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Abstract—In order to simulate biological processes, we use
multi-agents system. However, modelling cell behavior in systems
biology is complex and may be based on intracellular biochemical
pathway. So, we have developed in this study a Fuzzy Influence
Graph to model MAPK pathway. A Fuzzy Influence Graph is
also called Fuzzy Cognitive Map.

This model can be integrated in agents representing cells.
Results indicate that despite individual variations, the average
behavior of MAPK pathway in a cells group is close to re-
sults obtained by ordinary differential equations. So, we have
also modelled multiple myeloma cells signalling by using this
approach.

I. INTRODUCTION

Modelling systems biology is a new challenge for computer
scientists. Multi-agents system may be a good candidate for
modelling and simulation of biological systems. Moreover, the
hard core of the multi-agents modelling of biological processes
results in giving to agent-cells a complex coherent behaviors.
Cell behavior complexity [1] arise from the intracellular net-
works that control cells’ processes. So, one of the solution
is to model the intracellular biological networks controlling
cells.

The used methodology should firstly allow semantic to
permit discussions with the experts of the domain. Secondly,
it may have to allow retroaction which is one of the bio-
logical networks’ features. Thirdly, we usually dispose only
partial data ; this makes it difficult to perform quantitative
simulations and the modelling of the complete map of the
biological networks. Many attempts have been done to model
intracellular biological network with many different methods,
either in a single cell (for example using Artificial Neural
Networks [2] and Bayesian Networks [3]) or in a multi-agents
model by using a simple algorithm [4], BDI (Beliefs, Desires
and Intentions) architecture [5], or an intracellular network

multi-agents model [6]. Most of these methods can not eas-
ily simulate complex networks using the features described
previously.

In this study, we use a Fuzzy Cognitive Map to simulate two
models of a biochemical pathway: the “Mitogen Activating
Protein Kinase” Pathway (MAPK). Results are then compared
to those obtained by differential equation. We also use Fuzzy
Cognitive Maps in order to modelize and simulate multiple
myeloma cells.

Before explaining our applications, let us defined more
precisely Multi-Agents System (MAS) and Fuzzy Cognitive
Map (FCM).

II. MULTI-AGENTS SYSTEMS

The first studies on the MAS date back to the eighties. They
are justified by the following observation: “there are systems
in nature,.. ,that are capable of accomplishing complex, collec-
tive tasks in a dynamic environment without external controls
or central coordination” [7]. We will start this section by
defining the concept of agent and MAS before presenting the
“in virtuo” methodology developed in our laboratory and then
we will compare MAS and biological systems.

A. Agent, MAS and “in virtuo” experimentation

An agent is an autonomous entity, i.e. there is no global
control of the system but the control is distributed between all
the agents. Each agent, thus, has its own behavior, which is no
more than the way in which it manages its autonomy. Agent
can be classed in two categories depending on their ability
for complex behavior such as “cognitive agents” as opposed
to “reactive agents” [8]. Agents always evolve according to a
three-stroke cycle: perception (of their environment), decision
(according to the external signals and also on their internal
states) and action (on their environment).
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The MAS come from Artificial Intelligence. They are based
on the concept of “intelligence distribution”. Ferber [9] de-
scribed the MAS as sets of agents and their interactions.

The use of MAS allows us to interact with the model
during the simulation. This opens the way to the “in virtuo”
experimentation [7]. This approach supplements the traditional
approaches: in vivo, in vitro and in silico. Exceeding the simple
observation of the activity of the digital model, the user can
test the reactivity and the adaptability of the model during
execution. This makes possible the simulation of the addition
of new drug at a given moment of simulation ; that also helps
to understand a phenomenon by easily modifying it without
starting again simulation. This approach is closer to those
carried out during the experiments in vivo and in vitro.

B. MAS and Systems Biology

Systems biology proposes to study biology as a system [10].
Unlike traditional biology that has examined single genes
or proteins in isolation (“reductionism paradigm”), systems
biology simultaneously studies the complex interaction of
many levels of biological information - genomic DNA, mRNA,
proteins, functional proteins, informational pathways and in-
formational networks - to understand how they work together.
Von Bertanffy in 1973, was the first to introduce systemic in
biology. Moreover, the little availability of molecular biology
knowledge lets “systems biology” in aimless. But, now that
biological knowledge has been improved, systems biology is
back on the rise.

We believe that it is easier to model such biological system
by another system, the MAS. Many key features (robustness,
emergence, self-organization, ...) are shared by MAS and
biological system this could explain why MAS may be a good
tool to simulate this process.

