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В статье представлен обзор недавних работ по гибридным дискретно-непрерывным моделям в динамике клеточных популяций. В этих моделях, широко используемых в биологическом моделировании,
клетки рассматриваются как отдельные объекты, которые могут делиться, умирать, дифференцироваться
и двигаться под воздействием внешних сил. В простейшем представлении клетки рассматриваются как
мягкие сферы, их движение описывается вторым законом Ньютона для их центров. В более полном представлении могут учитываться геометрия и структура клеток. Судьба клеток определяется концентрациями
внутриклеточных веществ и различных веществ во внеклеточном матриксе, таких как питательные вещества, гормоны, факторы роста. Внутриклеточные регуляторные сети описываются обыкновенными дифференциальными уравнениями, а внеклеточные концентрации — уравнениями в частных производных.
Мы проиллюстрируем применение этого подхода некоторыми примерами, в том числе бактериальными
филаметами и ростом раковой опухоли. Далее будут приведены более детальные исследования эритропоэза и иммунного ответа. Эритроциты произодятся в костном мозге в небольших структурах, называемых
эритробластными островками. Каждый островок образован центральным макрофагом, окруженным
эритроидными предшественниками на разных стадиях зрелости. Их выбор между самообновлением,
дифференцировкой и апоптозом определяется регуляцией ERK/Fas и фактором роста, производимым
макрофагами. Нормальное функционирование эритропоэза может быть нарушено развитием множественной миеломы, злокачественного заболевания крови, которое приводит к разрушению эритробластических
островков и к развитию анемии. Последняя часть работы посвящена применению гибридных моделей
для изучения иммунного ответа и развития вирусной инфекции. Представлена двухмасштабная модель,
включающая лимфатический узел и другие ткани организма, включая кровеносную систему.
Ключевые слова: клеточные полуляции, дискретно-непрерывные модели, эритропoэз, иммунный
ответ
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The paper presents a review of recent developments of hybrid discrete-continuous models in cell population
dynamics. Such models are widely used in the biological modelling. Cells are considered as individual objects
which can divide, die by apoptosis, differentiate and move under external forces. In the simplest representation
cells are considered as soft spheres, and their motion is described by Newton’s second law for their centers.
In a more complete representation, cell geometry and structure can be taken into account. Cell fate is determined
by concentrations of intra-cellular substances and by various substances in the extracellular matrix, such as
nutrients, hormones, growth factors. Intra-cellular regulatory networks are described by ordinary differential
equations while extracellular species by partial differential equations. We illustrate the application of this
approach with some examples including bacteria filament and tumor growth. These examples are followed by
more detailed studies of erythropoiesis and immune response. Erythrocytes are produced in the bone marrow
in small cellular units called erythroblastic islands. Each island is formed by a central macrophage surrounded
by erythroid progenitors in different stages of maturity. Their choice between self-renewal, differentiation and
apoptosis is determined by the ERK/Fas regulation and by a growth factor produced by the macrophage. Normal
functioning of erythropoiesis can be compromised by the development of multiple myeloma, a malignant blood
disorder which leads to a destruction of erythroblastic islands and to sever anemia. The last part of the work is
devoted to the applications of hybrid models to study immune response and the development of viral infection.
A two-scale model describing processes in a lymph node and other organs including the blood compartment is
presented.
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1. Discrete-continuous models of cell populations
This review is devoted to the modelling of cell population dynamics with so-called hybrid models
where cells are considered as discrete or individual based objects while intra-cellular and extra-cellular
biochemical substances are described with continuous models. It is in this sense that we understand
here hybrid models. Hybrid models can be based on cellular automata or various lattice or off-lattice
approaches (see [Anderson, 2007; Anderson et al., 2007a; Anderson et al., 2007b; Drasdo, 2007] and
the references therein).
Cells can interact with each other and with the surrounding medium mechanically and
biochemically, they can divide, differentiate and die due to apoptosis. Cell behavior is determined
by intra-cellular regulatory networks described by ordinary differential equations and by extra-cellular
bio-chemical substances described by partial differential equations.
In order to describe mechanical interaction between cells, we restrict ourselves here to the
simplest model where cells are represented as elastic balls. Consider two elastic balls with the centers
at the points x1 and x2 and with the radii, respectively, r1 and r2 . If the distance d12 between the centers
is less then the sum of the radii, r1 + r2 , then there is a repulsive force between them f12 which depends
on the distance d12 . If a particle with the center at xi is surrounded by several other particles with the
centers at the points x j , j = 1, . . . , k, then we consider the pairwise forces fi j assuming that they are
independent of each other. This assumption corresponds to small deformation of the particles. Hence,

we find the total force Fi acting on the i-th particle from all other particles, Fi = ji fi j . The motion
of the particles can now be described as the motion of their centers by Newton’s second law

f (di j ) = 0,
(1.1)
m ẍi + μm ẋi −
ji

where m is the mass of the particle, the second term in the left-hand side describes the friction by
the surrounding medium. Dissipative forces can also be written in a different form. This is related
to dissipative particle dynamics [Karttunen et al., 2004]. More complex models of motion can be
considered if the geometry of the moving object (particle, cell, organism) and its properties should be
taken into account (see, e.g., [Bessonov et al., 2014; Tosenberger et al., 2016; Bessonov et al., 2015]).
Intra-cellular regulatory networks for the i-th cell are described by a system of ordinary
differential equations
dui
= F(ui , u),
(1.2)
dt
where ui is a vector of intra-cellular concentrations, u is a vector of extra-cellular concentrations, F is
the vector of reaction rates which should be specified for each particular application. The concentrations
of the species in the extra-cellular matrix is described by the diffusion equation
∂u
= D Δu + G(u, c),
∂t

