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Abstract Macrophages are one of the most important immune cell populations that can be found inside solid tumours. For a long time, it was
thought that these cells have an anti-tumour role, but relatively recent research has shown that they can have both anti-tumour and pro-tumour roles
as determined by their phenotypes. Due to the heterogeneity and plasticity
of macrophage population, with cells changing their phenotypes in response
to the tumour microenvironment, it is difficult to fully understand their role
inside the solid tumours. Here we consider a mathematical modelling and computational approach to investigate the change in macrophages phenotypes (either determined by the tumour itself, or by external interventions) on overall
tumour growth/control/decay. To this end we consider two simple models: one
focusing on two extreme phenotypes (the M1 anti-tumour cells, and the M2
pro-tumour cells), and one considering a macrophage population structured
by a continuous phenotype variable. We investigate their asymptotic dynamics
(through steady-state analysis), as well as their transient behaviours (through
numerical simulations). We show that while a re-polarisation of the phenotype
of macrophages, as considered by many recent experimental studies, can lead
to tumour control, for tumour elimination it is required that macrophages are
fully functional (i.e., the rate at which they kill tumour cells is high). We
also show that a mixed macrophage’s phenotype can keep the tumour under
control in a state of dormancy. Moreover, an increase in this mixed phenotype can cause a delay in tumour reduction (accompanied by a larger tumour
reduction), as well as a delay in tumour relapse.
Keywords M1 and M2 macrophages · Structured population model ·
Tumour-immune interactions
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1 Introduction
More and more experimental studies emphasise the importance of tumourmacrophage interactions on the progression of malignant tumours [2, 11, 46, 47,
49, 70]. One reason is that macrophages can represent between 5-40% of solid
tumour mass [64, 66]. For years it was thought that macrophages, as immune
cells, have an anti-tumour role [19, 20]. However, experimental studies over
the last 20-30 years have shown that macrophages are a very heterogeneous
and plastic cell population, which can eliminate tumours as well as help them
grow larger. The heterogeneity of macrophages, with phenotypes varying from
the anti-tumour classically-activated M1 cells to the pro-tumour alternativelyactivated M2 cells (see also Fig.1), makes it difficult to understand and control
their roles in tumour progression, especially when macrophages express markers characteristic to both activation states (i.e., M1 and M2) [47, 49].

classically
activated
macrophages

alternatively
activated
macrophages
Macrophages phenotypes

M1

Activation: IFNg,
IFNg+LPS, TNFa, ...
------------------------Type-I inflammation
Tissue destruction
Killing intracellular
parasites
Tumour resistance

M2
Tumour progression -->

Activation: IL-4, IL-13,
TGFb,...
---------------------------Type-II inflammation
Tissue remodelling
Parasite encapsulation
Tumour promotion

Fig. 1 The two extreme macrophage phenotypes are represented by the M1 and M2 cells.
However, between them there is a continuous range of phenotypes. As tumour progresses, it
induces macrophages re-polarisation from mainly a M1 phenotype towards a M2 phenotype.

