find where

this behavior can appear.
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2.4. Region of multistability

In the last section there was an overview of the current methodologies to infer CRN qualitative

dynamics from network structure alone. SNA and CRNT were presented as means of discarding

the capacity of a specified CRN to display multistability. However, there is still an open question

to localize the region where this property can be shown up. Algebraic geometry methods are a

natural choice to adress that need. To ilustrate how to use algebraic geometry to uncover the

place of multistability, we will continue dissecting the Edelstein network. As already mentioned

this network displays multistability for certain reaction parameter values. In Figure 2.3 appears

how according to different location of equilibrium curve and stoichiometric compatibility class in-

tersection there is one, two or even three steady states. To identify the exact points of intersection

we follow this procedure

1. Reduce N to its row reduced echelon form, RD

2. Identify stoichiomatric compatibility classes

3. Based on RD construct new equations multyplying RD to the vector of reaction rates v(k,x).

4. Add to the previous system the equation representing stoichiomatric compatibility classes

(conservation relations). We will call this system AD

5. Calculate the Gröbner basis of AD using an elimination order (i.e. lexicographic order)

6. Normally this basis will content only one variable and the conservation parameter

The procedure for the Edelstein system yield this result

RD =

[

1 −1 0 0 −1 1

0 0 1 −1 −1 1

]

v(k, x) =



















k1x1

k2x
2
1

k3x1x2

k4x3

k5x3

k6x2



















x2 + x3 = c (2.11)

The new system AD is

k1x1 − k2x
2
1 − k5x3 + k6x2 = 0

k3x1x2 − k4x3 − k5x3 + k6x2 = 0

x2 + x3 − c = 0 (2.12)

Now it is time to calculate the Gröbner basis for the new system. x1 represents the product in the

Edelstein network, so it is of interest to represent equilibrium solutions of x1 in terms of different

c values. The MAPLE command to obtain the basis is gbasis([f,g,h],plex(x2, x3, x1, c) where f,g,h

are each of the elements of the polynomial system AD. The complete basis is a huge polynomial

system and therefore we don’t reproduce it here. Using the parameters described in [31], the first

element of the basis is 10x1c − 2c + 10x3
1 − 63x2

1 − 187x1. This is a third grade polynomial in

x1. In Figure 2.4 appears a bifurcation diagram for the equilibrium solution of x1 in terms of c.

It is evident that only for a small range of c there is the possibility of multistability. Algebraic
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Figure 2.4: Bifurcation diagram x1 vs c where c = x2 + x3

geometry methods allowed us to identify which interval of stoichiometric compatibility class there

exist multiple steady states. CRNT gives a clear answer of whether or not a CRN has the capacity

of multistability but tells nothing about the exact place where this occurs. The method developed

in this section when correctly applied is able to identify the region of multistability.

2.5. The inverse problem

An ODE system could be derived from a CRN. When the CRN is analysed using mass action

kinetics the ODE systems is a polynomial differential equation. Powerful methodologies are avail-

able to classify CRN according to the capacity of exhibiting certain dynamic behavior (CRNT,

SNA). It would be of great help if this kind of approaches could be incorporated to the study

of polynomial differential equations not derived a priori from CRN. In fact, the first step is to

identify which polynomial systems are originated from CRN. It turns out that the sufficient and

necessary condition for a polynomial differential equation to be represented as a CRN is very

simple. This is best understood with an example [48]. Let us consider the Lorenz system

ẋ = −σ(x − y)

ẏ = rx − y − xz

ż = xy − bz (2.13)

The term xz in the second polynomial implies that x and z associate and degrade y but y does

not appear in the monomial xz. The terms similar to xz in the y equation are known as negative
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cross-effect terms and are used to identify which polynomial differential equations are derived from

CRN [48]. The following statement can be applied to classify polynomial differential equations in

two categories: derived or not derived from CRN. A polynomial differential equation system can

be considered as the mass action type deterministic model of a chemical reaction if and only if

it does not contain terms expressing negative cross-effect. In other words, every time a negative

term appears in the right hand side of an equation, the variable that we are differentiating must

appear as a factor in the negative term

Therefore the Lorenz system is not obtained from a CRN. Let us now consider the Rössler system

ẋ = −y − z

ẏ = x + ay

ż = b + z(x − c) (2.14)

In the Rössler system there are is also a negative cross-effect term (−z in the x equation). For

equations with no cross-effect terms is possible to obtain the underlying chemical network using

an algorithm.

An algorithm to obtain a CRN from an ODE system

In this part, the entire analysis will be performed taking as an example a polynomial system

proposed by J Toth in 1979.[48]

ẋ = −2αx2v + 2γz4

ẏ = 3αx2v − 3βy3v2

ż = 4βy3v2 − 4γz4

v̇ = αx2v − 2βy3v2 + γz4 (2.15)

The steps in the algorithm and how are they applied to the Toth networks are

1. Discard negative cross-effect terms. No this kind of terms in Toth network.

2. Count the number of species. This is easy, is the same number of variables in the system.

in the example the set of species S ={x, y, z, v }

3. Identifiy the reactant complexes and construct the appropriate complex vector. Reactant

complexes constitute the reaction rate monomials. In the Toth network there are three

monomials x2v, y3v2, z4 corresponding to the reactant complexes 2X + V, 3Y + 2V, 4Z re-

spectively. The complex vector using as a row order x, y, z, v are

2X + V =











2

0

0

1











3Y + 2V =











0

3

0

2











4Z =











0

0

4

0











(2.16)

4. Identify the number of reactions.
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5. Construct the stoichiometric matrix N. The coefficients in the equations represent the value

of the reaction vector in each reaction. In the Toth network there are three reactions and as a

column order we will take the reactant complexes arranged in this form 2X +V, 3Y +2V, 4Z.

The matrix for the running network is

N =











−2 0 2

3 −3 0

0 4 −4

1 −2 1











(2.17)

6. Reconstruct the product complexes from the reactant complexes and the stoichiometric

matrix. Remember that each column in N represents a reaction vector and a reaction vector

is the difference between product complex and reactant complex. Therefore the product

complex is just the sum of the respective reaction vector and the reactant complex. The

product complexes identified according to the rate constant are

P1 =











0

3

0

2











P2 =











0

0

4

0











P3 =











2

0

0

1











(2.18)

Therefore the product complexes are 3Y + 2V, 4Z, 2X + V respectively.

7. With the reactant complexes and product complexes specified the process is over.

The CRN for the Toth differential equations is

2X + V 3Y + 2V

4Z

-α

´
´́+
β

Q
QQk γ

Now we can apply some of the concepts developed in previous sections. The number of species

for the CRN is 3, the number of complexes is 3, there is only one linkage class and the rank(N) is

2. The deficiency of this network δ = 0. This result indicates that no matter what values reaction

parameters take there is only one asymptotic not periodic steady state. It is remarkable how

a highly non-linear polynomial differential equation as the one described by Toth has a simple

dynamic behavior identified using only the structure of the CRN inferred from the ODE system.

2.6. Summary

In this chapter we covered the mathematical background neccesary for biochemical reaction

network analysis. The emphasis was steady analysis using a mixture of parametric and non-

parametric methods. We also decribe two algorithms. The first one can find the steady states

of a CRN from a formula derived through algebraic geometry methods. The second algorithm

allows the reverse-engineering of an ODE system to a CRN. This reconstruction makes possible

to implement the robust methods explained to elucidate CRN dynamics in cases not related to

chemistry or biochemistry.



Chapter 3

Signaling motifs

In this chapter we cover signaling pathway motifs. In particular we are interested not in

structural analysis but in the dynamic behavior of some reaction motifs. For this, the theory

explained in chapter 2 is widely applied. The first section addresses in detail chemical reaction

networks of ligand-receptor interactions. Section 3.2 deals with the capability of reactions schemes

to engender multistability and in finding the exact place in concentration space where this occurs.

3.1. Ligand receptor interaction

The first step in the signal transduction process is ligand receptor binding. Several drugs

bind to membrane receptors and for this reason solid uderstanding of ligand receptor dynamics

is fundamental to the identification and improvement of new drug targets. In this section we will

analyze a model for ligand receptor interaction interested in elucidate the qualitative dynamical

properties of receptor function. The receptor has two possible states, active and inactive. The

model is composed by five chemical species representing inactive receptor (R1 = x1), active

receptor (R2 = x3) , ligand (L = x2) and the complex of the ligand with the two possible receptor

conformations (C1 = x4, C2 = x5) . Figure 3.1 depicts the reaction scheme [49]. There are four

complexes and eight reactions. The stoichiometric matrix and the reaction rate vector are

N =















−1 1 0 0 0 0 1 −1

0 0 −1 1 1 0 1 −1

1 −1 −1 1 0 0 0 0

0 0 0 0 1 −1 −1 1

0 0 1 −1 −1 1 0 0















v(k, x) =





























k1x1x2

k2x2x3

k3x2x3

k4x5

k5x5

k6x4

k7x4

k8x1x2





























(3.1)

41
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Figure 3.1: Ligand receptor chemical reaction network

with this information, the ODE systems for this CRN is

ẋ1 = −k1x1x2 + k2x2x3 + k7x4 − k8x1x2

ẋ2 = −k3x2x3 + k4x5 + k7x4 − k8x1x2

ẋ3 = k1x1x2 − k2x2x3 − k3x2x3 + k4x5

ẋ4 = k5x5 − k6x4 − k7x4 + k8x1x2

ẋ5 = k3x2x3 − k4x5 − k5x5 + k6x4 (3.2)

The rank of N is 3, so there are two conservation relations that can be calculated using the left

null space of N. In this CRN

C1 =















1

0

1

1

1















C2 =















0

1

0

1

1















are a basis for the left null space of N corresponding to x1 +x3 +x4 +x5 = α and x2 +x4 +x5 = β,

where α and β represent total receptor amount and total ligand amount respectively. These are

the stoichiometric compatibility classes. For each pair of positive α and β the stoichiometric

compatibility classes describe a R
5 affine subspace where the solutions of the ODE system stay

according to the initial conditions that satisfy α and β. Now we can study the equilibrium

behavior of the model. The approach is to implement the knowledge developed in chapter 2.

We will identify using two methods (SNA and CRNT) the posssibility or not of this network to

exhibit multistability. Trying to solve the ODE system is a daunting task. The problem is to
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find the solution of a 5 dimensional non-linear system. As explained in the previous chapter this

could be accomplished using Gröbner basis. In this example we do not take advantage of this

methodology. Instead, to characterize receptor ligand qualitative behavior, we first calculate the

elementary modes (EM) of the receptor system, that is the extreme rays of the polyhedral cone

that constitute solutions of the equation Nv(k, x) = 0. The EM are

E1 =





























1

1

0

0

0

0

0

0





























E2 =





























0

0

0

1

1

0

0

0





























E3 =
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0

0

0

1

1

0

0





























E4 =





























1

0

1

0

1

0

1

0





























E5 =





























0

0

0

0

0

0

1

1





























E6 =





























0

1

0

1

0

1

0

1





























A neccesary condition for a CRN to display multistability is that IaEi 6= 0. Remember that Ia is

a n x r matrix containing as entry -1 for the reactant complex and 1 for the product complex in

the respective column. Ia matrix for the system under study is











−1 1 0 0 0 0 1 −1

1 −1 −1 1 0 0 0 0

0 0 0 0 1 −1 −1 1

0 0 1 −1 −1 1 0 0











The result of the product IaE where E is the matrix of EM column vectors is a matrix with

all its entries equal to 0 which means receptor ligand binding model has not the capablity of

multistability. The same result can be obtained calculating the deficiency of this CRN. The

number of complexes n is 4, rank(N) (s) is 3 and there is only one linkage class. If δ = n− l − s,

the deficiency for this CRN is 0 and according to the deficiency zero theorem there is only one

asymptotically stable equilibrium for each stoichiometric compatibility class. The last statement

holds for any choice of reaction parameters.

Receptor trafficking

Receptor proteins are tighly controlled by different cellular processes including receptor in-

ternalization, degradation and recycling. The objective is to regulate how the signal (in form

of ligand) is transduced in gene expression changes. It has been demonstrated how receptor

trafficking is an important mechanism for the adequate function of signaling pathways. In Fig-

ure 3.2 appears a representation of a CRN that takes into account receptor internalization and

renovation. The chemical species are:

1. x1 free membrane receptor

2. x2 ligand

3. x3 ligand receptor complex

4. x4 internalized receptor
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Figure 3.2: Ligand receptor trafficking chemical reaction network

5. x5 free cytoplasmatic receptor

Free receptor binds to the ligand and produces a receptor ligand complex that after activating an

scaffold protein is internalized in endosomes. Some amount of internalized receptor is released to

the cytoplasm where it has the cappacity to travel to cell membrane and in this way re-initiate the

cycle. There are degradation terms for the internalized and free cytoplasmatic receptor. There is

also a production term for the membrane bound receptor. The stoichiometric matrix N and the

reaction vector v(k, x) are:

N =















−1 1 0 0 0 0 1 −1 1 0 0

−1 1 0 0 0 0 0 0 0 0 0

1 −1 −1 1 0 0 0 0 0 0 0

0 0 1 −1 −1 1 0 0 0 −1 0

0 0 0 0 1 −1 −1 1 0 0 −1















v(k, x) =











































k1x1x2

k2x3

k3x3

k4x4

k5x4

k6x5

k7x5

k8x1

k9

k10x4

k11x5











































The ODE system is

ẋ1 = −k1x1x2 + k2x3 + k7x5 − k8x1 + k9

ẋ2 = −k1x1x2 + k2x3

ẋ3 = k1x1x2 − k2x3 − k3x3 + k4x4

ẋ4 = k3x3 − k4x4 − k5x4 − k10x4

ẋ5 = k5x4 − k6x5 − k7x5 + k8x1 − k11x5 (3.3)

Now we will like to analyze the qualitative behavior of the system. There are six complexes (n, we

must not forget the zero complex) one linkage class (l) and the rank (s) of N is five. So, deficiency
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δ = n − l − s = 0. As the previous example, according to the deficiency zero theorem there is

no possibility for multistability no matter the value of reaction parameters. It is interesting to

compare this model with a previous study published by Zi et al[50]. This group proposes a similar

model in which all the reactions are reversible except the x4 ⇆ x5 that is considered irreversible.

Now, the new CRN is not weakly reversible. In this scenario there is only a minor change in the

system. However, for the model developed by Zi et al. it is impossible that in the equilibrium all

chemical species have a non-negative concentration.

3.2. Reaction motifs

Signaling pathways are composed of repetitive elements known as signaling motifs. A more

elaborate definition proposed by Uri Alon is ”signaling motifs are patterns of interconnections

that recur in many different parts of a network at frequencies much higher than those found in

randomized networks” Signaling motifs have not only structural importance but also functional

relevance as information processing devices[51][52][53]. Most of the research undertaken in this

area has been devoted to understand network motifs in transcription networks. However, some

specific motifs appear more frequently in SP than in transcription networks. In this section we

review three signaling motifs found in biochemical reaction networks.

Two substrate enzyme catalysis

In this scheme an enzyme binds two substrates to catalyze the formation of a product[37].

