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1. Introduction

Background

Cancer growth is a complicated multiscale phenomenon involving many inter-related biochemical
and cellular processes at many different spatial and temporal scales [1]. It is a critical societal and
scientific problem. Indeed, it is a large group of diseases that can affect any part of the body,
characterized by abnormal cell proliferation and an increasing migration rate that can lead to invasion
and organ spreading. As it is known, the biological experiments needed to test such hypotheses can be
time-consuming and expensive with the currently available technology. Thus, mathematical modeling
plays a primary role, giving an independent check of the consistency of the chosen hypothesis.
Moreover, it can improve the experimental design by stating the measurements needed to test a
particular theory (see [2]). At this point, mathematical modeling is a necessity that may be calibrated
by experimental data. Furthermore, the significance and functions of variables representing specific
biological features can be easily tested by testing the parameter values of descriptive equations. To
achieve these purposes, a variety of mathematical models have been proposed in the literature for
various aspects of cancer invasion of tissue extracellular matrix which focuses on the role of the
plasminogen activation system, see [3–6]. For instance, the authors in [7] used reaction–diffusion
equations to describe the interaction between the density of normal cells, tumor cells and the
concentration of H+–ions produced by the latter. Precisely, they assumed that cancer cells up-regulate
certain mechanisms, which permit the extrusion of excessive protons and thus acidify the
environment. Next, the authors of [8] proposed a population-based micro–macro model for
acid-mediated tumor invasion restricted to the interactions between the microscopic dynamics of
intracellular protons and their exchange with extracellular counterparts. While in [9], the authors
proposed continuum micro–macro models explicitly accounting for sub-cellular events in the context
of cancer cell migration. For comprehensive reviews of the modeling in this area, see [4, 10–13]. The
theoretical studies on various models of cancer invasion are mathematically interesting [14–18]. We
note that the system under consideration contains a strong coupling of reaction–diffusion equations
and an ordinary differential equation (ODE). A considerable difficulty for mathematical analysis
comes from the fact that ODE corresponds to a full degenerate reaction–diffusion equation and has no
regularizing effect. However, the proof of the global existence and boundedness of solutions can be
found in [9, 19, 20]. For the numerical studies, a number of numerical methods have been proposed in
the literature. We refer the reader to the finite difference method [4, 5], the finite volume method [21],
and the method of lines [1], which are the most commonly used methods in the literature for cancer
migration models, and discontinuous Galerkin finite element methods have also been successfully
applied in [22–24].

Deterministic system

The well-known tumor-induced angiogenesis has been established with the work by [25], where the
authors proposed a simple model of tumor angiogenesis to describe experiments of tumor cells which
resulted in the growth and migration of new blood vessels from the corneal limbus to the tumor [2].
However, several mathematical models have focused on the way in which tumor angiogenic factor
(TAF) initiates and coordinates capillary growth [12]. The dimensionless governing equations can be
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written as follows:



∂tn = div
(
Dn(n)∇n

)︸           ︷︷           ︸
di f f usion

− div
(
ξ(m) n∇m

)︸            ︷︷            ︸
chemotaxis

− div
(
χ(S ) n∇S

)︸            ︷︷            ︸
haptotaxis

+ µ1 n
(
1 − n − S

)︸             ︷︷             ︸
proli f eration

, x ∈ Ω, t > 0,

γ∂tm = Dm∆m︸ ︷︷ ︸
di f f usion

+ αn︸︷︷︸
production

− βm︸︷︷︸
decay

, x ∈ Ω, t > 0,

∂tS = − δmS︸︷︷︸
proteolysis

+ µ2S
(
1 − n − S

)︸             ︷︷             ︸
re−establishment

, x ∈ Ω, t > 0,

(1.1)

Table 1. Description of dimensionless variables and parameters.

Symbol Description
n Cancer cells density
m The urokinase plasminogen activator concentration (uPA)
S The extracellular matrix concentration (ECM)
Dn Nonlinear diffusion of n
Dm Diffusion coefficient of m
ξ The sensitivity of chemotaxis
χ The of sensitivity haptotaxis
µ1 Cell proliferation rate
µ2 ECM re-establishment rate
σi Noise amplitude function
W i

t Cylindrical Wiener process
α uPA production rate
β uPA decay rate
δ ECM degradation rate

where Ω ⊂ RN , N ≥ 0 is an open and bounded domain with a smooth boundary ∂Ω; n and m represent
the density of cancer cells and the urokinase plasminogen activator concentration, respectively; while
S describes the concentration of the extracellular matrix (ECM). The functions ξ(m) and χ(S ) measure
the sensitivity of chemotaxis and haptotaxis, respectively. The reaction term µ1n(1 − n − S ) assumes
that in the absence of the ECM, cancer cell proliferation satisfies a logistic law, and µ2 > 0 embodies
the ability of the ECM to remodel back to a normal level. Note that the parameter γ may take on the
value of 0 or 1. Indeed, if γ = 0, this makes the simplifying assumption that the diffusion rate of
the uPA is much greater than that of cancer cells (see [5]). Finally, the parameters α, β, and δ given in
Table 1 are assumed to be positives. Observe that the term Dn is taken in the general form, and one may
take it to be constant, nonlinear, or nonlocal. The last choice (with nonlocal diffusion) leads to a new
mathematical model of the phenomenon of angiogenesis. Note that in the system (1.1), we consider
cancer cell proliferation in which we get the logistic growth in the absence of S with a constant rate
µ1. However, it is interesting to integrate oscillatory behavior into the proliferation term of cancer cells
and the ECM by considering function rates rather than constant rates. This has overcome a certain
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weakness of continuum models, which generally only consider constant reproduction terms for cancer
cells. In addition, it is also important to extend our model to include other interactions with other cell
populations such as the urokinase receptor, matrix-like protein vitronectin and plasminogen activator
inhibitors [4], stem cells, and effectors cell, tumor cells, as well as chemotherapy drugs [26].

Stochastic system

The deterministic systems above have some limitations, since biological systems are subject to
environmental fluctuations [27]. Therefore, the explicit incorporation of stochasticity can
fundamentally change and renormalize the behavior of a system of interacting species. Indeed,
environmental fluctuations are essential components of an ecosystem. These fluctuations, rather than
being deterministic, are stochastic. Since deterministic models do not consider environmental noise
fluctuations, they have some limitations from a biological point of view [28]. Most natural
phenomena do not follow strictly deterministic laws but rather oscillate randomly about some average
value, so the deterministic equilibrium is no longer an absolutely fixed state with the advance of
time [29]. The aforementioned fluctuations can be modeled by incorporating additive and
multiplicative noise sources into the deterministic system. In this context, the present paper proposes
a nonlinear stochastic chemotaxis–haptotaxis system. The system consists of three dimensionless
reaction–diffusion stochastic partial differential equations describing the interactions of the
endothelial cells, tumor angiogenic factor, and fibronectin with noise as follows:

dn = div
(
Dn(n)∇n

)
dt︸              ︷︷              ︸

di f f usion

− div
(
ξ(m) n∇m

)
dt︸                ︷︷                ︸

chemotaxis

− div
(
χ(S ) n∇S

)
dt︸                ︷︷                ︸

haptotaxis

+ µ1 n
(
1 − n − S

)
dt︸                ︷︷                ︸

proli f eration

+σ1(n)dW1
t︸      ︷︷      ︸

noise

,

γdm = Dm∆m dt︸    ︷︷    ︸
di f f usion

+ αn dt︸︷︷︸
production

− βm dt︸︷︷︸
decay

+γ σ2(m)dW2
t︸      ︷︷      ︸

noise

,

dS = − δmS dt︸ ︷︷ ︸
proteolysis

+ µ2S
(
1 − n − S

)
dt︸                ︷︷                ︸

re−establishment

+σ3(S )dW3
t︸      ︷︷      ︸

noise

.

