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Resumo
A compreensão do mecanismo pelo qual certos componentes dietéticos interferem e
regulam as respostas de sinalização celular constitui uma ferramenta valiosa na investigação
do modo como a dieta pode alterar os riscos de adquirir determinados doenças, como por
exemplo o cancro. A exploração racional e sistemática das respostas de sinalização celular a
componentes dietéticos, pela aplicação, em parte, de ferramentas de modelação matemática, é
uma área relativamente pouco desenvolvida. Trata-se de uma estratégia que poderá
aprofundar o nosso conhecimento do ponto de vista do papel da dieta na regulação das
respostas de sinalização celular e consequentemente na saúde humana. Neste texto, foi
proposta pela primeira vez uma primeira abordagem esquemática com o intuito de começar a
dar forma a este objectivo. A estratégia proposta foi materializada num sistema especifico que
envolve o estudo da influência do flavonol (-) epicatechin (presente no cacau e no chá) na
activação de vias de sinalização de pró-sobrevivência – ERK Map cinase e Pi3K-Akt- em
células neuronais. O seguimento ao longo to tempo da activação de alguns componentes
chave do referido sistema de sinalização em resposta à presença de (-) epicatechin revelou
algumas características interessantes em termos do comportamento transiente do sistema e,
constitui simultaneamente o primeiro passo no desenvolvimento de uma abordagem de
modelação matemática nesta área.
Palavras-chave: Componentes dietéticos; Sinalização celular; Saúde Humana; Modelação
Matemática
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Abstract
Understanding how dietary components regulate and interact with cell signalling
responses is fundamental in explaining how human diet can alter the risk of acquiring certain
diseases, such as cancer. The exploitation of the cellular response to dietary components
systematically and rationally, by the application of mathematical modelling tools, is an
unexplored field that could enhance our knowledge of the role of diet in cell signalling and
consequently in Human Health. A schematic approach is being proposed for the first time to
start giving form to this objective. The approach is illustrated using a specific system that
involves studying the influence of the flavonol (-) epicatechin (present in cocoa and tea) on the
activation of the pro-survival signalling pathways - ERK Map kinase and PI3K-Akt - in neuronal
cells. The time courses generation of key components of this signalling system in response to () epicatechin revealed some important transient characteristics and it represents simultaneously
the first stage in the development of a mathematical approach in this area.
Key Words: Dietary Components; Cell Signalling; Human Health; Mathematical Modelling
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Introduction
Extensive research in the last few years has revealed that the regular consumption of
foods such as fruits and vegetables can reduce the risk of acquiring certain diseases as cancer,
chronic diseases and age-related diseases as Alzheimer. More importantly, there is growing
evidence suggesting that dietary components can directly and indirectly modulate cell signalling
pathways, and this fact can be in the origin of the beneficial effects observed. The elucidation of
the mechanism by which these dietary components are regulating the cellular transduction
system is key to the understanding of how dietary components alter the risks of acquiring
certain diseases and therefore valuable in the context of therapy and prevention. We propose to
exploit the cellular response to dietary components in a rational and systematic way, by the
application of mathematical modelling of cell signalling pathways. This is a relatively unexplored
area and one of the main objectives is to investigate how mathematical tools, already used to
study cell signalling pathways, can be useful in the field of nutrition. With this objective in mind,
the context in which mathematical modelling of signalling systems is currently applied was first
studied (Chapter 1) and then a review of modelling methodologies in cell signalling was
undertaken (Chapter 2). An overview of signalling response to dietary components, identifying
key issues in this area in which the use of mathematical modelling can be beneficial, was then
studied and presented as Chapter 3 of this work. The key challenge is to integrate these two
fields and enhance our knowledge of the role of diet in cell signalling and human health. A first
schematic approach to model the dietary response of cell signalling pathways is proposed here.
A specific system was identified to illustrate the mathematical methodologies. This
system relates to the influence of the flavonol (-) epicatechin, present in cocoa and tea, on the
activation of the pro-survival signalling pathways ERK Map kinase and PI3K-Akt, in neuronal
cells. (-) Epicatechin was reported to act through these pathways increasing CREB
phosphorylation, a key transcription factor that plays a central role in memory formation. The
generation of time-courses of the activation of key components in this regulatory system
revealed a distinct contribution of ERK and Akt pathways to early and late phases of CREB
phosphorylation in response to (-) epicatechin. A possible cross-talk between the two signalling
pathways in relation to increasing CREB phosphorylation was also revealed. The generation of
this data showed important features about the transient cellular response to (-) epicatechin and
it constitutes at the same time the first step in the development of mathematical tools in this
area. Looking forward to a future development of a mathematical model, the use of some
exploratory data analysis tools to evaluate possible relationships between the variables followed
over time was explored.
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1. Mathematical modelling – An important tool to handle the
complexity of Signalling Networks
The proper growth, development and survival of an organism require extensive
communication between that organism´s cells and perfect sensing of external conditions.
Complex biological processes such as tissue function, immune response, and wound healing
are coordinated through precise and dynamic regulation of cell behaviour, primarily achieved by
active dialogue between cells and their environment. This exchange of information is based on
the cell´s ability to sense a wide variety of environmental signals, transmit them to various
locations inside the cell, typically by a cascade of signalling proteins, and then respond
appropriately “writing” its own messages into the intra and extracelular spaces (Asthagiri and
Lauffenburger, 2000). In general, different stimuli trigger distinct cellular responses that are
appropriate given the nature of the stimulus. Liver cells, for example, respond to insulin by
taking up sugar from the blood and storing it as glycogen, whereas they respond to adrenalin by
releasing stored sugar into the blood. Collectively the whole process, involving transduction of
extracellular cues into specific responses, is termed cellular signalling or signal transduction
(Bardwell et al., 2007).
Signal transduction system is an important part of a cell. It constitutes a complex and
robust signalling machinery, comprising proteins and signalling molecules interacting in large
networks, that dictates biological outcomes such as cell growth, differentiation, migration, and
apoptosis. However, the complexity of signalling phenomena cannot be easily gauged. The
dynamic properties beyond the triggering of a particular response are difficult to understand just
by intuitive reasoning. The extent of complexity arises, in part, from the large number of
molecules and multiple interactions between them. As pointed out by Hlavacek et al. (2004), the
number of distinguishable species grows exponentially with the number of binding sites.
Considering the sensing functionality alone, there are several classes of sensor-stimulus
interactions, typically receptor-ligand binding, involved in the detection of extracellular signals.
Regardless of the mode of detecting environmental cues, the translation of stimulus through
cascades of events involves multiple intracellular species like lipids, proteins and small
molecules, such as calcium ions (Asthagiri and Lauffenburger, 2000).

One common

mechanism of signal transduction is the addition and removal of a phosphate group to a protein,
by enzymes termed kinases and phosphatases, respectively. Just as an indication of the
enormous size of the signalling machinery, it is reported that approximately 2000 of the 75000
total genes in the vertebrate genome code for protein kinases while 1000 genes code for
phosphatases (Hunter, 1994; 1995). Note that these two enzymatic functions constitute just one
example of functional motifs found in signalling proteins.
An additional level of complexity is imposed by the fact that stimulus-sensor pairs share
common signalling machinery to transduce their information. Consequently, signal transduction
cannot be viewed as a system involving single stimulus → single pathway → single cell
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function, but it must be expanded to accommodate a broader view: multiple stimulus →
interconnected signalling pathway → multiple cell functions (Asthagiri and Lauffenburger,
2000). The crosstalk between signalling pathways adds an important level of complexity to the
cellular signal transduction system. Therefore, it is impossible for the unaided human mind to
organize and understand all the essential details.
It seems quite logical, at this point, to raise the questions: “Which are the real benefits of
understanding complex signalling networks?” ; “Why are we trying to understand something that
seems so complicated?”
It is widely reported that the origins of many human diseases, including cancer, diabetes
and neuronal disorders, are in the functioning or malfunctioning of signalling components.
Frequently malfunctioning of a single entity does not result in a real problem, but the combined
effects of multiple malfunctioning entities have serious consequences. Essentially, the research
paradigm of one laboratory - one gene - one function - one disease has become dated, as
diseases often arise from a combination of factors (Weng et al., 1999). Better comprehension of
how individual components function within the context of the entire system over a range of
situations would be helpful in understanding why interactions between aberrant pathways result
in pathological conditions. (Weng et al., 1999).
By creating detailed maps of signalling networks, scientists are beginning to understand
what goes wrong in disease at a molecular level and hopefully how to fix the abnormal circuitry.
Cellular signalling molecules may provide valuable targets for disease therapy because they
often have functional significance in normal and pathological circumstances (Levitzki, 1996).
Further, understanding signalling networks may also provide explanations for the interactions
between individuals and their environment at a molecular level. For instance, we can better
understand how diet habits and life style influence human health, and how is this reflected in
cellular signalling?
A systematic analysis of interactions between components within a signalling pathway
and between pathways may be useful in understanding the properties of these networks. The
transition from knowledge of the maps of cellular signalling networks to understanding
physiological functions of the cell and their regulatory dynamics is, at the present state of
development, the crucial step. The only way to realize such transition is by applying
mathematical modelling and computer simulation in the context of the theory of dynamical
systems (Georgiev et al., 2005). Exploiting these cellular signalling networks in a rational and
systematic way involves developing mechanistic and quantitative understanding of how signals
govern cell responses. Therefore, there has been an increasing interest in developing
mathematical models to assess the behaviour of these complex signalling systems. Recent
advances have demonstrated that molecular signalling networks can be accurately modelled in
mathematical terms (Tyson et al, 2003).
Mathematical modelling is a powerful method for the analysis of biological systems. It
has proved to be of crucial importance in the analysis and understanding of molecular dynamics
and has become an essential tool in biochemical and genetic research. The new dynamic
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experimental data on molecular species, e.g. time series of activation states of proteins, has
made it possible to develop and validate mathematical models describing the dynamic
behaviour of what was, previously, a static protein interaction map of signalling networks.
Detailed knowledge of the dynamics of cell processes can help develop a deeper understanding
of how cells function, understand why they work the way they do, and ultimately, pin point the
molecular causes of malfunctioning of cells in diseases like cancer (Schaber et al., 2005).
COSBICS -“Computational Systems Biology of Cell Signalling”- is a remarkable
example of how the relation: Human Health ↔ Cell Signalling ↔ Mathematical Modeling, could
be put into practice (Georgiev et al., 2005). The main motivation for undertaking this project is to
elucidate the functional mechanisms involved in cancer at intracellular levels. Research in
molecular and systems biology persuasively demonstrate that cancer is a disease of
intracellular signalling (Kolch, 2002; Cho et al, 2003; Swameye et al, 2003). This project focuses
on two most important pathways, Ras/Raf/MEK/ERK-pathway and JAK/STAT-pathway, in the
belief that these pathways are at the core of intracellular signalling network associated with
cancer. ERK pathway is a kinase cascade that controls the proliferation and differentiation of
different cell type, that is the main reason why it is considered a key system in the development
of cancer. On the other hand, the attenuation of JAK/STAT activation by increased expression
of a regulator adapter protein is associated with deregulation of the pathway in many tumours
(Georgiev et al., 2005).
The knowledge achieved from these approaches may also open up disease prevention
and hopefully treatments avoiding extensive use of drugs.
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2. The Modelling Process
A model can be defined as an artificial construct that reproduces the particularly desired
behaviours and properties of a natural system. Models are typically made up of abstractions
that are, in general, easier to manipulate than the real biological system. The major goal in
modelling is to capture the relevant properties of the biological system under study with
mathematical equations (Allen, 2005). It is important to highlight that a model is not a real or
exact representation of the biological system; it is just a simplified description that help us to
better understand the real system.
In order to be useful and applicable to biological questions, models have to realistically
describe the biological system and be able to make predictions about its behaviour. Therefore,
the generation of quantitative experimental data is the first step to be able to model the system.
The model has to be able to describe accurately the experimental data; it is this description of
the biological system’s dynamic behaviour that equips the model with predictive power (Orton et
al, 2005).
The modelling process involves knowing quantities like the amount of the different
entities and the rates at which these entities react, as well as the physical laws that govern the
reactions. Then the simulation process permits to study the evolution of model behaviours over
time and consequently its adjustment to experimental data for further validation and analysis.
The modelling process in biological systems can be described in five steps that include
the system delimitation, the definition of the model, the simulation, the validation, and finally, the
analysis (Orton et al, 2005). The next five sections describe each of these steps, highlighting
the main challenges that are currently being faced by scientists in this area.

1)

Problem definition
A biological system can mean anything from a biochemical reaction cycle, to a gene

regulatory network or signal transduction pathway on one hand, to a cell, tissue or an entire
organism, on the other. However, to be effectively valuable, the model has to be developed with
a specific purpose, which means that it has to address and focus upon specific biological
questions. Therefore, in addition to the selection of the biological system to be modelled, e.g.
ERK cascade, the specific biological question which the model aims to answer must also be
clarified. E.g. How RKIP influences the dynamic activation of ERK signalling pathway? (Cho et
al., 2003).Once this has been defined, a strategy has to be developed for constructing the
model in such a way that its subsequent analysis will result in the defined objective being the
outcome.

5

2)

Definition of the model
Defining the model is, undoubtedly, the key step in the modelling process. It involves

“drawing” the model to represent the biological system of interest. To develop models of
signalling pathways, it is necessary to consider the mechanisms by which signal transfer occurs.
In biological systems, signal transmission occurs mostly through two mechanisms: i) proteinprotein

interactions

and

enzymatic

reactions

such

as

protein

phosphorylation

and

dephosphorylation and ii) protein degradation and production of intracellular messengers
(Bhalla and Iyengar, 1999). Each pathway can be thought of as wire carrying information. The
network is usually presented in graphical form; it looks like a wiring diagram of an electronic
gadget which, instead of resistors and transistors, has genes, proteins and metabolites hooked
together by chemical reactions and intermolecular interactions (Tyson et al.,2003). One
approach to represent all these type of reactions and interactions is to write down the basic
chemical reaction schemes. Therefore, the graphical representation of the pathway (Figure 1) is
translated to a set of chemical reactions.
Chemical reactions take place within an enclosed universe, known as the chemical
system. Frequently, in order to simplify the model description, the readily available species are
omitted, because these components are present within the system in significant amounts, e.g.,.
phosphate group in phosphorylation and dephosphorylation reactions. This transformation is
P

usually represented as, A↔A , without considering the availability of the phosphate groups
which this reaction aims to transfers (Allen, 2005).
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k a / kb
A ←
→ A P
kc
A P + D →
G
k d / ke
→ C *
B + C ←

kg

C * + 2 D → E
Figure 1- Representation of a hypothetical cell signalling network. The activation of the response is
initiated through the detection of a stimulus by specific receptors in the membrane and ended in regulation
of genetic expression and consequently in regulation of multiple cell functions. Through the binding of
different external factors, both receptors are activated. Once activated, the hypothetical receptor in the left
binds (by its internal binding domain) to specie B, which in turn glucosilate specie C, originating C* (C
p

glucosilated). The second receptor (in the right), when activated phosphorylates specie A giving rise to A

(A phosphorylated), and binds simultaneously to 2 molecules of specie D, which in turn reacts with C*,
p

originating specie E, which is able to translocate to the nucleus. A reacts with D, giving rise to specie G
that is translocated to the nucleus as well. Species E and G activate specific transcription factors that in
turn regulate the expression of some genes (not shown). Above the signalling network are presented the
corresponding chemical reactions.
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Reaction kinetics

Once the structure of the signalling pathway is defined in a schematic form and the
individual steps have been represented using chemical equations, it is necessary to know the
rate or velocity of the reaction. Uncatalyzed reactions are widely modelled using the well known
mass action kinetics (Allen, 2005). For example, the kinetic equations for the reaction network
described in Fig. 1 are shown in Table 1.
Table 1- Chemical reaction kinetics for a simple set of chemical reactions.
Chemical reaction equation

Chemical Reaction Kinetics

[ ]

va = k a [A]; vb = kb A P

k a / kb
A ←
→ A P

[ ]

vc = k c A P [D ]

kc
A P + D →
G

[ ]

vd = k d [B ][C ] ; ve = ke C *

k d / ke
B + C ←
→ C *

[ ]

v f = k f C * [D ]

kg

C * + 2 D → E

2

On the other hand, enzyme catalysed reaction kinetics are represented, frequently, using the
well known Michaelis-Menten equation. For example, the rate equation used to describe
enzyme catalysis on the substrate S to form product P, i.e.:

κ 1 / κ −1
κ 2 / κ −2
E + S ←
→ ES ←
→ E + P

(1)

is given by:

ν=

where

ν max and κ m

ν max [S ]
κ m + [S ]

(2)

stand for the maximum rate at which the chemical reaction can take place

and the substrate concentration when ν=νmáx/2, respectively. The solution curve for the
Michaelis-Menten kinetics has a hyperbolic shape, i.e. when the concentration of S is small, the
rate rises steeply, but as the time progresses, the action of the enzyme moves the system
towards equilibrium and the rate levels off (Allen, 2005). Although the Michaelis-Menten
equation describes the kinetics of most reactions, some enzymes, e.g. allosteric enzymes,
demonstrate a rate curve which is sigmoidal in shape. In other words, the curve is quite flat
initially, but steeply increases as the time progresses (Allen, 2005). The Hill Equation (Equation
(2)) is commonly used to describe such curves, with the parameter h controlling its shape.
When h=1, this equation reduces to Michaelis-Menten kinetics, whereas increasing values of h
yield more sharply increasing curves.
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ν=

ν max [S ]h
κ 0h,5 + [S ]h

(3)

Although, in theory, a modeller could use any equation the Michaelis-Menten equation
is most commonly used for enzyme catalysed reactions (Allen, 2005).