Next, let us define the notion of Fuzzy Cognitive Map used
in our simulations to model MAPK pathway and complex
cancer cells.

III. FUZZY COGNITIVE MAP

A Fuzzy Cognitive Map (FCM) is a Fuzzy Influence Graph
which result from works of some psychologists. “Cognitive
Maps” has been first introduced to describe complex topolog-
ical memorizing behaviors in the rats [11]. In the Seventies,
Axelrod describes the “cognitive maps” as directed, inter-
connected, bilevel-valued graphs, and uses them in decision
theory applied to the politico-economic field [12]. In 1986,
Kosko extends the graphs of Axelrod to the fuzzy mode
which become thus FCMs [13]. It includes many advantageous
modelling features which are flexibility concerning system
design and control, the comprehensible (white-box) structure
and operation, the adaptability to problem-specific prerequi-
sites and the capability for abstractive representation and fuzzy
reasoning. FCM has previously been used in various fields. Let
us cite for exemple the use of FCM to describe and model
complex dynamic system [14], for decision analysis and oper-
ation research [15], and to model effect–based operation [16].

The interested reader can find an overall of this tool in the J.
Aguilar paper [17].

A Fuzzy Cognitive Map is first of all a simple influence
graph. Nodes are named by concepts forming the set of
concepts C = {C1, · · · , Cn}. Arcs (Ci, Cj) are oriented and
represent causal links between concepts; id est how concept
Ci causes concept Cj . Arcs are elements of the set A =
{(Ci, Cj)ij)} ⊂ C × C. Weights of arcs are associated with
a link value matrix Lij ∈ Mn(K) where K is ZZ or IR: if
(Ci, Cj) 6∈ A then Lij = 0 else excitation (resp. inhibition)
link from concept Ci to concept Cj gives Lij > 0 (resp.
Lij < 0).

FCM concepts’ activations take their value in an activation
degree set V = {0, 1} or {−1, 0, 1} if crisp mode or [−δ, 1];
with δ = 0 or 1 if fuzzy mode. At moment t ∈ IN, each
concept Ci is associated with two types of activations: inner
activation degree ai(t) ∈ V and extern forced activation value
fai(t) ∈ IR. This defines inner activation a ∈ (Vn)IN and
extern forced activation fa ∈ (IRn)IN vector sequences.

A FCM is a dynamical system. Initialization is a(0) = 0.
The dynamic obeys a recurrent relation: ∀t ≥ 0, a(t + 1) =
G (fa(t), LT · a(t)), involving link matrix product with inner
activation vector, fuzzy logical operators between this result,
extern forced activation vector and normalization:

∀i ∈ [1, n], ai(0) = 0 ,

∀t ≥ 0, ai(t + 1) = σ(gi

(
fai

(t),
∑

j∈[1,n]

Ljiaj(t)

)
)

where gi : IR2 → IR are fuzzy operators between influence
graph inner activations and extern forced activations, and σ :
IR → V standardizes activations via sigmoidal function. If
fuzzy mode, V = [−δ, 1], σ is the sigmoidal function

σ(δ,a0,k) : a 7→ 1 + δ

1 + e−k(a−a0)
− δ

centered in (a0,
1−δ
2 ), of slope k · 1+δ

2 in a0 and of limits in
±∞ respectively 1 and −δ.

If bimodal,

σ : a 7→
∣∣∣∣ 0 si σ(0,0.5,k)(a) ≤ 0.5

1 si σ(0,0.5,k)(a) > 0.5
If trimodal,

σ : a 7→

∣∣∣∣∣ −1 si σ(1,0,k)(a) ≤ −0.5
0 si −0.5 < σ(1,0,k)(a) ≤ 0.5
1 si σ(1,0,k)(a) > 0.5

Asymptotic behavior (t → +∞) of a FCM with constant
extern forced activation vector sequence could be a fixed
point, a limit cycle or even a strange attractor if complex
enough. A FCM has the forward chaining ability only: it can
answer to “What’s happen if...?”, it can not answer to the
question “Why...?” because of non-linearity. FCM helps to
predict the evolution of the system (simulation of behavior).
The fundamental difference between a FCM and a Neural
Network is that all the nodes of the FCM graph have a strong
semantic defined by the modelling of the concept whereas the
nor input and nor output nodes of the graph of the Neural
Network have a weak semantic, only defined by mathematical
relations.
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Fig. 4. a: Huang and Ferrel’s model, b: Kholodenko’s model (from Blüthgen [18])

IV. APPLICATIONS

Initially, thanks to FCM, we have developed two models
of MAPK pathway that we have integrated in an agent-cell.