(1.2)

In ΩT = Ω × (0,T ), T > 0 is a fixed time. In the system (1.2), W i
t is a cylindrical Wiener process,

with the noise amplitude function σi verifying σi(0) = 0 for i = 1, 2, 3. Formally, we can think of
σi(w) dW i

t as
∑

k≥1 σk,w(w) dWk,w(t), where {Wk,w}k≥1 is a sequence of independent one-dimensional
(1D) Brownian motions and {σk,w}k≥1 is a sequence of noise coefficients. Note that the noise dW i

t

represents the independent environmental variables. Moreover, σi(w)dW i
t models random

perturbations of the stochastic system (1.2). We consider a complete probability space (Ω,F , P),
along with a complete right-continuous filtration {Ft}t∈[0,T ] (we assume that the σ-algebra F is
countably generated). Equipped with the Borel σ-algebra B(B), we let B be a separable Banach
space. A B-valued random variable X is a measurable mapping from (Ω,F , P) to (B,B(B)),
Ω ∋ ω 7→ X(ω) ∈ B. A stochastic process X = {X(t)}t∈[0,T ] is a collection of B-valued random
variables X(t). The stochastic process X is measurable if the map X : D × [0,T ] → B is measurable
from F × B([0,T ]) to B(B). The paths t → X(ω, t) of a measurable process X are automatically Borel
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measurable functions. A stochastic process X is adapted if X(t) is Ft measurable for all t ∈ [0,T ]. We
refer to

S =
(
Ω,F , {Ft}t∈[0,T ] , P, {Wk}

∞
k=1

)
(1.3)

as a (Brownian) stochastic basis, where {Wk}
∞
k=1 is a sequence of independent 1D Brownian motions

adapted to the filtration {Ft}t∈[0,T ]. Let the Hilbert space U be equipped with a complete orthonormal
basis {ψk}k≥1. We define the cylindrical Brownian motions W on U by W :=

∑
k≥1 Wkψk. The vector

space of all bounded linear operators fromU to X is denoted L(U,X), where X is a separable Hilbert
space with the inner product (·, ·)X and norm ∥·∥X. We use L2(U,X) to denote the collection of Hilbert–
Schmidt operators fromU toX. Note that, for the stochastic model (1.2), a natural choice isX = L2(D).
In this paper, the stochastic process (for i = 1, 2, 3)

Wi(ω, t, ·) :=
∑
k≥1

Wi,k(ω, t)ψk(·) (1.4)

is referred to as a cylindrical Brownian motion evolving overU. The right-hand side of (1.4) converges
on the Hilbert spaceU0, with the embeddingU ⊂ U0 being Hilbert–Schmidt. Via standard martingale
arguments, Wi is almost surely continuous with values in U0, i.e., Wi(ω, ·, ·) belongs to C([0,T ];U0)
for P almost everywhere ω ∈ D, and also L2(D,F , P; C([0,T ];U0)). Without loss of generality, we
assume that the filtration {Ft}t∈[0,T ] is generated by Wi and the initial condition for i = 1, 2, 3. For a

given a cylindrical Brownian motion Wi, we can define the Itô stochastic integral
∫

σi dWi as follows

( e.g., [30, 31]) for i = 1, 2, 3∫ t

0
σi dWi =

∞∑
k=1

∫ t

0
σi,k dWi,k, σi,k := σiψk, (1.5)

where σi is a predictable X-valued process satisfying

σi ∈ L2
(
Ω,F , P; L2((0,T ); L2(U,X))

)
.

We impose conditions on the noise σi. For each ui ∈ L2(D), we assume that σi(ui) : U → L2(D) is
defined by

σi(ui)ψk = σi,k(ui(·)), k ≥ 1, for i = 1, 2, 3

for some real-valued functions σi,k(·, ·) : R2 → R that satisfy (for i = 1, 2, 3)∑
k≥1

∣∣∣σi,k(ui)
∣∣∣2 ≤ Cσ(1 + |ui|

2),∑
k≥1

∣∣∣σi,k(ūi) − σi,k(ûi)
∣∣∣2 ≤ Cσ(|ūi − ûi|

2),
(1.6)

∀ui, ūi, ûi ∈ R, for a constant Cσ > 0. Consequently,

∥σi(ui)∥2L2(U,L2(Ω)) ≤ Cσ

(
1 + ∥ui∥

2
L2(D)

)
,

∥σi(ūi) − σi(ûi)∥2L2(U,L2(Ω)) ≤ Cσ

(
∥ūi − ûi∥

2
L2(D)

)
,

(1.7)
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where u1 = n, u2 = m, and u3 = S .
System (1.2) is complemented with the following boundary conditions in ΣT := (0,T ) × ∂Ω and the
initial data(

− Dn(n)∇n + χ(m) n∇m + ξ(S ) n∇S
)
· η = 0, Dm∇m · η = 0, (t, x) ∈ ΣT ,

n(0, x) = n0(x), m(0, x) = m0(x), S (0, x) = S 0(x), x ∈ Ω,
(1.8)

where η is the unit outward normal to Ω on ∂Ω.
Note that we used multiplicative noise to incorporate the uncertainty and variability inherent in

cancer progression into the mathematical model. The inclusion of this multiplicative noise is justified
by biological and mathematical arguments; see [32]. Biologically, tumor progression is driven by
highly variable and state-dependent processes, including cell proliferation and interaction with the
ECM, all influenced by local cell density, nutrient availability, and micro-environmental heterogeneity.
These fluctuations are not uniform but intensify in regions of low or high tumor density, such as at the
invasive front, where stochastic effects are most pronounced. Moreover, this noise naturally captures
this state-dependent randomness by allowing its intensity to adapt to the local value of tumor cell
density or associated variables.

In this paper, we are interested with the multiscale derivation of a nonlinear stochastic
chemotaxis–haptotaxis system (1.2) P0 of cancer invasion of tissue using a new stochastic kinetic
theory model Pε according to the micro–macro decomposition method as shown in Figure 1. Note
that the main idea of this method consists in rewriting the kinetic model, as coupled system of a
microscopic part and a macroscopic one. Indeed, the distribution function is decomposed into its
corresponding equilibrium and the deviation. Many works adopted this technique within different
fields of application, such as chemotaxis phenomena [14,33–35], the formation of patterns induced by
cross-diffusion [36, 37], and angiogenesis phenomena [14, 38]; for more details, we refer to a recent
review [39]. We note that the micro–macro decomposition method has been used to design a
numerical scheme Pε

h that preserves the asymptotic property in the limit P0
h introduced by [40, 41]; in

other words, a stable numerical scheme in the limit along the transition from kinetic to macroscopic
regimes. This approach was generalized for a variety of kinetic models; see, for example, [42–44].
This concept is a very challenging task because it is so expensive in terms of time due to the
singularity in the kinetic model. The difficulty increased with the presence of stochastic terms in the
studied model. For this reason, it is recommended to reformulate this singularity into an equivalent
micro–macro formulation that is a regular perturbation of the derivation model; for more details,
see [33, 36, 37, 45]. Compared with the existing works, in this paper we derive a cancer angiogenesis
model (1.2) according to the micro–macro decomposition method, considering a more general
random modification of the direction of the cells, and the stochastic terms are considered.
Additionally, we develop an asymptotic–preserving numerical scheme which is stable and convergent
in the limit along the transition from stochastic kinetic to hydrodynamic regimes. Note that the
adopted multiscale derivation approach enables a deeper understanding of the specific characteristics
of the kinetic and macroscopic regimes. Indeed, on the one hand, thanks to the proposed kinetic
theoretical system, we obtain more detailed information on the density of cancer cells, the
concentration of urokinase plasminogen activator, and the concentration of the extracellular matrix, as
well as on their velocities. On the other hand, we predict their spatio-temporal dynamics via the
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macroscopic system. We note that the authors in [46] propose an innovative modeling framework for
cell migration within anisotropic environments characterized by biochemical heterogeneity and
interspecies interactions, using glioma invasion in brain tissue as a representative case study
influenced by hypoxia-induced angiogenesis. Their multiscale approach provides a connection
between single-cell and mesoscopic dynamics and the emergent population-level behavior,
culminating, at the macroscopic scale, in a flux-limited glioma diffusion model incorporating multiple
taxis mechanisms.