(1.3)

where c is the local cell density, G is the rate of consumption or production of these substances by
cells. These species can be either nutrients coming from outside and consumed by cells or some other
bio-chemical products consumed or produced by cells. In particular, these can be hormones or other
signaling molecules that can influence intra-cellular regulatory networks. In some cases, convective
motion of the medium should be taken into account. There are various details of this model related to
cell division, the force fi j and cell displacement, relation between discrete and continuous models of
cell population, more complex cell geometry, influence of stochasticity and so on (see [Bessonov et al.,
2006]– [Bessonov et al., 2010a] for more details).
In the next section we present some model examples. Section 3 is devoted to erythropoiesis and
multiple myeloma, in Section 4 we review hybrid models of immune response.
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2. Model examples
2.1. Self-renewal and apoptosis
We begin with the 1D model example where cells can move along the line. The coordinates xi
in equations (1.1) are real numbers. Each cell can divide or die by apoptosis. After division a cell
gives two cells identical to itself. We suppose that cell division and death are influenced by some
bio-chemical substances produced by the cells themselves. We consider the case where there are two
such substances, u and v. We come to the following system of equations:
⎧
⎪
∂2 u
du
⎪
⎪
⎪
=
d
+ b1 c − q1 u,
⎪
1
⎪
⎨ dt
∂x2
(2.1)
⎪
⎪
⎪
∂2 v
dv
⎪
⎪
⎪
= d2 2 + b2 c − q2 v.
⎩
dt
∂x
These equations describe the evolution of the extracellular concentrations u and v with their diffusion,
production terms proportional to the concentration of cells c and with the degradation terms. We note
that cells are considered here as point sources with a given rate of production of u and v. The cell
concentration is understood as a number of such sources in a unit volume. In numerical simulations,
where cells have a finite size, we consider them as distributed sources and specify the production rate
for each node of the numerical mesh.
Intra-cellular concentrations ui and vi in the i-th cell are described by the equations:
⎧ du
⎪
i
⎪
⎪
= k1(1) u(x, t) − k2(1) ui (t) + H1 ,
⎪
⎪
⎨ dt
(2.2)
⎪
⎪
⎪
dvi
⎪
⎪
⎩
= k1(2) v(x, t) − k2(2) vi (t) + H2 .
dt
Here and in what follows we write equations for intra-cellular concentrations neglecting the change
of the cell volume. This approximation is justified since the volume changes only twice before cell
division and this change is relatively slow. The first term in the right-hand side of the first equation
shows that the intra-cellular concentration ui grows proportionally to the value of the extra-cellular
concentration u(x, t) at the space point xi where the cell is located. It is similar for the second equation.
These equations contain the degradation terms and constant production terms, H1 and H2 . When a new
cell appears, we put the concentrations ui and vi equal zero.
If the concentration ui attains some critical value uc , then the cell divides. If vi becomes equal vc ,
the cell dies. Consider first the case where k1(1) = k1(2) = k2(1) = k2(1) = 0. Then ui and vi are linear
functions of time which reach their critical values at some times t = τu and t = τv , respectively.
If τu < τv , then all cells will divide with a given frequency, if the inequality is opposite, then all cells
will die.
Next, consider the case where k1(1) is different from zero. If it is positive, then cells stimulate
proliferation of the surrounding cells, if it is negative, they suppress it. Both cases can be observed
experimentally. We restrict ourselves here by the example of negative k1(1) . All other coefficients remain
zero. Therefore, cells have a fixed life time τv . If they do not divide during this time, they die.
We carry out the 1D simulation where cells can move along the straight line. Initially, there are
two cells in the middle of the interval. Figure 1 shows the evolution of this population in time. For
each moment of time (vertical axis) we have the positions of cells (horizontal axis) indicated with blue
points.
The evolution of the cell population in Figure 1 (top, left) can be characterized by two main
properties. First of all, it expands to the left and to the right with approximately constant speed.
Second, the total population consists of relatively small sub-populations. Each of them starts from
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Figure 1. Dynamics of cell population in the case where cells either self-renew or die by apoptosis. Cells are
shown with blue dots. Horizontal axis shows cell position, vertical axis — time

a small number of cells. Usually, these are two cells at the right and at the left of the previous subpopulation. During some time, the sub-population grows, reaches certain size and disappears giving
birth to new sub-populations.
This behavior can be explained as follows. The characteristic time of cell division is less than of
cell death. When the cell sub-population is small, the quantity of u is also small, and its influence on
cell division is not significant. When the sub-population becomes larger, it slows down cell division
because of growth of u. As a result the sub-population disappears. The outer cells can survive because
the level of u there is less.
The geometrical pattern of cell distribution for these values of parameters reminds Serpinsky
carpet (Figure 1 top, left), an example of fractal sets. The pattern of cell distribution depends on the
parameters. Other examples are shown in Figure 1. The cell populations in Figure 1 (bottom) remain
bounded, and the patterns are time periodic.
The simulations presented here do not use the extra-cellular variable v. Instead of the variable u,
which decelerate cell proliferation, we can consider v assuming that it accelerates cell apoptosis. In this
case, qualitative behavior of cell population is similar.

2.2. Bacteria filaments
The model examples considered in the previous section should be adapted in the case of specific
biological applications. In this section we will consider one of the simplest examples of morphogenesis,
filaments of bacteria with self-renewing and differentiated cells.
Filament of bacteria represents a chain of cells connected to each other. They can divide
producing identical cells. When the cells in the filament lack nitrogen, some of them differentiate, some
other remain in their original form. Differentiated cells do not divide. They are located periodically
in the filament being separated by a given number of undifferentiated cells. In the case of anabaena
filament, the intra-cellular regulation which determines cell differentiation is shown in Figure 2 [Sakr
et al., 2006]. One of the earliest steps of heterocyst differentiation is the accumulation of 2-oxoglutarate
(2-OG), which constitutes a signal of nitrogen starvation. It initiates production of the protein HetR
which plays a key role in this regulation. First of all, its amplifies its own production. Next, it initiates
production of the protein PatS. Finally, when the concentration of HetR becomes sufficiently high, the
cell differentiates into heterocyst. On the other hand, PatS suppresses HetR and, as a consequence, cell
differentiation. Moreover, PatS can diffuse between the neighboring cells. This competition between
HetR and PatS is supposed to determine the pattern of differentiated cells. We emphasize that if a cell
differentiates, then PatS prevents differentiation of the neighboring cells but not of the cell itself. So the
proposed mechanism should capture this property of the system.
2019, Т. 11, № 2, С. 287–309
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The intra-cellular concentrations are described by the following system of equations:
⎧
dui
⎪
⎪
⎪
= Hu ,
⎪
⎪
⎪
dt
⎪
⎪
⎪
⎪
⎪
⎪
dGi
⎪
⎪
⎪
= Hg ,
⎪
⎨
dt
⎪
⎪
⎪
⎪
dhi
⎪
⎪
⎪
= k1(h)Gi (t) + k2(h) h2i (t) − k3(h) pi (t)hi (t),
⎪
⎪
⎪
dt
⎪
⎪
⎪
⎪
dpi
⎪
⎪
⎩
= d(pi−1 − pi ) + d(pi+1 − pi ) + k1(p) hi (t) − k2(p) pi (t),
dt

(2.3)

where ui denotes the intra-cellular concentration of the cell division protein, FtsZ, in the i-th cell, Gi is
the concentration of 2-oxoglutarate, hi is the self-enhancing differentiation regulatory protein HetR,
pi is the inhibitor encoded by the gene PatS, which is dependent on HetR for production. PatS is
synthesized in the developing heterocyst and diffuses to the neighboring vegetative cells.
Since the right-hand side in the equation for ui is constant, then ui = Hu t. If this concentration
reaches a critical value uc , the cell divides. The time of cell proliferation is τ p = uc /Hu . During this
time, cell grows linearly and becomes twice bigger when its age equals τ p . The daughter cells are twice
as small as the mother cell.