Systems of Ordinary Differential Equations

The change in concentration of each species involved is represented by a differential
equation, in which d[A]/dt, (for instance) depends on a balance between its synthesis and
consumption kinetics (Table 1). Thus, each chemical reaction using A as a reactant contributes
a negative term to the differential equation, whereas each reaction forming A as product
contributes a positive term. From the kinetic equations and accordingly to the reaction schemes
we can obtain a system of ordinary differential equations (Figure 3).
Modelling a cell signalling reaction network with differential equations requires the
construction of the stoichiometry matrix (S) which is a rectangular matrix describing the topology
of the network as well as the transfer of mass resulting from the reaction events. The
stoichiometric coefficients constitute the entries within the matrix with positive coefficients
representing products and negative ones representing reactants. The columns of the matrix
correspond to the chemical reactions and the rows correspond to the species. As a result, a
biochemical reaction network with

m species and n reactions has a m × n stoichiometry

matrix. Figure 2 illustrates the representation of the reaction network shown in Figure 1. The
magnitude of the stoichiometric coefficients indicates the quantity of substance that each
chemical reaction event converts (Allen, 2005).

0 0 0
0 
− 1 1
 1 −1 −1 0 0
0 

0
0 − 1 0 0 − 2


0
0 1
0 0
0 

S=
0
0 0 −1 0
0 


0 0 −1 1
0 
0
0
0 0 1 − 1 − 1


0 0 0 0
1 
 0
Figure 2- Stoichiometry matrix corresponding to the set of reactions presented in Table 1.

The process of converting a biochemical reaction network into a system of ordinary
differential equations is straightforward once the stoichiometry matrix has been formulated.
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v = [v1 , v2 ,.....vn ] ,
T

Each reaction has a rate or velocity. Hence, the reaction velocity vector,

collectively gives the reaction velocities governing the reaction. The product of the stoichiometry
matrix and the reaction velocity vector (which is post multiplied) represents the system of
ordinary differential equations describing the network (Figure 3).

 − va + vb 
 dA
0
− 1 1 0 0 0
dt 



 1 −1 −1 0 0

dA P 
0   va   dt   va − vb − vc 

 
  − vc − 2v f 
 0 0 − 1 0 0 − 2  vb   dD
dt




 v 
dG 
vc
0
0
1
0
0
0
c
dt





  =
=
dB 



 0 0 0 −1 0

− vd
0  vd 
dt


    dC  
0  ve
 dt   − vd + ve 
 0 0 0 −1 1
 
 0 0 0 1 − 1 − 1 v f   dC *  vd − ve − v f 
dt

 

    dE
v




0
0
0
0
0
1
f
 dt  


Figure 3- Set of ordinary differential equations representing the biochemical reaction network presented in
Figure 1, obtained by multiplying the stoichiometry matrix with the velocity vector.

The ordinary differential equations (ODE) form a deterministic way of capturing in
mathematical terms some intuitive ideas on protein synthesis and degradation, phosphorylation
and dephosphorylation. From a mathematical point of view, the state of a dynamic system is
specified, at any instant of time, by the values of the concentrations of all biochemical species in
the reaction network. The differential equations then predict how fast the concentration of each
component changes with time, permit to evaluate how a protein concentration will rise or fall in
an interval of time, and subsequently allow the comparison of the simulated behaviour of the
model with the observed behaviour of the cell (Tyson et al., 2001). The equations do not directly
describe the state of the biological system, but rather its transient behaviour. Once the model is
developed, the virtual cell signalling pathway can be observed.
Describing a biological system with a system of ordinary-differential equations requires
several physical assumptions. For example, all biological reactions are assumed to be
instantaneous physical events, therefore ignoring possible complicated interaction mechanisms.
It is also commonly considered that the reactions to take place inside a fixed volume with
uniform and constant temperature and pressure. Making physical assumptions to construct an
approximation of the real biochemical reaction network is a reasonable approach which reduces
the complexity of analysis and makes tractable the study of large biochemical reaction networks
and signal transduction pathways (Allen, 2005).

There are several other types of differential equations besides ODE, which frequently
appear in modelling biological systems, e.g. partial differential equations and the delay
differential equations.
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i) Partial differential equations

Ordinary differential equations describe systems which are partially homogeneous,
however, in spatially heterogeneous systems it is necessary to use equations which also
include spatial position. Models incorporating both reactions/interactions and species diffusion
frequently use partial differential equations which combine reaction kinetics with diffusion terms:

∂y
= f (t , y ) + Diffusion − terms
dt

(4)

These types of equations are used to describe the movement of the species within the
biological system under study, when the “well-stirred” assumption does not hold (Allen, 2005).

ii) Delay differential equations

A delay differential equation is a differential equation that is a function of the solution to
the differential equation beyond some differential time step dt. Ordinary delay differential
equations describe many simple diffusion and signalling processes. A frequent application of
these equations in biological modelling is to describe transport processes (Allen, 2005).

Parameter estimation

Once the system of differential equations, has been defined, it is necessary to integrate
it in order to predict the temporal progression of each component. However, before computing
the solution, it is necessary to specify the rate constants. The behaviour of the model depends
on the values of the parameters involved; these in turn have to be estimated according to the
experimental data available. Parameter estimation is, currently, one of the limiting steps in
mathematical modelling of biological systems. If we blindly tweak the rate constants to fit the
various component concentrations, we might never get to a combination that reproduces all the
peculiarities of the system we want to describe (Tyson et al., 2001).This step may involve,
firstly, exhaustive searches in the scientific literature to find out which data are already
available. The model developed can then be simulated assuming reasonable values for the
missing kinetic parameters. However, the parameters may still have to be adjusted depending
on the experimental data. The lack of experimental data is an important limiting step which will
be discussed later. Assuming that the experimental data is available, what kind of tools and
strategies can be applied to for parameter estimation?
Tyson et al. (2001) describe parameter estimation in a very intuitive way. According to
these authors, the rate equations do not indicate “where we are”, but “where are we going”. In
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abstract terms, the kinetic equations define a vector field in state space, which completely
determines the temporal behaviour of the system, and therefore the control of the cell function.
The vector field points to specific steady states (attractors) which basically constitute stable
solutions of the rate equations, these in turn represent observable physiological states of the
cell. These physiological states are completely dependent of the kinetic parameters in the rate
equations. Although the idea of a vector field is intuitively appealing, it is difficult to apply
because the number of unknown parameters is considerable, as we can’t visualize a multiple
dimensional vector field (as for instance the one defined by the signalling pathway in Figure 1).
To overcome this problem, it may be necessary to apply some powerful mathematical tools
(Tyson et al., 2001).
Parameter estimation for dynamic biochemical pathways is known, mathematically, as
the inverse problem, which consists in using the results of experimental observations to infer the
values of the parameters characterizing the system under investigation. The prediction of
observations, given the values of the parameters defining the model, constitutes the “forward
problem”, that is exactly the opposite approach to the “inverse problem”. While the forward
problem has a unique solution, the inverse problem does not, which means that the solution of
an inverse problem is not a model but a collection of models. The complexity of solving an
inverse problem arises in part from this fact, as different values of the parameter values may be
consistent with the experimental data. Additionally, the process of discovering the values of the
model parameters may require the exploration of a vast parameter space (Tarantola, 2005).
Parameter estimation algorithms use optimization techniques to minimize an objective
function that measures the integrity of the fit of the model with respect to an experimental data
set. The objective function constitutes typically a sum-of-squares function of the residuals
between the measured and the simulated data, and consequently, the “true” parameters are
those that minimize the sum-of-squares function (Mendes and Kell, 1998). The objective
function is non-linear with respect to the parameters, and as a result, it frequently exhibits
several minima. In general, for a majority of applications, the interesting result is the global
minima, which corresponds to the lowest value of the objective function. The existence of
several minima is an important question, as some optimization methods can just find a local
minimum (Mendes and Kell, 1998; Moles et al., 2003), e.g. the standard Levenberg-Marquardt
method, described by Mendes and Kell (1998). In order to overcome the problem of multiple
minima, the earliest and simplest approach was to use a local method repeatedly, starting from
a number of different initial vectors. However, this strategy, known as multistart strategy, is
inefficient, since several initial guesses frequently lead to the same minimum values (Guus et
al.,1995).
The development of clustering methods and the so-called Global Optimization (GO)
methods allows for better efficiency and robustness in the resolution of these optimization
problems. These methods are particularly important when the objective function has several
minima and we are interested in a global minimum. Moles et al. (2003) describe (GO)
algorithms currently used to solve the aforementioned inverse problem. These numerical and
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combinatorial methods have not evolved to a point where a single method can be successfully
applied to all problems. In spite of being an attractive idea, a better approach to an optimization
problem may be to apply a series of different methods in order to achieve the best possible
solution (Mendes and Kell, 1998).
To kick start the optimization process, it is necessary to provide a set of initial guesses
for a number of parameters including those which have to be optimised. When optimization
starts, this information is computed through an application programming interface (API) which
conducts a series of procedures depending on the optimization algorithm (Mendes and Kell,
1998).
Cho et al. (2003) described an alternative technique for parameter estimation and
applied it successfully to model the influence of RKIP on the ERK signalling pathway. These
authors discretized the nonlinear ODEs into algebraic difference equations which were linear
with respect to the parameters and then solve the transformed algebraic difference equations to
obtain the parameter values at each time point. Hence, it was obtained a set of estimated
parameter values by solving such linear algebraic simultaneous difference equations, to each
time-point. If the system is inherently time-independent, the time series of parameters obtained
will converge to steady-state values. If not, the parameter values can be approximated by
interpolation of polynomial functions, and in this case, the method is also applicable to time
varying-systems. The estimation error can be reduced by decreasing the sampling time interval,
which constitutes an advantage. On the other hand, it is disadvantageous in the way that
requires multiple measurements for time course data of each protein involved in the signalling
pathway. A simplified description of this approach is presented schematically in Table 2.
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Table 2- Simplified description of the parameter estimation approach proposed by Cho et al., (2003).

xi

designs the

f i designs the mathematical equation that describes the variation
of protein concentration´s over time, which depends on the kinetic parameters k i
dx1
= f1 ( x1 , x 2 ,..., x m ; k1 , k 2 ,..., k m )
dt
dx 2
= f 2 ( x1 , x 2 ,..., x m ; k1 , k 2 ,..., k m )
The continuous ordinary differential
dt
equations (ODE´s) …
M
dx m
= f m ( x1 , x 2 ,..., x m ; k1 , k 2 ,..., k m )
dt
concentration of proteins involved in the signalling pathway;

… can be discretized and approximated by difference
equations for small sampling time interval:

dxi (t n ) xi (t n ) − xi (t n −1 )
≅
dt
t n − t n−1
x1 (t n ) − x1 (t n−1 )
≅ f1 (x1 (t n ), x2 (t n ),..., xm (t n ); k1 (t n ), k2 (t n ),...,km (t n ))
t n − t n−1

giving rise to:

x2 (t n ) − x2 (t n−1 )
≅ f 2 (x1 (t n ), x2 (t n ),..., xm (t n ); k1 (t n ), k2 (t n ),...,km (t n ))
t n − t n−1
M
xm (t n ) − xm (t n−1 )
≅ f m (x1 (t n ), x2 (t n ),..., xm (t n ); k1 (t n ), k2 (t n ),...,km (t n ))
t n − t n−1

In most cases when the set ODE´s is derived (based
on enzyme kinetics), it becomes a set of linear
algebraic difference equations with respect to
parameters

k i (t n ) i =1, 2,...,m for each time point t n .

Once we have experimental data for time courses of
each protein involved in the signalling pathway

[x (t )], we can obtain the following set of estimated
i

k1 (t n ) ≅ g1 (x1 (t n ), x2 (t n ),....,xm (t n ), x1 (t n−1 ), x2 (t n−1 ),...., xm (t n−1 ))
k2 (t n ) ≅ g 2 (x1 (t n ), x2 (t n ),....,xm (t n ), x1 (t n−1 ), x2 (t n−1 ),...., xm (t n−1 ))
M
km (t n ) ≅ g m (x1 (t n ), x2 (t n ),...., xm (t n ), x1 (t n−1 ), x2 (t n−1 ),....,xm (t n−1 ))

j

parameter values:

In practice it is estimated time series of

k i (t n ) i =1, 2,...,m that converge to certain steady-state
values, as we can see in the following example…
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3)

Simulation
Once the model is defined and the parameters have been evaluated the set of

differential equations can be solved for any of initial metabolite concentrations. There are,
typically, two distinct types of simulation that can be carried out: the first one involves the
generation of time courses, in which the internal concentrations of metabolites are determined
as time series and the second one involves the determination of steady-states, where the
values of the variables are determined for a state in which no metabolite concentration changes
(Mendes and Kell, 1998).
Several modern programs have been designed and implemented specifically to model
and simulate signal transduction. Some examples of the currently available software tools
include Gepasi (Mendes,1993, 1997; Mendes and Kell, 1998), E-CELL (Tomita et al., 1999),
Virtual Cell (Schaff et al., 1997; Schaff and Loew, 1999), GENESIS (Bower and Beeman, 1998)
combined with Kinetiki (Bhalla and Iyengar, 1999), Jarnac combined with JDesigner (Sauro,
2003, 2004), Mathematica (Wolfram Research) and Matlab (Mathworks). The majority of these
tools have a graphical interface that allows the user to introduce the biochemical reactions and
kinetic parameters, as well as, the initial concentrations. This information is used by the
software to generate the system of ordinary differential equations and then simulate the model.
The type of numerical method applied to solve the set of ODEs depends on the behaviour of the
system of differential equations, but in general, higher-order numerical methods produce results
more efficiently (Allen, 2005). Of the simulation tools currently available, very few (e.g. Gepasi
and GENESIS) offer the option of estimating the missing parameters automatically. This
characteristic is extremely useful if the predefined parameter values require further adjustment.
Pettinen et al. (2004) have examined and compared the main properties and capabilities of
GENESIS, Jarnac, Gepasi and SimTool, highlighting the benefits and drawbacks of each.
Dynamical simulation of biochemical networks is under constant development in
systems biology. In addition to the numerical issues, one of the main challenging areas is the
computational parameter estimation associated with the simulation process. The development
of user interfaces that could permit the use of these tools by experimental biologists, who are
not specialists in programming, is another important challenge. Several efforts are being made
to develop interfaces with databases and simulators that can fill these gaps (Tarantola, 2005).

4)

Validation
The development of credible and reliable models is essential, as it allows biologists to

test hypotheses and make decisions based on the results. Model validation is the process of
testing whether a model closely reflects the real system. The validation process depends upon
the purpose of the model. There is no model which can perfectly describe a given system.
Whether to accept or reject a model depends on the intended application. For a more
comprehensive overview of model validation and accreditation see Balci 1998 and Sargent,
2004.
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The domain of acceptability of the model depends upon the range of experimental data
used to construct and validate it. It is common to use an independent set of experimental data
to validate the model, which means that it is a good modelling practice to use different data to
estimate the model parameters and to validate the model. In these conditions, we can assume
that if the model describes the “validation” data well, then the model describes the real system
well also. If the model behaves as the experimental data suggests, it can be used for further
analysis. If it does not, the definition step must be re-analyzed to check for errors, such as
incorrect kinetic parameters or invalid assumptions which may be responsible for the
discrepancies observed between model and experimental data. As shown in Figure 4, this
process constitutes a repairing loop involving model definition, simulation and validation steps. It
may result in a readjustment and refinement of the model in order to obtain a behaviour which is
consistent with the experimental data (Orton et al., 2005).

Figure 4- The Five Basic Steps of Modelling. This diagram depicts the five steps involved in modelling a
biological system. The first step is identifying the biological system to model, followed by actually defining
the model to represent the system, simulating the model and validating the simulation results. If the model
is valid it can be analysed further, if it is not the definition step is revisited where the model is checked for
various types of errors.