We have also modelled multiple myeloma cells signalling by
using this approach. But, first of all, let us detail oRis our
multi-agents platform supporting the implementation of these
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models.

A. oRis platform
oRis [19] is an environment for interactive simulation: it

is a programming language founded upon active objects and
an execution environment. Those characteristics make oRis
a generic platform for multi-agents systems implementation,
more particularly dedicated to simulation. It is a dynamically
interpreted language, with instance granularity which makes
it possible to intervene in the course of simulation to observe
the multi-agents system, to interact with agents or on the
environment and to modify them on line. In oRis, a multi-
agents system is composed of agents (active objects) whose
environment consists in objects, possibly located in space (2D
or 3D) and time.

B. Agent/FCM connection
We have developed simple MAS models using a FCM

because FCMs can specify and control behavior of agents.
An agent has sensors, effectors and decides on its behavior.

FCM in relation with this agent has perceptive and motor
concepts. Decision of the agent associated with the FCM is
controlled by extern activations and FCMs dynamic. Percep-
tive concepts are activated by fuzzyfication of sensors, while
motor concepts activate effectors by defuzzyfication (figure 2).

C. MAPK models implementation
The MAP Kinase are a group of protein kinase that have

been established to have an important function in signal
transduction pathway that mediates the nuclear response of
cells. These enzymes are activated by pathways that have been
conserved during evolution in many organisms. The MAPK
pathway is composed of three kinases: Raf (MAPKKK), MEK
(MAPKK) and ERK (MAPK). Many models have been devel-
oped in literature. Currently, the reference model is the one
which has been proposed by Huang and Ferrell [20] who have
described the activation of MAPK pathway in xenopus oocyte
(figure 1-a). The model input is a hypothetical enzyme called
E1 which is the negative feedback’s target of Kholodenko’s
model [21] (figure 1-b). This can induce oscillation in MAPK
concentration.

Figure 3 shows the FCMs we have used in order to
model MAPK pathway. One can observed on this figure
that arcs weight equals to +1 for activation arcs and -1 for
inhibition arcs. Each concept represents the activated form
of the molecule (MAPK node represents the activated form
of MAPK: MAPK-PP). Input data is the E1 concentration
given by the agent-cell. E1 concentration is first fuzzified
and then can be used by the influence graph. The output
data MAPKK and MAPK, respectively MAPKK-PP concen-
tration and MAKP-PP concentration, are defuzzified before
that agent-cell is able to use them. For both models we have
compute two simulations, the first one with n=1 cell and the
other with n=1000 cells on which we have calculated the
average MAPKK-PP and MAPK-PP concentrations.

Both simulations of Huang and Ferrel’s model (figure 5-
a and figure 5-c) shows that MAPK-PP concentration results

are close in amplitude to those obtained thanks to differential
equations (figure 4). Nevertheless, we don’t use any kinetic
data, so time duration and kinetics are not biologically signif-
icant in any of those simulations. We will discuss about this
in the section dedicated to the conclusion and discussion.

First simulation of Kholodenko’s model with only one cell
shows a periodic signal with an average period of 7.6 oRis time
unity (OTU) and a standard deviation of 0.55 OTU. Interest-
ingly, more cells are presents in the simulation less the stan-
dard deviation is (n=100, average period = 8.0 OTU +− 0.47
and n=1000 average period = 7.9 OTU +− 0.45).

D. Multiple Myeloma FCM model implementation

Thanks to our FCM approach for the pathways modelling of
complex cells, we propose to implement a computer simulation
supporting the maturation model of myeloma cells based on
the CD45 expression.

The CD45 is an important tyrosine phosphatase which inter-
venes in the activation and the development of plasmocytes. It
was highlighted that, during normal plasmatic differentiation,
the proliferation is associated with a high expression of CD45
on the surface of the cell. The differentiation is, as for it,
correlated with the decrease of CD45. Sometimes, but rarely,
this decrease can even bring about a complete loss of CD45.

Thanks to in vivo experiments, the expression of CD45 on
the surface of plasmocytes can be evaluated. So, it is possible
to determine that the immature plasmocytes which are in the
tonsils and the blood express strongly CD45. But, in the other
hand, the phenotypic study of the CD45 on plasma cell shows a
heterogeneity in the bone marrow. Indeed, in the bone marrow,
plasmocytes can lose the expression of CD45. All these data
seems to indicate a correlation between the expression of
CD45 and the cellular proliferation. Bataille distinguishes
several types of plasma cells expressing the CD45 which, as
the cases may be, influence the prognonis of the disease (figure
6-a). The cells with a high expression of CD45 (CD45 Bright),
the cells with a low expression CD45 (CD45 Low) and the
cells with no expression of CD45 (CD45 Neg) [22].