Pε

P0

Pεh

P0
h

Continuous Limit ε→ 0

h→ 0

h→ 0

Discrete Limit ε→ 0

Figure 1. Schematic diagram of the multiscale framework.

This paper is organized as follows: In Section 2, we present the stochastic kinetic theory model
and its properties. An equivalent system of the model (2.1) is obtained according to the multiscale
approach. In addition, we derive a general macroscopic chemotaxis–haptotaxis system. This section is
closed by setting some applications, specifically stochastic systems with linear, nonlinear, and nonlocal
diffusion. Section 3 is devoted to developing a numerical method for the solution of the stochastic
kinetic theory model. We present various numerical tests where the aim is to show the asymptotic–
preserving scheme property and to depict some cancer invasion phenomena. Finally, in Section 4,
we provide some numerical simulations obtained from the macroscopic model in the two-dimensional
(2D) setting.

2. Multiscale derivation of the stochastic chemotaxis–haptotaxis system

This section deals with the derivation of the nonlinear stochastic chemotaxis–haptotaxis system
(1.2) via an improved stochastic kinetic theory model. After a short presentation of the properties of
the kinetic model, we give the equivalent micro–macro formulation according to the micro–macro
decomposition method. Next, we derive a class of general macroscopic systems describing the
angiogenesis phenomena. Finally, we show that this present approach technically can lead to some
systems known in the literature such as the filling volume effect, as well as a new system by taking the
stochasticity effect and nonlocal diffusion into account.

2.1. Stochastic kinetic theory model

Here, we state our stochastic kinetic theory model and we present its properties. The ultimate
objective is to derive the macroscopic chemotaxis–haptotaxis system (1.2) from the following
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stochastic kinetic theory model according the parabolic–parabolic scale [14]

εd f + v · ∇xF ( f ) dt =
1
ε
L( f , g1, g2) dt + H( f , g1, g2) dt + εσ1( f )dW1

t ,

γ dg1 =
(
D1∆g1 + α

∫
V

f dv − βg1

)
dt + γσ2(g1)dW2

t ,

dg2 = −δg1g2 dt + µ2g2

(
1 −

∫
V

f dv − g2

)
dt + σ3(g2)dW3

t ,

f (0, x, v) = f0(x, v), g1(0, x) = g1,0(x), g2(0, x) = g2,0(x),

(2.1)

where f = f (t, x, v) is a generalized distribution function depending on the time t, the position x ∈
Ω ⊂ Rd, and the velocity v ∈ V ⊂ Rd, where V is a symmetric domain that describes the statistical
distribution of epithelial cells. The nonlocal function F is defined by

F ( f )(t, x, v) = ϕ
( ∫
Ω

∫
V

f (t, x, v)dvdx
)

f (t, x, v).

The operator L models a random modification of the direction of the cells and ε is a positive constant
parameter. It assumed that the linear operator L admits the following decomposition:

L( f , g1, g2) = T0( f ) + ε
2∑

i=1

Ti(gi)( f ),

where the operators Ti, which are linear with respect to f , and the integral operators are defined as
follows [37]:

Ti(gi, f ) =
∫

V

[
Ti(gi, v, v∗) f (t, x, v∗) − Ti(gi, v∗, v) f (t, x, v)

]
dv∗,

for i = 1, 2, where Ti(v, v∗) is the probability kernel over the new velocity v ∈ V, assuming that the
previous velocity was v∗. Herein, we assume that

H( f , g1, g2) = ε f H1

( ∫
V

f dv, g1

)
, (2.2)

where H1 is independent of the velocity v. In the model (2.1), Wi is a cylindrical Wiener process, with
the noise amplitude function σi for i = 1, 2. Formally, we can think of σi( fi) dW i

t as
∑

k≥1 σk,i( fi) dWk,i
t ,

where {Wk,i}k≥1 is a sequence of independent 1D Brownian motions and {Gk,i}k≥1 is a sequence of
noise coefficients. The noise dW i represents the independent environmental variables, namely the
time-dependent Gaussian white noise. Herein, the following assumptions are necessary to develop the
micro–macro decomposition method.
Assumption (H1). a. The operators Ti preserve the local mass∫

V
T0( f )dv =

∫
V
Ti( f , gi)dv = 0, gi ≥ 0, i = 1, 2. (2.3)

b. The operator T0( f ) is independent on gi, i = 1, 2.
Assumption (H2). A bounded velocity distribution M(v) > 0 exists, independent of x and t, such that
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1) The flow produced by the equilibrium distribution M vanishes, and M is normalized as∫
V

vM(v)dv = 0,
∫

V
M(v)dv = 1. (2.4)

2) The detailed balance
T0(v∗, v)M(v) = T0(v, v∗)M(v∗)

holds.
3) The kernels T0(v, v∗) is bounded, and a constant σ > 0 exists such that

T0(v, v∗) ≥ κM(v) (2.5)

for all (v, v∗) ∈ V × V, x ∈ Rd and t > 0.

Using the same arguments as in [29], the following lemma states the necessary properties of the
operator T0.

Lemma 2.1. Suppose that the Assumptions (H1) and (H2) hold. We then have the following properties
of the operator T0:

1) For f ∈ L2(V, dv
M(v)

)
, the equation T0(g) = f has a unique solution g which satisfies∫

V
gdv = 0 if and only if

∫
V

f dv = 0.

2) The operator T0 is self-adjoint in the space L2(V, dv
M(v)

)
.

3) The equation T0(g) = vM(v), has a unique solution called θ(v).
4) The kernel of T0 is N(T0) = vect

(
M(v)

)
.

2.2. micro–macro formulation

In this subsection, we show that the kinetic equation (2.1) can be equivalently written as a system
coupling a hydrodynamic part with a kinetic part of the distribution function.
In what follows, the integral with respect to the variables v and u will be denoted ⟨.⟩, and let f be a

solution of (2.1). We decompose f as follows: f = M(v)n + εh, where n =
∫

V
f dv =: ⟨ f ⟩ is the mass

density. Then, ⟨h⟩ = 0, ϕ
( ∫
Ω

⟨ f ⟩dx
)
= ϕ

( ∫
Ω

ndx
)

:= ϕ(n) and one has

d(M(v)n) + εdh +
1
ε

vM(v) · ∇x(ϕ(n) n) dt + v · ∇x(ϕ(n)h) dt =
1
ε
T0(h) dt (2.6)

+
1
ε

2∑
i=1

Ti(gi)(M(v)n) dt +
2∑

i=1

Ti(gi)(h) dt + M(v)nH1 dt + εhH1 dt + σ1(n)dW1
t .

We now use a projection technique to separate the macroscopic and microscopic quantities n(t, x) and
h(t, x, v).
Let PM denotes the orthogonal projection onto N(T0). Then

PM(h) = ⟨h⟩M(v), for any h ∈ L2(V, dv
M(v)

)
.
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Lemma 2.2. One has the following properties for the projection PM:

(I − PM)(M(v)n) = PM(h) = 0,

(I − PM)(vM(v) · ∇x(ϕ(n) n)) = vM(v) · ∇x(ϕ(n) n),

(I − PM)(Ti(gi)(M(v)n) = Ti(gi)(M(v)n), i = 1, 2,

(I − PM)(Ti(gi)(h) = Ti(gi)(h), i = 1, 2.