The substrate binding could be in an ordered or in an unordered fashion. The CRN are displayed

in Figure 3.3. We are interested in the possibility or not of multistability. Ordered substrate

Figure 3.3: Unordered two substrate enzyme catalysis CRN
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binding has zero deficiency and thus has no capability to exhibit bistability. In contrast, unordered

binding CRN has deficiency 1 but the deficiency of each of the two linkage classes is 0, suggesting

the plausibility of multistability. Here we apply the algorithm explained in chapter 2 to find the

region of multistability. The chemical species are:

x1=free enzyme

x2= substrate 1

x3= enzyme-substrate one complex ES1

x4= substrate 2

x5= enzyme-substrate two complex ES2

x6= enzyme-substrate 2-substrate 2 complex ES1S2

x7= product

The enzyme binds substrate 1 and substrate 2 in an unordered mechanism to conform enzyme-

substrate complexes. The complex with the two substrates and the enzyme (ES1S2) is the final

step to generate the product. There are turnover reactions for the substrates and a degradation

term for the product.N and v(k, x) are of the form:

N =

























−1 1 −1 1 0 0 0 0 1 0 0 0 0 0

−1 1 0 0 0 0 1 −1 0 1 0 −1 0 0

1 −1 0 0 −1 1 0 0 0 0 0 0 0 0

0 0 −1 1 −1 1 0 0 0 0 1 0 −1 0

0 0 1 −1 0 0 1 −1 0 0 0 0 0 0

0 0 0 0 1 −1 −1 1 −1 0 0 0 0 0

0 0 0 0 0 0 0 0 1 0 0 0 0 −1

























, v(k, x) =

























































k1x1x2

k2x3

k3x1x4

k4x5

k5x4x3

k6x6

k7x6

k8x2x5

k9x6

k10

k11

k12x2

k13x4

k14x7

























































The ODE system for this CRN is:

ẋ1 = −k1x1x2 + k2x3 − k3x1x4 + k4x5 + k9x6

ẋ2 = −k1x1x2 + k2x3 + k7x6 − k8x2x5 + k10 − k12x2

ẋ3 = k1x1x2 − k2x3 − k5x3x4 + k6x6

ẋ4 = −k3x1x4 + k4x5 − k5x3x4 + k6x6 + k11 − k13x4

ẋ5 = k3x1x4 − k4x5 + k7x6 − k8x2x5

ẋ6 = k5x3x4 − k6x6 − k7x6 + k8x2x5 − k9x6

ẋ7 = k9x6 − k14x7 (3.4)
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The system has one conservation relation representing the total enzyme concentration c = x1 +

x3 + x5 + x6. The reduced form of N along with a basis of the left null space C are:

R =



















1 −1 0 0 0 0 −1 1 0 0 0 0 0 −1

−1 0 1 −1 1 −1 1 −1 0 0 0 0 0 0

0 0 0 0 0 0 −1 1 0 0 0 0 0 −1

0 0 0 0 0 0 0 0 1 0 0 0 0 −1

0 0 0 0 0 0 0 0 0 1 0 −1 0 −1

0 0 0 0 0 0 0 0 0 0 1 0 −1 −1



















, C =
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0

1

0

1

1
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In order to find the equilibrium solution of the CRN we change the system for the equivalent:

Rv(k, x) = 0

x1 + x3 + x5 + x6 − c = 0

Now the algebraic system is:

k1x1x2 − k2x3 − k7x6 + k8x2x5 − k14x7 = 0

k3x1x4 − k4x5 + k7x6 − k8x2x5 = 0

k5x3x4 − k6x6 − k7x6 + k8x2x5 − k14x7 = 0

k9x6 − k14x7 = 0

k10 − k12x2 − k14x7 = 0

k11 − k13x4 − k14x7 = 0

x1 + x3 + x5 + x6 − c = 0 (3.5)

With the ideal composed by the last six polynomials it is feasible to calculate a Gröbner basis

with the lexicographic order (x1, x2, x3, x4, x5, x6, x7, c). Using the Maple Gröbner package we

can calculate a basis for the system. c serves as a bifurcation parameter(Figure 3.4). The first

polynomial of the basis can be taken as a mean to construct a bifurcation diagram of x7 vs c

because it only contains terms with x7 and c. This diagram indicates how the x7 steady state

changes as the total enzyme varies. It can be seen that for c values between 0.3 and 1.3 the

system has three steady states. The upper and lower branches are stable while the intermediate

is unstable. There is evidence that two-substrate binding is the mechanims behind some cyclin-

dependent kinase catalyzed reactions in the cell cycle machinery[54][55].

Enzyme catalysis with mixed inhibition

Enzyme inhibitors are molecules with the ability to interfere the catalytic activity of an enzyme.

In the mixed inihibition reaction, the inhibitor binds to the free enzyme and also to the complexes

conformed by the enzyme and the substrate. Mixed inhibitors have a different binding site to the

enzyme that the one used for the substrate. Figure 3.5 shows the CRN scheme[56]. The chemical

species participating in this CRN are:

1. x1= Enzyme
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Figure 3.4: Bifurcation diagram x7 vs c. Parameter values are: k1 = 93.43, k2 = 2539, k3 =

481.6, k4 = 1183, k5 = 1555, k6 = 121192, k7 = 1688, k8 = 0.02213, k9 = 85842, k10 = 2500, k11 =

1500, k12 = 1, k13 = 1, k14 = 1

Figure 3.5: Enzyme catalysis with mixed inhibition chemical reaction network
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2. x2= Substrate

3. x3= Enzyme-substrate complex

4. x4= Inhibitor

5. x5= Enzyme-inhibitor complex

6. x6= Enzyme-substrate inhibitor complex

7. x7= Product

The CRN has seven chemical species and 13 reactions. The stoichiometric matrix N along with

the reaction vector v are:

























−1 1 1 −1 1 0 0 0 0 0 0 0 0 0

−1 1 0 0 0 0 0 −1 1 0 0 0 1 0

1 −1 −1 0 0 −1 1 0 0 0 0 0 0 0

0 0 0 −1 1 −1 1 0 0 0 −1 −1 0 1

0 0 0 1 −1 0 0 −1 1 0 0 0 0 0

0 0 0 0 0 1 −1 1 −1 0 0 0 0 0

0 0 1 0 0 0 0 0 0 −1 0 0 0 0

























, v(k, x) =
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We will like to implement again the algorithm described in chapter 2 to elucidate whether or

not the CRN can exhibit multistability. The first step is row reduced the stoichiometric matrix.

In this case rank(N)=6 and there is a conservation relation for the total amount of enzyme

x1 + x3 + x5 + x6 = c:

R =



















1 −1 0 0 0 0 0 −1 1 0 0 −1 0 0

0 0 1 0 0 0 0 0 0 0 0 −1 0 0

0 0 0 1 −1 0 0 1 −1 0 0 0 0 0

0 0 0 0 0 1 −1 −1 1 0 0 0 0 0

0 0 0 0 0 0 0 0 0 1 0 1 −1 0

0 0 0 0 0 0 0 0 0 0 1 0 0 −1



















, C =
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The algebraic system to solve is:

Rv(k, x) = 0

x1 + x3 + x5 + x6 − c = 0
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and this is:

k1x1x2 − k2x3 − k8x6 + k9x2x5 − k12x7 = 0

k3x3 − k12x7 = 0

k4x1x4 − k5x5 + k8x6 − k9x2x5 = 0

k6x3x4 − k7x6 − k8x6 + k9x2x5 = 0

k10x2 + k12x7 − k13 = 0

k11x4 − k14 = 0

x1 + x3 + x5 + x6 − c = 0 (3.6)

We now calculate the Gröbner basis of the system with the lexicographic order (x1, x2, x3, x4, x5, x6, x7, c)

The first polynomial of the basis has only x7 and c terms and serves as an analytic solution of the

bifurcation diagram represented in Figure 3.6. The bifurcation diagram allow us to observe the

x7

1200

1600

800

0

c

400

2 2,50 10,5 31,5

Figure 3.6: Bifurcation diagram x7 vs c. Parameter values are: k1 = 25979.537, k2 =

3.3722455, k3 = 5844.999, k4 := 5.334155, k5 = 16623.325, k6 = 12200.836, k7 = 1472.3849, k8 =

15145.809, k9 = 9647.324, k10 = 1, k11 = 1, k12 = 1, k13 = 1734.2661, k14 = 1

place of multistability in the mixed enzyme inhibitor system. This simple CRN is a well known

component of signaling pathways and metabolic networks. Mixed inhibition is a key regulatory

module in protein metabolism and cleavage modulated pathways as the coagulation cascade [57].

Autophosphorylating motif

Autophosporylation kinases are involved in important cellular processes. For example ATM

(ataxia telangiectasia mutated) protein is a DNA damage sensor implicated in the activation

of p53 a tumor supressor protein mutated in almost 50 % of human cancers. In the same

way calcium/calmodulin-dependent protein kinase II is another autophosporylating molecule re-

sponsible of glutamate receptor phosporylation and therefore of changing electric properties of

neurons[58]. In this motif an active kinase (K*) can activate itself to produce two activated
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Figure 3.7: Autophosphorylation motif chemical reaction network

K* molecules. Phosphatases (P) de-phosphorylate K* proteins. The components of this reaction

network are :

Inactive kinase x1

Active kinase x2

Complex inactive-active kinase x3

Phosphatase x4

Complex phosphatase-active kinase x5

The reaction scheme is depicted in Figure 3.7. There is turnover reaction for the inactive kinase

x1 and a degradation reaction for the active kinase x2. As usual the stoichiometric network N

and the reaction vector v(x, k) are:

N =
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There is a conservation relation x4 + x5 = ptot representing the total amount of phosphatase.

The ODE system for this motif is:

ẋ1 = −k1x1x2 + k2x3 + k6x5 + k7 − k8x1

ẋ2 = −k1x1x2 + k2x3 + 2k3x3 − k4x2x4 + k5x5 − k9x2

ẋ3 = k1x1x2 + k2x3 − k3x3

ẋ4 = −k4x2x4 + k5x5 + k6x5

ẋ5 = k4x2x4 − k5x5 − k6x5 (3.7)

If we employ the method described in chapter 2 it is possible to identify an interval where

the system displays bistability in the stoichiometric compatibility class(Figure 3.8). Now, it

ks

3
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2

0

ptot

432

1

1 50

Figure 3.8: Bifurcation diagram active kinase (k) vs total phosphatase (p). Parameter values are

k1 = 3, k2 = 0.1, k3 − 3, k4 = 40, k5 = 0.1, k6 = 10, k7 = 2.5, k8 = 0.5, k9 = 0.5

is interesting to study what is the dynamic behavior of this system if there is no turnover or

degradation reactions. In this case the terms k7, k8x1, k9x2 of equation 3.7 are eliminated from

the ODEs. Another conservation relation appears x1+x2+2x3+x5 = ktot. ktot is the total kinase

available. As observed in Figure 3.9 bistability is still possible in the closed case. This point us to

interrogate which signaling motifs are robust against subtle modification in their structure to serve

as reliable switches. In table appears such classification. If the system dynamics depends on the

turnover rate it will be useful to delineate how the autophosporylating switch varies according to

k8 and k9 parameter change. The bifurcation diagram displayed in Figure 3.10 allows to conclude

that for a certain interval of these degradation (k8, k9 = d) parameters, there exist mulitistability.
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Figure 3.9: Bifurcation diagram active kinase (k) vs total phosphatase kinase (ktot) in the closed

system
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Figure 3.10: Bifurcation diagram active kinase (k) vs d = k8 = k9 in the open system
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Reaction mechanism Bistability open system Bistability closed system

Two substrate binding Yes No

Mixed inhibition Yes No

Competitive inhibition No No

Uncompetitive inhibition No No

Autophosphorylation Yes Yes

Table 3.1: Capacitiy of bistability for the reaction schemes treated

3.3. Summary

Signaling pathways are composed of repetitive units or reaction modules. In this chapter we

have classified reaction modules according to its capacity for displaying or not multistability and

for some of them resolved analitically the locus of equilibria. We also evaluated how reaction

motifs respond to the introduction or elimination of turnover terms in the possibility or not of

multistability.



Chapter 4

Bistability analysis of a caspase

activation model for receptor-induced

apoptosis

Apoptosis is an essential process for organism homeostasis. Several abnormalities in apopto-

sis control can promote the development of autoimmune diseases, neurodegenerative diseases or

cancer. Thus, understanding the apoptosis machinery is of considerable biological and medical

interest. The molecular mechanisms underlying programmed cell death are complex and yet sus-

ceptible of mathematical analysis.

In 2004, Eissing et al. proposed a mathematical model for receptor-induced apoptosis[59]. In

their work they build a chemical reaction network for the core-signaling pathway responsible for

apoptosis initiation. They reported that translating the current knowledge related to apoptosis

into a system of differential equations, they were able to reproduce one of the qualitative require-

ments for an apoptosis model: bistability.

In this chapter we re-evaluate this model from another perspective. Using stoichiometric net-

work analysis (SNA) over the reactions reported in [59] we show that in the stationary state some

of the reactions are blocked. It means that these groups of reactions are prohibited of carrying

flux and do not participate in elementary modes (steady state reaction generators). Chemical

reaction network analysis (CRNT) applied to an apoptosis reduced network (without blocked

reactions) states that bistability is impossible for any set of reaction parameters. Finally we

propose an improved model for receptor induced apoptosis In summary our results illustrate the

power of SNA and CRNT in evaluating the feasibility of a chemical reaction network.

4.1. Introduction

Apoptosis is one of the essential cellular processes including cell division, metabolism and

DNA synthesis[60][61]. It is triggered by different external and internal stimuli. Dying cells from

acute damage such as hypoxia activate an inflammatory response capable of inducing a deleterious

effect over the affected tissues. Apoptotic cells do not induce inflammation and in this way do not
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interfere with the proper function of adjacent cells. Some morphological indicators of apoptosis

include:

1. Cell volume shrinkage

2. Loss of cell adhesion

3. Chromatin fragmentation

4. Appereance of blebs at the cell surface

5. Cytoskeleton disassembly

The core of the apoptosis machinery is composed by a group of proteases (the caspases) that

after some input signal begin a cascade of chemical reactions that terminates in cell death. Cas-

pases are controlled by several mechanisms, among others, inhibitors like XIAP or BAR[62]. The

ultimate goal of apoptosis machinery is to distinguish whether or not a stimulus is capable of

irreversible activating the reaction cascade. Apoptosis can be viewed as a bistable system that

changes between a“life ”state and a“death ”state according to the conditions sensed by the cell[63].

Death by apoptosis is a well orchestrated process.Apoptosis can be initiated by internal (DNA

irreverible damage) or external stimuli in the form of cytokine induced cell death. Different sig-

naling pathways are implicated and for this reason apoptosis signaling is classified in the intrinsic

pathway and in the extrinsic pathway. Figure 4.1 and 4.2 describe in detail each of these reaction

networks.

During the last years there has been an increasing interest in the mathematical modeling of

biochemical reactions[1]. In this approach cartoons of biological processes are transformed into

mathematical entities, often systems of ordinary differential equations (ODE)[64]. The objective

behind these types of models is to reproduce an experimentally observed behavior and then be

able to predict unobserved characteristics of the systems under study.

Apoptosis is a suitable system for mathematical modeling. First, it is complex. By complex

we mean that its collective properties cannot be explained from the study of each component

in isolation. Second it displays a qualitative property (bistability) useful to model validation.

Third the central mechanism of apoptosis is well known and parameters for ODE simulation are

available in the literature.

In this regard various attempts to model apoptosis have been published[65][66][67]. In 2004

Eissing et al. proposed a model for receptor induced apoptosis. Based on the current literature

they build a network of chemical reactions and using mass action kinetics developed a system

of ODE for the apoptosis central core. According to [59] this model displays bistability as required.