It has been shown that CD45 expression decreases with
the maturation of the cells and CD45 annihilation is a crit-
ical prognonis for patient survival. CD45 expression is also
necessary for IL6 proliferation signals but inhibits IGF-1
proliferation signals. Moreover, CD45 expression is stimu-
lated by IL6 and its activity is inhibited by dimerization.
The kinetic of CD45 dimerization depends of the molecule
isoform. So, we have developed a computer simulation based
on a multiagent system and FCM which integrates the
model of myeloma cell previously described in their micro-
environnement (figure 6-b).

The figure 7-a shows the evolution of the virtual myeloma
tumor. All the virtual cells are controlled by the FCM shown
figure 6-b. This model involves two different growth factors,
IL6 and IGF-1. The first one acts, mainly, thanks to the MAPK
and JAK-STAT pathway and stimulates the expression of
CD45 phenotype. The CD45 thus behaves as a “switch” which
allows the cell to choose its growth factor. So, when a cell
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goes away from IL6 sources (osteoclast), fewer IL6 is then
available. Therefore, the cell will use IGF-1 to stimulate its
growth.

The figure 7-b presents the evolution of the various popu-
lations of CD45: Bright which proliferate slightly, Low which
proliferate more and Neg which proliferate much more and in
a exponential way. At the beginning, only the cells expressing
CD45 Bright proliferate: it is the initial stage of the disease.
Then, when the disease becomes more serious, the cells
expressing CD45 Low begin to proliferate: it is the transitional
stage of the disease. Lastly, the cells expressing CD45 Neg
proliferate exponentially: it is the terminal stage of the disease.

The results obtained in virtuo seem coherent with the
clinical observations of the cancerologists. The in virtuo
experiment has allowed to easily pre-test hypotheses which
must be afterwards verified in vivo or in vitro. This research
approach can be seen as a tool of reflection. It allows to restrict
the number of ways to be studied and thus, probably, to gain
a precious time in the field of cancer research.

Let us now conclude on perspectives and discuss about this
work.

V. CONCLUSION AND DISCUSSION

In this study, we have developed a FCM model of MAPK
pathway for multi-agents simulation. We have compared our
results to those obtained by Blüthgen [18] thanks to Ordinary
Differential Equation (figure 4) because this is the reference
method in the field.

Let us note that in our simulations, contrary to Blüthgen, we
voluntarily do not use the kinetic data of biochemical reactions
which intervene in the model of MAPK pathway. We adopted
this approach because all intracellular activation pathways are
not as well known as those of the MAPK, and thus the kinetic
data are not always available.

One can observe on figure 5 that thanks to the defuzzi-
fication process amplitude of our curves are close to those
obtained by differential equations. Nevertheless, we do not use
kinetics parameters so no exact quantitative simulation like dif-
ferential equation can be done. However, FCM allows a greater
predictive value than boolean network. Indeed, exceeding the
simple 0 or 1 state of the boolean networks, this methodology
consider continuous activation level of the molecule. This
permits FCM to be associate to an other quantitative method.
This association could allow the simulation of a drug effect
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on the system.
The study’s aim was to implement a model of cell with

a complex coherent behavior. Indeed, this is the hard core
of modelling multi-agents model. As far as we know, multi-
agents model developed simulate simple organism such E. Coli
[4], [5] or cell limited behavior [6]. But we also would like
to simulate more biological process like Multiple Myeloma
which is a Plasma Cell cancer. Myeloma Cells are very
complex cells which integrate many stimuli coming from
bone microenvironment. Consequently, we decided to find a
methodology which respects many features.

First, methodology should allow semantics which is an
important point to integrate experts’ knowledges and to test
hypothesis of biologists. Next, the methodology should allow
retroaction. So, we use a Fuzzy Influence Graph which is
commonly called Fuzzy Cognitive Map (FCM). In FCMs we
used, nodes are the presence of activated molecules. So, it
exists a semantic in each node of the graph this make us
able to discuss with expert. Moreover, FCMs theory allows
retroaction either positive or negative.

Finally, FCM dynamics is randomly computed by oRis
simulator. This permit each cell to have his own dynamic.
Nevertheless, figure 5-d shows that most of the cells behave
in the same way. So, we believe that FCM dynamics is closer
to natural behavior than a purely deterministic method.
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