Taking the operator I − PM in Eq (2.6) and using Lemma 2.2 above, yields

εdh +
1
ε

vM(v) · ∇x(ϕ(n) n) dt + (I − PM)(v · ∇x(ϕ(n) h)) dt =
1
ε
T0(h) dt

+
1
ε

2∑
i=1

Ti(gi)(M(v)n) dt +
2∑

i=1

Ti(gi)(h) + εhH1 dt + (I − PM)σ1(n)dW1
t , (2.7)

Integrating (2.6) over v and using Assumptions (H1) and (H2), yields:

dn + ϕ(n) ⟨v · ∇xh⟩ dt = nH1 dt +
〈
σ1(n)

〉
dW1

t . (2.8)

Then, the micro–macro formulation finally reads

εdh +
1
ε

vM(v) · ∇x(ϕ(n) n) dt + (I − PM)(v · ∇x(ϕ(n) h)) dt =
1
ε
T0(h) dt

+
1
ε

2∑
i=1

Ti(gi)(M(v)n) dt +
2∑

i=1

Ti(gi)(h) dt + εhH1 dt + (I − PM)σ1(n)dW1
t ,

dn + ϕ(n) ⟨v · ∇xh⟩ dt = nH1 dt + σ1(n)dW1
t ,

γdg1 = D1∆g1 dt + αn dt − βg1 dt + γσ2(g1)dW2
t ,

dg2 = −δg1g2 dt + µ2g2

(
1 − n − g2

)
dt + σ3(g2)dW3

t .

(2.9)

Equation (2.9) is the micro–macro formulation of the kinetic equation (2.1). The following
proposition shows that this formulation is indeed equivalent to the stochastic kinetic theory
model (2.1).

Proposition 2.1. i) Let f be a solution of the kinetic equation (2.1). Then the functions (n, h), where

n = ⟨ f ⟩ and h =
1
ε

( f − Mn) is a solution to a coupled system (2.9) with the associated initial data.

n(t = 0) = n0 = ⟨ f0⟩, h(t = 0) = h0 =
1
ε

( f0 − Mn0). (2.10)

ii) Conversely, if (n, h) satisfies the system (2.9) with the initial data (n0, h0) such that ⟨h0⟩ = 0, then
f = Mn + εh, is a solution to kinetic model (2.1) with the initial data f0 = Mn0 + εh0, and we have
n = ⟨ f ⟩ and ⟨h⟩ = 0.
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2.3. Derivation of a general macroscopic systems

Here, we briefly show that the micro–macro formulation (2.9) of the kinetic equation (2.1) allows
to very easily obtain the corresponding macroscopic models as ε goes to 0, without using the Hilbert
expansion. Indeed, Eq (2.9) gives

T0(h) = vM(v) · ∇xn −
2∑

i=1

Ti(gi)(M(v)n) + O(ε),

and as

⟨vM(v)⟩ =
〈 2∑

i=1

Ti(gi)(M(v)n)
〉
= 0.

It implies that the operator T0 is invertible, and one obtains

h = T −1
0

(
vM(v) · ∇x

(
ϕ(n) n

)
−

2∑
i=1

Ti
(
gi)(M(v)n

))
+ O(ε). (2.11)

Using (2.8) and inserting (2.11) into (2.9), yields the following macroscopic models:

dn + div
( 2∑

i=1

ρ(n)αi(gi) − ψ(n) · ∇n
)

dt = nH1 dt + σ1(n)dW1
t + O(ε),

γdg1 = D1∆g1 dt + αn dt − βg1 dt + γσ2(g1)dW2
t ,

dg2 = −δg1g2 dt + µ2g2

(
1 − n − g2

)
dt + σ3(g2)dW3

t ,

(2.12)

where ρ, ψ, and αi(gi) are given by
ρ(n) = ϕ(n) n, (2.13)

ψ(n) = −ϕ(n)2
∫

V
v ⊗ θ(v)dv , (2.14)

α1(g1) = −
∫

V

θ(v)
M(v)

T1(g1)[M(v)]dv, (2.15)

α2(g2) = −
∫

V

θ(v)
M(v)

T2(g2)[M(v)]dv . (2.16)

2.4. Applications

We consider the case where the set for velocity is a sphere of radius r > 0, V = rS d−1. It can be
shown that for a particular choice of Ti(gi, v, v∗) i = 0, 1, 2, the model (2.1) is asymptotic to the system
(1.2). Precisely, we consider, in (2.1), a particular choice of terms

g1 = m, g2 = S , H1(n, S ) = µ1(1 − n − S ).

We assume that the kernel T0 is given by

T0 = σM(v), σ > 0.
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Then T0( f ) is a relaxation operator

T0( f ) = κ
(
M(v)⟨ f ⟩ − f

)
. (2.17)

Using (2.4), (2.17), and Lemma 2.2, then the θ solution of T0(θ(v)) = vM(v) is given by θ(v) =

−
1
σ

vM(v).
Example 1: Derivation of the stochastic chemotaxis–haptotaxis system. In this example, we derive
the system where the diffusion is assumed to be constant as well the functions ξ and χ, i.e., Dn(n) =
D1, ξ(m) = ξm, and χ(S ) = χS . Consequently, we rewrite the system (1.2) as follows:

dn = D1∆n dt − div
(
ξm n∇m

)
dt − div

(
χS n∇S

)
dt + µ1 n

(
1 − n − S

)
dt + σ1(n)dW1

t ,

γdm = Dm∆m dt + αn dt − βm dt + γσ2(m)dW2
t ,

dS = −δmS dt + µ2S
(
1 − n − S

)
dt + σ3(S )dW3

t .

(2.18)

First, let the function ϕ = 1. Then from Eq (2.14), we obtain

ψ(n) = −
∫

V
v ⊗ θ(v)dv := D1.

Now, let T1[g1] and T2[g2] be given by

T1[g1] = ξ0M(v)v · ∇xg1, T2[g2] = χ0M(v)v · ∇xg2,

then
T1[g1](M) = ξ0M(v)v · ∇xg1 and T2[g2](M) = χ0M(v)v · ∇xg2.

Therefore, using Eqs (2.15) and (2.16), one has

α1(g1) =
ξ0

σ

∫
V

v ⊗ vM(v)dv ∇xg1, and α2(g2) =
χ0

σ

∫
V

v ⊗ vM(v)dv∇xg2.

Finally, we take

ξm =
ξ0

σ

∫
V

v ⊗ vM(v)dv and χS =
χ0

σ

∫
V

v ⊗ vM(v)dv (2.19)

to obtain the macroscopic chemotaxis–haptotaxis system (2.18).

Example 2: Derivation of the nonlinear diffusion stochastic chemotaxis–haptotaxis system with
a filling volume effect. We deal with the derivation of the nonlinear system where the functions ξ
and χ are given by ξ(m) = ξm and χ(S ) = k

k+S with k > 0. Consequently, we rewrite the system (1.2)
as follows:



dn = div(D2(n) · ∇n) dt − div
(
ξmn∇m

)
dt − div

( k n
k + S

∇S
)

dt + µ1 n
(
1 − n − S

)
dt + σ1(n)dW1

t ,

γdm = Dm∆m dt + αn dt − βm dt + γσ2(m)dW2
t ,

dS = −δmS dt + µ2S
(
1 − n − S

)
dt + σ3(S )dW3

t .
(2.20)
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We consider the same choices as in Example 1 of ϕ and of T1[g1], while the kernel T2[g2] is now
given by

T2[g2] = v
(

σ

n⟨v × v⟩

(
D2(n) + Dn

)
· ∇n +

k M2(v)
r2(k + g2)

· ∇g2

)
,

then

T2[g2](M) =
κv

n ⟨v × v⟩

(
D2(n) + Dn

)
· ∇n +

k M2(v)
r2(k + g2)

v · ∇g2.

Therefore, using Eq (2.16) one has

α2(g2) =
(
D2(n) + Dn

)
∇n +

k
k + g2

∇g2.

Finally, we collect the obtained results and replace them in the system (2.12) to derive the
system (2.20).
Example 3: Derivation of the nonlocal diffusion stochastic chemotaxis–haptotaxis system with
a filling volume effect. Here, we derive a new system within a nonlocal diffusion under the filling
volume effect. The proposed system is given as follows:

dn = D3

( ∫
Ω

n dx
)
∆n dt − div

(
ξm n∇m

)
dt − div

( k n
k + S

∇S
)

dt

+µ1 n
(
1 − n − S

)
dt + σ1(n)dW1

t ,

γdm = Dm∆m dt + αn dt − βm dt + γσ2(m)dW2
t ,

dS = −δmS dt + µ2S
(
1 − n − S

)
dt + σ3(S )dW3

t .