Dynamical simulation needs the detailed knowledge of reaction parameters. When there is no cer-

tainty regarding the value of each parameter, an approach that allows drawing information of the

system with only the structure of the chemical reaction network is of great help[37]. This is the

case of stoichiometric network analysis (SNA) and chemical reaction network theory (CRNT)[37].
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Figure 4.1: Intrinsic apoptotic pathway. An internal damage (irreparable DNA error, hign calcium

concentration) activates a sensor located in the mitochondria (Bax). Bax activation promotes

cytochrome C release to the cytoplasm. In the cytoplasm cytochrome C along with Pro-caspase

9 and Apaf-1 conform a complex known as the apoptosome. The apoptosome is able to cleave

executioner pro-caspase 9 and in this form initiate apoptosis.
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Figure 4.2: Cell respond to external signals in a myriad of ways.As an example we will use Tumor

Necrosis Factor α (TNF-α) signaling pathway Some cytokines (i.e. TNF) can induce cells to

commit suicide. In this extrinsic apoptosis pathway a cytokine binds to its receptor (TNFR1) and

unleashes a cascade of events that terminates in apoptosis induction. The first of these events is

the activation of adaptor proteins (TRADD) that form a complex with initiator pro-caspases (Pro-

caspase 8)and cleave them to produce functional caspases (Caspase 8). The cytoplasmic domains

of TRADD and TNFR1 interact using death domains present in each protein. Death domains

amplify the pro-apoptotic signal. The initiator caspase in turns cleaves downstream executioner

pro-caspase to undergo apoptosis
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SNA and CRNT are methodologies for the study of the qualitative dynamical behavior of chem-

ical networks[33]. CRNT has received special attention in the last years as a reliable method to

discard hypothesis about the mechanism of a particular chemical reaction network[68].

In this work we evaluate the model in [59] under the perspective of SNA and CRNT. In par-

ticular we show that the apoptosis mechanism modeled by Eissing et al. has some stoichiometric

anomalies (e,g blocked reactions). In addition when we reduced the network eliminating blocked

reactions, it is unable to exhibit bistability for any set of positive reaction parameters. Based in

SNA and CRNT the model of Eissing et al. can be discarded as an appropriate representation of

receptor induced apoptosis.

4.2. Experimental procedures

The model developed by Eissing et al. is a system of ODE representing the kinetic behavior

of eight species in the apoptosis core. The chemical species are:

x1= Caspase 8 (C8)

x2= Caspase 8 cleaved (C8*)

x3= Caspase 3 (C3)

x4 = Caspase 3 cleaved (C3*)

x5= Inhibitor of apoptosis (IAP)

x6= Complex IAPC3*

x7= BAR protein

x8= Complex BARC8

The chemical reaction network that represents the apoptosis mechanism is depicted in Figure

4.1.

0 represents the zero complex, meaning that the system is open. This network has 19 re-

actions. There are five degradation reactions for the species x3, x2, x4, x6, x8 and one for the

complex x4 + x5. We will discuss in more detail this atypical chemical reaction in the results

section. In addition of degradation terms, the chemical network has turnover reactions for the

species x1, x3, x5, x7. The model contains several simplifications. For example intermediary cleav-

age products are not taken into account.

The ODE system arising from this network according to the article (1) is:
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Figure 4.3: Reaction network for receptor induced apoptosis

ẋ1 = −k2x1x4 − k9x1 + k9

ẋ2 = k2x1x4 − k5x2 − k11x2x7 + k11x8

ẋ3 = −k1x2x3 − k10x3 + k10

ẋ4 = k1x2x3 − k3x4x5 + k3x6 − k6x4

ẋ5 = −k3x4x5 + k3x6 − k4x4x5 − k8x5 + k8

ẋ6 = k3x4x5 − k3x6 − k7x6

ẋ7 = −k11x2x7 + k11x8 − k12x7 + k12

ẋ8 = k11x2x7 − k11x8 − k13x8 (4.1)

It is interesting to observe a cleaved caspase 3 (x4) time series plot with low caspase 8 activated

levels compared with a time series plot for high caspase 8 levels as proposed in the paper by Eising

et al. Surprisingly, for low and high caspase 8 concentrations the caspase 3 peak and steady

state is exactly the same. This move us to study this model with analytical tools. First,we build

the reaction network in the software Cellnetanalyzer (version 8) and calculated the stoichiometric

matrix (N) and other topological properties[41]. This matrix is a succinct description of a chemical

system. N is q x r matrix, where q represents the number of species and r the number of

reactions(15). The nij element of N is the stoichiometric coefficient of metabolite i in reaction j.

The sign convention is negative for reactants and positive for products in each reaction. N is also

used in the construction of the mass balance equation

ẋ = Nv(x) (4.2)

where x is the vector of the concentrations of the species and v(x) is the vector of reaction rates.
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Figure 4.4: x4 (Caspase 3 cleaved) time series for low (left) and high (right) active caspase 8

levels. Parameter values and initial conditions are in table 1 of [59]

In the analysis of a biochemical network we are interested in identifying the reaction vectors

that generate all possible steady states of the system. That is, to find the non negative solutions

to the equation:

Nv = 0 (4.3)

This solutions represent the nonnegative linear combinations of a set of vectors known in the bio-

chemical literature as elementary modes (EM), extreme currents or extreme pathways[69]. EM

form a pointed polyhedral cone in the reaction space. We calculated EM using Cellnetanalyzer.

Another methodology used in this work is CRNT. CRNT connects the structure of a chemi-

cal reaction network with the qualitative characteristics of the ODE system arising from it[35].

The conclusions derived through CRNT only require the assumption of mass action kinetics.

Some definitions are needed to understand CRNT. A complex is an object that appears before or

after of a reaction arrow e.g. x4 + x5, x6, x3. The set of complexes that are internally connected

by reactions are called linkage classes.

For each network CRNT assigns a non negative integer number δ called deficiency. δ is equal

to m − l − s where m is the number of complexes, l is the number of linkage classes and s is

the rank of the stoichiometric matrix. If δ is zero the networks does not have the capacity for

multiple steady sates(18). If δ is one and l is one, we can apply the deficiency one algorithm to

decide whether or not the network can exhibit multiple steady states. In order to perform the

CRNT analysis we employed the CRNT Toolbox 1.1 available from http://www.che.eng.ohio-

state.edu/ feinberg/crnt/.
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4.3. Results

4.3.1. Topological properties

The chemical network has 8 species and 19 reactions. This means that the stoichiometric ma-

trix (N) has 8 rows and 19 columns. The rank of N is 8. Thus there are not linearly dependent

Figure 4.5: Stoichiometric matrix for the apoptosis system. The rows are the chemical species

and the columns the reactions. In green production terms, in red degradation terms.

rows in N. In other words this network does not have conservation relations. Conservation rela-

tions are linear combinations of species concentrations that stay constant. Conservation relations

form the left null space of N. In our case we will expect that the total quantity of caspase 3

(C3+C3*) and caspase 8 (C8+C8*) were the origin of conservation relations. According to our

analysis this is not possible in the apoptosis network proposed by Eissing et al.

4.3.2. Blocked reactions

From the SNA we identify five blocked reactions:

1. x4 → 0

2. x4 + x5 → 0

3. x2 → 0

4. x6 → 0

5. x8 → 0

Blocked reactions (BR) are incapable of carrying flux under certain conditions due to stoichio-

metric restrictions and can be eliminated in further analysis. BR do not participate in EM, as
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we will explain in the next section.

Now, we want to discuss the meaning of one of these reactions, x4 + x5 → 0. Here x4 inter-

acts with x5 and both get degraded. This is highly unusual in chemical reactions. In addition

this degradation term (k4x4x5) is only taken into account in the x5 dynamical equation. If the

kinetic law used in the elaboration of the ODE system is mass-action, a similar term must appear

in the corresponding x4 equation. In the model by Eissing et al. this term is missing.

4.3.3. Elementary modes

Elementary modes (EM) are a unique set of vectors that determine the flux distribution of

the network in the steady state. Each EM is composed by r entries, where r is the number of

reactions in the network. The number of entries is reduced if there appear blocked reactions.

In the apoptosis network we identified seven EM with 14 entries. The five blocked reactions do

not participate in EM and thus could be eliminated from the network. In the subsequent study

blocked reactions were deleted from the chemical network to produce a reduced network.

4.3.4. CRNT

We applied CRNT analysis to this reduced network. The deficiency in this case is 1. The result

of the deficiency one algorithm states that taken with mass action kinetics, the network cannot

admit multiple positive steady states no matter what positive values the rate constants might

have. Therefore the reduced network does not fulfils the essential requirement for an apoptosis

model: bistability. In summary our results indicate that the model proposed by Eissing et al.

has topological flaws highlighted with SNA and CRNT and for instance is unable to represent

apoptosis adequately.

4.3.5. A new model

Based on the current knowledge of apoptosis regulation, here we describe a new model for

receptor induced cell death. In Figure appears a diagram of the proposed model. The model

has seven species and fourteen reactions. The species are:

x1= Caspase 8 activated (C8*)

x2= Caspase 3 (C3)

x3= Complex C8*C3

x4= Caspase 3 activated (C3*)

x5= Inhibitor of apoptosis (BAR)

x6= Complex C8*BAR

x7= Complex C8*C3BAR

The reaction rates conform the vector

v = (k1x1x2, k2x3, k3x3, k4x1x5, k5x1, k6x3x5, k7x7, k8x7, k9x2x6, k10x2, k11x5, k12x4, k13, k14).



64 Bistability analysis of a caspase activation model for receptor-induced apoptosis

Figure 4.6: A new model for receptor induced apoptosis

Figure 4.7 shows the stoichiometric matrix, N for the system. The ODE system for this

network is

ẋ1 = −k1x1x2 + k2x3 + k3x3 − k4x1x5 + k5x6

ẋ2 = −k1x1x2 + k2x3 − k9x2x6 − k10x2 + k13

ẋ3 = k1x1x2 − k2x3 − k3x3 − k6x3x5 + k7x7

ẋ4 = k3x3 − k12x4

ẋ5 = −k4x1x5 + k5x6 − k6x3x5 + k7x7 − k11x5 + k14

ẋ6 = k4x1x5 − k5x6 + k8x7 − k9x2x6

ẋ7 = k6x3x5 − k7x7 − k8x7 + k9x2x6 (4.4)

There is a conservation relation for the total C8*, that is x1 + x3 + x6 + x7 = et. The deficiency

for this network is 2 and CRNT analysis stays that taken with mass action kinetics there is the

possiblity to admit multiple steady states. In order to verify this statement, parameters reported

for some of the reactions in the apoptosis network were used in numerical analysis [70].

If we use this conservation relation as a bifurcation parameter, the model now proposed has

the possibility to admit three stady states in a range of total C8*, two stable and one unstable.

In Figure 4.8 appears the bifurcation diagram for the apoptosis system. In chapter 3 we ana-

lyzed how changes in turnover rates have influence in the dynamic behavior of chemical reaction

networks. Now, we would like to perform a similar procedure for the apoptosis model proposed.

The parameter k11 controls the degradation of BAR (x5) an inhibitor of caspase activation. The
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Figure 4.7: Stoichiometric matrix for the new system. The rows are the chemical species and the

columns the reactions. In green production terms, in red degradation terms.
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Figure 4.8: Bifurcation diagram X4 vs et. The parameters used are k1 = 62846.678, k2 =

0.70598597, k3 = 1223.6617, k4 = 12.903767, k5 = 603.65743, k6 = 29514.848, k7 =

119.08971, k8 = 1225.0265, k9 = 4048.1216, k10 = 1, k11 = 1, k12 = 1, k13 = 150.08654, k14 =

8.6541.10−2
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bifurcation diagram in Figure 4.9 shows how even for a region in which is supposed to be multi-

stability (et = 2 according to Figure 4.8) slight variations in k11 allows the system to commute

between low and high executioner caspase x4 (cleaved caspase 3). This is interesting because
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Figure 4.9: Bifurcation diagram X4 vs k11. The remaining parameters are the same as in Figure

4.8 and et = 2

if a pharmacological perturbation is not suitable to interfere with the total amount of initiator

caspase (Total C8=et), the system can be controled with drugs that promote or inhibit x5 degra-

dation. The clinical implication is if the physician wants to promote apoptosis (i.e cancer cells)

the procedure is to augment k11 and if he wants to inhibit apoptosis just prescribe k11 reduction.

4.4. Conclusion

We evaluated a model for the apoptosis mechanisms core. We used instead of a simulation

approach, an analysis based only in the structure of the reaction network. This parameter free

approximation has gained considerably attention in the field of systems biology[46][32]. In par-

ticular the relation between the structure of the network and the qualitative properties (like

bistability) inherent to the system is of great importance because the identification of reliable

reaction parameters is a hard task[39].

Chemical reactions are usually modeled by lumping together reactions and ignoring the behavior

of intermediary products. This can lead to the different dynamical properties if one compares the

behavior of complete mechanisms and their lumped counterpart. For example Tyson et al. using

CRNT, recently showed that a simple model of enzyme catalysis that exhibits multistability, lost
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this property by neglecting enzyme-substrate intermediates [11]. Representing chemical reactions

as accurate as possible is an essential requirement to develop appropriate mathematical models of

cellular processes. We follow this statement in the analysis of the model proposed by Eissing et al.

Using SNA we showed that in the system proposed by Eissing et al. some of the reactions

are blocked and therefore unable to participate in any flux distribution in the steady state. Fur-

thermore, when CRNT was applied to the reduced network without blocked reactions, bistability

is discarded. This highlights the need of a theory that allows designing biochemical networks

with certain properties from simple mechanisms. A starting point will be the elucidation of the

minimal multistationary reaction network.

We also were capable of developig a new model based on caspase regulation that has the re-

quired property of bistability in an adequate paramater range. In summary our results illustrate

the power of SNA and CRNT in evaluating the feasibility of a chemical reaction network. We

believe that systems biology will benefit from the continuous improvement of these pair of theories.



68 Bistability analysis of a caspase activation model for receptor-induced apoptosis



Chapter 5

Type 1 interferon signaling pathway

in multiple sclerosis

5.1. Introduction

Multiple sclerosis (MS) is a chronic inflammatory disease of the central nervous systems (CNS)

with unknown etiology that occurs more frequently in the northern areas of the world, and is

particularly frequent in Europe and North America. No definitive cure is available for MS,

and disease-modifying therapies such as interferon-β (IFNB), Glatiramer acetate (GA) or Na-

talizumab are only partially effective and induce side-effects that limits patient’s quality of life

[71] [72]. Although two of these drugs were developed based in a well know therapeutic target

(the T-cell receptor specific for Myelin Basic Protein for GA, VLA4 integrin for natalizumab),

the mechanisms of action of these drugs are only partially understood. The economical and so-

cial burden of the disease is considerable as it affects predominantly young professional adults.

The number of persons affected in the EU-25 is estimated to be between 400.000 and 455.000

(http://ec.europa.eu/health) and similar numbers could be applied to the US. A Canadian study

reported a substantial increase over the last 50 years in the female to male sex ratio, now exceed-

ing >3.2 females per male contracting the disease[73].

The average lifetime cost of the disease is estimated at > 1.5 million euros per MS patient in the

UK, which is likely to be roughly representative for EU-25 countries. Currently, MS therapies

are prescribed based in disease activity and not in the predicted response to a specific drug. This

is due to the lack of biomarkers for identifying responders and non-responders to therapy. For

example, it has been estimated that up to 40 % of patients do not respond to IFNB [74] [75] which

implies that many patients are exposed to the side-effects of a drug which is no beneficial to them

and that the health systems are expending money without providing a social benefit. There is

therefore a pressing and timely need both for new therapies with higher efficacy and good safety

profile and as well as for improving the efficacy of existing treatments. The improvement of both

the efficacy and safety of existing drugs is a good strategy that would pay benefits both for the

society as well as for the pharmaceutical industry.