Figure 2. Anabaena growth. Differentiated cells are red, undifferentiated yellow. The black circle inside cells
shows their incompressible part. Color version of the picture is available on the journal website

Cell differentiation occurs if the concentration of hi equals some critical value hc . Therefore, the
choice between cell division and differentiation depends on what critical value is reached first. The
rate of production of hi depends on Gi , on hi itself with quadratic self-acceleration and on pi which
downregulates it. The right-hand side of the equation for pi contains the flux terms from the surrounding
cells which are similar to the discretized diffusion equation, the production term proportional to hi and
the degradation term. After differentiation, the cell does not grow anymore, it cannot divide and it
keeps a constant level of pi .
We need to specify the initial values of the concentrations in a new cell. When a cell divides,
the initial conditions in the daughter cells are as follows:
ui (t0 ) = 0,

Gi (t0 ) = G0 ,

hi (t0 ) = 0,

pi (t0 ) =

pm
i
,
2

(2.4)

where pm
i quantity of PatS in the mother cell. Hence the initial concentrations of FtsZ and HetR are
zero, 2-OG takes on some constant given value, and PatS equals half of the concentration in the
mother cell. The latter is important for the pattern of heterocyst differentiation. Indeed, if a cell is
located sufficiently close to a differentiated cell, then the concentration of PatS in it is sufficiently
high. When it divides, the concentration of PatS in the daughter cell, though two times less, can be
sufficient to keep the level of HetR less than the critical level. If the mother cell is located far from
differentiated cells, then the initial concentration of PatS in the daughter cell is close to zero, and it
cannot prevent growth of HetR up to the critical value which determines differentiation.
КОМПЬЮТЕРНЫЕ ИССЛЕДОВАНИЯ И МОДЕЛИРОВАНИЕ
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An example of numerical simulations is shown in Figure 2. We begin with 5 cells, one
differentiated cell in the center and two undifferentiated cells from each side. It is also possible to
begin with all undifferentiated cells. In this case we need to introduce random perturbations in the
production terms for HetR in order to give an advantage to one of the cells to differentiate. Otherwise,
if all cells are initially identical, then they will remain identical. Hence, we need to introduce some
asymmetry either in initial conditions or in the equations.
Undifferentiated cells begin to grow, then they divide. For t = 92.8, the most left and the
most right cells differentiate. Undifferentiated cells in between divide once again and after some time
a cell at the center of the subpopulation of undifferentiated cells becomes differentiated. The process of
growth, division and differentiation continues in the same manner. The number of undifferentiated cells
between two nearest differentiated cells is not exactly constant because of the parity due to division.
Let us explain this in more detail. At t = 92.8 there are 7 undifferentiated cells from each side. After
division, there are 14 of them. A new differentiated cell splits them into two groups of 7 and 6 cells.
After the next division, there are 14 and 12 cells. The next differentiation will produce the groups
of 7, 6, 6, and 5 cells. Hence, after each cycle, there is a group of undifferentiated cells smaller than
previously. At some point, there will be a group small enough such that it will not give a differentiated
cell. Then the cells in this group will divide producing a group of cells twice larger.

2.3. Tumor growth
In this section we consider the complete model (1.1)–(1.3) assuming that u is a scalar variable.
It describes the concentration of nutrients which diffuse from the boundary of the domain and which
are consumed by cells inside the domain. We consider the equation
∂u
= D Δu − kcu,
∂t

(2.5)

where c is cell concentration and k is a positive parameter. The rate of nutrient consumption is
proportional to the product of the concentrations. The form of the domain and of the boundary
conditions will be specified below.
Next, we consider the scalar intra-cellular variable ui where the subscript i corresponds to the
cell number. It is described by the equation
dui
= k1 u(xi , t) − k2 ui .
dt

(2.6)

The first term in the right-hand side of this equation shows that the intra-cellular concentration ui grows
proportionally to the value of the extra-cellular concentration u(x, t) at the space point xi where the cell
is located. The second term describes consumption or destruction of ui inside the cell. We suppose that
the cell radius ri grows proportionally to the increase of ui :

dui
dri
= max
,0 .
(2.7)
dt
dt
The initial value of the radius for each new cell is r0 , the maximal radius rm . When it is reached,
the cell divides. If the cell does not divide before its maximal age, then it dies. The maximal cell age
is a parameter of the problem.
Consider a circular domain Ω and complete equation (2.5) by the boundary condition u = 1
at the boundary ∂Ω. We put a single cell in the center of the domain and begin numerical solution
of system (2.5)–(2.7). The results of the simulations are shown in Figure 3 for several consecutive
moments of time. The grey 2D surface shows the spatial distribution of the concentration u(x, t). In the
beginning it equals 1 everywhere in the domain. The constants k1 and k2 , k1 > k2 are chosen in such
2019, Т. 11, № 2, С. 287–309

294

N. M. Bessonov, G. A. Bocharov, A. Bouchnita, V. A. Volpert

Figure 3. Consecutive moments of tumor growth. It starts with a single cell at the center of the circle. Living
cells are shown in red, dead cells in black. 2D grey surface shows the level of nutrients. Color version of the
picture is available on the journal website

a way that the intra-cellular concentration ui growth. Consequently, the radius of the cell also grows
and after some time the cell divides. The new cells also consume nutrients, grow and divide. The part
of the domain filled by cells forms a disk while the concentration u(x, t) decreases in the center of the
domain (second figure in the upper row). Hence, the right-hand side of equation (2.7) also decreases,
the intra-cellular concentration stops growing or even decreases, and cells cannot divide before their
maximal age τ. As a result, they die and form the black region in the center. Living cells shown in red
form a narrow external layer. The region filled by cells grows in time and finally approaches to the
boundary of the domain.
Dynamics of the cell population can be more complex if we decrease the maximal life time τ.
Cells now have less time to accumulate enough nutrients for division. In this case, even a small decrease
in nutrient concentration can become crucial from the point of view of the choice between proliferation
and apoptosis. In the beginning cells form, as before, a circular region with living cells outside and the
core formed by dead cells. The layer of living cells is narrower than in the previous example. After
that the domain loses its radial symmetry resulting in the appearance of spatial patterns of the growing
tumor (not shown).