The validation step is crucial to obtain a reliable model. However, to be able to validate
a model containing kinetic parameters which have themselves been adjusted to fit experimental
data, it is crucial to have reliable experimental data in the first place. Unfortunately, one of the
major limitations in cell signalling modelling is precisely the lack of availability of reliable
quantitative data. Therefore, there is a strong need for developing new methodologies in data
acquisition and processing which will overcome this limitation (Schilling et al., 2005a;b)).
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Quantitative experimental data generation in Signal Transduction Systems

The most widely used tools for detecting and quantifying cell signalling components
involve the application of blotting techniques. These techniques are based on transferring
molecules separated by electrophoresis on agarose or polyacrilamide gels to special
membranes (Figure 5). Edwin Southern developed the first DNA blots, known as Southern blots.
Later, in early 80´s, an adaptation of this technique was proposed to detect proteins and is
usually referred to as Immunoblotting or Western blotting (Bowen et al, 1980; Burnette, 1981).
Immunoblotting techniques are particularly useful for the analysis of proteins and/or
their modifications in complex mixtures such as those present in cellular environment. The
outcome is simply an image where visible bands indicate the measured components, with
bigger and darker bands indicating relative abundance (Figure 6). In other words, the data
generated thus is semi-quantitative.
In time-course experiments, normally used for modelling with ODEs, each band
corresponds to the concentration of a specific component at different instants (Figure 6).
Observing the result of a Western blotting in Figure 6 it is possible to distinguish some variation
in the amount of protein kinase ERK1/2 over time. To be able to do a better comparative
analysis between the bands, it is usually performed a density analysis to the bands, so we can
get a number associated with each band that is a measure of its density. However, it is not
known the exactly concentration of protein that corresponds to the density of each band. We
can just expect that the density of the band would be proportional to the concentration of the
protein. However, to generate absolute values is essential to be able to model the time-courses
of proteins within one blot and from different blots also (Fujarewicz et al., 2006).
Schilling et al., (2005a) presented a strategy to compare results among individual
experiments by converting the relative signals, which are usually generated by immunoblotting,
to absolute numbers, such as molecules per cell. As an example, the abundance (number of
molecules) of the mitogen-activated protein (MAP)-kinase family members, ERK1 and ERK2, in
cytoplasmatic lysates (from BaF3-HA-EpoR cells) was determined by analyzing, in parallel, a
serial dilution of purified recombinant ERK2 protein (Figure 7). The CCD camera-based
quantification of recombinant ERK2 was plotted against the number of molecules loaded in the
gel. As it is shown in Figure 7, the detection was nearly proportional to the protein concentration
over at least two orders of magnitude. By using a linear regression model relative signals
relative signals of endogenous ERK1 and ERK2 were converted to molecules per cell. This
determination requires the recombinant and the endogenous proteins to be analyzed on the
same immunoblot and to share the same epitope (Schilling et al., 2005a).
In addition to guarantee comparability between independent experiments, the
generation of absolute values can be used to determine the stoichiometry of cellular
components, what is critical for obtaining insights into the quantitative behaviour of biological
networks.
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Figure 5- Schematic representation of the immunoblotting procedure. Following gel electrophoresis, the
proteins separated by size, are transferred from the gel to a solid support membrane by immunoblotting. In
this process, a current is applied to a “sandwich” of gel and the membrane causing the separated proteins
to transfer from the gel to the membrane. Probing the membrane for the protein of interest usually takes
place in a two step process. The first (primary) antibody is diluted and incubated with the membrane so as
to recognize the protein of interest. After extensively rinsing the membrane to remove unbound primary
antibody, the membrane is incubated with a secondary antibody. This antibody binds to the primary
antibody and it is usually linked to an enzyme, such as alkaline phosphatase or horseradish peroxidase
that has a calorimetric substrate that is converted to a colored product. The secondary antibody can also
carry radioactive or chemiluminescence tag. All approaches can be used for visual identification in the
detection phase. (taken from www.chemicon.com)

Figure 6- Example of a time-course blotting to detect ERK1/2 in BaF3-HA-EpoR cells stimulated with 50
units/mL erythropoietin (Epo) for 9.5 min, with samples taken every 30 s (Schilling et al., 2005a).

Immunoblotting measurements are inherently associated with some uncertainty.
Therefore, the result of a measurement may has two components: the best estimate of the
quantity measured on the one hand, and the degree of uncertainty associated with the
measurement, on the other (Petrov et al., 2005). Particularly for the case of immunoblotting the
error originates both from experimental and biological variation. The source of experimental
variation are inherent inaccuracies in sample handling and measurements, whereas biological
errors have their origin in the stochasticity of cell populations (Petrov et al., 2005).
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Figure 7- Conversion of relative values to absolute protein concentration. A dilution series of recombinant
ERK2 protein, as well as 100 µg of total cellular lysate prepared from BaF3-HA-EpoR cells, were analyzed
by quantitative immunoblotting with anti-ERK immunoglobulin. The biomedical light unit (BLU) values of
the dilution series were plotted against the number of molecules loaded onto de gel [amount(g)/ MW ERK2
(g/mol)x NA (molecules/mol)] and a linear regression through the origin was applied (Schilling et al.,
2005a).

Schilling et al (2005a) reported on the inherent noise generated by this technique.
According to this study, the noise consists of two different contributions: pipetting errors and
blotting errors. While the pipetting errors arise mainly from differences in cell number, gel
loading and antibody detection, the blotting errors are caused by non homogeneities of the gel
and the blot.
In order to establish immunoblotting techniques as precise a method for quantifying
protein levels and modifications, Schilling et al. (2005b) have developed strategies for reducing
errors and algorithms for automated data processing. These authors propose randomised gel
loading to reduce correlated blotting errors, by transforming them into uncorrelated blotting
errors. By loading samples on the gel in a non-chronological or randomised order (i.e. by
ensuring that neighbouring lanes on the gel don´t correspond to consecutive time points), they
were able to reduce the standard deviation of immunoblotting data by more than two-fold.
Inherent blotting errors can further be reduced by normalising data using housekeeping
proteins as normalizers. These proteins are highly expressed, their levels are always constant,
during the course of the experiment, detectable with a strong constant signal. Schilling et al.
(2005a) shown that the blotting error is strongly influenced by the position of a protein within a
blot. Therefore, the signal of a normalizer of similar molecular mass to the protein of interest has
to be used to distinguish blotting errors from the true protein concentration.
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Apart from quantitative immunoblot, there are other tools available, such as the Enzyme
Linked Immunoabsorbent Assay (ELISA), the Radioimmunoassay (RIA) and Proteinarray
(Biblio). Some recent techniques involve mass spectrometry based on isotope-coded affinity
tags and isotope-coded protein labels. Unfortunately, these methods are still quite expensive
and technically demanding (Gygi et al., 1999; Schmidt et al., 2005).
The development of quantitative immunoblotting technique is, probably, a good way to
overcome the problem concerning the generation of quantitative data required for mathematical
modelling in cell signalling systems.

5)

Analysis
Following the validation process, the model can be used for further analysis according

to the main objective of the modelling. As stated earlier in this text, each modelling process
aims to address a specific problem, and eventually, answer the biological question under
investigation. The analysis step is therefore a very important part of the whole process.
Analysis can take various forms, but it is, in general, based on the analysis of the
species´ concentration graphs under several different simulation conditions. Once we have the
model, we can test our hypothesis and clarify the mechanisms behind the functioning of the
system under investigation. Defining an analysis strategy is, undoubtedly, a crucial step to take
the best of the model, testing hypothetical situations that could be interesting in the context of
the biological problem and interpret these results.
This section aims to give an overview of the type of analysis that can be done, and
presents some tools currently available to help in this analysis.
Several authors report the importance of analyzing the dynamic behaviour of activation
or deactivation of cell signalling pathways, instead of just analysing the steady-state properties
of the network (Tyson et al., 2003; Saez-Rodriguez et al., 2004; Asthagiri and Lauffenburger,
2000; Conzelmann et al., 2004).

Dynamic analysis can provide important and significant

insights into signalling performance that is not evident when steady-state behaviour of signals
alone is considered. The regulatory mechanisms of cell signalling pathways often produce
signals whose information content resides in their transient features. Therefore, to understand
the regulatory mechanisms, it is important to analyze the time-courses of the signals and
evaluate that in the context of the functioning of the whole pathway. Asthagiri and Lauffenburger
(2000) present some examples of typical transient phases of signalling molecules after an
exposure to a stimulus. Broadly, these transient signals can be categorized into cyclical and
noncyclical types. The possible biological interpretation of the dynamic behaviour of some key
components in a pathway can show itself useful in understanding why the pathway function that
way (Asthagiri and Lauffenburger, 2000).
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In the context of the analysis of transient responses in cell signalling models, it is
commonly used sensitivity analysis as an approach to study the system. Sensitivity analysis
involves the study of how the variation in an output of the model can be apportioned to different
sources of variation. Generally, it consists in varying specific parameter values by a small
amount and then analyzing the effect on species concentrations, quantitatively and qualitatively.
This type of analysis can be used to identify key steps in signalling pathways, and to understand
which are the reactions that show visible effects in the dynamic of the whole system, when its
velocities are changed. It can be also analyzed the sensitivity of the signalling pathway to
changes to initial species concentrations, for example, we can test what is the effect, in the
system, of a variation in the number of sensor kinase available or of a response regulator
molecule (Saez-Rodriguez et al., 2004). A small change to a key parameter or specie
concentration is likely to have a large effect on the system´s behaviour.
Some interesting properties of the network could emerge, also, by stimulating the
pathway with multiple input signals (in amplitude and duration), and then analyzing the
generation of the distinct outputs (Bhalla and Iyengar, 1999).
Sensitivity analysis is also a powerful tool that can be used to estimate the impact of
uncertainty in parameters on system variables. Therefore, it is possible to evaluate which are
the parameters that have to be estimated accurately in comparison to the others, because
eventual deviations in that specific values may have strong impact in system´s dynamics (Orton
et al., 2005).
The robustness is an additional factor that should be analyzed in biological systems, as
it can give a picture of how the system behaves under extreme conditions. If a system is
robust, it is able to absorb fairly large perturbations and still function reasonably well. Analysis of
robustness allows the evaluation of the resilience of the system to damage, and that is the main
reason why it is interesting to apply it to biological systems. The kinetic rates of key pathways
steps have been shown, by simulation and experiments, to lead to stable behaviour over a wide
stimulus range (Schoeberl et al., 2002).
The robustness of a biological system can be evaluated with respect to specific
parameters, to specie concentrations or to input signals. Additionally, it is also possible to
assess the structural robustness of the model. This later analysis consists in removing
particular parts of the system, as components or reactions, and monitoring how it performs
(Kitano, 2004).
On the whole, the analysis step aims to make new predictions and test hypotheses
about biological processes in order to improve the overall understanding of the system itself.
However, the more our knowledge about these signalling systems in enhanced, the more the
mathematical models increase in size and complexity. Therefore, the modelling process itself
and consequently the further steps of analysis and interpretation become an arduous task.
Broadly, these mathematical models that should facilitate the understanding of signalling
processes can become themselves too complex for intuitive understanding, and in that case,
the analysis process is compromised. How should analysis proceed in these cases?
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Modularization of Signalling Networks

Several authors report the idea of reducing the complexity of the analysis of these
signalling systems through modularization (Bruggeman et al., 2002; Hartwell et al., 1999; SaezRodriguez et al., 2004). According to these authors the decomposition of the system into
smaller functional units might be an interesting approach to handle the complexity of signalling
phenomena.
Modularity appears to be a recurrent phenomenon in the topology of cellular networks.
The recognition of functional modules as an essential level of biological organization is
described elsewhere (Hartwell et al., 1999). The main characteristic of this modularity is that the
number of interactions between different modules is low as compared to the number of
interactions inside each module.
In this context, the question that naturally surge is how can we benefit from the intrinsic
modular organization of the regulatory networks to facilitate our analysis and understanding of
these systems?
The main step in the modularization process is the definition of the functional modules.
Next, the modules should be analyzed, independently from each other, regarding their
dynamical properties. A successful analysis can lead itself to a posterior reduction of the model
under study, if key elements can be identified and the main properties can be reproduced
without having to model all the biological components. This is, in fact, a valuable point in this
approach, as, apart from simplifying the analysis, it can be useful in order to find suitable model
reductions. Finally, the regrouping of the modules as a whole permits a clearer quantitative and
qualitative comprehension of the system (Saez-Rodriguez et al., 2004).
Although the modularity of biological processes is widely accepted, is still lacking an
idiosyncratic criterion for defining modules. It has been suggested different criterions, such as
evolutionary conservation, robustness and genetic coexpression (Wolf and Arkin, 2003). One of
the most interesting criterions for the decomposition of biological networks into modules might
be the absence of retroactivity in the junction between different units (Saez-Rodriguez et al.,
2005). As is showed in Figure 8, two modules A and B are connected without retroactivity if
there is an influence from a submodule A1 from A to a submodule B1 from B, but the
submodule B1 does not influence A1 directly. As the behaviour of retroactive-free modules only
depends on inputs and initial conditions, their transfer performance can be studied separated
from the rest of the model. Additionally, this characteristic guarantees, at least partially, that the
behaviour of the modules individually is not modified when they are integrated in the whole
system (Saez-Rodriguez et al., 2004).
The main advantage of this approach relies on the simplification of the analysis and
interpretation of the signalling networks by focusing only on a subset of intermediates that
connect in cross-talk between modules.
The response of each module to changes in their physiological signals can be
evaluated accordingly to its input/output behaviour. The treatment of these segments of
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signalling networks as “black-box” modules may permit a better understanding of the dynamic
behaviour of each module, and, consequently may highlight the relation between the intrinsic
properties of the modules (and their interactions) with the emergent properties of the entire
network (Bruggeman et al., 2002). The description of some examples of successful appliance of
this approach to some signalling pathways is reported by Bruggeman et al (2002).

Figure 8- Schematic representation of the concept of retroactivity: Two modules A and B are connected
without retroactivity if there is an influence from a submodule A1 from A to a submodule B1 from B, but the
submodule B1 does not influence A1 directly (Saez-Rodriguez et al., 2004).

If we treat the module as a black box, which means considering just the input signal (S),
and the output response (R), we can analyze straightforward the kinetics behind the mechanism
that transform S in R. In Figure 9, it is presented some examples of typical signal-response
curves and the correspondent wiring diagrams, where is depicted the mechanism of regulation.
In case c) of Figure 9, RP is the phosphorylated form of the response element R. The
reactions of phosphorylation and dephosphorylation are governed is this case by MichaelisMenten kinetics. This mechanism creates a switch like signal response curve, which means that
a slightly stronger signal gives a slightly stronger response. The sigmoidal response in abrupt,
like a buzzer. To activate the response we must push hard enough on the button and to sustain
the response we must keep pushing. When we let up on the button the response switch off at
precisely signal strength at which switched on (Tyson et al., 2003). In Figure 9 b and c) are
represented discontinuous responses, however while in b) is shown one way-switch, in c) is
shown a toggle switch. In b) as signal strength (S) increases the response is low until S
exceeds a critical intensity, Scrit, at which point the response increases abruptly to a high value.
However, if the signal decreases, the response stays high, because the switch is irreversible. It
represents the type of processes characterized by a point-of-no-return, as, for instance,
apoptosis decision (Laurent and Kellershohn, 1999). On the other hand, in c), if S decreases
enough the switch goes back to the off-state. Note that for intermediate stimulus strengths
(Scrit1<S<Scrit2), the response of the system can be either small or large, depending on how S
was changed. This is kind of two-way response, usually known as histeresis. As examples of
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this behaviour it can be referred the start and finish transitions in the budding east cell cycle
(Chen et al, 2000).

a) Sigmoidal Response

b) Mutual Activation

c) Mutual Inhibition

Figure 9- Signal-response elements. The second column present the wiring diagrams and the third one
present the signal-response curves. The rows correspond to a) sigmoidal response, b) mutual activation,
c) mutual inhibition. For each wiring diagram it was derived the corresponding set of kinetic equations. The
kinetic equations and the kinetic parameters are presented in Tyson et al. (2003).

Recognizing this kind of different behaviours embedded in the networks, relating and
interpret them in light of the whole system functioning, can provide a more intuitive idea on
molecular dynamics.

Analyzing the dynamic behaviour of signalling pathways

As it was stated before in this text, in the analysis of signalling networks, special
attention should be paid to their dynamic behaviour. Therefore and once more, analysing first
the dynamic behaviour within the modules could help to understand the dynamics of the
signalling cascade. Heinrich et al. (2002) developed key parameters that allow a more intuitive
analysis of the dynamics of the signalling pathways.
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For any signal transduction network, typically a kinase cascade, there are essentially
three important questions that should be addressed: (1) How fast does the signal arrive at its
destination?; (2) How long does the signal last? and finally (3) How strong is the signal? In order
to provide answers to these questions, Heinrich et al. (2002) introduced three key parameters :
the signalling time, τi, is the average time to activate a kinase i; the signal duration, υi, is the
average time during which kinase i remains activated; and the signal amplitude, Si, in the
average concentration of activated kinase i. For the output y(t) of a module, these parameters
can be calculated numerically according to Heinrich et al. (2002) as :

Input x(t)

∞

∞

τi

∫ ty(t )dt
=
∫ y (t )dt

υi =

0
∞
0

Module

;

∫ t y(t )dt − τ
∫ y(t )dt
0

∞

0

Output y(t)

2

∞

∫ y(t )dt
S=

2
i

0

;

2υi

The integral of the response y(t) is the total amount of active kinase generated during the
signalling period and thus can be used to characterize the signal output. Plotting yi versus time,
the integrated response of yi corresponds to the area under the curve (Figure 10) (Asthagiri et
al., 2000). As it is shown in Figure 10, the signalling time is an average, analogous to the mean
value of a statistical distribution, while signal duration is similar to the standard deviation of a
statistical distribution. Thus, signal duration gives a measure of how extended the signalling
response is around the mean time. In the geometric representation, the signal amplitude
corresponds to the height of a rectangle whose length is 2υi whose area equals the area under
the curve (Heinrich et al., 2002).
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Figure 10- Geometric Representation of signalling time, τ, signal duration, υ, and signal
amplitude, S (adapted from Heinrich et al., 2002).