The search for personalized medicine aims to identify the best therapy for a given patient or
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more practically the subgroup of patients with better efficacy and less side effect for a given drug

(stratified medicine), which is going to have a big impact in chronic diseases [76]. Successful

identification of treatment response-predictive genetic/biomarkers would support early treatment

of those patients most likely to respond to it, while allowing treatment of non- responders with

alternative medication or at least to prevent them suffering side-effects [77] [78] [79]. The success

of specialty medicine drugs, mainly for neurological diseases, is based in a good safety profile as

well as in enhancing efficacy through selecting good responders more than in a new mechanism

of action [80].

Interferon beta (IFNB) is the most common treatment choice in patients affected by multiple

sclerosis (MS). IFNB reduces by a third the number of relapses, and also delays the progression

of the disease [81]. Currently, there are three commercial forms of IFNB available in the market,

Betaferon (IFNB1b), Avonex and Rebif (both IFNB1a). INFB belong to the Type I interferon

cytokine family. Type I interferons (IFNs) are cytokines that have antiviral, antiproliferative and

immunomodulatory effects. There are many type I IFNs including interferon α (with 13 different

subtypes), interferon β interferon κ and interferon ω. All type I IFNs bind to the same receptor.

These molecules are widely used in the treatment of hepatitis C, multiple sclerosis and various

types of cancer. The mechanism of action is not well understood, although considerable evidence

suggests a combination of immunomodulatory and anti-inflammatory effects [82].

The efficacy of IFNs is limited, with up to 40 % of the MS patients not responding to the

therapy and similar rates of efficacy have been observed in hepatitis C patients [83]. The cause

of this lack of efficacy is not known, but it could be related with its pleiotropic activity and the

generation of common adverse events that limit dosage. However, individuals differences in the

genes activated by IFNB as well as differences in the pathogenic mechanisms at work in each

individual might account for the lack to response to therapy. It will be of great clinical value to

find markers of response to this drug in order to begin an early intervention in the responders

and to avoid its use in non-responders.

5.2. Interferon beta: Mechanism of action involved in the treat-

ment of MS

IFNB is a regulator of the immune systems acting over a broad range of immune cells includ-

ing dendritic cells, T cell, and B cells. IFNB also influences the activity of astrocytes, microglia

and neurons [84]. The immunomodulatory effects of INFB are diverse. IFNB downregulates the

expression of type II MHC molecules and inhibits T cell proliferation. IFNB promotes the ex-

pression of Th2 cytokines and the immunosuppressive cytokine IL-10. In the blood-brain barrier,

IFNB inhibits the traffic of T cells, improving the integrity of endothelial cells, a mechanism that

implies reducing the activity of adhesion molecules and decreasing the production of metallopro-

teinases [85] [86]. Interestingly, two different groups have reported the involvement of IFNB in

the control of inflammation inside the CNS, in addition to its better known effects in peripheral
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immune system. Dendritic cells in the brain respond to IFNB diminishing IL-23 production and

favoring IL-27 secretion [87]. IL-27 is actually known to inhibit Th17 cells differentiation. Also,

microglia in the presence of IFNB decrease the release of inflammatory chemokines, halting lym-

phocyte infiltration into the CNS [88] [89] . In summary, IFNB has a protector profile of the CNS

during inflammation.

5.3. Type I interferon signaling pathway

The type I IFN signalling pathway is composed by a receptor (IFNAR) and three signalling

pathways: MAPkinase, JAK-STAT and PI3k pathways [90] [91] (Figure 5.1). The components

Figure 5.1: After the binding to its receptor (IFNAR), interferon β (IFNB) activates a cascade

that controls the gene expression of hundreds of genes. The signaling pathways involved in this

process are JAK-STAT, Phosphoinositide 3-kinase (PI3K) and MAPK. SOCS (Suppressors of cy-

tokine signaling) in the cytoplasm and PIAS in the nucleus (protein inhibitors of activated STAT)

regulate the amplitude of the signal initiated by IFNB. After activation of several transcription

factors through the three signalling cascades, they migrate to the nucleus where they promote the

expression of hundred of genes including ISRE (interferon stimulated response element) and GAS

(IFN-γ activated site) responding genes, which are responsible for the biological effects of IFNB.
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of the type 1 IFN signaling pathway are the ideal candidates to look for markers of response to

IFNB therapy.

The first step in the IFNB transduction pathway is the binding of IFNB to the interferon type I re-

ceptor (IFNAR). IFNAR is composed of two subunits IFNAR1 and IFNAR2 [92]. IFNB activates

the JAK-STAT signaling pathway. In the case of IFNB, JAK1 and TYK2 are the components of

the JAK family of proteins that participate in IFNB transduction [93]. The complex formed by

JAK1 and TYK2 phosporylates the STAT1 and STAT2 proteins. STATs are transcription factors

capable of traveling back and forth the nucleus where they regulate the expression of hundreds

of genes that mediate INFB biological effects. For the appropriate control of transcription, the

STAT1/STAT2 complex bind to IRF9 protein (interferon regulatory factor) [94].

Albeit all subtypes of type I IFN interact with the same receptor and activate similar path-

ways, they produce different cellular responses. The origin of this discrepancy is, perhaps, a

change in the regulatory dynamic of each of the signaling events according to the IFN that ini-

tiates the signal transduction process. The elaborate crosstalk between these signaling cascades

guarantees IFNB activity specificity. Several mechanisms control type I IFN signaling pathway.

Suppressors of cytokine signaling proteins (SOCS) inhibit the type I IFN pathway preventing the

phosporylation of STATs proteins (Figure 5.1). At the nuclear level protein inhibitors of activated

STAT (PIAS) block STAT1 binding to the DNA [95] [96]. Although not yet studied, SOCS and

PIAS genes are interesting candidate biomarkers.

In this chapter we develop a mathematical model of the core module of the JAK-STAT signaling

pathway based on experimental data from patients with MS.

5.4. Experimental procedures

We studied 10 patients with MS all of whom provided their informed consent. This work

was approved by the Ethical Committee of the University of Navarra and informed consent was

obtained from all participating subjects.

To quantify the response of CD4 T cells to interferon beta we used multicolor flow cytometry.

First, peripheral blood mononuclear cells (PBMC) were isolated with Ficoll-Paque (Pharmacia

Biotech) and incubated at 37 C in RPMI 1640 at 106 cells/mL. Then PBMC were stimulated with

increasing doses of recombinant interferon beta (0,100,200,300,500,1000,2000,4000,5000,7000,

10000,12000,14000,16000,18000,2000 U/mL) for one hour. Phosphorylated Stat-1 was detected by

flow cytometry as described by He et al[83]. Briefly, the cells were fixed with parafomaldehyde,

permeabilized with methanol and stained with PE-conjugated anti-pStat-1, FITC-conjugated

anti-CD3, PERCP-conjugated anti-CD45 and APC-conjugated anti-CD4 all from BDBiosciences.

Stained samples where then passed through a FACSAria cytometer and analyzed with FlowJo

software (Treestar). As a measure of activation we used the mean fluorescense intensity of pStat-1

signal gated over CD4+CD45+ cells.
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Mathematical model

The chemical reaction network scheme is depicted in Figure 5.2. The components of the

Figure 5.2: JAK-STAT chemical reaction network

model are:

1. JAK protein = x1

2. STAT 1 = x2

3. JAK-STAT1 complex = x3

4. Phosphorylated STAT1 = x4

5. Unphosphorylated STA1-Phosphorylated STAT1 complex = x5

6. Phosphatase = x6

7. Phosphorylated STAT1-Phosphatase complex = x7

The principal process described in this model is STAT1 phosporylation and dimerization.There

is also a negative regulation represented by STAT1 dephosporylation. The model is simple but

represents the current knowledge about JAK-STAT signaling pathway. We follow the methods

developed in Chapter 2 to analyze the proposed model. The stoichiometric matrix N and the
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reaction vector v(k, x) are:

N =
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The ODE system is:

ẋ1 = −k1x1x2 + k2x3 + k6x7 − k7x1x4 + k8x5

ẋ2 = −k1x1x2 + k2x3 + k3x3

ẋ3 = k1x1x2 − k2x3 − k3x3

ẋ4 = k3x3 − k4x4x6 + k5x7 − k7x1x4 + k8x5 + 2k9x5

ẋ5 = k7x1x4 − k8x5 − k9x5

ẋ6 = −k4x4x6 + k5x7 + k6x7

ẋ7 = k4x4x6 − k5x7 − k6x7

(5.1)

The reduced system along with the conservation relations are:

R =
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In order to find the equilibrium solution of the CRN we change the system for the equivalent:

Rv(k, x) = 0

x1 + x3 + x4 + 2x5 + x7 − c1 = 0

x2 + x3 − c2 = 0

x6 + x7 − c3 = 0

c1, c2 and c3 represent total STAT, total JAK and total phosphatase respectively.
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Figure 5.3: Bistability in inteferon stimulated JAK-STAT pathway. In blue the low steady state

and in red the high steady state

5.5. Results

Figure 5.3 displays a representative dose response curve of phosporylated STAT1 against

increasing recombinant interferon beta administration, clearly illustrating a hysteresis loop. For

low interferon doses there is only one steady state, for an interval of interferon availability there

are two possible steady states and finally with high interferon doses there is a high stationary

branch. This also can be observed in cytometry histograms as shown in Figure 5.4. Now we

evaluate if the model proposed in the Methods section is capable of reproducing the dynamic

behavior suggested by the experimental data. To this end we calculate first the deficiency of the

network δ. The chemical reaction network under study has deficiency 2. Applying the advanced

deficiency algorithm, the JAK-STAT chemical network has the possibility to exhibit multistability.

Using parameter values obtained from the literature, Figure 5.5 demonstrates that the chemical

reaction network proposed can reproduce the qualitative behavior of the experimental data.

5.6. Conclusion

Current therapies for MS are partially effective and with common side effects, limiting their

usefulness. This situation is due in part to the lack of biomarkers of response to therapy that

will allow identifying the best responders, increasing drug efficacy, and will avoid treating non-

responders with these drugs, preventing the appearance of adverse effects. This situation is going

to be even more complicated with the appearance of new immunomoduladors already in the final

states of phase III clinical trials (i.e. Fingolimod, Laquinimod, Rituximab, Daclizumab, among

others) and with the development of combination therapy. The discovery of biomarkers of the

response to therapy can help in the process of identifying the best therapy for the most appro-

priate patient, with the ultimate goal of developing personalized medicine.

Pharmacogenomics has been the most useful approach for discovering drug biomarkers. The power

of genome-wide association studies in combination with high through-put techniques such as DNA
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Figure 5.4: Representative flow cytometry histograms for low (upper-left), intermediate (upper-

right) and high interferon beta dose
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Figure 5.5: Bifurcation diagram for x4 (STAT1p) vs c1. Parameter values taken from [5]
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arrays, proteomics or metabolomics, can provide the tools for the discovery of such biomarkers.

However, due to the complexity of multifactorial diseases such as MS and the pleiotropic activity

of the disease modifying drugs, we believe that systems biology will become a useful approach for

integrating biological, clinical and imaging data and obtaining meaningful information for making

decisions about care and therapy [97] [98]

Discovery of biomarkers for the response to disease modifying therapy in Multiple Sclerosis is

a high priority because it will have a profound impact in how we prescribe and monitor such

drugs. Patients will benefit because by selecting the best responders, the efficacy is going to be

enhanced and by removing non-responders, we can prevent them for suffering inconvenient side

effects and even to move them to other therapies. Overall, patients adherence to therapy will be

increase and the economic cost of these therapies will be reimbursed with an improved quality of

life and in the reduction of cost due to disability in the long-term. However, this ideal scenario, the

promise of personalized medicine, is not straightforward and research done to date as discussed in

this review reveals that the task is enormous, complex and still far from direct clinical applications.

One of the greatest challenges in this area is how to get the maximum advantage from apparently

unconnected scientific fields to benefit MS patients. Personalized medicine requires the integra-

tion of data and techniques from different disciplines including population genetics, immunology,

bioinformatics, clinical research, neuroimaging and systems biology. The current efforts to find

predictors of efficacy for the most extensively studied therapy IFNB have provide promising pre-

liminary results that requires further validation. However, the efforts conducted to date reveal

the complexity of the topic. No single SNP or gene expression marker accurately classifies INFB

treated patients as responders or non-responders. This suggests that the combination of different

types of information such as SNPs, gene expression patterns, proteins and clinical variables, in

addition to well-defined and powerful cohorts are necessary to reach clinical utility. Moreover,

more validation studies with larger patients cohorts are urgently needed.[99]

In this chapter we demostrated the existece of bistability in the response to interferon beta in

patients with MS. We also developed a mathematical model resembling the qualitative behavior

of the experimental data. It is interesting to note that apparently similar cells respond in a re-

markable different fashion to the same stimuli. As already mentioned, biomarkers for evaluating

the response to IFNB are actively being investigated. Perhaps ahead of looking for SNPs, changes

in gene or protein expression, a useful strategy will be to study in detail the underlying dynamics

of interferon beta signaling pathway. It is tempting to speculate that the different steady states

observed in the STAT1P phosphorylation curve could represent responder or not responder sta-

tus. If this is the case approaches oriented to transform one state into other will promote the

advance of MS treatment.
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Chapter 6

Treatment of autoimmune diseases:

A systems biology approach

Autoimmune diseases are a major health problem. In the last years we have seen a considerably

increase in therapeutic tools available for this devastating group of diseases. Treatment efficacy

has improved, but still is not curative. In this final chapter we review current strategies in

autoimmune disease treatment and highlight the opportunity that systems biology represents for

the development of better and safer treatments.

6.1. Introduction

Autoimmune diseases are a group of more than 70 chronic pathologies characterized by an

inappropriate immune system response against the own tissues. Their prevalence is approxi-

mately 5 percent of the population on western countries and for unknown reasons the incidence

is steadily rising. Women in the young and middle ages are the most affected[100]. The aetiology

is not well understood. Epidemiologic studies are clear to demonstrate a genetic susceptibility

to autoimmune diseases. In addition research in genetically similar populations living in differ-

ent environments shows that environmental factors have a particular significance in the origin of

these diseases. Although they are classified according to the principal mediator of the damage

(antibodies or cells), autoimmune diseases share common pathological mechanisms than can be

exploited therapeutically.[101][102]

Systems biology is a new scientific field that integrates mathematical modeling, computational

simulation and high throughput experiments with the aim to understand organisms structure,

dynamics, control mechanisms at a system level[103].

In this work we will focus on strategies directed to alter the threshold of immune activation,

modulate antigen-specific responses, reconstitute the immune system and spare target organs.

Finally we will take into consideration the opportunity that represents systems biology for the

development of useful and safe treatments for autoimmune diseases.

79
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6.2. Key strategy. Regulation of immune system activation

The immune system is designed to respond against dangerous signals[104][105]. For the correct

activatio of an immune response, the antigen (signal 1) must first bind to the specific receptor.

Another requirement is the accurate ensemble of costimulatory molecules (signal 2). This group of

molecules are ideal candidates to regulate (augment or decrease) T cell activation and in therefore

control the strength of the immune system response.

T cell signaling and costimulatory molecules

Inappropriate T cell activation plays a central role in pathogenic immune responses. For the

proper initiation of T cell function it is required that several co-stimulatory molecules get involved

after T cell receptor binding to major histocompatibility complex in antigen presenting cells. One

group of such costimulatory molecules is the CD80-CD86/CD28-CTLA4 complex. CD80 (B7-1)

and CD86 (B7-2) bind to CD28. They are activators of T cell signaling. CTLA4, a homologue of

CD28, binds to B7-1/B7-2 and unleashes an inhibitory signal over T cell response. Various ther-

apeutic molecules interfere with this costimulatory signal. Abatacept is a fusion protein between

CTLA-4 and immunoglobulin that blocks CD28-B7 costimulation. Abatacept is now approved for

use in rheumatoid arthritis (RA)[106]. Another drug that targets B7/CD28 pathway is RuDex.