3. Erythropoiesis and multiple myeloma
3.1. Organization of erythropoiesis
Erythropoiesis (production of red blood cells) represents continuous throughout life process,
maintaining an optimal number of circulating red cells and tissue oxygen tension. Erythropoiesis
happens in the bone marrow where erythroid progenitors, immature blood cells with abilities to
proliferate and differentiate, undergo a series of maturation stages to produce erythroblasts (mature
progenitors) and then reticulocytes which subsequently enter the bloodstream and mature into red
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cells (erythrocytes). At every step of this differentiation process, erythroid cells can die by apoptosis
(programmed cell death) or self-renew [Bauer et al., 1999; Gandrillon, 2002; Gandrillon et al., 1999;
Pain et al., 1991]. Numerous external regulations control cell fate by modifying the activity of
intracellular proteins. Erythropoietin (Epo) is the hormone synthesized in the kidney in response of
decreased in tissue oxygen tension. Epo promotes survival of early erythroblast subsets by negative
regulation of their apoptosis through the action on the death receptor Fas [Koury, Bondurant, 1990].
Moreover, Epo induces self-renewal [Rubiolo et al., 2006; Spivak et al., 1991] in cooperation with
glucocorticoids [Bauer et al., 1999; Gandrillon, 2002; Gandrillon et al., 1999; Pain et al., 1991] and
some intracellular autocrine loops [Gandrillon et al., 1999; Sawyer, Jacobs-Helber, 2000]. It has been
shown [Rubiolo et al., 2006], that intracellular proteins Erk and Fas are involved in two antagonist
loops. Previously considered by the authors [Crauste et al., 2010], Erk (from the MAPK family)
inhibits Fas (a TNF family member) and self-activates inducing cell proliferation depending on Epo
levels, whereas Fas inhibits Erk inducing apoptosis and differentiation. Fate of cell depends on the
level of each protein. In addition to global feedbacks, there is local feedback control through cell-cell
interaction, during which reticulocyte-produced Fas-ligand binds to the membrane protein Fas inducing
both differentiation and death by apoptosis [De Maria et al., 1999].
All the process of erythroid maturation occurs in the context of erythroblastic islands, the
specialized niches of bone marrow, in which erythroblasts surround a central macrophage which appears
to influence their proliferation and differentiation [Chasis, Mohandas, 2008; Tsiftsoglou et al., 2009].
For years, however, erythropoiesis has been studied under the influence of erythropoietin, which may
induce differentiation and proliferation in vitro without the presence of the macrophage. Hence, the
roles of the macrophage and the erythroblastic island have been more or less neglected. In the following
paper proposed model was validated by comparing with experimental data during stress erythropoiesis
as hypoxia and different forms of induced anaemia [Wichmann et al., 1989]. In 1995, Bélair et al.
proposed age-structured model of erythropoiesis where erythropoietin causes differentiation, without
taking into account erythropoietin control of apoptosis found out in 1990 by Koury and Bondurant
in [Koury, Bondurant, 1990]. In 1998 Mahaffy et al. [Mahaffy et al., 1998] expanded this model
by including the apoptosis possibility. Age-stuctured model is detailed in [Ackleh et al., 2006] with
assumption that decay rate of erythropoietin depends on the number of precursor cells. In [Crauste et al.,
2008] Crauste et al. included in the model the influence of Epo upon progenitors apoptosis and showed
the importance of erythroid progenitor self-renewing by confronting their model with experimental data
on anaemia in mice. Multiscale approache, that include both erythroid progenitor dynamics [Crauste
et al., 2010; Crauste et al., 2008] and intracellular regulatory networks dynamics, give insight in the
mechanisms involved in erythropoiesis.
We present here a hybrid discrete-continuous modelling approach [Bessonov et al., 2011;
Bessonov, 2010b] to bring together intracellular and extracellular levels as well as spatial aspects, in
order to study the importance of spatial structure of erythroblastic island in erythropoiesis. In previous
models of erythropoiesis we considered the process in human bone marrow erythroblastic islands
[Fischer et al., 2012; Kurbatova et al., 2011] with local feedback, mediated by reticulocytes exhibiting
a Fas-based cytotoxicity against the immature erythroblasts via Fas-ligand induction [De Maria et al.,
1999]. A more complete model is presented here with the production of red blood cell in mice
and taking into account the aspect of co-expressing of Fas and Fas-ligand by immature erythroid
progenitors, particularly in the spleen [Koulnis et al., 2011].

3.2. Model of erythroblastic islands
Some erythroid cells produce Fas-Ligand, F L , which influences the surrounding cells by
increasing intracellular Fas activity. These are immature cells in murine erythropoiesis [Koulnis
et al., 2011] and more mature cells in human erythropoiesis [De Maria et al., 1999]. On the other
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hand, macrophages produce a growth factor G, which stimulates proliferation. The concentrations
of Fas-ligand and of the growth factor in the extracellular matrix are described by the reaction-diffusion
equations:
∂F L
= D1 ΔF + W1 − σ1 F L ,
∂t
∂G
= D2 ΔG + W2 − σ2G.
∂t
Here W1 and W2 are the rates of production of the corresponding factors, the last terms in the right-hand
sides of these equations describe their degradation.
Different systems of ordinary differential equations can be used for the intracellular regulation.
The action of Fas-ligand and of the growth factor on the intracellular regulation is modeled by the
value parameters. They become linear functions of quantities of this two substances:
γ1 = γ10 + γ11 B,