Occasionally, it is also referred the signalling rate, ν, that is defined simply as the
reciprocal of the signalling time (ν=1/τ). These definitions can be applied to a wide range of
signal responses, including those that exhibit more than one maximum, since the signal
eventually returns to its initial ground state. If the output signal doesn´t return to zero after a
certain time, then signalling time and signalling duration tend to infinite. In such cases, it can be
used another parameter to measure how fast a system responds. The parameter τ0.9 is defined
as the time at which 90% of the maximal output signal is reached, for this reason, it can be
more generally applied based on the simulation data (Saez-Rodriguez et al., 2004).
Although these quantitative parameters may not account for the kinetic details of all
signalling pathways, as for instance the occurring of oscillations, they are useful to describe
most signal responses. Furthermore, each of these parameters may have a biological impact.
Evaluate the dynamics of the signalling pathway in these terms could reveal interesting
characteristics, as for instance, a critical signal amplitude may be needed to induce a particular
biological effect. It is also interesting to see how fast is signal transduction processes depending
on what is the source of activation, or depending on the molecules involved and the final target.
In general, fast signalling is advantageous in any signal transduction pathways, however, signal
duration, may have to be short in some cases and longer in others, depending on the type of
response.
The analysis developed by Heinrich et al. (2002) conducted to some interesting ideas of
how the signalling pathways may function. Their analysis revealed that, for example, in simple
signalling systems occur high signal amplification only with slow signalling rates and long signal
duration. However, more complex systems as those involving crosstalk between pathways,
allow signal amplification combined with fast signalling. Additionally, the authors report the
possibility that these signalling parameters could be determined by different key components of
signalling pathways. For example, in simplest pathways undergoing weak activation, signal rate
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and duration are mostly regulated by phosphatases instead of kinases. A recent study in ERKMAP kinase pathway supports these conclusions (Asthagiri and Lauffenburger, 2001).

In addition to the quantitative parameters described, there is another parameter, known
as Hill coefficient, h, whose value measure the sensitivity of the response to a stimulus. The Hill
equation, presented in equation 5, describes enzyme kinetics: if h was equal to 1, then the
curve is hyperbolic and we have Michaelis Menten kinetics, but if h was > 1, the curve exhibits a
sigmoidal form (Goldbeter and Koshland, 1981). Hill coefficient can be applied to quantify the
sigmoididy of the input/output behaviour of a system, if instead of substrate concentration (S)
we had the input signal of the module, and instead of the reaction rate (v) we had the output
response. The Hill coefficient is, thus, a measurement of the ultrasensitivity of the response in
relation to the signal. The higher the Hill coefficient, the more the curve tends to a step-form
response (Saez-Rodriguez et al., 2004).
The Hill coefficient can be estimated accordingly to equation 7, where Y0.9 and Y0.1 are
the input values (stimulus) correspondent to 90% and 10% of the maximum output value
observed, respectively. In Figure 11 is indicated graphically how to obtain the values of Y0.9 and
Y0.1 , given a sigmoidal stimulus-response curve.

h=

log 81
Y

log 0.9

Y
0.1 


(5)

Figure 11- Graphic representation of a sigmoidal stimulus-response curve, whose relative sensitivity can
be measured through the estimation of Hill coefficient. It is indicated the meaning of values Y0.9 and Y0.1
needed to calculate Hill coefficient.
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Finally, modules can, also, be analyzed regarding properties such as transfer
functions, to characterize its intrinsic dynamic behaviour (Conzelmann et al., 2004;
Saez-Rodriguez et al., 2004). Transfer functions can be obtained by fitting simulation
data of the module against simple linear function (using MATLAB or Mathematica
softwares, for example). The system in linearized for a fixed stimulus and its
input/output behaviour is analyzed through its transfer function, that relates the stimulus
with the response signal in Laplace space (Equation 8). The transfer function G1(s)
transform the stimulus S in the response R, in Laplace space. The method of transfer
functions is a very intuitive one to study the dynamic of the biological systems, but it can
be used just when the linearization process constitutes a good approximation to the real
system. In linear control theory, transfer functions, are widely used, since their simple
structure allows an easy analysis of the system´s transfer performance.

R = G1 (s )S

(6)

Conzelmann et al., (2004) report a study with EFG receptor signalling in which
is used this description to analyze the transfer behaviour of linearized modules. They
compare the linearized modules with standard linear transfer elements in order to try to
understand the purpose of certain specific structure in the signal transduction network.
Additionally, considering the system´s output responses to a great variety of
input signals, such as steps, oscillations or pulses, can help to categorize the system´s
transfer performance and consequently to understand deeply the signal processing of
cell.

In summary, this approach to handle the complexity of signalling networks
combines several methods and tools from systems engineering. It starts with the
decomposition of the network into modules with low retroactivity, as these modules are
often more manageable and easier to analyze than the whole model. Simulation studies
combined with estimation of specific parameters, such Hill coefficient, provide a new
insight in the transient behaviour of these signalling systems. The additional analysis of
the transfer performance of input/output behaviour could lead to a detailed knowledge of
the model dynamics, which apart from the biological impact, it could help to find suitable
model reductions (Conzelmann et al., 2004).
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3. Mathematical modelling as a promising tool to understand
the cellular response to dietary components
The importance of mathematical modelling comes, in part, from the fact that it is easier
to use a model to test hypothesis than to perform equivalent experiments on living systems.
These quantitative mechanism-based models provide the possibility of observing the complete
behaviour of a specified system over time and follow all its changes due to perturbations.
Furthermore, models allow the search for multiple small perturbations that can produce specific
effects when combined. A search for perturbations that have significant effects on system
behaviour is not usually possible in most experimental systems (Endy and Brent, 2001).
Ultimately, the main objective of fully understand the dynamic behaviour of these living
systems, is related, in most cases, with health purposes. Since, health and disease states are
frequently explained at a molecular level (involving the good or bad functioning of cell signalling
pathways), the study focusing on this provides a new insight into the knowledge of many human
diseases. Consequently, this knowledge can be applied to develop drugs as well as in the
prevention strategies.
In the field of therapy quantitative models can help to identify target proteins that give
rise to therapeutic effects when partially inhibited or when partially activated, depending on the
case. Additionally, it would be interesting, to be able to identify situations in which considerable
changes are achieved by partial inhibition or activation of multiple protein targets. This would
allow the identification of multiple drug targets acting synergestically to result in, say, fewer side
effects (Endy and Brent, 2001). Mathematical models can also be used to identify appropriate
drug concentrations which will have the right impact at the cellular signalling level.
In addition to the application of mathematical tools for the development of drugs and
therapy, there is another application area, currently unexplored, which involves understanding
the effect of dietary components on human health. The general importance of diet to health, in
particular, how the ingestion of foods rich in certain components can influence health, has been
widely reported. There are wide ranging studies reporting on the influence of certain dietary
components on diseases such as cancer, cardiovascular diseases or neurological disorders
(Kramer et al., 2000). Numerous epidemiologic studies, as well as dietary supplementation
studies, in humans and animals have indicated that individuals whose diets contain large
proportion of fruits and vegetables may reduce the risk for developing age-related diseases
such as Alzheimer disease (Joseph et al., 2005). Extensive research in the last few years has
also revealed that regular consumption of certain fruits and vegetables can reduce the risk of
acquiring specific cancers (Dorai and Aggarwal, 2004). Furthermore, epidemiologic, clinical, and
biochemical studies have shown that different types of dietary fatty acids can modify the risks of
many chronic diseases, such as cardiovascular diseases (Hwang and Rhee, 1999).
More importantly, there is growing evidence suggesting that dietary components can
directly and indirectly modulate signalling pathways at multiple levels. The elucidation of the
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mechanism by which the dietary components interfere with the cellular signalling pathways can
help elucidate how dietary components modify the risks of acquiring diseases (Dorai and
Aggarwal, 2004; Martin, 2006; Williams et al., 2004; Schroeter and Spencer, 2002)

Modulation of cell signalling pathways by dietary components and its
relation to Human Health
There are innumerable examples supporting the relationship between the regulation of
cell signalling pathways by dietary components and the prevention of and/or therapy for several
diseases (Table 3 and Table 4). This chapter will focus on some typical examples
representating the current state of the art.
Cancer development is widely described as a process regulated at molecular level and
strongly influenced by people´s diet. Several population studies show that people in South East
Asian countries have a significant lower risk of developing certain types of cancer, when
compared to the Western countries. It is highly probable that the constituents of their diet, for
instance, garlic, ginger soy, onion, tomatoes, chillies and green tea, play a significant role in
their tendency to avoid cancer. The presence of certain dietary components, known as
chemopreventive agents, such as genistein, resveratrol, curcumin, catechins, capsaicin,
lycopene and caffeic acid, has been shown to suppress cancer proliferation, induce apoptosis,
inhibit angiogenesis and suppress the transformative and inflammatory processes that initiate
carcinogenesis. These responses are, on the other hand, associated with modulation of cell
signalling pathways such as NF-kβ pathway, JAK-STAT pathway or AP-1 pathway (Dorai and
Aggarwal, 2004) (Table 3 and Table 4). These dietary components have potential to
complement current cancer therapies and lower the risk of acquiring such disease.
In particular, the involvement of resveratrol, present in red grapes and berries, in the
inhibition of NF-kβ pathway in cancer cells is an interesting example of the importance and
influence of diet on cancer development. Research over the past decade has shown that NF-kβ
is an inducible transcription factor for genes involved in cell survival, cell adhesion,
inflammation, differentiation and growth. It has also been demonstrated that NF-kβ is activated
by a variety of stimulus, such as carcinogens, inflammatory agents and tumour promoters.
These stimuli promote dissociation of NF-kβ inhibitor, IkBα, through phosphorylation,
ubiquitination and finally degradation in the proteosomes, conducting to the translocation of NFkβ to the nucleus. Most target genes activated are crucial for the establishment and
development of several stages of aggressive cancers. Although, on one hand, the maintenance
of appropriate levels of NF-kβ activity is important for normal cell proliferation, on the other
hand, constitutive NF-kβ activation is involved in the typical enhanced growth properties found
in several cancers (Dorai and Aggarwal, 2004; Holmes-McNary and Baldwin, 2000).
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Some dietary components, such as curcumin, catechins, caffeic acid, capsaicin and
resveratrol, have been shown to have the ability to block NF-kβ activation. A diet rich in these
components may be beneficial for patients whose tumours express high levels of activated NFkβ, as in lung carcinoma or thyroid, colon, breast, stomach and neck carcinomas. Although the
evidence of beneficial effects of these dietary components in the modulation of crucial cell
signalling pathways, as NF-kβ pathway, most of the times the mechanism by which these
components act in the pathways isn´t understood. This is exactly the case with resveratrol.
Manna et al, (2000) and Holmes-McNary and Baldwin (2000) demonstrated contradictory
results in relation to the mechanism by which resveratrol is suppressing NF-kβ activation.
Manna et al, (2000) reported that resveratrol blocks NF-kβ’s p65 subunit translocation to the
nucleus, a similar mechanism to the one described for mesalamine, while Holmes-McNary and
Baldwin (2000) reported that resveratrol inhibits IkBα (NF-kβ inhibitor) phosphorylation and
degradation. This is just one example of conflicting mechanisms being reported on the influence
of a given component on a pathway. Although the beneficial effect of the dietary component is
observed and uncontested, the mechanism of its action is not yet known. Understanding the
mechanisms underpinning its action is therefore crucial.
Table 3- Examples of systems involving interactions of dietary components, from different sources, with
specific cell signalling pathways. In the examples presented, the mechanism by which the dietary
component acts on the pathway has been reported..
Dietary
Component

Dietary Source

Cell Signalling

Prevention/

Pathway

Therapy

PKC

Neuronal
Protection

EGF receptor;
NF-kβ

Cancer

Reference
Levites et al., 2002;
2003
Manson et al., 2005;
reviewed by Martin,
2006
Miloso et al, 1999;
Klinge et al., 2005
Korutla et al, 1995;
Hong et al., 1999 ; Kim
et al., 2003 ; reviewed
by Martin, 2006

Epigallocatechin
gallate

Green tea

Resveratrol

Red Grapes and
Wine

ERK MAP kinase

Neuronal
Protection

Curcumin

Turmeric, curry
mustard

EGF receptor;
JAK- STAT; NFkβ

Cancer

Capsaicin

Red chilli; chilli
peppers

JNK-1 and p38
MAP kinases

Cancer;
Inflammation

Reviewed by Hail,
2003

NF-kβ

Inflammatory
Response

Jobin et al., 1999

Ursolic Acid

Basil and rosemary

NF-kβ

Cancer

Shishodia et al., 2003

Piceatannol

Red wine

NF-kβ

Cancer;
Inflammation

Ashikawa et al., 2002

caffeic acid
phenethyl ester
(CAPE)

Honey-bee propolis

NF-kβ

Cancer

Nataranjan et al., 1996

Recently, there has been an increasing interest in the potential of flavonoids to
modulate neuronal function and prevent age-related neurodegeneration. Flavonoids comprise
the most common group of polyphenolic compounds in the human diet and are found
ubiquitously in plants. The main sources of flavonoids include fruits, vegetables, tea, cereals
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and wine (reviewed in Manach et al., 2004). Dietary supplementation studies using flavonoidrich food in humans and animals have demonstrated significant improvements in cognition and
learning. It would seem that this occurs due to an enhancement in the protection of vulnerable
neurons and in neuronal function, or due to a stimulation of neuronal regeneration (Youdim and
Joseph, 2001; Youdim et al., 2002; Unno et al., 2004; Wang et al., 2006).

There is also

evidence supporting the beneficial and neuromodulatory effects of flavonoid-rich ginkgo biloba
extracts, mostly associated with the age-related dementias and Alzheimer´s disease
(Zimmermann et al., 2002).
Most of the biological actions of flavonoids have been attributed to their antioxidant
properties, either through their reducing capacities per se or through their possible influences on
intracellular redox status. However, recent studies have shown that the antioxidant activity of
flavonoids is unlikely to be the only explanation for the observed cellular effects (Williams et al.,
2003). It has become evident that flavonoids might exert modulatory effects in cells through
selective actions at different intracellular signalling cascades which control neuronal survival,
death and differentiation. Particularly, flavonoids have been shown to interact with protein
kinase and lipid kinase signalling cascades such as the PI3 kinase (PI3K)/Akt, tyrosine kinase,
protein kinase C (PKC) and mitogen-activated protein kinase (MAP kinase) signalling pathways
(Table 3 and Table 4). Actions on these pathways, either inhibitory or stimulatory, are likely to
strongly affect cellular function by either altering the phosphorylation state of target molecules
and/or by modulating gene expression (Schroeter et al., 2002; Spencer et al., 2003).
Nevertheless, while specific inhibitory actions at the mentioned kinase cascades may be
favourable in cancer, proliferative diseases, inflammation and neurodegeneration, the same
actions could be negative in the context of developing immature nervous system. In the
developing brain, protein and lipid kinase signalling regulates survival, synaptogenesis and
neurite outgrowth. On the other hand, in the mature brain, post-mitotic neurons use MAP kinase
and PI3K cascades in the regulation of key functions such as synaptic plasticity and memory
formation (Lin et al., 2001).
Evidence supports the localization of flavonoids within the brain and it is additionally
reported that the flavonoids concentrations encountered in vivo are high enough to exert
pharmacological activity at receptors, kinases and transcription factors. Although the emerging
evidence that particular flavonoids may exert beneficial effects in the central nervous system,
and that this effect may occur through interactions with particular signalling pathways, the
precise sites of action are presently unknown. It is likely that their activity depends on their
ability to 1) bind to ATP sites on enzymes and receptors; 2) modulate the activity of kinases
directly; 3) affect the function of important phosphatases, which act in opposition to kinases; 4)
2+

preserve Ca

2+

homoeostasis, thereby preventing Ca

-dependent activation of kinases in

neurons; and 5) modulate signalling cascades lying downstream of kinases, i.e. transcription
factor activation and binding to promoter sequences (Spencer, 2007).
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It is evident that flavonoids are potent bioactive molecules and a clear understanding of
their mechanisms of action as modulators of cell signalling is essential to the evaluation of their
potential to regulate neuronal function in the central nervous system (Williams et al., 2004).