RuDex is an oral B7-1 antagonist that has successfully completed two Phase I clinical trials and

is now being tested in RA patients[107].

T cell receptor (TCR) mediated signaling has been the subject of intense research searching

for inhibitors or regulators that can alter lymphocyte activation. One of the most successful

examples are inhibitors of NFAT calcineurin dependent dephosporylation such as cyclosporin or

tacrolimus. NFAT inhibitors exhibit toxicity related to the wide distribution of calcineurin. For

this reason molecules that inhibit nodes in TCR signaling pathway only in T lymphocytes will

target immune system activation more specifically. However is not easy to find a target in the

myriad of components that constitute TCR signaling pathway. It is in this context where systems

biology looks promising (Figure 6.1). Using mathematical techniques integrated with experi-

mental data it is possible to identify which genes and proteins are relevant to a particular state

such as T cell activation or anergy[108]. In this context the concept of robustness adquires great

importance. Robustness is a property of biological systems that enables them to sustain their

function against various external or internal perturbations. Autoimmune diseases can be viewed

as a failure of robustness of normal self tolerance mechanisms. Manipulation of TCR signalling

pathway robustness with interventions that exploit the fragility of this pathway in the disease

state is an interesting area of research. As an example a model of the metabolic syndrome ro-

bustness suggests that multiple therapies with multiple targets are required to cure or at least to

control metabolic syndrome.[109]
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Figure 6.1: Systems biology approach. Genomics, proteomics and metabolomics linked with math-

ematical modeling form the core of systems biology. In autoimmune diseases a systems biology

approach will favour the development of new therapies and biomarkers as highlighted in the text.

Cytokines and cytokine signaling

Cytokines are extracellular proteins that have pleiotropic effects in the immune system. They

participate in the control of T cell growth, inflammation and tissue migration of activated leuko-

cytes. The most successful therapies for autoimmune diseases are capable of blocking inflamma-

tory cytokines. Anti-TNF-α (Infliximab) and soluble TNF-α receptors (Etanercept) are widely

used in the treatment for rheumatoid arthritis, Chron’s disease and ankylosing spondylitis[110].

Interfering with cytokines that are produced by T cells or that act on T cells is another strategy

to treat autoimmune diseases. Interleukin 1 (IL-1) and interleukin 6 (IL-6) have pathological

roles in RA. Antibodies that inhibit IL-1(anakinra) and IL-6 (tocilizumab) are well tolerated and

show efficacy in slowing disease activity in RA patients[111]. Interleukin-2 belongs to a family

of cytokines, which includes IL-4, IL-7, IL-9, IL-15 and IL-21. IL-2 is an autocrine factor for T

cells. Recently monoclonal antibodies that bind to IL-2 receptor B alpha (CD25) subunit (da-

clixumab) have yielded promising results in the treatment of multiple sclerosis. After binding to

IL-2 receptor IL-2 activates PI3K, Jak/STAT and Ras/MAPK signaling pathways. Inhibitors of

IL-2 signaling are attractive targets(10). In this way CP690, 550 a selective inhibitor of janus

kinase 3 (JAK3) has demonstrated clinical efficacy in rheumatoid arthritis[112]. However JAK3

is also activated by erythropoietin resulting in anaemia.

IL-15 belongs to the same group of IL-2 and promotes lymphocyte survival as well as activation

of natural killer cells. Clinical data suggest that an anti-IL-15 monoclonal antibody is safe and



82 Treatment of autoimmune diseases: A systems biology approach

produces significant improvement in disease active in rheumatoid arthritis patients[113]. IL-12

and IL-23 are cytokines produced by macrophages, dendritic cells and B lymphocytes in response

to antigen activation. They mediate T cell differentiation towards TH1 and TH17. IL-2 and IL-

23 share a common subunit p40. A monoclonal antibody against p40 induces beneficial clinical

responses in patients with Chron’s disease and psoriasis[114][115].

Understanding cytokine signalling and TCR signalling requires a detailed knowledge of the struc-

ture (molecular interactions) and dynamics of the signalling network in the face of various per-

turbations and in different steady states (disease state or healthy state). Succesful applications

of this strategy related to drug discovery are the experimentally validated models of EGFR sig-

nalling pathway and cytokine induced apoptosis[116][117]. Cytokine blocking has the potential

to favour the appearance of opportunistic infections. How to predict in which patients and how

severe will be the infection is not intuitive. Computational models of cytokine signaling have been

developed to understand the role of these molecules in the pathogenesis and treatment of septic

shock. Using a similar strategy for cytokine actions in autoimmune diseases will be beneficial in

order to predict side effects and develop combined therapies with the contemporary agents.

Metabolites

Generating an appropriate (or inappropiate) immune response requires considerable amounts

of energy. The ability of a lymphocyte to proliferate or get activated is regulated by its capacity to

uptake essential sources of energy such as glucose or aminoacids. In fact, there are differences in

the metabolic profile between resting and proliferating lymphocytes. For example the mitogenic

stimulation of naive T cells induces a 20 fold increase in glucose uptake and metabolism [118].

Energetic metabolism modulators oriented to induce a beneficial (tolerant) metabolic profile in

T cells could be exploited as a new therapeutic strategy. This is the case of statins, peroxisome

proliferator activated receptor alpha agonist (PPAR-a) and methylthioadenosine (MTA). Statins

block the enzyme 3-hydroxi-3-methylglutaryl-coenzime A (HMG-CoA) essential for cholesterol

metabolism. In T cell statins are capable to induce shifts from TH1 cytokine production to TH2

type cytokine secretion. PPAR-a agonists seem to do the same action. Statins have shown mod-

erate efficacy in RA and multiple sclerosis [119]. Another example is MTA. MTA is a component

of methionine metabolism. In an animal model of multiple sclerosis MTA prevents acute relapses

and reverses the chronic phase of the disease. MTA suppressed T-cell activation in vivo and in

vitro, likely through a blockade in T-cell signaling [120].

Combination therapy has proven useful in some chronic and complex diseases such as HIV (AZT-

3TC) and dyslipidemia (nicotinic acid-lovastatin). Each drug of a multicomponent intervention

is directed toward a different molecular target so that the synergistic effect gives rise to a better

outcome than with an individual intervention. In autoimmune diseases there seems to be several

possible drug targets, but no one is a magic bullet. It will be of great utility to test in a systematic

way the benefit or harm that the combinatorial use of current therapies in autoimmune diseases

will have in halting disease progression. In our opinion computational models that simulate the

action of multiple interventions in the disease state will change the way drug discovery research

is made in the present days.
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6.3. Key Strategy. Modulation of antigen-specific response

The antigen that initiates the autoimmune response is not known for the majority of autoim-

mune diseases. As the disease progresses to the chronic state new antigens in target tissues are

recognized by T cells and antibodies, a phenomenon called epitope spreading. For these reasons

developing drugs that modulate antigen-specfic response is a very difficult endeavour. However

some attempts have proven to be useful. This is the case of glatiramer acetate (GA) a small

peptide designed to be similar to the myelin basic protein (MBP) a main antigen in multiple

sclerosis. GA induces a TH2 type response to myelin antigens and is now approved for clinical

use in MS. Its efficacy is nearly 30 percent in diminishing acute relapses[121].

Based on the success of GA, a new altered peptide ligand directed to aminoacids 82-98 (MBP8389)

is now being tested in clinical trials. MBP8298 is the antigen carried by patients with HLA DR2

present in 50-70 percent MS patients. When used in low doses reduces brain lesions but can

exacerbate the disease at high doses [122]. However previous attempts for treating MS patients

with altered peptide ligands (APL) showed mixed results with several cases of reactivation of

their disease [123] .

Proteomic analysis has proven to be useful in detecting candidate antigens in MS. Using these

antigens in DNA constructs with immunosuppressive motifs it has been possible to reduce the

number of relapses in 50 % in an animal model of MS [124]. Similar approaches are now being

tested in type 1 diabetes mellitus. Heat shock protein 60 (HSP60) is an autoantigen implicated

in type-1 diabetes. DiaPep277 is a peptide derived from HSP60 that during a period of two years

maintained insulin secretion in patients with new onset type 1 diabetes [125]. Specific antigen

vaccination has resulted in significant reductions of disease severity in animal models of autoim-

mune diseases such as type 1 diabetes, RA and MS. The purpose of this strategy is to induce

anergy or apoptosis of autoreactive T cells, promote regulatory T cells proliferation or favour

a shift to a TH2 phenotype [126]. This approach looks promising if theoretical work regarding

TCR-MHC interaction is joined with proteomic data derived from antigens banks [127].

6.4. Key strategy. Cell therapy

Almost all current therapies in autoimmune diseases are based on systemic suppression of the

immune system by means of monoclonal antibodies or small molecules. No one is curative. Most

autoimmune diseases are originated from functional defects of immune system cells. Therefore it

seems reasonable to eliminate or modulate the cells responsible for the damage instead of blocking

aberrant cytokine production or dismal cell activation. This is the quest of cell therapy.

In the past 15 years there has been a renewed enthusiasm in regulatory T cells (Tregs). Tregs

are classified in three groups according to their cytokine production profile and surface marker

properties. One group belongs to the CD4 T cell pool. Regulatory T cells type 1 (Tr1) secrete

interleukin 10 (IL-10) while T helper type 3 cells (Th3) produce transforming growth factor-β
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(TGF-β). There is another group of Tregs that express high levels of CD25 and the transcription

factor forkhead box P3 (CD25, FOXP3+)[128][129]. The mechanisms by which Tregs suppress

the immune system are not fully understood. Deficient number or altered function of Treg may

be involved in the pathogenesis of autoimmune diseases. There is evidence in animal models of

RA that depletion of Tregs favour disease progression and that early injection of ex vivo prolif-

erated Tregs can revert inflammation and joint destruction. Similar results have been observed

in animal models of MS and inflammatory bowel disease [130]. Another approaches include the

use of cytokines (TGF-β for example) that enhance Treg function and number or transfection

of nonregulatory T cells with FOXP3 oriented to develop antigen-specific Tregs with increased

suppressive activity. However there are concerns related to cell therapy with Treg. Large numbers

of Treg can increase the risk of developing cancer and an excessive suppression could promote the

appearance of opportunist infections or even induce rebounds of the autoimmune disease .

B cells are one of the pathogenic agents in autoimmune diseases. B cells can produce autoanti-

bodies towards local tissues, act as antigen presenting cells with stimulatory properties over T

cells and even produce cytokines in a way similar to T cell. These actions taken altogether can

induce inflammation and tissue destruction. Therefore B cells constitute an interesting target in

autoimmune diseases. Various strategies are available that range from B cell depletion to ma-

nipulation of B cell survival [131]. Rituximab, is an anti CD-20 monoclonal antibody that was

initially approved for the treatment of B cell non-Hodgkin lymphoma. The CD-20 molecule is a

cell surface marker present only in B cells. Interrupting B cell function is a therapeutic option in a

group of autoimmune diseases. Rituximab has proven to be useful in patients with SLE and RA.

This monoclonal antibody initiates B cell death trough antibody-dependent cellular cytotoxicity

[132]. Clinical trials using rituximab in other autoimmune disease are currently underway [133].

Promising targets in B cell biology are B-cell activating factor (BAFF) and toll like receptors

(TLR) especially TLR7 and TLR9 [134][135].

6.5. Key strategy. Sparing of target organs

Autoreactive T cells and antibodies directed to molecules in local tissues can promote im-

mune damage. T cells, especially type 1 and type 17 helper cells, are essential to the appearance

of autoimmune diseases through the production of chemokines that can recruit inflammatory

cells which mediated tissue destruction. In a similar way autoantibodies can favour the forma-

tion of immune complexes and complement activation, both known mediators of immune damage.

Chronic inflammation is a hallmark of autoimmune diseases, therefore any intervention oriented

to reduce the number and activity of inflammatory cells in disease sites will be beneficial. Lym-

phocytes enter tissues from circulation through the binding to specific adhesion molecules that

can be blocked with monoclonal antibodies. In the central nervous system integrin α4β1 is the

principal adhesion molecule. An anti- α4β1 monoclonal antibody (natalizumab) is now approved

for use in MS [136]. Clinical trials using natalizumab in Crohn’s disease show encouraging results
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[137]. As a selective blocker of adhesion molecules, natalizumab abrogates T cell migration across

biological barriers. This effect can increase the risk of infections. In particular, two patients

taking natalizumab in combination with interferon beta developed progressive multifocal leu-

coencephalopathy caused by JC virus infection. At the moment this drug is sold with a warning

label.

Chemokines are chemotactic cytokines that exert their biological actions through binding to

G protein receptors in target cells. Chemokines guide lymphocytes to sites of active inflamma-

tion. Interfering with chemokines or chemokines receptors is an interesting strategy to reduce

inflammation in disease tissues. FTY720 (fingolimod) is a modulator of sphingosine 1-phosphate

receptor (SP1). S1P regulates lymphocyte cell trafficking between the lymphatic system and the

blood. Therefore FTY720 decreases lymphocyte number in blood interrupting lymphocyte mi-

gration from secondary lymphoid tissues. FTY720 has proven safe and effective in clinical trials

of transplant rejection and MS [138].

Induction of reactive oxygen and nitrogen species (RONS) is essential in innate immune system

response. However, excess in RONS could mediate kidney damage in systemic lupus erythemato-

sus (SLE) and neurodegeneration in MS and Alzheimer disease. Inducible nitric oxide synthase

(iNOS) is one nitric oxide synthase (NOS) isoform in charge of generating nitric oxide. Nitric

oxide (NO) has a dual role in the promotion of tissue damage. It has the capacity to produce

lipid peroxides that favor neuronal loss in models of MS, but in the other hand, NO can regulate

important signaling pathways implicated in inflammation such as NF-κ B pathway. There is

agreement that the role observed in NO is context dependent. For this reason, several groups are

now developing new iNOS modulators that can explode NO virtues and inhibit undesirable side

effects.

Receptor activator of nuclear NF-κ B ligand (RANKL) is involved in osteoclast activation, a

prominent mediator of bone and joint destruction in RA. Denosumab is a monoclonal antibody

against RANKL that binds with high affinity and suppresses RANKL mediated actions. In a

phase II clinical trial denosumab reduce bone resorption and promote bone mineralization in

postmenopausal women [139]. A similar approach can be used in RA. Matrix metaloproteinases

(MMP) are a group of proteases involved in leukocyte migration through endothelial cells. There

are at least 25 MMP that can degrade almost all components of extracellular matrix. MPP are

thought to be mediators of cellular infiltration in the pathogenesis of multiple sclerosis and RA.

Interferon beta acts partially blocking MMP-7 and MMP-9. Finding specific MMP in affected

tissues is a good therapeutic strategy that needs to be explored, although side effects due to

widespread distribution of MMP seem to be the main limitation for their use in clinical setting

[140].