(2.21)

Let the function ϕ(s) =
√

D3(s) where s > 0, then from Eqs (2.13) and (2.14), we obtain

ρ(n) = ϕ(n) n, ψ(n) = D3

( ∫
Ω

n dx
) ∫

V
v ⊗ θ(v)dv .

The kernel operators T1 and T2 are given by

T1[g1] = ξ0
M(v)
ϕ(n)

v · ∇xg1 and T2[g2] =
k M2(v)

r2(k + g2)ϕ(n)
v · ∇g2,

then

T1[g1](M) =
ξ0M(v)
ϕ(n)

v · ∇xg1 and T2[g2](M) =
k M2(v)

r2(k + g2)ϕ(n)
v · ∇g2.

Therefore, using Eq (2.16), one has

α1(g1) =
ξ0

σϕ(n)

∫
V

v ⊗ vM(v)dv ∇xg1, and α2(g2) =
k

(k + g2)ϕ(n)
∇g2.

Finally, we collect the obtained results and replace them in the system (2.12) to derive the
system (2.21).
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3. Numerical methods for stochastic kinetic model in 1D

In this section, we develop numerical methods for the solution of the stochastic kinetic model (2.1)
using the micro–macro formulation (2.9) in 1D. The discretization is carried out with respect to each
independent variable (time, space, and velocity). The well-known Euler–Maruyama scheme is used
with an implicit–explicit (IMEX) strategy for the time discretization, while the spatial discretization is
carried out by a finite volume scheme, and the velocity discretization is performed by a
quadrature formula.

3.1. asymptotic–preserving scheme

This section aims to develop and to propose asymptotic–preserving (AP) numerical schemes in 1D
space; in other words, the uniform stability with respect to the parameter ε and the consistency with
the chemotaxis–haptotaxis limit. We assume the same activity for all the particles. Moreover, it is
subjected to the following initial condition:

f (0, x, v) = f0(x, v). (3.1)

It is shown that kinetic equation (2.1) is equivalent to the system (2.9) which is implemented with the
following initial conditions:

n(t = 0) = n0 = ⟨ f0⟩, h(t = 0) = h0 =
1
ε

( f0 − Mn0), S (t = 0) = S 0, m(t = 0) = m0. (3.2)

The discretization of the problems (2.9), (3.1), and (3.2) is carried out with respect to each independent
variable (time, velocity, and space).

3.1.1. Semi-implicit time discretization

In this first step, we present the time discretization of our coupled system. We use ∆t to denote a
fixed time step, and tk to denote a discrete time such that tk = k∆t k ∈ N. The approximation of n(t, x),
h(t, x, v), and ϕ(n) at the time step tk are denoted, respectively, by nk ≈ n(tk, x), hk ≈ h(tk, x, v) and
ϕk ≈ ϕ(tk, x). In the first microscopic equation of (2.9), the only term which presents a stiffness in the

collision part, for a small ε , is
1
ε
T0(h). Hence we take an implicit scheme to ensure the stability for

this term, while the other terms are still explicit, then one has

hk+1 +
( 1
ε2ϕ

kvM(v) · ∇xnk +
1
ε

(I − PM)(ϕkv · ∇xhk)
)
∆t = hk

(
+

1
ε2T0(hk+1) +

1
ε2T1(mk)(M(v)nk)

+
1
ε
T1(mk)(hk) +

1
ε2T2(S k)(M(v)nk) +

1
ε
T2(S k)(hk) + hkHk

1

)
∆t + (I − PM)σ1(nk)∆Wk

1 ,

(3.3)
where

∆Wk
1 = Wk+1

1 −Wk
1 =
√
∆tδ1

k

with δ1
n being independently and identically distributed (i.i.d.) random variables with a normal

distribution. In the second macroscopic equation of (2.9), we take h at the time tk+1, which gives

nk+1 = nk − ϕk⟨v · ∇xhk+1⟩∆t + nk H1(nk, S k)∆t + σ1(nk)∆Wk
1 . (3.4)
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Finally, replacing n in the third and the fourth equation by nk+1 one has

γmk+1 = γmk + Dm∆mk+1∆t + (αnk+1 − βmk)∆t + γσ2(mk)∆Wk
2 , (3.5)

S k+1 = S k − δmk+1S k+1∆t + µ2S k(1 − nk+1 − S k)∆t + σ3(S k)∆Wk
3 . (3.6)

Proposition 3.1. The time discretization (3.3 ) and (3.4) of the first and second equation of the system
(2.9) is consistent with the first equation of (2.12) when ε goes to 0.

3.1.2. Fully discrete 1D scheme

In this section, we construct a suitable space discretization of (3.3) and (3.5). The domain under
consideration is [0, L]. The velocity space [−V,V] can be treated by using a standard discretization.

We define a staggered grid xi = i∆x, i = 0, . . ., Nx with N =
L
∆x

, and the cell center points are xi− 1
2
=

(i− 1
2 )∆x, i = 0, . . ., Nx+1. Let nk

i and hk
i− 1

2
be approximations of n(tk, xi) and h(tk, xi− 1

2
, v), respectively.

The microscopic equation (3.3) is discretized at the points xi+ 1
2
, while the other macroscopic equations

(3.4) and (3.5) are discretized at the points xi. Then we obtain

hk+1
i+ 1

2
+

1
ε2 vM(v)ϕk nk

i+1 − nk
i

∆x
∆t +

1
ε

(I − PM)(ϕkv · ∇xhk
i+ 1

2
)∆t = hk

i+ 1
2
+

1
ε2T0(hk+1

i+ 1
2
)∆t

+
1
ε2T1(mk

i+ 1
2
)(M(v)nk

i+ 1
2
)∆t +

1
ε
T1(mk

i+ 1
2
)(hk

i+ 1
2
)∆t +

1
ε2T2(S k

i+ 1
2
)(M(v)nk

i+ 1
2
)∆t

+1
ε
T2(S k

i+ 1
2
)(hk

i+ 1
2
)∆t + hk

i+ 1
2
H1(nk

i+ 1
2
, S k

i+ 1
2
)∆t + (I − PM)σ1(nk

i+ 1
2
)∆Wk

1 ,

(3.7)

nk+1
i = nk

i − ϕ
k
〈
v

hk+1
i+ 1

2
− hk+1

i− 1
2

∆x

〉
∆t + nk

i H1(nk
i , S

k
i )∆t + σ1(nk

i )∆Wk
1 , (3.8)

γmk+1
i = γmk

i + Dm
mk+1

i+1 − 2mk+1
i + mk+1

i−1

∆x2 ∆t + (αnk+1
i − βmk

i )∆t + γσ2(mk
i )∆Wk

2 , (3.9)

S k+1
i = S k

i + δmmk+1
i S k+1

i ∆t + µ2S k
i
(
1 − nk

i − S k
i
)
∆t + σ3(S k

i )∆Wk
3 . (3.10)

The velocity discretization is achieved by using the standard trapezoidal rule.
The spatial discretization error is O(max{∆x2, ε∆x}), since the spatial discretization error is O(∆x)

at the kinetic regime (ε = O(1)) and O(∆x2) at the diffusive limit (as ε → 0). The Euler–Maruyama
scheme yields the O(∆t1/2) error for the temporal discretization, while the trapezoidal rule results in
O(∆v2) accuracy for the velocity discretization, where ∆v is the velocity step. Thus, the total error of
the scheme is O(max{∆x2, ε∆x}) + O(∆t1/2) + O(∆v2).