In Table 3 and Table 4 are presented some examples distinguishing those systems
whose modulation mechanism by the dietary component is known (Table 3) from those whose
mechanism is unknown (Table 4). For each example, the dietary components as well as the
signalling pathway involved have been identified, and its potential in prevention and therapy are
stated.
Table 4- Examples of systems involving interactions of dietary components from different sources, with
specific cell signalling pathways. In the examples presented below, the mechanism of action of dietary
component with the correspondent pathway is not known yet or not completely understood.

Dietary

Dietary

Cell Signalling

Prevention/

Component

Source

Pathway

Therapy

Red Grapes

Caspase Activation; NF-

and Wine

kβ

Resveratrol

Indole-3-carbinol

Cruciferous
vegetables

MAP kinase

Phenethyl

Radish;

ERK and p38 MAP

isothiocyanate *

Cabbage

kinases

Garden cress

Benzyl
isothiocyanate *

Reference
Manna et al, 2000;

Cancer

Holmes-McNary and
Baldwin, 2000

Cancer

Aggarwal and
Ichikawa 2005

Cancer

Zhang, 2004

p38 MAP kinase

Cancer

Zhang, 2004

ERK MAP kinase and

Neuronal

PI3K/Akt

Protection

Epicatechin

Tea, cocoa

Genistein*

Soybeans

NF-kβ

Cancer

Quercetin

Apples and

ERK MAP kinase; JNK;

Neuronal

black tea

PI3K/Akt

Protection

Schroeter et al., 2007
Reviewed by Sarkar
and Li, 2004
Ishikawa and
Kitamura, 2002;
Spencer et al., 2003

* Not fully understood
Mathematical modelling of cellular response to dietary components

As mentioned above, there are several diseases, such as cancer and neurological
disorders where it is becoming increasingly important to explain their origin and development on
the basis of cell signalling pathways. The additional observation of a direct influence of dietary
component is also valuable in the context of therapy and prevention. Knowing already the
importance of mathematical modelling in understanding the complexity of signalling systems, it
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seems natural that the following relationship, presented earlier in Chapter 1, can be extended to
dietary components:

Dietary components ↔ Human Health ↔ Cell Signalling ↔ Mathematical Modelling
Therefore it is proposed here to apply mathematical modelling to understand cellular
response to dietary components. The main objective is to attempt to find out how these
quantitative tools can be useful in the field of nutrition. On the one hand, we have mathematical
modelling that is already used to study cell signalling pathways, and, on the other hand, we also
have cellular response to dietary components mediated mainly by regulation of cell signalling
pathways. The challenge is to integrate these two fields and enhance our knowledge of the role
of diet in cell signalling and human health. These following sections devote considerable
attention to the present state of art and its implications for future contributions of mathematical
models in cell signalling modulation by dietary components

The modelling approaches are built according to what is already known and what
information is being sought about the biological system under study. As stated earlier, a
mathematical model is developed to deal with a specific problem. Hence, before thinking about
modelling, it is crucial to define precisely the biological problem. If the mechanism is known the
modelling process can be carried out as described in Chapter 2. If not, the modelling approach
has to be different. The generation of the experimental time-courses data, per se, can give an
indication of plausible mechanisms which can be modelled and tested. This involves trial and
error which has to be carefully undertaken. A model may not fit the data because the structure
of the equations is not right, which implies that the mechanism hypothesised is not correct. On
the other hand, the model may able to describe the experimental trends observed correctly, but
it may not fit the data, implying that it could just be a parameter adjustment problem.
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What is the dietary
component of interest?

What is the
potential effect in
Human Health?

What are the signalling
pathways involved?

What are the
observed specific
effects of the dietary
component in the
signalling pathway?

Establish the Biological Problem

Is the mechanism of interaction known?
NO

YES
Graphical Form

Kinetic
parameters
(Literature
Search)

Hiphotesize a mechanism

Set of Chemical Reactions

Different
Trend

Reaction Kinetics

Numerical
Method

Same
Trend

System of Ordinary Differential
Equations
Parameter
Estimation
Testing

Simulation

Does the
model fit the
experimental
data?

Quantitative
Experimental Data

NO

YES

(Time courses of protein
activation in the pathway)

Validation

Analysis

Modularization
Dynamic Analysis (Sensitivity
Analysis; Robustness)

Figure 12- A schematic approach to model signalling response to dietary components.

The scheme in Figure 12 is a proposal for a simplified approach to apply mathematical
modelling tools to dietary modulation of cell signalling pathways. It pretends to summarize what
was discussed in this chapter applying, additionally, the mathematical concepts utilized in the
development and analysis of a model, already presented in Chapter 2. The future exploitation
and development of this first approach would certainly be useful in the field of nutrition, giving a
new insight and definitely a new perspective of the current questions needed to be answered.
Ultimately, it is my firm conviction that the potential of these quantitative tools would help to
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solve some of the problems being faced by researchers in this area and give them,
simultaneously, a new powerful working tool.

Why model? What is its potential in the field of nutrition?

Following the above analysis it is important now to focus on the “why” we must model
such processes. The following sections illustrate examples of the different ways in which
mathematical models have been used.
i) Why Make Models? Organizing Different Information into a Coherent Whole

The cellular signal transduction system is intrinsically very complex, in part due to the
several different combinations of cell signalling pathways regulating simultaneously the same
cellular response. An additional level of complexity is introduced by the fact that, depending on
the stimulation conditions, innumerable cross-talks between the signalling pathways it can be
established. Similarly, activation and inhibition actions exerted by dietary components are not
straightforward. It is common that the resulting cellular response involves several signalling
pathways, as we can see in some of the examples presented in Table 3 and Table 4. For
instance, quercetin, present in apples and black tea, is known to exert an anti-apoptotic effect
by regulating the ERK and Akt pathways simultaneously in neuronal cells (Spencer et al., 2003).
Capsaicin is also reported to regulate the activation of JNK and p38 MAP kinases and NF-kβ
pathways (Hail, 2003; Jobin et al., 1999).
The cellular response induced by dietary components can be intricate, as the final
response is a result of the activation and/or inhibition of several pathways simultaneously.
However, apart from the mechanistic complexity associated with these systems, an additional
level of complexity is reached due to the several known possible cross-talks between different
signalling pathways. This aspect may be also investigated in the context of the cellular response
to dietary components.
Even if, at first, we focus in the modulatory effect of the dietary component in each
pathway separately, ultimately we are seeking to understand the cellular response to the dietary
component as a whole. We want to know ”What do these signalling pathways do acting
together?”; “What is exactly the mechanism by which they are acting?” or “Why are they acting
that way to induce that final response?”. Answering these questions clearly requires a capability
for integrating a considerable amount of information. Mathematical modelling constitutes a way
of compiling information about the functioning of the system. It can organize and comprise all
the important features and give simultaneously a clearer idea of the cellular response, as well
as its physiological significance.
The cell treatment with dietary component can be carried out following different
strategies; and, as a result, it can generate vast amounts of interesting data. A mathematical
model can, in fact, permits a simultaneous analysis of all these results and it can, eventually,
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predict situations that are not yet demonstrated experimentally. The cellular response is
normally studied to different concentrations of the component (in a time point), but it is also
interesting to evaluate the changes in pathways activation over time. This can give an idea of
the kinetic contributions of various signalling pathways to the overall time course of the final
target response (Gang-Yi et al., 2000). Additionally, it is possible to inhibit one of the pathways
and evaluate the response to the component just through the other pathway (Schroeter et al.,
2007). The generation of time courses in different conditions can enrich the mathematical
model, giving a new insight into the kinetics and sensitivity of activation/ inhibition of the
signalling pathways as a response to the dietary component.
The signalling systems are, per se, quite complex and in order to characterize the
specific response to a dietary component it can be necessary to combine a large amount of
different information. A mathematical model is, undoubtedly, a powerful tool to assemble and
synthesise the biological knowledge acquired and essentially is a powerful tool to enhance that
knowledge.

ii) Why Make Models? To describe logically the component´s interactions in the system
All the information assembled can fit into a reasonable conceptual qualitative picture of
the overall system. However, the question arises whether, when all of these interactions and
relationships are written down systematically, in explicit mathematical language, the resulting
mathematical model exhibits behaviour consistent with experimental observations?
The mathematical model of the NF-κB regulatory model is a successful example
showing that the picture of molecular-level interactions and regulation described previously in
the literature, is in fact consistent with the observed behaviour of the system as a whole
(Lipniacki et al., 2004). The two-feedback-loop regulatory module of nuclear κB (NF-κB)
signalling pathway was modelled by means of ordinary differential equations in response to
extracelular signals such as tumor necrosis factor or interleukin-1. The model involves twocompartment kinetics of the activators IκB (IKK) and NF-κB, the inhibitors A20 and IκBα, and
their complexes, as is described in Figure 13. After parameter fitting, the proposed model was
able to properly reproduce time behaviour of all variables for which the data were available (NFκB, cytoplasmatic IκBα, A20 and IκBα mRNA transcripts, IKK and IKK catalytic activity). The
model allows detailed analysis of kinetics of the involved proteins and their complexes and
gives additionally the predictions of the possible responses of whole kinetics to the change in
the level of a given activator or inhibitor.
There are two regulatory loops in the NF- κB module: one of them involving the inhibitor
IκBα, whose mechanism is already known and a second one involving the inhibitor A20, whose
mechanism is not completely established by then. Therefore, the main issue focused in the
model developed by Lipniacki et al., (2004) was this second loop: the kinetics of the activator
IKK and its potential inhibitory protein A20. However, the evolution of protein A20 was not
possible to follow experimentally, because the protein is unstable and thus hard to measure
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(Lipniacki et al., 2004). Consequently, the model was developed based just on the evolution of
A20 mRNA (Lee et al, 2000). It was assumed that the inhibitory effect exerted by A20 was
performed just by inactivating the activator IKK. This assumption was based in some previous
observations, showing that in A20-deficient mouse embryonic fibroblasts the IKK activity was
persistent, conducting to the NF-kβ release from the cytoplasm to the nucleus (Lee et al., 2000).
Futhermore, Arvelo et al., (2002) showed that over-expression of A20 in HepG2 cells inhibits
IκBα degradation 15 minutes from the beginning of TNF stimulation.

Figure 13- Schematic depiction of the mathematical model of NF-κB regulatory model. Upon TNF
stimulation, neutral IKKn is transformed into its active form IKKa. Active IKKa forms complexes with IκBα
and (IκBα| NF-κB) and strongly catalyses IκBα degradation. Liberated NF-κB enters the nucleus where it
binds to κB motifs in A20, IκBα or other gene promoters. The newly synthesized IκBα enters the nucleus
and leads NF-κB again to the cytoplasm, while newly synthesized A20 triggers transformation of IKKa into
inactive IKKi. The bold arrows stand for very fast dynamics, with characteristic time-scales of a minute or
shorter (Lipniacki et al., 2004).

The model was then constructed assuming a direct influence of A20 protein on the
inactivation of IKK, and fitted accordingly to the experimental data available (Lee et al., 2000;
Hoffmann et al., 2002). The model analysis of the regulatory mechanisms in the system
revealed that lowering the IKK production rates causes an effect similar to that of increasing the
A20 transcription, and correspondingly, the effect caused by increasing IKK production rate
resembles the effect caused by lowering the A20 transcription rate (Lipniacki et al., 2004).
These findings indicate a tight regulation between IKK and the inhibitor A20, demonstrating that
the assumption made in the model is able to describe the experimental data. Therefore, the
inclusion of A20 in the mathematical model developed by Lipniacki et al., (2004) revealed the
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second important feedback loop in the NF-kβ regulatory network, establishing the mechanism
by which it exerts its inhibitory effect. While in the first known regulatory loop, IKβα inhibits NFkβ in a direct way, entering the nucleus and shuttling NF-kβ back into the cytoplasma; in the
second loop, the action of A20 is indirect, promoting the transformation of the active IKK to an
inactive form which is no longer capable of phosphorylating and degradating IKβα.
The Lipniacki et al., (2004) model is a good example showing how these quantitative
tools can help biological scientists to test their hypothesis, providing, in this case, a clear
understanding of the importance of an inhibiting component (A20) in the regulatory system and
clarifying the mechanism by which it occurs. As this example shows up, one of the main
reasons why it is valuable modelling in mathematical terms is, exactly, to describe logically the
importance of specific components or interactions in the functioning of the whole system.
Furthermore, a model is more credible if it can also describe, in a consistent way,
situations different from the one on which the original model is based (Bailey, 1998). Lipniacki et
al model´s was developed based on the experimental data available, but it also further
demonstrated the value of the hypothesis of the A20 regulatory feedback loop, even missing the
A20 protein evolution over time. This predictive power is, undoubtedly, one of the great
potentials of models. It permits to explore other hypothesis and theories, different from those
that the experimental data reveals, and, therefore, give a step further in the system´s
knowledge.
In particular, we are interested to benefit from these modelling tools in the field of
cellular response to dietary components. Curiously, NF-kβ is known as the “Holy Grail” in
cancer prevention and therapy, as NF-kβ activation has been shown to regulate the expression
of hundreds of genes involved in cellular transformation, proliferation, antiapoptosis, invasion
and metastasis (Aggarwal et al., 2006). Additionally, the inhibition of the NF-kβ regulatory
module by several dietary components is widely reported in the literature (Nataranjan et al.,
1996; Jobin et al., 1999; Manna et al, 2000; Holmes-McNary and Baldwin, 2000 Ashikawa et al.,
2002; Shishodia et al., 2003). It is exactly in this type of biological problems, involving
modulatory actions of diet, that we seek to benefit from the predictive power of mathematical
tools. Following this example of NF-kβ pathway, in which a mathematical model describing the
main features of the regulatory system was already established, it would be wortwhile to
investigate how can we take advantage of what was already done and make an effort to adapt it
to describe a regulatory action of dietary components.
It is important, once more, to distinguish the modulatory actions with known
mechanisms, from those that are still unknown. In any case, the first step is the generation of
appropriate experimental data: the time-courses of the molecules involved in the regulatory
module when the cells are treated with the dietary component. In this particular system,
because the effect of the component is inhibitory, it would make sense to evaluate this effect
when the pathway is already activated by interleukin-1 or tumor necrosis factor, for instance. It
would be interesting to observe the differences in the dynamic behaviour of NF-kβ module when
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the cells are exposed to the dietary component in comparison to the situation described by
Lipniacki et al., (2004).
If the site of action of the dietary component is known, as in the case of curcumin (Table
3), it could be introduced in the model proposed by Lipniacki et al., (2004) the necessary
modifications to describe mechanistically this additional inhibitory effect. The parameter reestimation and the model validation can be carried out on the basis of the new experimental
data generated.
Ultimately, we are interested in testing, for instance, at what concentrations of dietary
component it is possible to induce the final response, in this case the inhibition of NF-kβ, in a
short period of time. It could be interesting to evaluate also how a variation in component´s
concentration influences the time to reach that response. Additionally, a time versus dose
administered can be constructed which can guarantee the constitutive inactivation of the
signalling pathway in cancer cells. Depending on the objective, a variety of strategies can be
tested using the mathematical model avoiding time-consuming laboratory experiments.