Finally, ahead of interfering with cell migration to reduce inflammatory burden, there is a clear

request to develop new interventions that can promote tissue restoration in chronic autoimmune

diseases. In this setting cell therapy and nanotechnology can play an outstanding role as shown

by recent reports of neural precursor cells-neurospheres in the treatment of EAE [141]
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6.6. Summary

Autoimmune diseases are complex diseases. With complex we mean that they are the result of

multiple interacting components whose collective properties can not be explained from the study

of each component in isolation. Defect in various levels, from genes to cells can lead to autoim-

mune diseases. It is important to consider that interventions at the gene level can produce T or

B cell dysfunction and vice versa. But, how can you accurately predict the benefits or drawbacks

of such intervention? To our opinion systems biology (SB) is part of the response. SB integrates

theoretical and experimental research. From the theoretical side, SB takes methods to study the

structure, dynamics and control devices present in life organisms. In particular SB is interested

in the topology and behaviour over time of biological networks. From the experimental side SB

uses tools that permit the measure of genes, proteins and metabolites at a large scale. For SB

genomics, transcriptomics and proteomics are its principal sources of data [142]

In particular SB is well positioned to address these questions in autoimmune diseases:

How combination therapy will be more beneficial than single interventions and which side

effects are expected with combination therapy?

How to develop reliable and easy to use biomarkers to follow treatment efficacy?

What are the rate-limiting steps in autoimmune diseases pathogenesis?

What is the difference between silent autoimmunity and autoimmune diseases?

The goal for the coming years is to develop therapies that can halt disease progression and

ameliorate patients suffering in a more significant way. Truly interdisciplinary research will be of

great help.
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Conclusions

This thesis was about the mathematical analysis of reaction networks implicated in signaling

pathways. As a physician the signaling pathways covered are related to human diseases specially

autoimmune diseases.

In Chapter 2 we make a review of the current methods available for the understanding of re-

action networks based on reaction network structure alone. We propose an algorithm for CRN

solution using a mixture of M Feinberg chemical reaction network theory and algebraic geometry.

In particular with CRNT multistability is discarded or not. If there is place to multistability,

Gröbner basis methods indicate the place and conditions for multistability to occur.

In Chapter 3 we apply the methods developed in Chapter 2 to solve and classify the qualita-

tive dynamics of reaction motifs. We show that considering open and closed versions of reaction

modules has a profound influence in the possible outcome of chemical network function. The mo-

tifs covered have important medical implications because novel drug targets are being produced

to control the activity of key components in these reaction modules

Chapter 4 deals with an apoptosis model. We first discard a published model or receptor in-

duced apoptosis due to intrinsic structural errors. It is demonstrated that when the topological

inaccuracies are corrected the systems does not exhibit an essential qualitative property of an

apoptosis model: bistability. Finally we elaborate a new apoptosis model capable of bistabilty

using parameters reported in the literature. We analyze means to modify the behavior of this

model introducing variations in the degration terms of a susceptible drug target

In Chapter 5 we test experimentally the dynamics of a signaling pathway in human patients

affected by a complex disease, multiple sclerosis. In a dose response curve we observed a hystere-

sis loop. A mathematical model for the JAK-STAT signaling pathway accounts for this hysteresis

loop. We discuss the clinical implications of such findings.

Chapter 6 is a state of the art discussion of the key strategies that will benefit patients affected by

autoimmune diseases. We advocate for the combination of experiments and mathematical models

to adress the complex nature of this devastating group of disases.
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Outlook

In biomedical research there is a gap between high efficiency technologies and the knowledge

derived from the data produced by them [116][78]. The methods described in this works are sus-

ceptilbe to automotation and direct linking to experimental data. Some initiatives are oriented

in this way.[143]. Another future improvement is the adaptation of the methods discussed in

chapter 2 to large systems (>20 components). Currently algebraic geometry methods have a high

computational cost and new algorithms are needed to grasp the complexity inherent to biological

systems.

Cells are open systems that interchange information and material with the environment. Some of

the reaction networks explored in this work are closed and when a structural change is introduced

in the form of a turnover reaction, the qualitative dynamic of the system can change abruptly. It

is of clinical interest to experimentally validate this mathematical observation because there are

pharmacological strategies oriented to inhibit or augment each of the procedures in the turnover

reaction: production and degradation. Let us suppose that after the administration of a treatment

there are two groups of cells that respond in different ways to the drug, one with high efficacy and

the other with low efficacy. If the reaction module affected by the pharmacological compound is

the same and is closed (due to the disease for example), the dynamic behavior of the system can

be altered promoting the return to the efficacy state by means of turnover manipulation.



Bibliography

[1] B. B. Aldridge, J. M. Burke, D. A. Lauffenburger, P. K. Sorger. Physicochemical modelling

of cell signalling pathways. Nat Cell Biol 8 (11), (2006), pp. 1195–1203.

[2] H. M. Sauro, B. N. Kholodenko. Quantitative analysis of signaling networks. Prog Biophys

Mol Biol 86 (1), (2004), pp. 5–43.

[3] U. Alon. Network motifs: theory and experimental approaches. Nat Rev Genet 8 (6),

(2007), pp. 450–61. 1471-0056 (Print) Journal Article Research Support, N.I.H., Extramural

Research Support, Non-U.S. Gov’t Review.

[4] R. Cheong, A. Hoffmann, A. Levchenko. Understanding nf-kappab signaling via mathemat-

ical modeling. Mol Syst Biol 4, (2008), p. 192.

[5] I. Swameye, T. G. Muller, J. Timmer, O. Sandra, U. Klingmuller. Identification of nucle-

ocytoplasmic cycling as a remote sensor in cellular signaling by databased modeling. Proc

Natl Acad Sci U S A 100 (3), (2003), pp. 1028–1033.

[6] J. A. Papin, T. Hunter, B. O. Palsson, S. Subramaniam. Reconstruction of cellular signalling

networks and analysis of their properties. Nat Rev Mol Cell Biol 6 (2), (2005), pp. 99–111.

[7] M. Kanehisa, M. Araki, S. Goto, M. Hattori, M. Hirakawa, M. Itoh, T. Katayama,

S. Kawashima, S. Okuda, T. Tokimatsu, Y. Yamanishi. Kegg for linking genomes to life

and the environment. Nucleic Acids Res 36 (Database issue), (2008), pp. D480–4.

[8] L. Matthews, G. Gopinath, M. Gillespie, M. Caudy, D. Croft, B. de Bono, P. Garapati,

J. Hemish, H. Hermjakob, B. Jassal, A. Kanapin, S. Lewis, S. Mahajan, B. May, E. Schmidt,

I. Vastrik, G. Wu, E. Birney, L. Stein, P. D’Eustachio. Reactome knowledgebase of human

biological pathways and processes. Nucleic Acids Res 37 (Database issue), (2009), pp.

D619–22.

[9] L. J. Jensen, M. Kuhn, M. Stark, S. Chaffron, C. Creevey, J. Muller, T. Doerks, P. Julien,

A. Roth, M. Simonovic, P. Bork, C. von Mering. String 8–a global view on proteins and

their functional interactions in 630 organisms. Nucleic Acids Res 37 (Database issue),

(2009), pp. D412–6.

[10] S. Sivakumaran, S. Hariharaputran, J. Mishra, U. S. Bhalla. The database of quantita-

tive cellular signaling: management and analysis of chemical kinetic models of signaling

networks. Bioinformatics 19 (3), (2003), pp. 408–415.

89



90 BIBLIOGRAPHY

[11] M. Sabouri-Ghomi, A. Ciliberto, S. Kar, B. Novak, J. J. Tyson. Antagonism and bistability

in protein interaction networks. J Theor Biol 250 (1), (2008), pp. 209–218.

[12] B. Novak, J. J. Tyson. Design principles of biochemical oscillators. Nat Rev Mol Cell Biol

9 (12), (2008), pp. 981–991.

[13] M. F. Madsen, S. Dano, P. G. Sorensen. On the mechanisms of glycolytic oscillations in

yeast. FEBS J 272 (11), (2005), pp. 2648–2660.

[14] L. R. Prigogine, I. Symmetry breaking instabilities in dissipative systems. Journal of Chem-

ical Physics 48 (4), (1968), pp. 1695–700.

[15] S. Strogatz. Nonlinear Dynamics And Chaos: With Applications To Physics, Biology,

Chemistry And Engineering. Westview Press (1994).

[16] J. M. G. Vilar, C. C. Guet, S. Leibler. Modeling network dynamics: the lac operon, a case

study. J Cell Biol 161 (3), (2003), pp. 471–476.

[17] M. Santillan, M. C. Mackey. Quantitative approaches to the study of bistability in the lac

operon of escherichia coli. J R Soc Interface 5 Suppl 1, (2008), pp. S29–39.

[18] R. Thomas, M. Kaufman. Multistationarity, the basis of cell differentiation and memory.

i. structural conditions of multistationarity and other nontrivial behavior. Chaos 11 (1),

(2001), pp. 170–179.

[19] U. Alon. Network motifs: theory and experimental approaches. Nat Rev Genet 8 (6),

(2007), pp. 450–461.

[20] J. Loscalzo, I. Kohane, A.-L. Barabasi. Human disease classification in the postgenomic

era: a complex systems approach to human pathobiology. Mol Syst Biol 3, (2007), p. 124.

[21] R. P. Araujo, L. A. Liotta, E. F. Petricoin. Proteins, drug targets and the mechanisms they

control: the simple truth about complex networks. Nat Rev Drug Discov 6 (11), (2007), pp.

871–80. 1474-1784 (Electronic) Journal Article Review.

[22] K. A. Janes, M. B. Yaffe. Data-driven modelling of signal-transduction networks. Nat Rev

Mol Cell Biol 7 (11), (2006), pp. 820–828.

[23] W. Cookson, L. Liang, G. Abecasis, M. Moffatt, M. Lathrop. Mapping complex disease

traits with global gene expression. Nat Rev Genet 10 (3), (2009), pp. 184–194.

[24] D. L. Bhatt. Identification of and management approaches for the high-risk patient. Am J

Cardiol 98 (12A), (2006), pp. 22Q–29Q.

[25] K. J. Williams. Molecular processes that handle – and mishandle – dietary lipids. J Clin

Invest 118 (10), (2008), pp. 3247–3259.

[26] E. August, K. H. Parker, M. Barahona. A dynamical model of lipoprotein metabolism. Bull

Math Biol 69 (4), (2007), pp. 1233–1254.

[27] H. Kitano. Computational systems biology. Nature 420 (6912), (2002), pp. 206–10. 0028-

0836 (Print) Journal Article Research Support, Non-U.S. Gov’t Review.



BIBLIOGRAPHY 91

[28] E. C. Butcher. Can cell systems biology rescue drug discovery? Nat Rev Drug Discov 4 (6),

(2005), pp. 461–7. 1474-1776 (Print) Journal Article Review.

[29] R. Palacios, J. Goni, I. Martinez-Forero, J. Iranzo, J. Sepulcre, I. Melero, P. Villoslada. A

network analysis of the human t-cell activation gene network identifies jagged1 as a ther-

apeutic target for autoimmune diseases. PLoS ONE 2 (11), (2007), p. e1222. Palacios,

Ricardo Goni, Joaquin Martinez-Forero, Ivan Iranzo, Jaime Sepulcre, Jorge Melero, Ignacio

Villoslada, Pablo Research Support, Non-U.S. Gov’t United States PLoS ONE PLoS ONE.

2007 Nov 21;2(11):e1222.

[30] B. B. Edelstein. Biochemical model with multiple steady states and hysteresis. J Theor Biol

29 (1), (1970), pp. 57–62.

[31] M. Feinberg. Lectures on chemical reaction networks. notes of lectures given at the mathe-

matics research centre. Tech. rep., University of Wisconsin (1979).

[32] J. E. Bailey. Complex biology with no parameters. Nat Biotechnol 19 (6), (2001), pp.

503–504.

[33] B. L. Clarke. Stoichiometric network analysis. Cell Biophys 12, (1988), pp. 237–253.

[34] B. L. Clarke. Stability of complex reaction networks. Advances In Chemical Physics 43,

(1980), pp. 1–215.

[35] M. Feinberg. Chemical reaction network structure and the stability of complex isothermal

reactors–i. the deficiency zero and deficiency one theorems. Chemical Engineering Science

42 (10), (1987), pp. 2229–2268.

[36] M. Feinberg. Multiple steady states for chemical reaction networks of deficiency one. Archive

for Rational Mechanics and Analysis 132 (4), (1995), pp. 371–406.

[37] G. Craciun, Y. Tang, M. Feinberg. Understanding bistability in complex enzyme-driven

reaction networks. Proc Natl Acad Sci U S A 103 (23), (2006), pp. 8697–8702.

[38] M. Feinberg. The existence and uniqueness of steady states for a class of chemical reaction

networks. Archive for Rational Mechanics and Analysis 132 (4), (1995), pp. 311–370.

[39] C. Conradi, D. Flockerzi, J. Raisch. Multistationarity in the activation of a mapk:

parametrizing the relevant region in parameter space. Math Biosci 211 (1), (2008), pp.

105–131.

[40] A. Schrijver. Theory of linear and integer programming. Wiley (1986).

[41] S. Klamt, J. Saez-Rodriguez, J. A. Lindquist, L. Simeoni, E. D. Gilles. A methodology for the

structural and functional analysis of signaling and regulatory networks. BMC Bioinformatics

7, (2006), p. 56.

[42] D. Hale, G. Lady, J. Maybee, J. Quirk. Nonparametric comparative statics and stability.

Princeton University Press (1999).



92 BIBLIOGRAPHY

[43] A. Sensse, M. Eiswirth. Feedback loops for chaos in activator-inhibitor systems. J Chem

Phys 122 (4), (2005), p. 44516.

[44] A. Sensse, M. J. B. Hauser, M. Eiswirth. Feedback loops for shil’nikov chaos: The peroxidase-

oxidase reaction. J Chem Phys 125 (1), (2006), p. 014901.

[45] A. Sensse. Convex and toric geometry to analyze complex dynamics in chemical reaction sys-

tems dynamics in chemical reaction systems dynamics in chemical reaction systems. Ph.D.

thesis, Otto-von-Guericke-Universitat (2005).

[46] C. Conradi, D. Flockerzi, J. Raisch, J. Stelling. Subnetwork analysis reveals dynamic features

of complex (bio)chemical networks. Proc Natl Acad Sci U S A 104 (49), (2007), pp. 19175–

19180.

[47] D. Cox, J. Little, D. O’shea. Ideals, varieties and algorithms. Springer, third edn. (2007).

[48] T. J. Hars, V. On the inverse problem of reaction kinetics. Colloquia Mathematica Societatis

30 (1), (1979), pp. 363–379.

[49] C. Starbuck, D. A. Lauffenburger. Mathematical model for the effects of epidermal growth

factor receptor trafficking dynamics on fibroblast proliferation responses. Biotechnol Prog

8 (2), (1992), pp. 132–143.

[50] Z. Zi, E. Klipp. Steady state analysis of signal response in receptor trafficking networks.

Genome Inform 18, (2007), pp. 100–108.

[51] R. Milo, S. Shen-Orr, S. Itzkovitz, N. Kashtan, D. Chklovskii, U. Alon. Network motifs:

simple building blocks of complex networks. Science 298 (5594), (2002), pp. 824–827.

[52] N. Kashtan, U. Alon. Spontaneous evolution of modularity and network motifs. Proc Natl

Acad Sci U S A 102 (39), (2005), pp. 13773–13778.

[53] N. Kashtan, S. Itzkovitz, R. Milo, U. Alon. Topological generalizations of network motifs.

Phys Rev E Stat Nonlin Soft Matter Phys 70 (3 Pt 1), (2004), p. 031909.

[54] A. Csikasz-Nagy, O. Kapuy, A. Toth, C. Pal, L. J. Jensen, F. Uhlmann, J. J. Tyson, B. No-

vak. Cell cycle regulation by feed-forward loops coupling transcription and phosphorylation.