The scheme is conditionally stable. The time step size must satisfy the convection
Courant-Friedrichs-Lewy (CFL) condition (∆t = O(∆x)) under the kinetic regime and the diffusion
CFL condition (∆t = O(∆x2)) at the diffusion limit. Additional time step restriction conditions,
depending on the intensity of the multiplicative noise, may be required due the use of an explicit
Euler–Maruyama scheme for the stochastic term. Strong multiplicative noise necessitates very small
time steps to maintain stability and accuracy, resulting in a prohibitive computational cost for
long-term simulations. Moreover, the Euler–Maruyama scheme lacks positivity-preserving property.
The computational cost per time step is O(Nx.Nv), where Nv is the total number of discrete velocities.
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3.2. Numerical simulation

This subsection is devoted to presenting the numerical results in the case of 1D space. The ultimate
aim is to validate the asymptotic–preserving scheme property, namely the uniform stability with respect
to the parameter ε and consistent with the chemotaxis–haptotaxis limit. The computational domain in
space is [−1, 1], while the velocity space is V = [−1, 1] with 64 discrete points which can be good
enough for numerical simulations [47]. For all numerical simulations carried out below, we take the
same dimensionless parameter values as in [5]; see Table 2.

Table 2. Dimensionless used parameters.

Symbol Description Value
Dn Nonlinear diffusion of n 10−2

Dm Diffusion coefficient of m 10−2

ξ The sensitivity of chemotaxis 5 × 10−2

χ The sensitivity of haptotaxis 5 × 10−2

µ1 Cells proliferation rate µ1 = 0.005
µ2 ECM re-establishment rate µ2 = 0.1
α uPA production rate 0.05
β uPA decay rate 0.3
δ ECM degradation rate 10
γ ECM degradation rate 1

The initial condition of tumor cells, the ECM, and the uPA protease density are given as

n(x, 0) = exp(−100x2), m(x, 0) =
1
2

exp(−100x2), S (x, 0) = 1 −
1
2

exp(−100x2),

and the initial cell distribution function is given by

f (0, x, v) = n0(x) M(v).

The constant function on V is chosen as the equilibrium M(v) = 1
|V | , and the kernels T0, T1, and T2

satisfying this assumptions are written as

T0(v, v′) = κM(v), T1(S , v, v′) = v∇S , and T2(m, v, v′) = v∇m,

then the operator T0 reads
T0( f ) =

σ

|V |

(
⟨ f ⟩ − f (v)

)
.

For the stochastic case, we assume that σi(ui) = λui, we perform 100 realizations of the process,
and we use ρm (ρ = ui) to denote the realizations obtained for m = 1, 2, · · · , 100. We are interested in
the mean solution

ρ̄ = E(ρ) =
1

100

100∑
m=1

ρm,

where u1 = n, u2 = m, and u3 = S .
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In Figure 2, we present the plots in log scale of the error estimates given by

e∆x( f ) =
|| f∆x(t) − f2∆x(t)||2
|| f2∆x(0)||2

to test the convergence of the deterministic micro–macro scheme, and the mean l2 norm defined by

E[e∆x( f )] = E
[ || f∆x(t) − f2∆x(t)||2
|| f2∆x(0)||2

]
is obtained after R realizations of the processes for the stochastic micro–macro scheme. This can be
considered as an estimation of the relative error in the l2 norm, where f∆x is the numerical solution
computed with a grid of size ∆x =

xmax − xmin

Nx
. The computations are performed with

Nx = {100, 200, 400, 800, 1600}, ∆t =
∆x2

2
at t = 0.1 for ε = {1, 10−2, 10−6}. We observe that, in both

the deterministic and stochastic cases, the scheme demonstrates uniform convergence, as its time step
remains independent of ε. For the deterministic case (Figure 2 (left)), we see first-order convergence
in the kinetic regime and second-order convergence in the diffusive regime, consistent with the
expected order of accuracy, since ∆t = O(∆x2). Conversely, for the stochastic case (Figure 2 (right)),
the observed convergence order is approximately 0.5 in the diffusive regime and 0.1 in the kinetic
regime, which is lower than anticipated.

-3 -2.8 -2.6 -2.4 -2.2 -2
Log

10
(∆ x)

-5

-4.5

-4

-3.5

-3

-2.5

-2

L
o

g
1

0
(E

rr
o

r)

ǫ =1

ǫ =10
-2

ǫ =10
-6

-2.6 -2.5 -2.4 -2.3 -2.2 -2.1 -2 -1.9

Log
10

(∆x)

-1.9

-1.8

-1.7

-1.6

-1.5

-1.4

-1.3

-1.2

-1.1

L
o

g
1

0
(E

rr
o

r)

ǫ = 1

ǫ = 10
-2

ǫ = 10
-6

Figure 2. Convergence order of the deterministic scheme λ = 0 (left) vs. the stochastic
scheme λ = 0.1 (right) for different values of ε at time t = 0.1 for cancer cell density.
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Figure 3. The convergence of the deterministic scheme with λ = 0 (left) vs. the stochastic
scheme with λ = 0.1 (right) for different values of ε at time t = 0.1 for cancer cell density.
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Figure 4. Convergence toward the macroscopic deterministic solution with λ = 0 (left) vs.
the macroscopic stochastic solution λ = 0.1 (right) for different values of ε at time t = 0.1
for cancer cell density.

Mathematical Biosciences and Engineering Volume 22, Issue 10, 2641–2671.



2659

In order to check the numerical convergence of our method, since we do not have an analytic
solution, we compute the mean reference solutions E(nhre f ) after 100 realizations of the process, using
a fine mesh size hre f = 2−10. In Figure 3, we evaluate the convergence of the mean solutions E(nh)
from a coarse mesh size toward the mean reference solution. We also checked the convergence of the
solutions of the kinetic theory model toward the solutions of the limiting macroscopic system. It can
be seen in Figure 4 that, as ε→ 0, the densities computed via the micro–macro scheme approach those
computed via the limiting macroscopic scheme.

We now set Nx = 150. The time step is set to ∆t = 1e − 04. Figures 5 and 6 show the behavior at
different regimes of the deterministic scheme (λ = 0) and the stochastic scheme λ = 0.1, respectively,
with different values of ε (εk = 2−k, where (k ∈ {0, 1, 2, 3, 6}). The obtained densities of cells are plotted
at different times t = 0.5, 0.7, 1, 1.5. We note that the deterministic and stochastic schemes are both
stable and converge as ε→ 0. Moreover, it is clear that the mean densities obtained from the stochastic
scheme seem to converge to the densities obtained with the deterministic scheme as time increases.
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Figure 5. Deterministic case: Dynamics of the cancer cell densities obtained from the (AP)
scheme with ε = 2 × 10−k, where k = 0, 1, 2, 3, 6, 9, versus the macroscopic scheme at
successive times t = 0.5, 0.7, 1, 1.5. Parameter values: µ1 = µ2 = 0, and λ = 0.
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In order to show the impact of the presence of proliferation and re-establishment terms in our
model, we consider two cases. First, we neglect these terms by assuming that µ1 = µ2 = 0, and we
provide, in Figure 7, the results of the behavior of cancer cell density, ECM density, and uPA
concentration obtained from the asymptotic–preserving numerical scheme with ε = 2 × 10−6. It can
be seen that chemotaxis and the uPA gradient direct cancer cells to regions with a high uPA
concentration, while haptotaxis and the ECM gradient direct cancer’s movement to high-density
regions of the ECM. Second, we consider the presence of the proliferation and re-establishment terms
by taking the parameters µ1 = 0.05 and µ2 = 0.1. In Figure 8, we observe that a large cluster of cancer
cells has built up at the leading edge of the primary tumor at time t = 1. Moreover, the invading
cluster of cancer cells has migrated all the way through the domain, driven mainly by the matrix-like
protein vitronectin mediated by haptotaxis at time t = 10. Finally, at t = 35, most of the extracellular
matrix has been degraded and cancer cells’ locomotion is driven mainly by the uPA-mediated
chemotaxis. Note that these results are consistent with those reported in [5].
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Figure 6. Stochastic case: Dynamics of the cancer cell densities obtained from the (AP)
scheme with ε = 2 × 10−k, where k = 0, 1, 2, 3, 6, 9, versus the macroscopic scheme at
successive times t = 0.5, 0.7, 1, 1.5. Parameter values: µ1 = µ2 = 0, and λ = 0.1.
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Figure 7. Evolution of the cancer cell density n, uPA concentration m, and ECM density S
obtained from the asymptotic–preserving numerical scheme with ε = 2 × 10−6. Parameter
values: µ1 = µ2 = 0, and λ = 0.
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Figure 8. Evolution of the cancer cell density n, uPA concentration m, and ECM density S
obtained from the asymptotic–preserving numerical scheme with ε = 2 × 10−6. Parameter
values: µ1 = 0.05, µ2 = 0.1, and λ = 0.