iii) Why Make Models? To discover new strategies

The environment of a cell determines, in part, the rate at which the processes are
conducted in the cell, as well as the type of processes that operate within it. The idea of
manipulating the external environment conditions to achieve specific cellular end-responses, by
guaranteeing the occurrence of certain metabolic or signalling processes in the cell, is not new.
The classic example of this is the switch in metabolism exhibited by Saccharomyces Cerevisiae
(baker´s yeast) when external glucose concentration is increased in an aerated medium. At low
concentrations, the yeast respires and produces predominantly cell mass and carbon dioxide
from the consumed glucose. On the other hand, if the glucose concentration exceeds a certain
value, the yeast conducts aerobic fermentation, producing then, biomass, ethanol and more
carbon dioxide than in the respiratory metabolism. In this example, it is clear how the alteration
in metabolism driven by an environmental condition is manifested in ethanol production and
greater carbon dioxide production and how this fact can be manipulated to implement better
operating strategies. Cooney et al., (1977) in a pioneering study, showed how off-gas
measurement, a mathematical model relating off-gas composition to cell metabolism, and
computer control could be used together to control glucose feeding in order to have an efficient
growth of baker´s yeast. The model used was not complex from a mathematical point of view,
but established the essential relationships that enable the implementation of an algorithm for
operating the process effectively. The objective was to match the supplied glucose in the growth
medium with the capacity of yeast to utilize that glucose in respiratory metabolism, assuring that
glucose concentration did not increase to a point which activated aerobic fermentation (because
in these conditions ethanol is produced which is, not only, a waste of carbon substrate, but also
inhibits the growth of the yeast) (Cooney et al., 1977; reviewed by Bailey, 1998).
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Besides its historical impact, this example can be considered as a basis for the later
development of Metabolic Engineering as a subject discipline. The essence of Metabolic
Engineering is described as the concept of metabolic pathway manipulation for the purpose of
endowing microorganisms with desirable properties. The main goal is the direct improvement of
product formation or cellular properties through the modification of specific biochemical
reactions or the introduction of new ones with the use of recombinant DNA technology. There
are many outstanding examples of this strategy in the areas of aminoacids, antibiotics, solvents
and vitamin production (Stephanopoulos et al., 1998).
Metabolic Engineering uses mathematical modelling to describe the metabolic fluxes of
the framework of metabolic pathways. The fundamental objective is to elucidate the factors and
mechanisms responsible for the control of metabolic flux. A better understanding of the control
of flux provides the basis for rational modification of metabolic pathways. Metabolic Engineering
constitutes the basis to implement the necessary changes to the cellular system (environmental
conditions or genetic modifications) that are likely to be the most effective in achieving a certain
objective. There are currently a large number of applications of Metabolic Engineering: the yield
and productivity improvement of products made by microorganisms; the expansion of the range
of substances that can be metabolized by an organism; the formation of new and novel
products, the general improvement of cellular properties and the xenobiotic degradation.
At the heart of Metabolic Engineering, mathematical modelling provides a systematic
improvement of the strategies adopted and the discovery of new strategies over a broad range
of contexts and applications. These mathematical tools can be seen as a way of establishing a
rational relationship between the manipulating environmental conditions and the desired cellular
end-response.
Following the successful example of Metabolic Engineering in the discovery of new
metabolic strategies, can we establish a parallelism with cell signalling in the context of the
response to dietary components? Can we benefit from mathematical modelling to create new
diet strategies to improve human health? As shown in Table 5, it is possible to make a logical
correspondence between these two fields. Metabolic Engineering is focused on understanding
cellular metabolism, measuring the metabolic fluxes in the cell and modelling it in mathematical
terms. However, we are focused on understanding cell signalling pathways measuring protein
cascades activation and modelling it, as well. One main goal of Metabolic Engineering, is to
establish quantitatively how external parameters, like pH, temperature, oxygen, concentration
and type of substrate, govern metabolic pathways. However, we are seeking to understand how
dietary components regulate the signal transduction system. In both cases; we intend to
manipulate the external conditions (substrate concentration or dietary component concentration)
in order to achieve a particular goal. While, in Metabolic Engineering, this goal involves
production of food, development of products in pharmaceutical field or environmental issues; in
cellular response to dietary components, the main objective is related to prevention and
therapy.
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Mathematical modelling can not only be a useful tool to understand the cellular
response to dietary components, but also, and consequently, a great instrument to rationally
define a food intake strategy.
Table 5- Parallelism between Metabolic Engineering and the potential mathematical description of the
cellular response to dietary components. In both fields, mathematical modelling plays a central role to
understand how the manipulating environmental conditions affect positively or negatively the cellular
system in different contexts.
Cell Systems

Environmental

Measurable Quantities

Conditions

in the Cell

Desired effects in:

Parameters like pH,
temperature, dissolved
Metabolic System

oxygen, aeration rate,

Pharmaceutical and
Metabolic fluxes

Food Industry;
Environmental issues

substrate concentration
Signal Transduction

Dietary components

Protein cascades

Human Health:

System

(type and concentration)

activation

Prevention and Therapy

To Manipulate

To Model

To find new strategies

iv) Why Make Models? To make important corrections in the conventional wisdom,
giving a step ahead in the current knowledge

There are numerous situations in biological science research that are extremely
complicated and hard to analyze. These include signal transduction systems. In such situations,
it is not difficult to misinterpret results of an experiment or even commit major conceptual errors.
Mathematical modelling and the subsequent model analysis can aid considerably in avoiding
such mistakes or in identifying errors (Bailey, 1998). There are several examples demonstrating
how mathematical modelling helps to make important corrections in the scientific knowledge.
Douglas Lauffenberger and his collaborators carefully formulated a mathematical description of
the network of processes involved in receptor-mediated phenomena, which had an important
impact in the scientific research of those systems (Lauffenberger and Linderman, 1993).
Growth factors exert a stimulatory action in many types of mammalian cells leading to
cellular proliferation. From a molecular point of view, growth factors bind to specific receptors on
the external cell surface, are internalized and activate a biochemical response leading to an
increase in the number of cells. Pharmaceutical companies have dedicated considerable
resources to the identification and production of new receptors to screen protein, chemical and
natural products libraries upon the basis of their affinity for these receptors. The affinity of
binding to a receptor has been accepted as being synonymous of effectiveness of the ligand in

42

activating or inhibiting the response through the receptor (reviewed by Bailey, 1998). However,
the model developed by Lauffenberger and his collaborators showed that an epidermal growth
factor (EGF) mutant which binds more weakly to the EGF receptor than other forms of EGF can
have greater activity to stimulate cell proliferation, due to a

more rapid trafficking kinetics

(Reddy et al., 1996). Accordingly, an effective ligand is not necessarily the one that binds
strongly to the receptor, but that one that operates more effectively within the entire system.
This is a great example of how mathematical modelling, specifically in cell signalling,
can enhance the current knowledge, by the identification and subsequently correction of some
errors. This is an additional very good reason to apply these quantitative principles to cell
signalling response to dietary components. Mainly, because in several cases, the mechanism
by which the dietary component is regulating the signalling pathways is not clear (Table 4). So,
to describe the hypothetical mechanism in mathematical terms could help to clarify the real
modulatory action of the dietary component. At least, it could eliminate some hypothesis, and
accelerate the research process. With this objective in mind, it is presented in Chapter 4 a first
approach to study quantitatively a signalling system in which the action exerted by the flavonol
epicatechin is not understood yet.

Limitations and Challenges

The development of a mathematical model is, intrinsically, a very complicated task. All
the processes (Chapter 2), starting with the definition of the modelling objective, the
construction of the model, the parameter estimation and the validation, involves extensive
intellectual, experimental and computational resources. Apart from the computational and
intellectual needs, the mathematical modelling in biological systems has an extra obstacle to
overcome, which is related with the intrinsic nature and uncertainty associated with biological
systems.
Therefore, the origin of the limitations and challenges associated with the approach that
is proposed in here is not only mathematical, but also biological. If, from one point of view, the
mathematical construction of the model and the parameter estimation are tricky processes, from
another point of view, the additional inaccuracy associated with the biological experimental data
(in which the model is based) increases dramatically the complexity of the whole process. The
limitations from both sides are intrinsically related.
In mathematical modelling one of main current difficulties is associated with the
construction of algorithms to estimate the unknown kinetic parameters. As discussed earlier
(Chapter 2- Parameter Estimation), the complexity of the task increases with the size of the
model and the increasing number of unknown parameters. Additionally, the optimization of the
parameters is hardly dependent of the initial values considered, giving different solutions that
can, in the same way, describe the experimental data. However, the parameter estimation
process is also intrinsically dependent of the experimental data available.
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The generation of experimental data suitable for a mathematical modelling approach, is
currently a huge limitation in the approach proposed. In practice, it is necessary to perform
experiments to follow the transient activation of the components in the signalling pathways
when stimulated by the dietary component. The detection of the activated forms of the kinases
in the signal´s cascade is typically obtained by immunoblotting techniques (vide “Validation” in
Chapter 2). There are already some studies available on time-courses of the activation or
inhibition of signalling pathways by components of diet, in order to evaluate the time-depending
character of the process. However, the experimental data generated is just semi-quantitative
and this constitutes one important limiting step in the application of quantitative methods to
biological systems. It is necessary to transform the relative values obtained in the
immunoblotting experiments into absolute values, like concentration. This is the only way of
obtaining comparative values from different immunoblotting experiments. Apart from the
importance of having absolute values, the technique is likely to involve several experimental
errors that are hard to control. There are already some studies focused on how to generate
accurate quantitative immunoblotting data, presenting some strategies and approaches that
may be helpful in solving some of the current barriers (Schilling et al., 2005 a); b)).
Additionally, the construction of mathematical models describing the cellular response
to dietary components is a harder process in those cases in which the modulatory mechanism is
not clear. Usually, it is preferable to use as much a priori information as possible to make the
model more accurate. Such information can include, apart from the mechanistic description of
the system, the type of kinetics (which means knowing the type of functions relating different
variables), the kinetic parameters and the initial values for the variables. In the case of the
cellular response to dietary components, the only information that is currently available for some
of the systems is the mechanism. For those already described mechanistically, the next step
may be to write it down mathematically, generate the experimental data and start to evaluate
and study the type of inhibition or activation kinetics that describes the data. For the systems
whose mechanism is not understood, the modelling process is more difficult to develop, but it
can constitute a helpful method to rationalize the different hypothesis and eventually get closer
to the real physiological situation.
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4. Cellular response to (-) epicatechin in neuronal cells

Introduction
As it was described before, there has been intense interest in the potential of flavonoids
to modulate neuronal function and prevent age-related neurodegeneration. There is a widerange of flavonoids known to protect cultured neurons against neurodegenerative diseaserelevant insults and one of the most effective is (-) epicatechin (Figure 14) (Schroeter et al.,
2000). (-) Epicatechin is a flavan-3-ol that is commonly present in green teas , red wine cocoa
products and many fruits, such as apple. Recent research has demonstrated protective effects
of epicatechin and one of its metabolites, 3´-O-methyl-(-)-epicatechin, against neuronal cell
death induced by oxidative stress (Schroeter et al., 2001).

Figure 14- Chemical structure of (-) epicatechin

(-) Epicatechin is metabolised into glucuronidated, methylated and sulphated forms. Abd
El Mohsen et al., (2002) report the presence of some of these forms in rat brain following dietary
supplementation with (-) epicatechin, suggesting that these flavonoids are able to cross the
blood-brain barrier and thus have the potential to be active in vivo.
There is evidence that suggests that the neuroprotective actions of (-) epicatechin is not
just related to their H-donating antioxidant potential but also to the modulation of protein kinase
signalling cascades. (-) Epicatechin and its metabolite 3´-O-methyl-(-)-epicatechin have been
shown to stimulate phosphorylation of ERK1/2, a mitogen activated protein kinase (MAPK) and
the downstream transcription factor CREB. ERK1/2 are usually associated with pro-survival
signalling (Kaplan and Miller, 2000) through mechanisms that may involve activation of the
cyclic AMP regulatory-binding protein CREB (Crossthwaite et al., 2002), the up-regulation of the
anti-apoptotic protein Bcl-2 and non transcriptional inhibition of BAD (Bonni et al., 1999). (-)
Epicatechin was also reported to activate Akt/PKB, one of the main downstream effectors of
PI3K, a pivotal kinase in neuronal survival (Miller and Kaplan, 2001).
In particular, Schroeter et al., (2007) reported for the first time that (-) epicatechin at
nanomolar concentrations in cortical neurons act as a rapid stimulator of ERK and PI3K
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pathways, resulting in an increase in CREB phosphorylation. The real importance of this
observation resides in the fact that CREB-mediated gene expression plays a role in memory
formation, in part, through the up-regulation of receptors and growth factors that are involved in
synaptic strengthening (Kandel, 2001; Lonze and Ginty, 2002). Consequently, molecules that
are able to stimulate signalling pathways leading to the activation of CREB could modulate
synaptic efficacy and potentially improve cognition.
The demonstrated potential of (-) epicatechin to stimulate CREB-mediated gene
expression in cortical cells, at nanomolar concentrations is, undoubtedly, a great achievement.
However, the identity of the primary (-) epicatechin interacting site in neurons is still unknown.
The modulation by epicatechin could be either at the cell surface or intracellular, although the
ERK and PI3-kinase dependence to CREB phosphorylation in reminiscent of ionotropic receptor
signalling (Perkinton et al., 1999). Adenosine and GABAA receptors as well as steroid-like
receptor in neurons are reported to act as flavonoid binding sites, raising the possibility that (-)
epicatechin might be acting through one of these receptors to activate CREB (Jacobson et al.,
2002; Adachi et al., 2006; Han et al., 2006).
Following the time evolution of the signalling response to epicatechin can give an idea
of how this process is occurring. If we could follow the evolution of each signalling molecule in
both pathways and then evaluate how that evolution is being reflected in CREB activation, it
can give us an important clue about, for example, the kinetic contribution of each pathway over
time to the activation of CREB. A future mathematical modelling approach might help to
rationalize and understand the mechanism by which the flavonol epicatechin is regulating the
activation of Erk and Akt pathways.
Having in mind the approach extensively described before, we propose the generation
of the time-courses of the activation of three central molecules in this system: Akt, Erk1/2 and
CREB activation in neuronal cells treated with (-)epicatechin. The generation of such data
constitutes the first step in the development of mathematical tools in this area.
The (-) epicatechin´s concentration used in the time-courses was selected according to
the results reported by Schroeter et al., (2007). These authors shown a maximum
phosphorylation of CREB, ERK and Akt when neurons are stimulated with (-)epicatechin
concentrations between 100-300 nmol/L (Figure 15). Therefore, the time-courses experiments
were performed using 300 nmol/ L of epicatechin. It is important to note that it is presently
difficult to predict whether the concentrations achievable in brain are sufficient to activate the
signalling pathways observed in the present study. However, despite this, the potential clearly
exists for (-) epicatechin to exert beneficial actions within the mammalian central nervous
system (Schroeter et al., 2007).
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Figure 15- (-) Epicatechin stimulates cAMP-response element binding protein (CREB) phosphorylation,
ERK phosphorylation and Akt phosphorylation in a concentration-dependent manner. (-) Epicatechin
exihibited bell-shaped concentration response characteristics with a maximum stimulation of CREB, ERK
and Akt phosphorylation at 100-300 nmol/L. (Schroeter et al., 2007).

Materials and Methods
Materials
(-) Epicatechin was purchased from Extrasynthase (Genay, France). The components
of the boiling buffer for Western immunoblotting; tris, sodium dodecyl sulphate (SDS), glycerol,
mercaptoethanol and bromophenol blue were all obtained from Sigma (Poole, UK). The tris,
SDS, Bis-acrylamide, ammonium persulfate (APS) and TEMED used to make the gels were
from Sigma (Poole, UK). The buffers used in Western immunoblotting contained tris, glycine,
SDS, sodium chloride and polyoxyethylenesorbitan monolaurate (Tween 20) from Sigma
(Poole, UK), methanol from Fisher Scientific Ltd (Loughborough, UK) and skimmed milk powder
from Chivers. Hybond-ECL nitrocellulose membrane, the ECL Western blotting analysis system
and x-ray film were obtained from Amersham Biosciences (Chalfont St.Giles, UK). Antiphospho-MAP kinase 1/2 (ERK1/2) and Anti-MAP kinase 1/2 (ERK½.) antibodies were obtained
from Upstate (Billerica, USA). Akt, anti-phospho-Akt, CREB and

pCREBSer133 were all

obtained from Cell Signalling Technologies (Danvers, USA). Anit-rabbit IgG (whole molecule)peroxidase, developed in goat, was from Sigma (Poole, UK). Enhanced chemiluminescence
(ECL) reagent and Hyperfilm-ECL were purchased from GE Healthcare. The developer and
fixer were obtained from Kodak (NY, USA). Quantity One Software from Biorad (California,
USA) was used to quantify protein bands. All other reagents were obtained from Sigma (Poole,
UK) or Merck (New Jersey, USA).
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Primary cortical neurons culture
Primary cultures of mouse cortical neurons were prepared from 14-16 day-old Swiss
mouse embryos (NIH, Harlan, UK). Briefly, cortices were isolated by dissecting out the striata
and removing the meninges under a stereomicroscope. Cortices were then mechanically
dissociated, using a fire-polished glass Pasteur pipette in phosphate-buffered saline (PBS,
2+

2+

Ca - and Mg

-free) supplemented with glucose (33mM). Cells were plated into 60 mm well

plates that had been coated overnight with 15µg/ml poly-L-ornithine (Sigma, Poole, UK) and
then with culture medium supplemented with 10% heat-inactivated foetal bovine serum (Gibco,
6

Paisley, UK) for 2h. After removal of the final coating solution, cells were seeded (10 cells/ml)
in a serum-free medium composed of a mixture of Dulbecco’s Modified Eagle Medium and F-12
nutrient (1:1 v/v) (Gibco, Paisley, UK) supplemented with glucose (33mM), glutamine (2mM),
sodium bicarbonate (6.5 mM), HEPES buffer (pH7.4, 5mM), streptomycin (100 µg/ml) and
penicillin (100 IU/ml). A mixture of hormones and salts composed of insulin (25µg/ml),
transferrin (100µg/ml), putrescine (60µg/ml), progesterone (20nM) and sodium selenate (30nM)
(all from Sigma) was also added to the cell culture medium. The cells were cultured at 37°C in a
humidified atmosphere of 95% air and 5% CO2 and were used after 5-6 days in vitro when the
majority of cells were neuronal and there were <2% detectable glial elements, as determined by
the lack of glial fibrillarly acidic protein (GFAP) immunoreactivity (not shown).