Mol Syst Biol 5, (2009), p. 236.

[55] B. Novak, J. J. Tyson. A model for restriction point control of the mammalian cell cycle. J

Theor Biol 230 (4), (2004), pp. 563–579.

[56] J. Saez-Rodriguez, A. Hammerle-Fickinger, O. Dalal, S. Klamt, E. D. Gilles, C. Conradi.

Multistability of signal transduction motifs. IET Syst Biol 2 (2), (2008), pp. 80–93.

[57] K. A. Tanaka, F. Szlam, J. Vinten-Johansen, A. D. Cardin, J. H. Levy. Effects of antithrom-

bin and heparin cofactor ii levels on anticoagulation with intimatan. Thromb Haemost

94 (4), (2005), pp. 808–813.

[58] G. Lahav, N. Rosenfeld, A. Sigal, N. Geva-Zatorsky, A. J. Levine, M. B. Elowitz, U. Alon.

Dynamics of the p53-mdm2 feedback loop in individual cells. Nat Genet 36 (2), (2004), pp.

147–150.



BIBLIOGRAPHY 93

[59] T. Eissing, H. Conzelmann, E. D. Gilles, F. Allgower, E. Bullinger, P. Scheurich. Bistability

analyses of a caspase activation model for receptor-induced apoptosis. J Biol Chem 279 (35),

(2004), pp. 36892–36897.

[60] R. C. Taylor, S. P. Cullen, S. J. Martin. Apoptosis: controlled demolition at the cellular

level. Nat Rev Mol Cell Biol 9 (3), (2008), pp. 231–241.

[61] S. J. Riedl, Y. Shi. Molecular mechanisms of caspase regulation during apoptosis. Nat Rev

Mol Cell Biol 5 (11), (2004), pp. 897–907.

[62] S. Rigaud, M.-C. Fondaneche, N. Lambert, B. Pasquier, V. Mateo, P. Soulas, L. Galicier,

F. Le Deist, F. Rieux-Laucat, P. Revy, A. Fischer, G. de Saint Basile, S. Latour. Xiap

deficiency in humans causes an x-linked lymphoproliferative syndrome. Nature 444 (7115),

(2006), pp. 110–114.

[63] S. Legewie, N. Bluthgen, H. Herzel. Mathematical modeling identifies inhibitors of apoptosis

as mediators of positive feedback and bistability. PLoS Comput Biol 2 (9), (2006), p. e120.

[64] H. M. Sauro, M. Hucka, A. Finney, C. Wellock, H. Bolouri, J. Doyle, H. Kitano. Next

generation simulation tools: the systems biology workbench and biospice integration. OMICS

7 (4), (2003), pp. 355–372.

[65] K. B. Wee, B. D. Aguda. Akt versus p53 in a network of oncogenes and tumor suppressor

genes regulating cell survival and death. Biophys J 91 (3), (2006), pp. 857–865.

[66] E. Z. Bagci, Y. Vodovotz, T. R. Billiar, G. B. Ermentrout, I. Bahar. Bistability in apoptosis:

roles of bax, bcl-2, and mitochondrial permeability transition pores. Biophys J 90 (5), (2006),

pp. 1546–1559.

[67] I. N. Lavrik, A. Golks, D. Riess, M. Bentele, R. Eils, P. H. Krammer. Analysis of cd95

threshold signaling: triggering of cd95 (fas/apo-1) at low concentrations primarily results in

survival signaling. J Biol Chem 282 (18), (2007), pp. 13664–13671.

[68] C. Conradi, J. Saez-Rodriguez, E. D. Gilles, J. Raisch. Using chemical reaction network

theory to discard a kinetic mechanism hypothesis. Syst Biol (Stevenage) 152 (4), (2005),

pp. 243–248.

[69] S. Klamt, J. Stelling. Two approaches for metabolic pathway analysis? Trends Biotechnol

21 (2), (2003), pp. 64–69.

[70] J. G. Albeck, J. M. Burke, S. L. Spencer, D. A. Lauffenburger, P. K. Sorger. Modeling a

snap-action, variable-delay switch controlling extrinsic cell death. PLoS Biol 6 (12), (2008),

pp. 2831–2852.

[71] D. Miller. Multiple sclerosis: new insights and therapeutic progress. Lancet Neurol 6 (1),

(2007), pp. 5–6. 1474-4422 (Print) Comment Journal Article Research Support, Non-U.S.

Gov’t.

[72] B. M. Greenberg, P. A. Calabresi. Future research directions in multiple sclerosis thera-

pies. Semin Neurol 28 (1), (2008), pp. 121–7. 0271-8235 (Print) Journal Article Research

Support, N.I.H., Extramural Research Support, Non-U.S. Gov’t Review.



94 BIBLIOGRAPHY

[73] S. M. Orton, B. M. Herrera, I. M. Yee, W. Valdar, S. V. Ramagopalan, A. D. Sadovnick,

G. C. Ebers. Sex ratio of multiple sclerosis in canada: a longitudinal study. Lancet Neurol

5 (11), (2006), pp. 932–6. 1474-4422 (Print) Comparative Study Journal Article Research

Support, Non-U.S. Gov’t.

[74] P. Villoslada, J. R. Oksenberg, J. Rio, X. Montalban. Clinical characteristics of responders

to interferon therapy for relapsing ms. Neurology 62 (9), (2004), p. 1653; author reply

1653. 1526-632X (Electronic) Comment Letter.

[75] E. Waubant, S. Vukusic, L. Gignoux, F. D. Dubief, I. Achiti, S. Blanc, C. Renoux, C. Con-

favreux. Clinical characteristics of responders to interferon therapy for relapsing ms. Neu-

rology 61 (2), (2003), pp. 184–9. 1526-632X (Electronic) Journal Article Research Support,

Non-U.S. Gov’t Review.

[76] M. R. Trusheim, E. R. Berndt, F. L. Douglas. Stratified medicine: strategic and economic

implications of combining drugs and clinical biomarkers. Nat Rev Drug Discov 6 (4),

(2007), pp. 287–93. Trusheim, Mark R Berndt, Ernst R Douglas, Frank L Review England

Nature reviews. Drug discovery Nat Rev Drug Discov. 2007 Apr;6(4):287-93.

[77] B. Bielekova, R. Martin. Development of biomarkers in multiple sclerosis. Brain 127 (Pt

7), (2004), pp. 1463–78. 0006-8950 (Print) Journal Article Review.

[78] E. A. Danna, G. P. Nolan. Transcending the biomarker mindset: deciphering disease mech-

anisms at the single cell level. Curr Opin Chem Biol 10 (1), (2006), pp. 20–7. 1367-5931

(Print) Journal Article Research Support, N.I.H., Extramural Research Support, Non-U.S.

Gov’t Research Support, U.S. Gov’t, Non-P.H.S. Review.

[79] D. H. Miller. Biomarkers and surrogate outcomes in neurodegenerative disease: lessons from

multiple sclerosis. NeuroRx 1 (2), (2004), pp. 284–94. 1545-5343 (Print) Journal Article

Research Support, Non-U.S. Gov’t Review.

[80] M. Gudiksen, E. Fleming, L. Furstenthal, P. Ma. What drives success for specialty phar-

maceuticals? Nat Rev Drug Discov 7 (7), (2008), pp. 563–7. Gudiksen, Mark Fleming,

Edd Furstenthal, Laura Ma, Philip England Nature reviews. Drug discovery Nat Rev Drug

Discov. 2008 Jul;7(7):563-7. Epub 2008 Jun 6.

[81] M. Trojano, F. Pellegrini, A. Fuiani, D. Paolicelli, V. Zipoli, G. B. Zimatore, E. Di Monte,

E. Portaccio, V. Lepore, P. Livrea, M. P. Amato. New natural history of interferon-beta-

treated relapsing multiple sclerosis. Ann Neurol 61 (4), (2007), pp. 300–6. Trojano, Maria

Pellegrini, Fabio Fuiani, Aurora Paolicelli, Damiano Zipoli, Valentina Zimatore, Giovanni

B Di Monte, Elisabetta Portaccio, Emilio Lepore, Vito Livrea, Paolo Amato, Maria Pia

Clinical Trial Research Support, Non-U.S. Gov’t United States Annals of neurology Ann

Neurol. 2007 Apr;61(4):300-6.

[82] L. C. Platanias. Mechanisms of type-i- and type-ii-interferon-mediated signalling. Nat Rev

Immunol 5 (5), (2005), pp. 375–86. 1474-1733 (Print) Journal Article Review.

[83] X. S. He, X. Ji, M. B. Hale, R. Cheung, A. Ahmed, Y. Guo, G. P. Nolan, L. M. Pfeffer,

T. L. Wright, N. Risch, R. Tibshirani, H. B. Greenberg. Global transcriptional response to



BIBLIOGRAPHY 95

interferon is a determinant of hcv treatment outcome and is modified by race. Hepatology

44 (2), (2006), pp. 352–9. 0270-9139 (Print) Comparative Study Journal Article Research

Support, N.I.H., Extramural Research Support, Non-U.S. Gov’t Research Support, U.S.

Gov’t, Non-P.H.S.

[84] R. C. Axtell, L. Steinman. Type 1 interferons cool the inflamed brain. Immunity 28 (5),

(2008), pp. 600–2. 1074-7613 (Print) Comment Journal Article.

[85] E. N. Benveniste, H. Qin. Type i interferons as anti-inflammatory mediators. Sci STKE

2007 (416), (2007), p. pe70. 1525-8882 (Electronic) Journal Article.

[86] E. Waubant, D. Goodkin, A. Bostrom, P. Bacchetti, J. Hietpas, R. Lindberg, D. Leppert.

Ifnbeta lowers mmp-9/timp-1 ratio, which predicts new enhancing lesions in patients with

spms. Neurology 60 (1), (2003), pp. 52–7. Waubant, E Goodkin, D Bostrom, A Bacchetti,

P Hietpas, J Lindberg, R Leppert, D Clinical Trial Clinical Trial, Phase III Multicenter

Study Research Support, Non-U.S. Gov’t United States Neurology Neurology. 2003 Jan

14;60(1):52-7.

[87] M. Prinz, H. Schmidt, A. Mildner, K. P. Knobeloch, U. K. Hanisch, J. Raasch, D. Merkler,

C. Detje, I. Gutcher, J. Mages, R. Lang, R. Martin, R. Gold, B. Becher, W. Bruck,

U. Kalinke. Distinct and nonredundant in vivo functions of ifnar on myeloid cells limit

autoimmunity in the central nervous system. Immunity 28 (5), (2008), pp. 675–86. 1074-

7613 (Print) Journal Article Research Support, Non-U.S. Gov’t.

[88] B. Guo, E. Y. Chang, G. Cheng. The type i ifn induction pathway constrains th17-mediated

autoimmune inflammation in mice. J Clin Invest 118 (5), (2008), pp. 1680–90. 0021-9738

(Print) Journal Article Research Support, N.I.H., Extramural Research Support, Non-U.S.

Gov’t.

[89] S. Cunningham, C. Graham, M. Hutchinson, A. Droogan, K. O’Rourke, C. Patterson,

G. McDonnell, S. Hawkins, K. Vandenbroeck. Pharmacogenomics of responsiveness to in-

terferon ifn-beta treatment in multiple sclerosis: a genetic screen of 100 type i interferon-

inducible genes. Clin Pharmacol Ther 78 (6), (2005), pp. 635–46. 0009-9236 (Print) Clinical

Trial Journal Article Research Support, Non-U.S. Gov’t.

[90] E. Katsoulidis, Y. Li, H. Mears, L. C. Platanias. The p38 mitogen-activated protein kinase

pathway in interferon signal transduction. J Interferon Cytokine Res 25 (12), (2005), pp.

749–56. 1079-9907 (Print) Journal Article Review.

[91] S. Kaur, S. Uddin, L. C. Platanias. The pi3’ kinase pathway in interferon signaling. J

Interferon Cytokine Res 25 (12), (2005), pp. 780–7. 1079-9907 (Print) Journal Article

Review.

[92] K. E. Mogensen, M. Lewerenz, J. Reboul, G. Lutfalla, G. Uze. The type i interferon receptor:

structure, function, and evolution of a family business. J Interferon Cytokine Res 19 (10),

(1999), pp. 1069–98. 1079-9907 (Print) Journal Article Research Support, Non-U.S. Gov’t

Review.



96 BIBLIOGRAPHY

[93] J. Darnell, J. E., I. M. Kerr, G. R. Stark. Jak-stat pathways and transcriptional activation

in response to ifns and other extracellular signaling proteins. Science 264 (5164), (1994),

pp. 1415–21. 0036-8075 (Print) Journal Article Review.

[94] N. C. Reich, L. Liu. Tracking stat nuclear traffic. Nat Rev Immunol 6 (8), (2006), pp.

602–12. Reich, Nancy C Liu, Ling Research Support, N.I.H., Extramural Review England

Nature reviews. Immunology Nat Rev Immunol. 2006 Aug;6(8):602-12.

[95] M. Fujimoto, T. Naka. Regulation of cytokine signaling by socs family molecules. Trends

Immunol 24 (12), (2003), pp. 659–66. 1471-4906 (Print) Journal Article Research Support,

Non-U.S. Gov’t Review.

[96] B. Liu, J. Liao, X. Rao, S. A. Kushner, C. D. Chung, D. D. Chang, K. Shuai. Inhibition

of stat1-mediated gene activation by pias1. Proc Natl Acad Sci U S A 95 (18), (1998), pp.

10626–31. 0027-8424 (Print) Journal Article Research Support, Non-U.S. Gov’t Research

Support, U.S. Gov’t, P.H.S.

[97] P. Villoslada, J. R. Oksenberg. Neuroinformatics in clinical practice: are computers going

to help neurological patients and their physicians? Future Neurology 1 (2), (2006), pp.

1–12.

[98] I. Martinez-Forero, A. Ibarrola, P. Villoslada. Treatment of autoimmune diseases: A systems

biology approach. Drug Discovery Today: Therapeutic Strategies 4 (1), (2007), pp. 57–62.

[99] E. Byun, S. J. Caillier, X. Montalban, P. Villoslada, O. Fernandez, D. Brassat, M. Coma-

bella, J. Wang, L. F. Barcellos, S. E. Baranzini, J. R. Oksenberg. Genome-wide pharmacoge-

nomic analysis of the response to interferon beta therapy in multiple sclerosis. Arch Neurol

65 (3), (2008), pp. 337–44. 0003-9942 (Print) Clinical Trial Journal Article Multicenter

Study Research Support, N.I.H., Extramural Research Support, Non-U.S. Gov’t.

[100] A. Davidson, B. Diamond. Autoimmune diseases. N Engl J Med 345 (5), (2001), pp.

340–350.

[101] C. C. Goodnow, J. Sprent, B. Fazekas de St Groth, C. G. Vinuesa. Cellular and genetic

mechanisms of self tolerance and autoimmunity. Nature 435 (7042), (2005), pp. 590–597.

[102] J. D. Rioux, A. K. Abbas. Paths to understanding the genetic basis of autoimmune disease.

Nature 435 (7042), (2005), pp. 584–589.

[103] H. Kitano. Systems biology: a brief overview. Science 295 (5560), (2002), pp. 1662–4.

1095-9203 (Electronic) Journal Article Research Support, Non-U.S. Gov’t Review.

[104] P. Matzinger. An innate sense of danger. Ann N Y Acad Sci 961, (2002), pp. 341–342.

[105] P. Matzinger. The danger model: a renewed sense of self. Science 296 (5566), (2002), pp.

301–305.