4. Numerical simulation for the 2D macroscopic model

The following notations will be used for the description of the numerical scheme. Let DR be a
regular and admissible mesh of the domain D, constituting of open and convex polygons called control
volumes with maximum size (diameter) h. For all K ∈ DR, let xK denote the center of K, N(K) denote
the set of the neighbors of K (i.e., the set of cells of DR which have a common interface with K), and
let Nint(K) denote the set of the neighbors of K located in the interior ofDR, Next(K) denote the set of
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edges of K on the boundary ∂D. Furthermore, for all L ∈ N(K), d(K, L) denotes the distance between
xK and xL, σK,L denotes the interface between K and L, by ηK,L the unit normal vector to σK,L outward
to K. For all K ∈ DR, we use |K| to denote the measure of K. The admissibility of DR implies that
D = ∪K∈DR K, K ∩ L = ∅ if K, L ∈ DR and K , L, and a finite sequence of points (xK)K∈DR exists and
the straight xK xL is orthogonal to the edge σK,L.

We now want to discretize the problems (1.2)–(1.8). Let ∆t be the time step. We set tk = k∆t. We
start by taking the mean values on each K of the initial data in the following way:

n0
K =

1
|K|

∫
K

n0(x)dx, m0
K =

1
|K|

∫
K

m0(x)dx and S 0
K =

1
|K|

∫
K

S 0(x)dx. (4.1)

Now it is natural to write a numerical approximation to our model (1.2) in the following way: for all
K ∈ DR and k ∈ [0,N − 1]

nk+1
K = nk

K −
∆t
|K|

∑
L∈NK

τK,L
(
Dn(nk

K)Dnk+1
K,L

)
+
∆t
|K|

∑
L∈NK

τK,L
(
ξ(mk

K)nk+1
K (Dmk

K,L)+ + ξ(mk
L)nk+1

L (Dmk
K,l)
−)

+
∆t
|K|

∑
L∈NK

τK,L
(
χ(S k

K)nk+1
K (DS k

K,L)+ + χ(S k
L)nk+1

L (DS k
K,l)
−) + µ1∆tnn+1

K (1 − nn
K − S n

K) + σ1(nk
K)∆Wk

1 ,

γmk+1
K = γmk

K −
Dm∆t
|K|

∑
L∈NK

τK,L
(
Dmk+1

K,L
)
+ ∆t

(
αnk+1

K − βmk
K
)
+ γσ2(mk

K)∆Wk
2 ,

S k+1
K = S k

K − δm
k+1
K S k+1

K + µ2S k+1
K (1 − nn+1

K − S n
K) + σ3(S k

K)∆Wk
3 ,

(4.2)
where

τK,L =
|σK,L|
d(K,L) , Duk

K,L = (uk
L − uk

K),

Duk
K,L = 0 if L ∈ Next(K),

(4.3)

u+ = max(u, 0), u− = max(−u, 0), and

∆Wk
i = Wk+1

i −Wk
i =
√
∆tδi

k, i = 1, 2, 3

with δi
k being i.i.d. random variables with a normal distribution.

4.1. Numerical simulation

We perform the numerical simulation of the macroscopic chemotaxis–haptotaxis systems (1.2)–
(1.8) in 2D space, using the finite volume method described above. The computation is performed
in a square domain [0, L] × [0, L], discretized uniformly using rectangular volumes with a mesh size
h = 0.0125. For the numerical simulations, we take the parameters set in Table 2 unless specified
otherwise. The amplitude noise functions are taken as σi(ui) = λui, where λ is a positive constant. In
our experiment, we consider a test related to the haptotaxis-only model. In this case, the dynamic of
cancer cells is driven by the diffusion, haptotaxis, and noise. Therefore, we set ξm = 0. We provide
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simulations results for the homogeneous ECM. To this end, the initial condition of tumor cells, the
ECM and the uPA protease density are given by (see Figure 9)

n(x, y, 0) = exp(−400(x−0.5)2−400(y−0.5)2), m(x, y, 0) =
1
2

n(x, y, 0), S (x, y, 0) = 1−
1
2

n(x, y, 0).

In the following, the simulation results are presented in the case of a homogeneous ECM. We also
simulate the absence and presence of cell proliferation and/or the ECM’s re-establishment. In
Figure 10, we present numerical results showing the spatial evolution of the cancer cells’ density and
its interaction with the ECM by producing uPA, at several times (t = 1, t = 5, t = 10, t = 15), in the
absence of uPA decay (β = 0), cell proliferation (µ1 = 0), and the ECM’s re-establishment (µ2 = 0)).
The effect of noise is observed in the heterogeneous spatial distribution of cells and the matrix
degradation events (uPA), as well as the nonuniform degradation of ECM. Notably, the effect of
haptotaxis with the degradation of the ECM is observed in the density of cancer cells, which decreases
at the center of the domain where the ECM concentration is low, and the cells begin migrating towards
regions with a higher ECM concentration over time. The presence of noise is further emphasized by
the uneven spatial dispersion of the cell populations, leading to the fragmentation of the cancer cells.
as it has been observed in experiments [48]. Compared with the uPA density, we observe that the
tumor cells’ density and ECM concentration exhibit higher oscillations, resulting in chaotic patterns.

In Figure 11, we show the simulation results in the presence of cancer cells proliferation, with
µ1 = 2, whereas all other parameters are chosen as in the previous experiment. A fast invasion of
cancer cells is observed, resulting in a fast degradation of the ECM, with the production of uPA.
At time t = 15, almost all the domain is occupied by the cancer cells. The effect of noise is still
highlighted by the heterogeneous spatial spreading of cancer cells and the chaotic patterns observed in
ECM concentration.

Figure 9. Initial conditions: Homogeneous extracellular matrix.
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Figure 10. Spatio-temporal evolution in of the uPA concentration (left column), tumor cell
density (middle column), and ECM density (right column), in absence of chemotaxis, cell
proliferation, and the re-establishment of the ECM at successive times t = 1, 5, 10, 15.
Parameter values: ξm = µ1 = µ2 = 0, and λ = 0.1.
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Figure 11. Spatio-temporal evolution of the uPA concentration (left column), tumor cell
density (middle column), and ECM density (right column) with cell proliferation and without
chemotaxis, and re-establishment of the ECM at successive times t = 1, 5, 10, 15. Parameter
values: ξm = µ2 = 0, µ1 = 2, and λ = 0.1.

5. Conclusions and perspectives

This paper has been devoted to the multiscale derivation of a stochastic chemotaxis–haptotaxis
system (1.2) by using the micro–macro decomposition method. The proposed numerical scheme is
shown to be convergent and uniformly stable along the transition from kinetic to hydrodynamic
regimes. Moreover, the macroscopic phenomena have been reproduced. Specifically, it is shown that
in the case of the absence of the proliferation and re-establishment terms, chemotaxis and the uPA
gradient direct cancer cells to regions of a high uPA concentration, while haptotaxis and the ECM
gradient direct cancer’s movement to high-density regions of the ECM. However, when those terms
are considered, we observe throughout the evolution in time that a large cluster of cancer cells first
builds up at the leading edge of the primary tumor. Next, the invading cluster of cancer cells migrates
all the way through the domain, driven mainly by the matrix-like protein vitronectin, mediated by
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haptotaxis. Then most of the ECM has been degraded, and cancer cells’ locomotion is driven mainly
by uPA-mediated chemotaxis. In addition, we have shown the effect of noise on the cell dynamics.