Immunoblotting
Following exposures to 300 nM of epicatechin for 5 min, 15 min, 30 min, 1 hour, 2
hours, 6 hours, 12 hours, 16 hours and 24 hours, neurons were washed with ice-cold PBS (+
EGTA 200 µM) and lysed on ice using Tris (50mM), Triton X-100 (0.1%), NaCl (150mM) and
EGTA/EDTA (2 mM), containing mammalian protease inhibitor cocktail (1:100 dilution), sodium
pyrophosphate (1 mM), PMSF (10 µg/ml), sodium vanadate (1 mM) and sodium fluoride (50
mM).

Lysed cells were scraped and left on ice to solubilise for 45 min.

Lysates were

o

centrifuged at 1,000xg for 5 min at 5 C to remove unbroken cell debris and nuclei. Protein
concentration in the supernatants was determined by the BCA protein assay kit Samples were
incubated for 5 min at 95°C in boiling buffer (final conc. 62.5mM Tris, pH 6.8, 2% SDS, 5% 2mercaptoethanol, 10% glycerol and 0.0025% bromophenol blue). Boiled samples (30 µg/lane)
were run on 9 % SDS-polyacrylamide gels and proteins were transferred to nitrocellulose
2

membranes by semi-dry electroblotting (1.5 mA/cm ). The nitrocellulose membrane was then
incubated in a blocking buffer (20mM Tris, pH 7.5, 150 mM NaCl; TBS) containing 4% (w/v)
skimmed milk powder for 45 min at room temperature followed by 2 x 5 min washes in TBS
supplemented with 0.05% (v/v) Tween 20 (TTBS). Blots were then incubated with either a antiphospho-Akt (Ser 473) pAb (1:1000), anti ERK1/ERK2 pAb (1:1000) and anti-phopho CREB
(1:1000) in TTBS containing 1% (w/v) skimmed milk powder (antibody buffer) overnight at room
temperature on a three dimensional rocking table. The blots were washed 2 x 10 min in TTBS
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and incubated with goat anti-rabbit IgG conjugated to HRP (1:1000 dilution) for 60 min. Finally
blots were washed 2 x 10 min in TTBS rinsed in TBS and exposed to ECL-reagent for 1-5 min
and developed. Bands were analyzed using BioRad Quantity One 1-D Analysis software.
Molecular weights of the bands were calculated from comparison with pre-stained molecular
weight markers (MW 27,000 – 180,000 and MW 6,500 - 45,000, Sigma) that were run in parallel
with the samples. The equal loading and efficient transfer of proteins was confirmed by staining
the nitrocellulose with Ponceau Red (Sigma).

Results

(-) Epicatechin stimulates CREB phosphorylation in a time dependent manner

To investigate the transient activation of CREB by the flavonol (-) epicatechin, cortical
neurons were stimulated with 300 nmol/L of epicatechin for 5, 15, 30 min and 1, 2, 6, 12, 16, 24
hours. The cell lysates were immunoblotted in two independent experiments with a phosphoCREB polyclonal antibody that detects the protein when it is phosphorylated at Ser133. The
total CREB was also measured to detect possible loading errors in the electroforesis. The
activation level was evaluated normalizing the relative band intensity (phospho/total) according
to the control (cells not treated with (-)epicatechin). In one of the membranes (B) was detected a
significant variation in the total CREB, that clearly indicates that some of the alterations that we
are observing for CREB phosphorylation are in part due to protein loading errors. Consequently,
we loose sensibility to evaluate the real activation of CREB. Clearly there are different trends in
the CREB activation from experiments A and B (Figure 16 and Figure 17). For that reason, it
was just considered the analysis of the results from experiment A, where the total protein levels
were not significantly altered during the treatments.
(-) Epicatechin treatment caused a fast phosphorylation of CREB, with a maximum
stimulation observed for 15 minutes (Figure 17). Densitometric analysis of immunoblots showed
that the levels of phosphorylated CREB increased significantly by ~ 160% following exposure to
(-) epicatechin for 15 minutes. It is observed some variation in the level of CREB
phosphorylation: slightly decrease between 15 min and 2 hours, a sudden increase at 6 hours
to values near the maximum reached at 15 minutes and then a decrease till 24 hours. Because
we are basing our analysis in just a set of experiments, there isn’t any guarantee that the
observed variability is real. From a biological point of view it seems not natural that such
variation is actually happening, especially when we analyse simultaneously ERK and Akt
activation that are responsible for CREB activation. It may be just some variation associated to
the protein detection method. In any case, globally it is being observed a robust activation of
CREB that is sustained for, at least, 16 hours. During this period, apart from that slight variability
observed in CREB phosphorylation, the global trend seems to be a significant increase in the
first 2-6 hours and a slow decreasing afterwards.
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According to the time-courses performed, neurons treated with (-)epicatechin showed
increased levels of activated CREB for at least 16 hours, in a time-dependent manner.
However, the observed trends have to be further confirmed by independent experiments.

A)
pCREB
tCREB

B)
pCREB
tCREB

Figure 16- (-) Epicatechin stimulates cAMP-response element binding protein (CREB) phosphorylation in
a time-dependent manner. Cortical neurons were exposed to 300 nmol/L for 5, 15 and 30 minutes, 1, 2, 6,
12, 16, 24 hours and the levels of phosphorylated CREB (Ser133) and total CREB were measured my
immunoblotting. A and B represent immunoblots from two experiments showing phosphorylated CREB
and total CREB in the same cell lysates.
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Figure 17- Time progress of CREB phosphorylation is evaluated normalizing the relative band
intensity (phospho/total) according to the control (0 minutes of treatment with (-)epicatechin). Apart from
some variability observed, globally (-) epicatechin was able to activate CREB for at least 16 hours. A) Time
courses of CREB phosphorylation for 24 hours. B) Amplification of the time courses of CREB
phosphorylation for the first 2 hours.

(-) Epicatechin stimulates ERK and Akt phosphorylation in a time dependent manner

According to Schroeter et al., (2007) there is a strong evidence that (-) epicatechin is
able to recruit and stimulate ERK1/2 and PI3-kinase pathways in neurons and that this fact is
directly involved with the activation of CREB. Therefore, the involvement of ERK1/2 and Akt in
the transient activation of CREB was investigated.

Identically, the cell lysates were

immunoblotted in two different experiments and the phosphorylated and total protein were
detected. The levels of total ERK½ and Akt were unchanged indicating that alterations in
phosphorylated forms were not to protein loading. Contrary to CREB, it was obtained a similar
curve shape in both experiments either to ERK ½ and Akt (
Figure 19).
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(-) Epicatechin treatment caused a fast phosphorylation of ERK½, reaching a maximum
stimulation for 5 minutes (Figure 18 and
Figure 19). However, it is observed a strange behaviour at 15 minutes, with a decrease on ERK
½ phosphorylation and an increase afterwards, at 30 minutes, to a value close to the maximum.
Within th<at short period of time, that decrease and increase again is not understandable.
Furthermore, according to Schroeter et al., (2007) experiments, neurons treatment with 300
nmol/L of (-) epicatechin for 15 minutes induces a significant activation of ERK1/2. This fact
contraries the decrease of ERK ½ phosphorylation that is being observed in the time-courses
performed. It can be a blotting error that occurred specifically in these gels since Akt was
detected in the same membrane and it is observed exactly the same strange decrease at 15
minutes. It could be also a problem with this time point treatment, but apparently we are not
detecting the same weird behaviour in CREB that could justify a mistake in the cells treatment.
Further repeat of the experiment will clarify this situation.
Assuming that there is not a decrease at 15 minutes, but instead the activation curve
between 5 and 30 minutes is well-shaped, it can be suggested that there is a strong activation
of ERK ½ in the first 30 minutes of treatment. Afterwards, it is observed a slightly decrease and
between 1 and 2 hours, the levels of ERK ½ phosphorylation decline to values below the
control. From 2 hours to 24 hours ERK ½ was inhibited, reaching values of 50% of the control,
at 24 hours treatment. It is curious that CREB is activated for at least 16 hours, but ERK ½
seems to be activated just in the first 1 hour of (-)epicatechin treatment. This fact conduct us,
naturally, to the role of Akt pathway in CREB activation.

Band density analysis revealed a similar trend in Akt phosphorylation in both
immunoblotting experiments (
Figure 19). It is observed some variability around the control value in Akt phosphorylation till 2
hours of treatment. In relation to 15 minutes treatment, is identically observed a decline, that is
not expected according to Schroeter et al., (2007) results. Further experiments are needed to
confirm if this trend is significant or not. From 2 hours treatment the behaviour seems clearer:
an increase in Akt phosphorylation that reaches a maximum for 12-16 hours stimulation
(approximately 130%) . After 16 hours, it was observed a decline till 24 hours. The transient
activation of Akt during the treatment with (-) epicatechin is clearly different from the one
observed for ERK ½. While ERK pathway is immediately activated in the first 5 minutes
treatment, Akt pathway is visibly phosphorylated later, revealing different response rates to (-)
epicatechin.
Together, this data demonstrates an involvement of both Akt and ERK pathways in
mediating the transient neuronal response to (-) epicatechin.
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A)
pERK ½

tERK ½

pAkt
tAkt

B)
pERK ½

tERK ½

pAkt
tAkt

Figure 18- (-) Epicatechin stimulates ERK ½

and Akt phosphorylation in a time-dependent

manner. Cortical neurons were exposed to 300 nmol/L for 5, 15 and 30 minutes, 1, 2, 6, 12, 16, 24 hours
and the levels of phosphorylated and total ERK ½ and Akt were measured my immunoblotting. A and B
represent immunoblots from two experiments showing phosphorylated and total ERK ½ and Akt in the
same cell lysates.
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Figure 19- Time progress of ERK ½ and Akt phosphorylation is evaluated normalizing the relative band
intensity (phospho/total) according to the control (0 minutes of treatment with (-)epicatechin). A) Time
courses of ERK ½ phosphorylation for 24 hours, showing an amplification for the first 2 hours. B) Time
courses of Akt phosphorylation for 24 hours, showing an amplification for the first 2 hours.

Discussion

ERK and Akt pathways contribute differently to early and late phases of CREB
phosphorylation in response to (-) epicatechin

(-) Epicatechin and its human metabolites were demonstrated to be able to stimulate
phosphorylation of the transcription factor CREB, a regulator of neuronal viability and synaptic
plasticity (Schroeter et al., 2007). Furthermore, it has been known for many years that several
different protein kinases are capable of activating CREB through the phosphorylation of Ser133, making it a point of potential convergence for multiple signalling cascades. This study
focus on the transient contributions of Akt and ERK pathways to the overall time course of
CREB phosphorylation in response to (-) epicatechin. A deeper look into whether the activation
of individual signalling pathways to CREB are time-dependent in response to (-) epicatechin
may provide a new insight into the mechanism by which this regulatory process is occurring in
neurons. Therefore, to distinguish the different kinetic contributions of the different activitydependent signalling pathways to CREB, the time-courses of Akt, ERK and CREB
phosphorylation, induced by 300 nmol/L of (-) epicatechin, were followed.
Analysing the time course response of ERK, Akt and CREB to (-) epicatechin (Figure
20), a robust and prolonged phosphorylation of CREB is evident: it was already phosphorylated
5 minutes after stimulation and it reached a maximum at 15 minutes; the overall
phosphorylation was maintained for 12-16 hours. The ERK activity, reached a maximum at 5
minutes, and continued to remain activate for 1-2 hours, following which it waned. In this early
phase of CREB activation, the phosphorylation of Akt is not detected. Further, given that
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simultaneous blocking of ERK and Akt pathways completely abolished CREB phosphorylation,
it is clear that these two signalling pathways are the only ones responsible for the activation of
CREB by (-) epicatechin (Schroeter et al., 2007). Therefore, together, this data suggests that
ERK pathway is probably responsible for the early activation of CREB.
Nevertheless, besides the inhibition of ERK from 2 hours after stimulation, a sustained
activation of CREB, for at least 12 hours, is observed. This fact can be indicative of the
importance of Akt pathway in the late activation of CREB. Akt starts to be activated from 2 hours
of stimulation and reaches its maximum at 12-16 hours, decreasing afterwards just as CREB
does.
Although further confirmation of this transient behaviour is necessary, this study
indicates that CREB activation by (-) epicatechin may result from the convergence of a fast ERK
phosphorylation, and a slow activation of Akt pathway. A similar description of CREB activation,
through Calmodulin and ERK pathways, in response to membrane depolarization, has already
been reported (Wu et al., 2001). The activation of CREB in this study was performed by a fast,
sensitive calmodulin kinase pathway and a slow, less sensitive MAPK pathway. It is possible
that the neuronal response to (-) epicatechin follows a similar behaviour. In any case, it is
necessary to evaluate the veracity of these observations, as discussed late in this text, in order
to clarify the mechanism underlying this process and the possible significance of it.
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Figure 20- Time courses for ERK ½ , Akt and CREB phosphorylation for 24 hours, showing an
amplification in the first 2 hours.
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Investigating the mechanism by which CREB is being activated by (-) epicatechin

To confirm the different contributions of ERK and Akt pathways to CREB
phosphorylation, we propose the generation of time-courses when cortical neurons are treated
with specific inhibitors of Akt and ERK pathways. So, the use of an ERK pathway inhibitor, as
for instance U0126 that inhibits MEK kinase, and the neuronal stimulation with (-) epicatechin
for several time points will reveal the importance of ERK in the early and late phases of
activation of CREB. If, as our results suggest, ERK only plays a significant role in the first 1-2
hours of CREB´s phosphorylation, the time courses will reveal a severe decrease in CREB
activation during this period. On the other hand, for the later points, an identical transient
behaviour is expected since Akt was not affected.
Similarly, if Pi3k-Akt pathway was inhibited with, for example, the Pi3K inhibitor
LY294002, the role of Akt in the overall time activation of CREB can be evaluated. Although, the
time-courses performed had revealed lower importance of Akt in the first 2 hours of stimulation,
previous results showed a slight activation of Akt for the first 15 minutes (Schroeter et al., 2007).
The same study revealed that the inhibition of Pi3K-Akt pathway for 15 minutes stimulation
revealed a decrease in CREB´s phosphorylation not as significant as the inhibition of ERK
pathway at the same time point. This can be indicative of the lower importance of Akt signalling
pathway to CREB in the early stages, but not of an exclusive contribution of Akt in the later
points, as is suggested by our results. If, in fact, the influence of Akt increases progressively
with time, it is expected that the removal of its contribution in the first time points produces only
a small effect in CREB phosphorylation. However, in the later time points Akt inhibition may
ablate persistent CREB activation The analysis of these results throw light on the kinetic
contributions of the two distinct signalling pathways to CREB (Figure 21).
The confirmation of the aforementioned transient behaviour is valuable in the
investigation of the mechanism by which this regulatory network is operating. For example, to
establish the possibility of cross-talks between the two signalling pathways is indispensable in
understanding the transient behaviour. In the case of CREB activation through Calmodulin and
ERK pathways in response to membrane depolarization, it was reported that ERK was only
activated in the later stage, because is being activated through Calmodulin pathway as well (Wu
et al., 2001). In the present case, it may be worthy to clarify if there is any cross-talk between
Akt and ERK pathway in response to (-) epicatechin, as this could explain some of the observed
trends. An inhibitory effect of Akt on ERK pathway through Raf 1 has been reported, that could
be possibly be observed

in the neuronal response to epicatechin (Han and Meier, 2007)