γ2 = γ20 + γ21 E,

γ3 = γ30 + γ31 F L

with B — BMP4 produced by macrophage, E — Epo, F L — Fas-ligand.
Simplified model of intracellular regulation in erythroid progenitors is described by ordinary
differential equations. Behavior of cells depends on the values of u, v, w. At the end of a cellular time
cycle, if u < v, progenitors become a differentiated cell, else if u > v, progenitors choose self-renewal.
If w > wcrit at any point in the life of a progenitor, the cell die by apoptosis.
du
= γ1 ,
dt

dv
= γ2 (1 − β1 uv),
dt

dw
= γ3 (1 − β2 uw).
dt

(3.1)

Figure 4. Two stages of the development of multiple myeloma. Myeloma cells form multiple tumors and destroy
erythroblastic islands mechanically and biochemically. In the beginning of myeloma development, erythroblastic
islands are weakly influenced and continue their functioning (upper figure). After some time, tumor fills an
important part of the marrow and all islands are destroyed (lower figure). An erythroblastic island is formed
by a large cell, the macrophage produces GF (green halo), immature cells (progenitors) in yellow, mature cells
(differentiated cells) in blue. Reprinted from [Bouchnita et al., 2016]. Color version of the picture is available on
the journal website

Example of numerical simulations is shown in Figure 4. Macrophage, large cell in the center
of the island produces a growth factor that influences proliferation of erythroid progenitors around it.
These cells can differentiate into reticulocytes or dies by apoptosis. Reticulocytes produce Fas-ligand
upregulating apoptosis of erythroid progenitors.
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3.3. Multiple myeloma
The development of (multiple myeloma) MM leads to several harmful clinical conditions including anemia, renal failure, recurrent infections, hypercalcemia, and osteoporosis with bone fractures.
These pathological conditions can frequently result in the death of the patient. Multiple myeloma tumor
destroys erythroblastic islands undermining normal functioning of erythropoiesis (Fig. 4, right).
The evolution of myeloma cells from the clonal premalignant plasma cells due to monoclonal
gammopathy of unknown significance (MGUS) through the intermediate stage of smoldering myeloma
to the malignant MM stage is mediated by multiple sequential genetic changes, including chromosomal
translocations, hyperdiploidy, and mutations, which permit independent growth and spread of MM
in the bone marrow [Palumbo, Anderson, 2011; Morgan et al., 2012]. A wide variety of genetic
changes involving many different genes have been documented in MM cases. In addition to these
sequential genetic changes, MM cells require specific interactions with the non-hematopoietic cells of
the bone marrow including the stromal cells (BMSCs), osteoblasts, osteoclasts, and cells associated
with vascular supply of the marrow [Palumbo, Anderson, 2011; Morgan et al., 2012]. These marrow
microenvironment interactions with the MM cells include direct binding of cell surface adhesion
proteins and their binding partners on the other cell types as well as diffusible, soluble molecules
that are secreted by one cell type and are bound and internalized by another cell type. These soluble
molecules are often chemokines and cytokines produced by other marrow cells, and their receptors
are expressed on the MM cells. However, specific molecules produced by MM cells indirectly affect
growth of the malignancy by inducing localized resorption of bone, death of hematopoietic cells, and
expansion of vessels supplying blood to the MM. The combined effects of sequential genetic changes
within the evolving myeloma cells and interactions of the MM cells with the marrow microenvironment
affect the migration, proliferation, and survival of the MM cells.
The model is based on the direct effects of sequential genetic changes and marrow
microenvironmental chemokine and cytokine activity that influence the chemotaxis, proliferation and
survival of MM, but does not include the MM effects on bone resorption, hematopoietic cell loss,
or development of specialized vasculature. The complex multiple genetic changes in MM cells and
the numerous cell–cell and cytokine-mediated interactions between myeloma cells and their marrow
microenviroment are simplified in the model so that four related but evolving clones develop in
a process termed intra-clonal heterogeneity [Brioli et al., 2014; Melchor et al., 2014] (Figure 5).
Competition among these four MM clones is based on differences in cellular growth and survival
rates and interactions with the marrow microenvironment. This competition results in predominance of
the more fit clones and decline and ultimate extinction of the less fit ones.

4. Immune response
The immune system provides the defense of a host organism against foreign pathogens and
tumor development, and plays an active role in tissue and organ regeneration. Deviations of the system
functioning from normal physiological activity lead to diseases with various pathologies including
autoimmune- and cancer processes. The modern era of research in immunology is characterized by
an unprecedented level of detail about its numerous components functioning together as a whole
network-type system. However, pure empirical analyses of the behavior of the immune system,
and of its response to external perturbations, are limited to a static description of its components
and the connections between them. There is a demand for the development of high-resolution
detailed mathematical models and their integration into experimental and clinical research to provide
a mechanistic tool for the description, analysis and prediction of immune process dynamics under
specified conditions. (The material of the section is based on our previous studies [Bouchnita et al.,
2017b; Bouchnita et al., 2017c].)
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Figure 5. (a) The intracellular regulation of myeloma cells as described in the model. Bone marrow stromal cells
(BMSCs) secrete the cytokines insulin-like growth factor 1 (IGF-1), interleukin-6 (IL-6), and chemokine stromal
cell-derived factor 1 (SDF-1) which are necessary to the survival, homing and proliferation of myeloma cells. Via
their respective receptors, IGF-1 and IL-6 activate the RAS/ERK pathway which promotes the cell proliferation.
They inhibit apoptosis through the phosphatidylinositol-3 kinase/protein kinase B/Forkhead in rabdomyosarcoma
(Akt/FKHR) pathway. The cell migrates and homes to BMSCs through the SDF-1/CXCR4 axis. The IRF4
mutation, which has been associated with concomitant RAS mutations, promotes survival and proliferation.
BMSCs, which are much larger cells than the myeloma cells, are shown in reduced in size in this figure as well
as the receptors of both IGF-1 and IL-6. (b) The parallel evolution pattern of multiple myeloma clones resulting
in intra-clonal heterogeneity. More aggressive clones result from a more aggressive N-RAS mutation in clone 2
or the acquisition of IRF4 mutation in addition to the less aggressive K-RAS in clone 4. Each clone is shown by
its corresponding color in the model. (c) Snapshots of a simulation showing the competition between clones. The
subclone c4 is as aggressive as the subclone c2 due to the additional IRF4 mutation and it manages to coexist
with it in the remote areas with fewer cytokines. Reprinted from [Bouchnita et al., 2017a]. Color version of the
picture is available on the journal website