Looking ahead, we note that the micro–macro decomposition method developed in Section 2 leads
to the derivation of the general model (2.12) of the angiogenesis phenomena. Note that we have
derived the stochastic chemotaxis–haptotaxis system (1.2) with constant diffusion, with nonlinear
diffusion (e.g., see [49]), and with nonlocal diffusion by typical choices of the operators Ti for
i = 0, 1, 2 and the function ϕ. We are confident that it will be interesting to develop this micro–macro
technique using the kinetic theory of active particles, which gives a better model of the cell-cell
interactions and additional knowledge on the activity of each cell, for further applications, such as, the
virus ingections (see recent papers [50, 51]) and new angiogenesis phenomena, such as
chemotaxis–haptotaxis coupled with fluid equations (e.g., the augmented Brinkman or Navier–Stokes
equations). This is not a simple wish but it is a work in progress. Finally, it is worth mentioning that
several potential extensions of the current model can be considered. These include the incorporation
of anisotropic diffusion and mechanical effects, the modeling of treatment dynamics and the
emergence of therapeutic resistance, the application to both real and synthetic experimental datasets,
and the integration of hybrid methodologies that couple discrete and continuum
modeling frameworks.
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35. F. Filbet, P. Laurençot, B. Perthame, Derivation of hyperbolic models for chemosensitive
movement, J. Math. Biol., 50 (2005), 189–207. https://doi.org/10.1007/s00285-004-0286-2

36. A. Atlas, M. Bendahmane, F. Karami, D. Meskine, M. Zagour, Kinetic-fluid derivation and
mathematical analysis of nonlocal cross-diffusion-fluid system, Appl. Math. Model., 82 (2020),
379–408. https://doi.org/10.1016/j.apm.2019.11.036

37. M. Bendahmane, F. Karami, M. Zagour, Kinetic-fluid derivation and mathematical analysis
of the cross-diffusion-brinkman system, Math. Meth. Appl. Sci., 41 (2018), 6288–6311.
https://doi.org/10.1002/mma.5139

38. N. Bellomo, A. Bellouquid, On the derivation of angiogenesis tissue models:
From the micro-scale to the macro-scale, Math. Mech. Solids, 20 (2014), 1–12.
https://doi.org/10.1177/1081286514544855

39. M. Bendahmane, F. Karami, M. Zagour, Multiscale derivation of deterministic and
stochastic cross-diffusion models in a fluid: A review, Chaos, 34 (2024), 122101.
https://doi.org/10.1063/5.0238999

40. S. Jin, Efficient asymptotic–preserving (ap) schemes for some multiscale kinetic equations, SIAM
J. Sci. Comput., 21 (1999), 441–454. https://doi.org/10.1137/S1064827598334599

41. A. Klar, Asymptotic-induced domain decomposition methods for kinetic and drift
diffusion semiconductor equations, SIAM J. Sci. Comput., 19 (1998), 2032–2050.
https://doi.org/10.1137/S1064827595286177

42. N. Crouseilles, M. Lemou, An asymptotic–preserving scheme based on a micro–macro
decomposition for collisional vlasov equations: Diffusion and high-field scaling limits, Kinet.
Relat. Models, 4 (2011), 441–477. https://doi.org/10.3934/krm.2011.4.441

43. G. Dimarco, L. Pareschi, Asymptotic–preserving implicit-explicit Runge-Kutta methods
for nonlinear kinetic equations, SIAM J. Numer. Anal., 51 (2013), 1064–1087.
https://doi.org/10.1137/12087606X

44. J. Jang, F. Li, J. M. Qiu, T. Xiong, Analysis of asymptotic–preserving dg-imex schemes for linear
kinetic transport equations in a diffusive scaling, SIAM J. Numer. Anal., 52 (2014), 2048–2072.
https://doi.org/10.1137/130938955

45. M. Bennoune, M. Lemou, L. Mieussens, An asymptotic–preserving scheme for the kac model of
the boltzmann equation in the diffusion limit, Continuum Mech. Thermodyn., 21 (2009), 401–421.
https://doi.org/10.1007/s00161-009-0116-2

46. A. Dietrich, N. Kolbe, N. Sfakianakis, C. Surulescu, Multiscale modeling of glioma invasion:
From receptor binding to flux-limited macroscopic pdes, Multiscale Model. Simul., 20 (2022),
685–713. https://doi.org/10.1137/21M1412104

47. J. A. Carrillo, B. Yan, An asymptotic–preserving scheme for the diffusive limit
of kinetic systems for chemotaxis, Multiscale Model. Simul., 11 (2013), 336–361.
https://doi.org/10.1137/110851687

Mathematical Biosciences and Engineering Volume 22, Issue 10, 2641–2671.

https://dx.doi.org/https://doi.org/10.1016/j.jcp.2022.111649
https://dx.doi.org/https://doi.org/10.1007/s00285-004-0286-2
https://dx.doi.org/https://doi.org/10.1016/j.apm.2019.11.036
https://dx.doi.org/https://doi.org/10.1002/mma.5139
https://dx.doi.org/https://doi.org/10.1177/1081286514544855
https://dx.doi.org/https://doi.org/10.1063/5.0238999
https://dx.doi.org/https://doi.org/10.1137/S1064827598334599
https://dx.doi.org/https://doi.org/10.1137/S1064827595286177
https://dx.doi.org/https://doi.org/10.3934/krm.2011.4.441
https://dx.doi.org/https://doi.org/10.1137/12087606X
https://dx.doi.org/https://doi.org/10.1137/130938955
https://dx.doi.org/https://doi.org/10.1007/s00161-009-0116-2
https://dx.doi.org/https://doi.org/10.1137/21M1412104
https://dx.doi.org/https://doi.org/10.1137/110851687


2671

48. V. Andasari, A. Gerisch, G. Lolas, A. P. South, M. A. J. Chaplain, Mathematical modeling of
cancer cell invasion of tissue: Biological insight from mathematical analysis and computational
simulation, J. Math. Biol., 63 (2011), 141–171. https://doi.org/10.1007/s00285-010-0369-1

49. P. Zheng, C. Mu, X. Song, On the boundedness and decay of solutions for a chemotaxis–
haptotaxis system with nonlinear diffusion, Discrete Contin. Dyn. Syst. A, 36 (2016), 1737–1757.
https://doi.org/10.3934/dcds.2016.36.1737

50. N. Bellomo, K. J. Painter, Y. Tao, M. Winkler, Occurrence vs. absence of taxis-driven
instabilities in may-nowak model for virus infection, SIAM J. Appl. Math., 79 (2019), 1990–2010.
https://doi.org/10.1137/19M1250261

51. M. Winkler, Boundedness in a chemotaxis-may-nowak model for virus dynamics
with mildly saturated chemotactic sensitivity, Acta Appl. Math., 163 (2019), 1–17.
https://doi.org/10.1007/s10440-018-0211-0

© 2025 the Author(s), licensee AIMS Press. This
is an open access article distributed under the
terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0)

Mathematical Biosciences and Engineering Volume 22, Issue 10, 2641–2671.

https://dx.doi.org/https://doi.org/10.1007/s00285-010-0369-1
https://dx.doi.org/https://doi.org/10.3934/dcds.2016.36.1737
https://dx.doi.org/https://doi.org/10.1137/19M1250261
https://dx.doi.org/https://doi.org/10.1007/s10440-018-0211-0
https://creativecommons.org/licenses/by/4.0

	Introduction
	Multiscale derivation of the stochastic chemotaxis–haptotaxis system
	Stochastic kinetic theory model
	micro–macro formulation
	Derivation of a general macroscopic systems 
	Applications

	Numerical methods for stochastic kinetic model in 1D
	asymptotic–preserving scheme
	Semi-implicit time discretization
	Fully discrete 1D scheme

	Numerical simulation

	Numerical simulation for the 2D macroscopic model
	Numerical simulation

	Conclusions and perspectives