[106] M. C. Genovese, J.-C. Becker, M. Schiff, M. Luggen, Y. Sherrer, J. Kremer, C. Birbara,

J. Box, K. Natarajan, I. Nuamah, T. Li, R. Aranda, D. T. Hagerty, M. Dougados. Abatacept

for rheumatoid arthritis refractory to tumor necrosis factor alpha inhibition. N Engl J Med

353 (11), (2005), pp. 1114–1123.



BIBLIOGRAPHY 97

[107] N. M. MacKenzie. New therapeutics that treat rheumatoid arthritis by blocking t-cell acti-

vation. Drug Discov Today 11 (19-20), (2006), pp. 952–956.

[108] J. Saez-Rodriguez, L. Simeoni, J. A. Lindquist, R. Hemenway, U. Bommhardt, B. Arndt,

U.-U. Haus, R. Weismantel, E. D. Gilles, S. Klamt, B. Schraven. A logical model provides

insights into t cell receptor signaling. PLoS Comput Biol 3 (8), (2007), p. e163.

[109] H. Kitano, K. Oda, T. Kimura, Y. Matsuoka, M. Csete, J. Doyle, M. Muramatsu. Metabolic

syndrome and robustness tradeoffs. Diabetes 53 Suppl 3, (2004), pp. S6–S15.

[110] L. W. Moreland, S. W. Baumgartner, M. H. Schiff, E. A. Tindall, R. M. Fleischmann, A. L.

Weaver, R. E. Ettlinger, S. Cohen, W. J. Koopman, K. Mohler, M. B. Widmer, C. M.

Blosch. Treatment of rheumatoid arthritis with a recombinant human tumor necrosis factor

receptor (p75)-fc fusion protein. N Engl J Med 337 (3), (1997), pp. 141–147.

[111] N. Nishimoto, T. Kishimoto. Interleukin 6: from bench to bedside. Nat Clin Pract Rheuma-

tol 2 (11), (2006), pp. 619–626.

[112] P. S. Changelian, M. E. Flanagan, D. J. Ball, C. R. Kent, K. S. Magnuson, W. H. Martin,

B. J. Rizzuti, P. S. Sawyer, B. D. Perry, W. H. Brissette, S. P. McCurdy, E. M. Kudlacz,

M. J. Conklyn, E. A. Elliott, E. R. Koslov, M. B. Fisher, T. J. Strelevitz, K. Yoon, D. A.

Whipple, J. Sun, M. J. Munchhof, J. L. Doty, J. M. Casavant, T. A. Blumenkopf, M. Hines,

M. F. Brown, B. M. Lillie, C. Subramanyam, C. Shang-Poa, A. J. Milici, G. E. Beckius,

J. D. Moyer, C. Su, T. G. Woodworth, A. S. Gaweco, C. R. Beals, B. H. Littman, D. A.

Fisher, J. F. Smith, P. Zagouras, H. A. Magna, M. J. Saltarelli, K. S. Johnson, L. F. Nelms,

S. G. Des Etages, L. S. Hayes, T. T. Kawabata, D. Finco-Kent, D. L. Baker, M. Larson,

M.-S. Si, R. Paniagua, J. Higgins, B. Holm, B. Reitz, Y.-J. Zhou, R. E. Morris, J. J. O’Shea,

D. C. Borie. Prevention of organ allograft rejection by a specific janus kinase 3 inhibitor.

Science 302 (5646), (2003), pp. 875–878.

[113] B. Baslund, N. Tvede, B. Danneskiold-Samsoe, P. Larsson, G. Panayi, J. Petersen, L. J.

Petersen, F. J. M. Beurskens, J. Schuurman, J. G. J. van de Winkel, P. W. H. I. Parren,

J. A. Gracie, S. Jongbloed, F. Y. Liew, I. B. McInnes. Targeting interleukin-15 in patients

with rheumatoid arthritis: a proof-of-concept study. Arthritis Rheum 52 (9), (2005), pp.

2686–2692.

[114] P. J. Mannon, I. J. Fuss, L. Mayer, C. O. Elson, W. J. Sandborn, D. Present, B. Dolin,

N. Goodman, C. Groden, R. L. Hornung, M. Quezado, Z. Yang, M. F. Neurath, J. Salfeld,

G. M. Veldman, U. Schwertschlag, W. Strober. Anti-interleukin-12 antibody for active

crohn’s disease. N Engl J Med 351 (20), (2004), pp. 2069–2079.

[115] G. G. Krueger, R. G. Langley, C. Leonardi, N. Yeilding, C. Guzzo, Y. Wang, L. T. Dooley,

M. Lebwohl. A human interleukin-12/23 monoclonal antibody for the treatment of psoriasis.

N Engl J Med 356 (6), (2007), pp. 580–592.

[116] K. Sachs, O. Perez, D. Pe’er, D. A. Lauffenburger, G. P. Nolan. Causal protein-signaling

networks derived from multiparameter single-cell data. Science 308 (5721), (2005), pp.

523–529.



98 BIBLIOGRAPHY

[117] B. Schoeberl, C. Eichler-Jonsson, E. D. Gilles, G. Muller. Computational modeling of the

dynamics of the map kinase cascade activated by surface and internalized egf receptors. Nat

Biotechnol 20 (4), (2002), pp. 370–375.

[118] F. Buttgereit, G. R. Burmester, M. D. Brand. Bioenergetics of immune functions: funda-

mental and therapeutic aspects. Immunol Today 21 (4), (2000), pp. 192–199.

[119] W. A. Sheremata, T. L. Vollmer, L. A. Stone, A. J. Willmer-Hulme, M. Koller. A safety and

pharmacokinetic study of intravenous natalizumab in patients with ms. Neurology 52 (5),

(1999), pp. 1072–4. Sheremata, W A Vollmer, T L Stone, L A Willmer-Hulme, A J Koller, M

Clinical Trial Clinical Trial, Phase I Randomized Controlled Trial United states Neurology

Neurology. 1999 Mar 23;52(5):1072-4.

[120] B. Moreno, H. Hevia, M. Santamaria, J. Sepulcre, J. Munoz, E. R. Garcia-Trevijano, C. Be-

rasain, F. J. Corrales, M. A. Avila, P. Villoslada. Methylthioadenosine reverses brain au-

toimmune disease. Ann Neurol 60 (3), (2006), pp. 323–334.

[121] M. Filippi, J. S. Wolinsky, G. Comi. Effects of oral glatiramer acetate on clinical and

mri-monitored disease activity in patients with relapsing multiple sclerosis: a multicentre,

double-blind, randomised, placebo-controlled study. Lancet Neurol 5 (3), (2006), pp. 213–

220.

[122] K. G. Warren, I. Catz, L. Z. Ferenczi, M. J. Krantz. Intravenous synthetic peptide mbp8298

delayed disease progression in an hla class ii-defined cohort of patients with progressive

multiple sclerosis: results of a 24-month double-blind placebo-controlled clinical trial and 5

years of follow-up treatment. Eur J Neurol 13 (8), (2006), pp. 887–895.

[123] B. Bielekova, B. Goodwin, N. Richert, I. Cortese, T. Kondo, G. Afshar, B. Gran, J. Eaton,

J. Antel, J. A. Frank, H. F. McFarland, R. Martin. Encephalitogenic potential of the myelin

basic protein peptide (amino acids 83-99) in multiple sclerosis: results of a phase ii clinical

trial with an altered peptide ligand. Nat Med 6 (10), (2000), pp. 1167–1175.

[124] W. H. Robinson, P. Fontoura, B. J. Lee, H. E. N. de Vegvar, J. Tom, R. Pedotti, C. D.

DiGennaro, D. J. Mitchell, D. Fong, P. P.-K. Ho, P. J. Ruiz, E. Maverakis, D. B. Stevens,

C. C. A. Bernard, R. Martin, V. K. Kuchroo, J. M. van Noort, C. P. Genain, S. Amor,

T. Olsson, P. J. Utz, H. Garren, L. Steinman. Protein microarrays guide tolerizing dna

vaccine treatment of autoimmune encephalomyelitis. Nat Biotechnol 21 (9), (2003), pp.

1033–1039.

[125] I. Raz, D. Elias, A. Avron, M. Tamir, M. Metzger, I. R. Cohen. Beta-cell function in new-

onset type 1 diabetes and immunomodulation with a heat-shock protein peptide (diapep277):

a randomised, double-blind, phase ii trial. Lancet 358 (9295), (2001), pp. 1749–1753.

[126] J. Hong, Y. C. Q. Zang, H. Nie, J. Z. Zhang. Cd4+ regulatory t cell responses induced by

t cell vaccination in patients with multiple sclerosis. Proc Natl Acad Sci U S A 103 (13),

(2006), pp. 5024–5029.

[127] D. E. Kirschner, S. T. Chang, T. W. Riggs, N. Perry, J. J. Linderman. Toward a multiscale

model of antigen presentation in immunity. Immunol Rev 216, (2007), pp. 93–118.



BIBLIOGRAPHY 99

[128] S. Sakaguchi. Naturally arising foxp3-expressing cd25+cd4+ regulatory t cells in immuno-

logical tolerance to self and non-self. Nat Immunol 6 (4), (2005), pp. 345–352.

[129] I. Martinez-Forero, R. Garcia-Munoz, S. Martinez-Pasamar, S. Inoges, A. Lopez-Diaz de

Cerio, R. Palacios, J. Sepulcre, B. Moreno, Z. Gonzalez, B. Fernandez-Diez, I. Melero,

M. Bendandi, P. Villoslada. Il-10 suppressor activity and ex vivo tr1 cell function are

impaired in multiple sclerosis. Eur J Immunol 38 (2), (2008), pp. 576–86. 0014-2980

(Print) Journal Article Research Support, Non-U.S. Gov’t.

[130] G. Chen, N. Li, Y. C. Q. Zang, D. Zhang, D. He, G. Feng, L. Ni, R. Xu, L. Wang, B. Shen,

J. Z. Zhang. Vaccination with selected synovial t cells in rheumatoid arthritis. Arthritis

Rheum 56 (2), (2007), pp. 453–463.

[131] J. L. Browning. B cells move to centre stage: novel opportunities for autoimmune disease

treatment. Nat Rev Drug Discov 5 (7), (2006), pp. 564–576.

[132] S. B. Cohen, P. Emery, M. W. Greenwald, M. Dougados, R. A. Furie, M. C. Genovese,

E. C. Keystone, J. E. Loveless, G.-R. Burmester, M. W. Cravets, E. W. Hessey, T. Shaw,

M. C. Totoritis. Rituximab for rheumatoid arthritis refractory to anti-tumor necrosis factor

therapy: Results of a multicenter, randomized, double-blind, placebo-controlled, phase iii

trial evaluating primary efficacy and safety at twenty-four weeks. Arthritis Rheum 54 (9),

(2006), pp. 2793–2806.

[133] A. H. Cross, J. L. Stark, J. Lauber, M. J. Ramsbottom, J.-A. Lyons. Rituximab reduces

b cells and t cells in cerebrospinal fluid of multiple sclerosis patients. J Neuroimmunol

180 (1-2), (2006), pp. 63–70.

[134] M. Ramanujam, X. Wang, W. Huang, Z. Liu, L. Schiffer, H. Tao, D. Frank, J. Rice, B. Di-

amond, K. O. A. Yu, S. Porcelli, A. Davidson. Similarities and differences between selective

and nonselective baff blockade in murine sle. J Clin Invest 116 (3), (2006), pp. 724–734.

[135] A. Jegerlehner, P. Maurer, J. Bessa, H. J. Hinton, M. Kopf, M. F. Bachmann. Tlr9 signaling

in b cells determines class switch recombination to igg2a. J Immunol 178 (4), (2007), pp.

2415–2420.

[136] C. H. Polman, P. W. O’Connor, E. Havrdova, M. Hutchinson, L. Kappos, D. H. Miller,

J. T. Phillips, F. D. Lublin, G. Giovannoni, A. Wajgt, M. Toal, F. Lynn, M. A. Panzara,

A. W. Sandrock. A randomized, placebo-controlled trial of natalizumab for relapsing multiple

sclerosis. N Engl J Med 354 (9), (2006), pp. 899–910.

[137] W. J. Sandborn, J. F. Colombel, R. Enns, B. G. Feagan, S. B. Hanauer, I. C. Lawrance,

R. Panaccione, M. Sanders, S. Schreiber, S. Targan, S. van Deventer, R. Goldblum, D. De-

spain, G. S. Hogge, P. Rutgeerts. Natalizumab induction and maintenance therapy for

crohn’s disease. N Engl J Med 353 (18), (2005), pp. 1912–1925.

[138] L. Kappos, J. Antel, G. Comi, X. Montalban, P. O’Connor, C. H. Polman, T. Haas, A. A.

Korn, G. Karlsson, E. W. Radue. Oral fingolimod (fty720) for relapsing multiple sclerosis.

N Engl J Med 355 (11), (2006), pp. 1124–1140.



100 BIBLIOGRAPHY

[139] M. R. McClung, E. M. Lewiecki, S. B. Cohen, M. A. Bolognese, G. C. Woodson, A. H.

Moffett, M. Peacock, P. D. Miller, S. N. Lederman, C. H. Chesnut, D. Lain, A. J. Kivitz,

D. L. Holloway, C. Zhang, M. C. Peterson, P. J. Bekker. Denosumab in postmenopausal

women with low bone mineral density. N Engl J Med 354 (8), (2006), pp. 821–831.

[140] G. Opdenakker, I. Nelissen, J. Van Damme. Functional roles and therapeutic targeting

of gelatinase b and chemokines in multiple sclerosis. Lancet Neurol 2 (12), (2003), pp.

747–756.

[141] S. Pluchino, L. Zanotti, B. Rossi, E. Brambilla, L. Ottoboni, G. Salani, M. Martinello,

A. Cattalini, A. Bergami, R. Furlan, G. Comi, G. Constantin, G. Martino. Neurosphere-

derived multipotent precursors promote neuroprotection by an immunomodulatory mecha-

nism. Nature 436 (7048), (2005), pp. 266–271.

[142] K. A. Janes, D. A. Lauffenburger. A biological approach to computational models of pro-

teomic networks. Curr Opin Chem Biol 10 (1), (2006), pp. 73–80.

[143] J. Saez-Rodriguez, A. Goldsipe, J. Muhlich, L. G. Alexopoulos, B. Millard, D. A. Lauffen-

burger, P. K. Sorger. Flexible informatics for linking experimental data to mathematical

models via datarail. Bioinformatics 24 (6), (2008), pp. 840–847.



Summary

The objective of this thesis is to improve the understanding of chemical reaction networks derived

from signaling pathways of biological interest. To this end, we make a study of the ordinary dif-

ferential equations that model the dynamics of the chemical species participating in the network.

We put a special emphasis in equilibrium solutions of the system applying methods from alge-

braic geometry and convex analysis. The techniques developed are used in the study of biological

systems of interest such as apoptosis and interferon β signaling pathway which are involved in

human complex diseases (cancer and multiple sclerosis).
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Resumen

El objetivo de esta tesis es mejorar la comprensión de los sistemas de redes reacciones qúımicas

derivados de v́ıas de señalización en bioloǵıa. Para esto, realizamos un estudio de los tipos de

ecuaciones diferenciales que modelan la dinámica de las especies qúımicas que participan en la

red. Hacemos especial énfasis en las soluciones de equilibrio del sistema con la aplicación de

técnicas de geometŕıa algebraica y análisis convexo. Los métodos desarrollados son utilizados en

el estudio de sistemas biológicos de interés como la apoptosis y la v́ıa de señalización del inteferon

β implicados en enfermedades humanas complejas como cáncer y esclerosis múltiple.
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