4.1. Biology of immune response
Immune processes develop in highly organized spatial structures of the lymphoid organs and
the lymphatic system. We consider a part of the lymph node, i.e., the T cell zone, which contains
various cell types, mainly the antigen presenting cells (APCs) and subsets of T lymphocytes. Naive
T cells and some APCs (such as plasmacytoid Dendritic Cells, pDCs) enter the node with blood
flow via the High Endothelial Venules (HEVs) whereas effector and/or memory T cells, and mainly
DCs and macrophages home to lymph nodes via afferent lymphatic vessels [Mueller, Germain, 2009;
Girard et al., 2012]. Following activation with pathogens, APCs acquire a motile state that allows their
translocation to the T cell zone of draining lymph node with the afferent lymph flow [Junt et al., 2008;
Förster et al., 2012]. Therefore, we assume that the influx of APCs is proportional to the level of
infection in the organism. Differentiation of naive T cells into CD4+ and CD8+ T cells occurs in the
thymus from progenitor T cells [Goldsby et al., 2000]. We suppose that they enter lymph nodes already
differentiated and that there is a given influx of each cell type.
The APCs bearing foreign antigens activate the clonal expansion of naive T lymphocytes. The
activation of T cell division and death is regulated by a set of signals coming from the interactions of the
antigen-specific T cell receptors (TCRs) with the MHC class I or class II presented peptides and IL-2
receptors binding IL-2. Naive T cells undergo asymmetric division [Chang, Reiner, 2008]. Some of the
daughter cells continue to proliferate and differentiate. Mature CD4+ T cells produce IL-2 [Goldsby
et al., 2000; Broere et al., 2011; Nelson, 2004] which influences survival and differentiation of both
CD4+ and CD8+ T cells. The proliferation of CD8+ T cells is stimulated by IL-2 [Broere et al., 2011].
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Figure 6. Schematic representation of the two-scale model. Naive T cells and antigen presenting cells (APC)
enter the lymph node. Due to asymmetric cell division, some T cells differentiate. Mature CD8+ T cells leave
the lymph node and kill infected cells. Mature CD4+ T cells produce IL-2 that influences cell survival and
differentiation. Infection level and immune cells in the body are described by ODEs. Cells in the lymph node
are considered as individual objects, intracellular regulation is described by ODEs and extracellular substances
by PDEs. Modified from [Bouchnita et al., 2017c]

They can expand their number many thousand-fold. In addition to IL-2 enhancing the proliferation of
T cells, APCs start to secrete type I Interferon (IFN) which has an antiviral- and immunomodulatory
function. In fact, the effect of IFNα depends on the temporal sequence of the signals obtained by
naive T cells [Welsh et al., 2012]. It can change from a normal activation of T cells followed by their
proliferation and differentiation to an already differentiated state followed by apoptosis. Overall, the
regulated death of T cells by apoptosis depends on the availability and the timing of TCR, IL-2 and
IFN signalling.
Mature CD8+ T cells (effector cells) leave the lymph node and kill infected cells. Therefore,
there is a negative feedback between production of mature CD8+ T cells and the influx of APCs.
In the model, an asymmetric T cell division is considered as shown in Figure 7. Naive T cell
entering the draining lymph node is recruited into the immune response after the contact interaction
via the T cell receptor (TCR) with APC presenting the foreign antigen. The activation and prolonged
contact with APC can results in polarity of the lymphocyte. The position of the contact with the APC
determines the direction of cell division and the difference between the daughter cells in terms of
their differentiation state. According to [Chang, Reiner, 2008], the proximal daughter cell will undergo
clonal proliferation and differentiation resulting in the generation of terminally differentiated effector
cells (mature CD8+ T cells) that leave the lymph node for peripheral tissues to search and kill infected
cells. The distal daughter cell becomes a memory cell. The memory cells are capable of self-renewal
by slowly dividing symmetrically in the absence of recurrent infection.

4.2. Hybrid model of immune response
In our model of cell dynamics, cells are considered as individual objects that can move, divide,
differentiate and die. Their behavior is determined by the surrounding cells, by intracellular regulatory
networks described by ordinary differential equations and by various substances in the extracellular
matrix whose concentrations are described by partial differential equations. This approach was used
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Figure 7. Scheme of the spatial regulation of the asymmetric T cell division in lymph nodes. Reprinted from
[Bouchnita et al., 2017b]

to model hematopoiesis and blood diseases [Bessonov et al., 2012]– [Stéephanou, Volpert, 2016]. Cell
motion is described by equation (1.1), where
⎧
h0 − hi j
⎪
⎪
⎪
, h0 − hi < hi j < h0 ,
⎪K
⎨
h
−
(h0 − h1 )
ij
fi j = ⎪
⎪
⎪
⎪
⎩0,
hi j ≥ h0 ,
hi j is the distance between the centers of the two cells i and j, h0 is the sum of their radii, K is a positive
parameter and h1 is the sum of the incompressible part of each cell. The force between the particles
tends to infinity if hi j decreases to h0 − h1 .

Cells and concentrations
We introduce the following variables.
Cells in the lymph node:
1) nAPC (x, t) — the density of APCs in T cell zone;
2) nCD4 (x, t) — the density of CD4+ T cells in T cell zone (with different levels of maturity);
3) nCD8 (x, t) — the density of CD8+ T cells in T cell zone (with different levels of maturity).
Extracellular variables:
4) Ie (x, t) — the concentration of IL-2 in T cell zone;
5) Ce (x, t) — the concentration of type I IFN in T cell zone.
Intracellular variables:
6) Ii (t) — the intracellular concentration of IL-2-induced signalling molecules in the j-th cell;
7) Ci (t) — the intracellular concentration of type I IFN-induced signalling molecules in the j-th cell.
The state variables at the level of the whole organism:
8) Ne f (t) — the total number of effector CD8+ T cells in the body;
9) Nin f (t) — the total number of infected cells in the body.
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Cell division and differentiation
APC and naive T cells enter the computational domain with a given frequency if there is available
space. Naive T cells move in the computational domain randomly. If they contact APC, they divide
asymmetrically (Figure 7). The distant daughter cell is similar to the mother cell, the proximal daughter
cell becomes differentiated.
When the cell reaches the half of its life cycle, it will increase its size. When it divides, two
daughter cells appear, the direction of the axis connecting their centers is chosen randomly from 0
to 2π. The duration of the cell cycle is 18 hours with a random perturbation of −3 to 3 hours.
We consider two levels of maturity of CD4+ T cells and three levels of CD8+ T cells. If
a differentiated cell has enough IL-2 (see the next paragraph), then it divides and gives two more
mature cells. Finally differentiated cells leave the lymph node. In the simulations, this means that they
are removed from the computational domain.