(Figure 21). Examining carefully the time-course trends of ERK and Akt, it is possible to verify
that when Akt is being activated (from 2 hours of stimulation), ERK is being inhibited. It
constitutes a possible cross-talk that can explain the inhibition of ERK after 2 hours of (-)
epicatechin stimulation. In any case, this or other type of cross-talk, can be further investigated
straightforward in the aforementioned experiments, involving the selective inhibition of each
signalling pathway. Therefore, if we evaluate the time-courses of Akt and ERK as well (in
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addition to CREB) when one of the pathways is inhibited, it is possible to figure out the mutual
effect in each pathway originated by the inhibition of the other one. For example, if when Akt
pathway is inhibited, ERK is still activated after 2 hours, this is a good indication that Akt has an
inhibitory effect on ERK pathway. In any case, all the trend´s changes in activation of one
pathway originated by the inhibition of the other one is a valuable clue to figure out how the
regulatory process is occurring in response to (-)epicatechin.
As one of the main goals is to find out how (-) epicatechin is activating CREB, we
propose a qualitative model comprising the different possibilities and highlighting the points that
are not clear yet and that need further investigation (Figure 21). ERK is probably being activated
by the usual way, through Ras→Raf →MEK→ERK, as the inhibition of MEK decreased CREB
phosphorylation, indicating that the pathway is active (Schroeter et al., 2007). However, it is not
known if CREB is being directly activated by MSK1/2 or through p90RSK (Figure 21).Therefore,
it is worth verifying if any of these kinases are being activated in response to (-) epicatechin to
clarify the cellular response mechanism.
On the other hand, Akt seems to be activated through PI3K. Once more, previous work
showed that the disruption of the pathway by inhibiting PI3K resulted in a decreasing of CREB
phosphorylation, indicating an involvement of this signalling pathway (Schroeter et al., 2007)
(Figure 21).
PI3K-Akt and ERK pathways could be activated by (-) epicatechin either at the cell
surface or intracellular, although the ERK and PI3K dependence to CREB phosphorylation is
reminiscent of ionotropic receptor signalling (Perkinton et al., 1999). The activation of both
pathways can be occurring through different receptors, or it is also possible that the signal is
being transmitted to the interior of the cell through a common receptor. It is currently known that
some receptors present in cortical neurons, as adenosine and GABA receptors or steroid-like
receptors, can act as flavonoid binding sites (Jacobson et al., 2002; Adachi et al., 2006; Han et
al., 2006). The apparent different kinetic contributions of Akt and ERK pathway could make us
strongly consider the hypothesis that the extracelular signal is being transmitted through
independent receptors. In this case, it could make sense the observed contrasting time-courses
of ERK and Akt in response to (-) epicatechin.
It is also possible that both pathways were being activated through a receptor, like
GABA receptor or Receptor Tyrosine Kinase and activating Ras, as this GTPase constitutes a
possible common point to the activation of PI3K and c-Raf (from ERK pathway). Ras has been
found to contribute to brain-derived neurotrophic factor-controlled CREB signalling in cortical
neurons (Finkbeiner et al., 1997) and in depolarization-induced CREB phosphorylation in PC12
cells (Rosen et al., 1994) (Figure 21).To evaluate the importance of Ras in the activation of both
signalling pathways to CREB, we propose the blockage of Ras by cotransfection of neuronal
cells with a dominant-negative Ras (RasN17), in a similar approach to that performed by Wu et
al., (2001). Therefore, the effect of inhibition of Ras in activation of Akt and ERK by (-)
epicatechin can be evaluated. It is expected, at least, the inhibition of ERK pathway and
consequently an effect in CREB phosphorylation. It can be further evaluated if Ras plays a
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selective role just in the early CREB phosphorylation or in the late phase as well. Although, is
very unlikely that Akt and ERK pathways are both being activated through Ras, as, in this case,
it is hard to understand the apparent discrepancy in terms of activation speed.
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Figure 21- Schematic proposal of the signalling response of neuronal cells to the flavonol epicatechin

Possible Significance of convergence pathways for CREB phosphorylation

Assuming that, as the present study suggests, the activation of ERK pathway is
specifically effective in promoting a fast phase of CREB phosphorylation, while the activation of
Akt pathway plays a more significant role on late phase of CREB phosphorylation, what would
be the functionally advantageous of this kinetic combination?
It will be interesting to explore in future work, what is the significance of the
convergence to a single regulatory site of these two signalling pathways, each with its own
distinct kinetics. Although the activation of either pathway indicates that some form of neuronal
activity has occurred (this fact is very important as this neuronal function was originated by a
flavonol), each pathway might carry distinct information to the nucleus about the type, source,
strength or timing of the neuronal activity. Finkbeiner et al., (1997) hypothesized that the
simultaneous activation of a fast pathway and a slow pathway from one point in the cell may be
informative about the distance from source to destination. So, these authors suggested that in
the case of BDNF stimulation at one point on a neurite, that activates Calmodulin and ERK
pathway, the signals are sent at different velocities and the time it takes to each signal to reach
the nucleus will be directly proportional to the distance that the signals travelled.
Furthermore, it is well known that CRE-mediated transcription is critically sensitive to
the duration of CREB phosphorylation, so the interplay between different pathways can
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constitute a highly regulated control system, allowing a balance in favour of CREB-dependent
gene expression. Therefore, a brief CREB phosphorylation cannot result in gene expression,
while a prolonged activation conducts to CREB-dependent gene expression (Wu et al., 2001).
Additionally, the previous study carried out by Schroeter et al., (2007) shows that the kinetics of
CREB activation has a bearing on the profile of up-regulated genes detected in neurons
stimulated with (-) epicatechin. Therefore, it is possible that the different type of kinetics
observed in ERK and Akt signalling pathway, as well as the distinct role of each pathway in
early and late phases of CREB phosphorylation, results in specific profiles of genetic
expression. It will be interesting to select some CREB target genes, as BDNF,Zhfx1a, n4Ra2
and GluR1, 2,4, and evaluate the expression of these genes over time. Additionally, it could be
interesting to do an identical analysis when Akt and ERK pathways are inhibited selectively to
evaluate if there is any effect in the genetic expression profile.
The study of biological systems is always associated to an intrinsic unpredictability, as
in this case in part due to the variability that is inherent to cell population. Therefore, it is not
possible to draw strong conclusions based just on one set of experiments of this nature.
Although, these results could possibly give some clues about system behaviour, it is necessary
to repeat it to confirm that what was observed is significant. Once we have several independent
experiments revealing agreeing results, it might be possible to start to draw a mathematical
approach to describe the transient behaviour.

A mathematical point of view

The interpretation of our results based on biology is valuable as it permits to evaluate
critically the quantitative data, distinguishing what we think that is a real trend from just an
experimental inconsistency. Naturally, the biological interpretation highlights the behavioural
aspects that possibly make sense according to a biological background. However, the crosstalk
of this biological analysis with a “blind” mathematical analysis might complement our
interpretation of the data and provide new insights.
Exploratory Data Analysis (EDA) is often the first step in a data analysis; it is very useful
as a preliminary analysis to modelling processes. The main objective of using these exploratory
methods is simply to look at and explore the data. Basically, this is about let the data talk
without a priori models in mind, without any type of influence. Analysis exploration reveals the
shape of the multiple variables distribution, evidencing a general structure in data and detecting
possible relationships between the variables. Multivariable exploratory methods are quite useful
when we are analysing simultaneously more than 3 variables, as the data is an object is a point
in a high dimensional space that can’t be visualized. So, these techniques provide a window to
the high dimensional measurement space. Importantly, an appropriate modelling approach can
be developed only after the data is thoroughly explored (Kaski, 2007; NIST/SEMATECH, 2007).
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In the present study, a simple analysis of the data generated using these exploratory
tools was undertaken, with a view to combine this statistical/mathematical analysis with the
previous biological interpretation. The exploratory data analysis was performed using the
software SCAN 1.1 (Software for Chemometric Analysis), and both bivariable and multivariable
methods were used.

Firstly, we start by exploring the bivariate relationships, which means that we are
looking at the relationship between each two variables. To evaluate these bivariate
relationships, we looked at the correlation matrix and also the covariance matrix. The analysis
was performed considering the two measurements of Akt and ERK time-courses, but just one of
CREB (CREB A- Figure 16) measurements, since the other CREB immunoblotting was not
successful.
The Correlation Matrix lists the correlation coefficients between the specified variables
and these coefficients indicate the strength and direction of a linear relationship between the
two variables considered. It is important to note that the correlation doesn´t detect if two
variables are independent or unrelated, it just indicates whether they are or not related linearly
(Wikipedia b),2007). So, our analysis starts by evaluating a restrictive parameter which will then
be extended to a more global one, the covariance, to detect any type of possible relationships.
The interpretation of the numerical value of a correlation is not obvious, as it depends
on the context and purposes. For example, a correlation of 0,9 may be very low if we are
verifying a physical law using high-quality instruments, but may be regarded as very high in the
social sciences where there may be a greater contribution from complicating factors. Our
measurements might be an intermediate situation between those two. Analyzing the correlation
matrix (Table 6), we observe a correlation greater than 0,9 between different measurements of
the same variable (Akt A and B; ERK A and B), which is expected, considering that they
constitute measurements of the same parameter. It just represents the errors associated with
the detection method. More importantly is the analysis between different variables. A positive
correlation of approximately 0,6 is detected between CREB and ERK , which can be regarded
as a slight linear relationship. Cohen (1988) proposed for research in psychology that a high
correlation would be between 0,5 and 1, and a moderate correlation, between 0,3 and 0,4. In
this case, the origin of possible variation is not so strong, so we may consider that CREB and
ERK are moderately (medium) correlated. On the other hand, ERK and Akt are negatively
correlated, with correlation coefficients between 0,40 and 0,45. Although, the correlation
between ERK and Akt seems to be less significant, it is interesting that we are detecting a
negative relationship which is in agreement with the earlier biological analysis. Finally, the
program detects a negligible linear relationship between CREB and Akt.
If we complement this analysis with the information from the covariance matrix, we can
have a more general idea of the mutual relationships between the variables, as it detects any
type of relationship, and not just the linear ones (Wikipedia a), 2007; Weisstein, 2007). So, we
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can confirm the relationships already detected in the correlation matrix and find out additional
relationships (not linear) that were not possible to identify analyzing the correlation coefficients.
Table 6- Correlation Matrix
Correlation
Matrix
ERK A
ERK B
AKT A
AKT B

CREB A

ERK A

ERK B

AKT A

0,61
0,58
-0,27
-0,20

0,97
-0,44
-0,43

-0,39
-0,44

0,93

The evaluation of the size of the covariance coefficients can be performed by comparing
the covariance values between different variables with those between the same variables, once
we know that we have a maximum covariance between a variable and itself. The covariance
between ERK and CREB is approximately 55-70% of the self-covariances of ERK and CREB
(Table 7). It confirms the moderate level positive linear relationships already established, and it
is in agreement with observations made during the early stages after stimulation. It is natural
that we are not detecting a strong relationship, since, from around 2 hours of stimulation, ERK
suffers an inhibition while CREB activation persists.
In relation to Akt and ERK, a negative relationship is evident, similar to what we have
already stated, but maybe a little more evident now. It is possible that there exist a negative
relationship between these two variables, but it is non linear. Once more, the relationship
between CREB and Akt is negative and not significantly detected. This fact contradicts the
previous biological analysis, as we hypothesized an activation of CREB by Akt pathway during
the later time-points.
Table 7- Covariance Matrix
Covariance
matrix
CREB A
ERK A
ERK B
AKT A
AKT B

CREB A

ERK A

ERK B

AKT A

AKT B

0,106
0,054
0,056
-0,017
-0,012

0,073
0,078
-0,023
-0,021

0,089
-0,023
-0,024

0,038
0,033

0,033

The Principal Component Analysis (PCA) is a multivariate exploratory method that
allows the identification of patterns in data, expressing it in such a way that highlights their
similarities and differences. It is usually a very useful method to analyze data of high dimension,
where the luxury of graphical representation is not available (Shlens, 2005). Mathematically it is
based on an identical approach to that used in image compression. We are basically
representing our data in a different axes system that is composed by the two most important
vector directions found in data and we are ignoring the additional directions. This allows us to
represent our data simultaneously in 2 dimensions (the 2 most important ones) and
consequently visualize the relative relationships between them (Smith, 2002). It is true that we
are loosing some information, but only the less important ones. We can always evaluate the
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importance of what we lose by verifying the relative significance of the directions that we are
ignoring (termed eigenvectors). In our case, once we are analyzing simultaneously 5 variables,
we have 5 different directions, so 5 different eigenvectors. The eigenvalues give us an
indication of the importance of each direction (Smith, 2002) So, analyzing the Principal
Components Eigenvalue Plot (Figure 23), we verify that the first 2 components (2 directions)
contain most of the information about our data, in comparison with the other 3.
The graphical representation of data in terms of the principal eigenvectors is showed in
Figure 22. The possible relationships between the different variables are detected by analyzing
the angles between the corresponding vectors. So, when the angle is less than 90º, there is
direct relationship between the variables, and the smaller is the angle, the stronger is the
relationship. If the two vectors are perpendicular (i.e. orthogonal), than there is no relationship.
And for angles between 90-180º, there is an inverse relationship that is stronger when the angle
is closer to 180º (Information provided by Software Scan Help).
According to these considerations, it seems clear that there is a direct relationship
between ERK and CREB. The inverse link between ERK and AKT is also obvious. In relation to
CREB and AKT, we are observing a 90º angle between the respective vectors, indicating an
absence of connection between these two variables. The PCA analysis confirmed the
relationships already found in the bivariate analysis, giving us at the same time a window to
visualize a structure in our data.
Principal Components Loading Plot
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Figure 22- Principal Components Loading Plot (obtained with the software Scan)
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Figure 23- Principal Components Eigenvalue Plot (obtained with the software Scan)

The exploratory data analysis tools provided identical conclusions to those discussed
earlier in a biological background, apart from the relationship between CREB and Akt, that is not
detected mathematically. In fact, it is mathematically impossible to detect a positive link
between these two variables. If we are detecting a positive relationship between CREB and
ERK, and we assume that this relationship is valid, and, in addition, we are detecting a negative
relationship between ERK and Akt, also valid, it is impossible to have a positive link between
CREB and AKT. This fact is evident, when we analyze the vectors system in Principal
Components Loading Plot (Figure 22). It is not mathematically possible to observe this third
relationship.
It is curious how the behaviour that seems to be possible biologically; it revealed
impossible when we analyze it mathematically. In effect, we are observing these two
relationships in different time windows, what explain this apparent paradigm. Once, the
statistical software considers the first two relationships stronger (in the total time window), it
cannot consider the third one as well, since it will be mathematically inconsistent. This
observation constitutes, in fact, a good clue to a future modelling approach: it could make sense
to consider the modelling of these two time windows separately, as these regulatory processes
are occurring at significantly different times. It is a sequential process that can be modelled in
two distinct steps

Some considerations seeking a future modelling approach

Considering a modelling approach based just in the time-courses of ERK, Akt and
CREB, we are missing several steps of the regulatory network. Consequently, it is not possible
to use a mechanistic approach to describe mathematically the pathways involved, but, instead
modelling as a black box:
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ERK

CREB

AKT
According to this approach, we are ignoring the mechanism by which the signal is
transmitted from ERK and Akt to CREB. We are just able to identify and describe the mutual
relative behaviour of these three variables. The kinetics can be described using ordinary
differential equations and the kinetic parameters estimated using appropriate algorithms
(Chapter 2). The construction and validation of the model has to be performed using
independent experimental results. The selection of data for each purpose can be made using
exploratory data analysis tools available in software Scan (used in this study).
One of the main limitations in developing a mathematical model describing signalling
systems, as this presented here, is the lack of quantitative reliable data. Immunoblotting
experiments give just a semi-quantitative measurement of the amount of protein. Furthermore,
the uncertainty associated to these measurements is significant, as there are several sources of
error: blotting errors, pippeting errors originated by differences in cell number, gel loading and
antibody detection. A reliable mathematical model depends on the reliability of quantitative
experimental data used to construct and validate the model. If it is not possible to generate the
data accurately and convert it to absolute values, the validity of the model is compromised.
The complete characterization of this regulatory system will need further investigation of
involvement of the additional elements constituting the complete regulatory network. To be able
to establish a mechanistic relationship between the different constituents it is necessary to
perform time-courses of all the elements involved. Based on the transient behaviour of all the
components involved it is possible to establish mathematical terms and have a complete picture
of the signalling response of neuronal cells to (-) epicatechin. The rational and systematic
analysis of this system might clarify the mechanism by which (-)epicatechin is activating the
signalling response in neurons, providing additional valuable insights for different hypothesis
and therefore guiding the future experimental work.

66

Conclusions
Mathematical modelling is a powerful method for the analysis of biological systems. It
has proved to be of crucial importance in the analysis and understanding of molecular dynamics
and has become an essential tool in biochemical and genetic research. Therefore, the
application of mathematical tools in the field of nutrition is a challenge to overcome in a near
future, as its potential is promising. Here, we proposed an initial approach to link the signalling
response to dietary components to the mathematical modelling. Although the evidence of the
beneficial effects of these dietary components in the regulation of crucial signalling pathways;
frequently the mechanism by which these components act in the pathways is not fully
understood. Therefore, it is fundamental to distinguish those cases whose mechanism is known
from those whose mechanism is unknown, as the modelling approaches are built according to
this information. When the signalling mechanism is not understood, the generation of timecourses of key components and the further rational and systematic analysis of this data might
be valuable in clarifying this mechanism. In the case of neuronal response to (-) epicatechin,
focused in here, the generation of time courses suggested a distinct kinetic contribution of ERK
and Akt pathways to the overall CREB phosphorylation. Although, these observations need
further confirmation, this set of experiments opened the way to a future deeper characterization
of this system seeking a potential mathematical modelling approach.
The main advantage of modelling these signalling responses comes, in part, from the
fact that it is easier to use a model to test hypothesis than to perform equivalent experiments on
living systems. Ultimately, we are interested in testing, for instance, at what concentrations of
dietary components it is possible to induce a final response in a short period of time. It is
important to evaluate also how a variation in component´s concentration influences the time to
reach that response. Additionally, a time versus dose administered can be constructed which
can guarantee the constitutive activation or inhibition of the signalling pathways, depending on
the final objective There are a wide range of potentialities associated to this new approach.
The development of mathematical models describing the cellular response to
components present in food will constitute a crucial step in the understanding of the impact of
diet in Human Health. It will assist, simultaneously, the definition of new strategies for the intake
of specific food seeking prevention and therapy of several diseases.
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