Intracellular regulation
The survival and differentiation of activated CD4+ and CD8+ T lymphocytes depends on the
amount of signalling via the IL-2 receptor and the type I IFN receptor. It is controlled primarily
by the concentration of the above cytokines in the close proximity of the respective receptors. The
signalling events lead to the up-regulation of the genes responsible for cell proliferation, differentiation
and death. One can use similar type of equation to model qualitatively the accumulation of the
respective intracellular signalling molecules linked to IL-2 and type I IFN receptors. The IL-2-dependent regulatory signal dynamics in individual cells can be described by the following equation:
dIi α1
=
Ie (xi , t) − d1 Ii .
dt
nT

(4.1)

Here Ii is the intracellular concentration of signalling molecules accumulated as a consequence of IL-2
signals transmitted through transmembrane receptor IL2R downstream the signaling pathway to control
the gene expression in the j-th cell. The concentrations inside two different cells are in general different
from each other. The first term in the right-hand side of this equation shows the cumulative effect of
IL-2 signalling. The extracellular concentration Ie is taken at the coordinate xi of the center of the
cell. The second term describes the degradation of IL-2-induced signalling molecules inside the cell.
Furthermore, nT is the number of molecules internalized by T cell receptors.
In a similar way, the IFN-dependent regulatory signal dynamics in individual cells can be
described by the following equation:
dCi α2
=
Ce (xi , t) − d2 Ci .
dt
nT

(4.2)

Here Ci is the intracellular concentration of signalling molecules accumulated as a consequence of
IFN signals transmitted through transmembrane receptor IFNR downstream the signaling pathway to
control the gene expression in the i-th cell. The concentrations inside two different cells are in general
different from each other. The first term in the right-hand side of this equation shows the cumulative
effect of IFN signalling. The extracellular concentration Ce is taken at the coordinate xi of the center
of the cell. The second term describes the degradation of IFN-induced signalling molecules inside
the cell.
To model the fate regulation of growth versus differentiation of the activated cells in relation to
the timing of the IL-2 and type I IFN signalling we implement the following decision mechanism.
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C1 If the concentration of activation signals induced by type I IFN, Ci , is greater than some critical
level Ci∗ at the beginning of the cell cycle and that of Ii , is smaller than the critical level Ii∗ , then
the cell will differentiate in a mature cell.
C2 If the concentration of activation signals induced by IL-2, Ii , is greater than some critical level Ii∗
at the end of the cell cycle, then the cell will divide producing two more mature cells.
C3 If Ci < Ci∗ at the beginning of cell cycle and Ii < Ii∗ at the end of cell cycle, then the cell will die
by apoptosis and will be removed from the computational domain.

Stochastic aspects of the model
As it is discussed above, mechanical interaction of cells results in their displacement described by
equation (1.1) for their centers. In order to describe random motion of cells, we add random variables
to the cell velocity in the horizontal and vertical directions. Duration of cell cycle is sampled as a
random variable in the interval [T − τ, T + τ].

Extracellular dynamics of cytokines.
Proliferation and differentiation of T cells in the lymph node depends on the concentration of
IL-2 and type I IFN. These cytokines are produced by mature CD4+ T cells and antigen-presenting
cells, respectively. Their spatial distribution is described by a similar reaction-diffusion equation as
follows
∂Ie
= DIL ΔIe + WIL − b1 Ie .
(4.3)
∂t
Here Iex is the extracellular concentration of IL-2, DIL is the diffusion coefficient, WIL is the rate of
its production by CD4+ T cells, and the last term in the right-hand side of this equation describes its
consumption and degradation. The production rate WIL is determined by mature CD4+ T cells. We
consider each such cell as a source term with a constant production rate ρIL at the area of the cell.
Let us note that we do not take into account explicitly consumption of IL-2 by immature cells in
order not to introduce an additional parameter. Implicitly, this consumption is taken into account in the
degradation term.
For type I IFN, the equation and the terms in it have a similar interpretation:
∂Ce
= DIFN ΔCe + WIFN − b2 Ce .
∂t

(4.4)

Initial and boundary conditions for both concentrations IL-2 and IFN are taken zero. As before, the
production rate WIFN equals ρIFN at the area filled by APC cells and zero otherwise.

Infection
Mature T cells leave the bone marrow. The level of CD8+ T cells (effector cells) Ne f in the body
is determined by the equation
dNe f
= k1 T − k2 Ne f ,
(4.5)
dt
where T is their number in the lymph nodes. So the first term in the right-hand side of this equation
describes production of effector cells in the lymph nodes and the second term their death in the body.
Denote by Nin f the number virus-infected cells. We will describe it by the equation
dNin f
= f (Nin f ) − k3 Ne f Nin f .
dt
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The first term in the right-hand side of this equation describes growth of the number of infected cells
and the second term their elimination by the effector cells. The function f will be considered in the
form:
aNin f
,
f (Nin f ) =
1 + hNin f
where a and h are some positive constants.
Finally, the influx of APC cells into the lymph nodes is proportional to the number of infected
cells Nin f . This influx is limited by the place available in the lymph node. If there is a free place
sufficient to put a cell, the new cells are added. Let us also note that the lymph nodes can increase due
to infection in order to produce more effector cells.

4.3. Results
We illustrate the model performance by considering two scenarios, reflecting different spatial
patterns of IL-2 and type IFN concentration fields. In the first one, both cytokines have the same
diffusion coefficient DIL2 = DIFN , whereas in the second case the diffusion rate of IFN is 10-fold
faster. The details of the numerical implementation of the hybrid model and the parameter values used
for the simulations are presented in [Bouchnita et al., 2017b]. Cell population densities and cytokine
concentrations are scaled with respect to some reference values. These are determined by the cell
density in the lymph node ∼105 –106 mm−3 , the relative proportions of APCs , CD4+ T cells and
CD8+ T cells [Ganusov, De Boer, 2007; Scandella et al., 2008; Kumar et al., 2010; Bocharov et al.,
2010; Bocharov et al., 2012; Cremasco et al., 2014; Giese, Marx, 2014] and the production rate of the
cytokines (described in detail in [Bouchnita et al., 2017b]). The considered cell numbers correspond to
a computational domain in the T cell zone of about 100 μm × 100 μm × 100 μm.
The model presented above contains two compartments, lymph node where effector cells are
produced and the body where infection develops. The lymph node is described with the hybrid model
while infection development in the organism by ordinary differential equations for infected cells and
for effector cells. These two compartments are coupled by means of flux of effector cells from the
lymph node to the body and by the flux of APC cells to the lymph node.
The results of the simulations are shown in Figures 8–10. Figure 8 represents a snapshot of
the lymph node T cell zone with all cells participating in the simulations: APC cells, naive T cells,
differentiated CD4+ T and CD8+ T cells. Naive T cells divide when they are close to APC cells. It
is an asymmetric division where a proximal daughter cell differentiates while a distant cell remains
undifferentiated. Differentiated cells continue their division and maturation in the presence of IL-2
produced by mature CD4+ T cells. If the level of IL-2 is not sufficient, they die by apoptosis. Mature T
cells leave the lymph node. One can see that the cytokine fields are non-uniform and their distribution
patterns change essentially if the turnover parameters, e.g. the diffusion coefficient, are varied.
The evolution of the number of immune cells in time depending on the ratio of diffision
coefficients is shown in Figures 9 and 10 (see [Bouchnita et al., 2017c; Bouchnita et al., 2017b]
for more detail).
In completion, the existing studies in immunology on hybrid modelling are restricted to the
consideration of immune processes on a 2D or 3D regular lattice (see Table 1 for an overview) which
is a severe simplification of the physiology and anatomy of the immune system.

5. Discussion
This article presents a state of the art in hybrid discrete-continuous modelling and some of its
applications in biomedicine. We started by describing the underlying theory behind hybrid discretecontinuous models. In these models, cells are represented by individual objects that can move, divide,
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Figure 8. Snapshot of numerical simulations of the cells and cytokines distribution in lymph node. Different
cells are shown: APC (green), naive CD4+ T cells (black), naive CD8+ T cells (white), three maturity levels of
differentiated CD8+ T cells (blue), two maturity levels of CD4+ T cells (yellow). Mature CD4+ T cells produce
IL-2 whose concentration in the extracellular matrix is shown by the level of green. APC produce IFN (red).
The upper figure shows the simulation (day 8 post infection) with equal diffusion coefficients of IL-2 and IFN,
in the lower figure (day 80 post infection) the diffusion coefficient of IFN is 10 times larger than the diffusion
coefficient of IL-2. Reprinted from [Bouchnita et al., 2017b]. Color version of the picture is available on the
journal website

Figure 9. The numbers of CD4+ and CD8+ T cells in time in the case of equal diffusion coefficients (left panel)
and for the diffusion coefficient of IFN 10 times larger than the diffusion coefficient of IL-2 (right panel).
Reprinted from [Bouchnita et al., 2017b]

Figure 10. The numbers of APC cells (left panel) and effector T cells (right panel) in time in the case of equal
diffusion coefficients (black curve) and for the diffusion coefficient of IFN 10 times larger than the diffusion
coefficient of IL-2 (grey curve). Reprinted from [Bouchnita et al., 2017b]
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Table 1. Hybrid models for the spatio-temporal dynamics of immune responses
Hybrid model
components (reference)

Processes
considered (duration)

State space

Langevin equation for T cell motility,
PDE (advection-diffusion) for DCs
Agent-based model for T cells
[Maderazo et al., 2018]

DC-based T cell vaccination
2D: deep cortical unit
(100 hours)

Dendritic cells (DC),
T cells

Agent-based model for cells,
PDEs for molecules
[Baldazzi et al., 2009]

Clonal expansion,
3D: transport,
reaction-diffusion
(500 hours)

DCs, B-cells,
CD4+ T cells,
antigen, chemokines

Agent-based model for cells,
ODEs for cytokines,
2D geometry of lung tissue
[Fallahi-Sichani et al., 2011]

Clonal expansion,
2D: chemotaxis,
cell-to-cell interactions,
single-cell state regulation
(200 days)

Macrophages,
CD8+ T cells,
Treg cells, Tγ cells,
M. tuberculosis,
TNFα, TNFR

Agent-based model for cells,
3D geometry of lymph node
trabecular region,
location of HEVs, FRCs
[Gong et al., 2013; Cilfone et al., 2015]
[Marino, Kirschner, 2016]

Clonal expansion,
3D: trafficking,
cell-to-cell interactions
(550 hrs)

DCs in three states,
CD4+ T cells,
CD8+ T cells;

Cellular Potts model for cells,
PDEs for extracellular cytokines,
ODEs for intracellular factors
[Prokopiou et al., 2014]

Clonal expansion,
3D: migration, reaction-diffusion,
intracellular regulation
(136 hrs)

APCs, T-cells,
IL-2, IL-2R,
Tbet, Caspase,
Fas in two states:
activated/non-activated

and die by apoptosis. The fate of each cell depends on the intracellular regulatory networks described
by ordinary differential equations, while the extracellular regulation is modelled by partial differential
equations. After the presentation of hybrid models, we have illustrated their applications in tumor
growth, erythropoiesis, and immune response studies.
Despite some advances in the hybrid modelling of physiological systems, there still exist
important challenges that need to be overcome in order to build more reliable hybrid models. First,
hybrid models are usually multiscale by construction. Hence, it can be sometimes difficult to assess
the accuracy and validity of the obtained results. While it is often possible to compare the predictions
of the whole model with clinical data, it is also important to validate the results of the submodels at
different scales [Pathmanathan, Gray, 2018]. Secondly, hybrid models are complex which makes the
interpretation of their predictions more difficult. In fact, small perturbations in the values of the input
parameters sometimes leads to essential changes in the behavior of the model. Therefore, sensitivity
analysis studies should be used to identify the parameters that strongly affect the behavior of the
model. These studies can help in the design of more effective therapeutic strategies [Schuetz et al.,
2014]. Finally, simulations with hybrid models require massive computational resources. Thus, their
application is restricted to systems with a limited number of cells. However, it is possible to reduce the
computational cost of a hybrid system by using efficient numerical implementation techniques such as
time-stepping [Cilfone et al., 2015].
The integrative approach of hybrid models perfectly corresponds to the multiscale nature of
biomedical systems. Hybrid models can be calibrated to integrate data obtained with a wide range of
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acquisition techniques such as flow cytometry, nano-imaging, transcriptome sequencing analysis, etc.
The increased access to biomedical data and growth of the available computational power will result
in the development of more comprehensive and reliable hybrid models in the next few years.
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