In this study we focus on breast cancer (i.e., the 4T1 murine breast cancer
cell line), which is associated with very large numbers of macrophage infiltrates that can form up to 40% of tumour mass [14, 45, 66]. Many experimental
studies on breast cancers have shown a M1→M2 polarisation of macrophages
co-cultured with 4T1 cells [41, 46, 64, 71]. The M2 cells were also associated
with a fast tumour proliferation [64]. The poor prognosis of tumours with
large macrophages infiltrates, combined with the plasticity of macrophages
(i.e., these cells can change their phenotype in response to the environment
they are in) lead researchers to suggest a M2→M1 macrophage re-polarisation
as a way of treating cancers [24, 32, 49]. In fact, recent experimental studies
have shown that the re-polarisation of M2 macrophages towards an M1-like
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phenotype (e.g., by antibody targeting as in [25]) can inhibit breast cancer
progression. Moreover, there are studies suggesting that the 4T1 breast cancer
cells, which secrete extracellular vesicles up-taken by macrophages, can in fact
prime the tumour-associated macrophages towards an M1-like phenotype [43].
This result could probably be explained by the mixed M1/M2 phenotypes
of macrophages infiltrates in some solid tumours [45]. In fact, these mixed
M1/M2 phenotypes are quite common in various cancers: from breast cancers [45], to prostate cancers [60], ovarian cancers [59], pancreatic cancers [35],
lung cancers [63], skin cancers [3]. The differentiation of these macrophages
with mixed phenotypes, which express markers corresponding to the M1 phenotype (e.g., HLA-DRhi , CD11, CD80) as well as markers corresponding to
the M2 phenotype (e.g., HLA-DRlo , CD206, CD163), is the result of various
tumour-derived factors [35], and allows the macrophages to adjust to their environment. However, despite the phenotypic characterisation of macrophage
populations infiltrating various tumours (sometimes using markers that might
not always be perfect indicators of the extent of cell polarisation [59]), the role
of these mixed-phenotype macrophages on tumour progression is still not fully
understood.
Here, we consider a mathematical approach to investigate the effect of injecting a number of cancer cells into a mouse (as done in various experimental
setups [28]; see also Fig. 2), which leads to the accumulation of macrophages
with different phenotypes inside the tumour microenvironment. The mathematical studies published in the literature focus mainly on the effect of the two
extreme types of macrophages, M1 and M2 cells, on tumour evolution; see [4,
15, 16, 39, 40, 44, 52, 57]. However, as mentioned above, the tumour-associated
macrophages have a continuous range of phenotypes, with many cells expressing markers characteristics of both M1 and M2 phenotypes [2, 45]. This aspect, which is missing from the mathematical literature, will be addressed
in this study. In particular, we will use the mathematical models derived in
this study to better understand the impact that the number of immune cells
with mixed phenotypes vs. immune cells with single phenotypes could have on
the growth/control/elimination of tumour cells. We will also investigate the
impact of changes in macrophages polarisation/re-polarisation rates, either induced by normal tumour progression or by external treatment [32, 49], as well
as changes in the rates at which M1-like macrophages eliminate tumours [34],
on the overall growth/control/elimination of these tumour cells. In particular, we will show that tumour control (dormancy) can occur in the presence of
macrophages with mixed phenotypes that have medium anti-tumour activities.
We acknowledge that the tumour microenvironment contains multiple types
of immune cells (e.g., CD8+ and CD4+ T cells, B cells, granulocytes [14]) that
interact directly or indirectly with the macrophages, and thus can influence
their dynamics. However, to keep the mathematical model as simple as possible, and to identify the main mechanisms behind tumour growth/control/decay,
here we focus only on the macrophage population.
We start in Section 2 with the description of two mathematical models
for tumour-macrophages interactions: a model that focuses on the two dis-
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crete extreme macrophage phenotypes (M1 and M2), and a model that considers the phenotype as a continuum variable which induces a structure in the
macrophage population. In Section 3 we investigate the transient and asymptotic dynamics of these two models by focusing on both numerical simulations
and stability analysis of steady states. We summarise and further discuss the
results in Section 4.

2 Model description
To develop the mathematical model for tumour-macrophage interactions, we
use a step-by-step approach. In subsection 2.1 we focus on a simple model for
the dynamics of the two extreme types of macrophages, M1 and M2 cells, and
their interactions with the tumour cells inside the tumour micro-environment.
Then, in subsection 2.2 we combine the two equations for the M1 and M2 populations into one equation for the macrophages structured by the phenotype
variable m ∈ [0, Lm ] (with m = 0 describing the pure M1 cells, and m = Lm
describing the pure M2 cells). Both mathematical models describe a hypothetical experimental protocol summarised in Fig. 2 (which follows the steps
of many experimental protocols [5]), where a certain number of tumour cells
are injected into a mice and a few days later we start to investigate the tumourimmune dynamics. It should be mentioned that the subcutaneous injection of
cancer cells into the mice (see classical experimental murine protocols [28,
53]) leads to an inflammatory microenvironment which attracts (within 48
hours [8]) the M1 macrophages. Thus, for both models below, we assume that
at the initial time there is a tumour population and a M1-like macrophage
population.
M1

4T1 cells
inoculated

t=−2

start investigating the
evolution of tumour cells
& macrophages

t=0

M2

time line

Fig. 2 A hypothetical experiment investigated in this study. We assume that a number
of breast tumour cells have been inoculated into the system, and 2 days later (when the
tumour has started growing and has attracted the M1 pro-inflammatory macrophages) we
start investigating the dynamics of tumour-immune interactions.

2.1 Discrete phenotype macrophage populations
For simplicity, we start by assuming that the macrophage population is represented by the 2 extreme phenotype cells: the anti-tumour M1 cells and the
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pro-tumour M2 cells. The dynamics of the tumour-immune interactions is described by the following equations:


duT
uT 
= pt uT 1 −
1 + rm uM 2 − dt uT uM 1 ,
(1a)
dt
KT

uM 1 + uM 2 
uT
duM 1
= pm1 uM 1 1 −
− dm uM 1 − αm1 uM 1
+ αm2 uM 2 ,
dt
KM
uT + KT∗
(1b)


duM 2
uM 1 + uM 2
uT
= pm2 uM 2 1 −
− dm uM 2 + αm1 uM 1
− αm2 uM 2 .
dt
KM
uT + KT∗
(1c)
This model incorporates the following assumptions:
– In equation (1a) we assume that the tumour cells proliferate at a baseline rate pt , following a logistic growth law with carrying capacity KT , to
account for a slow-down in growth at larger sizes due to a lack of nutrients [37]. Tumour proliferation rate is increased (at a rate rm ) by the presence of M2-like macrophages, which were shown in [69] to contribute to the
growth of breast cancer cells following their co-culture. Finally, the tumour
cells can be eliminated at a rate dt by the anti-tumour M1-like macrophages
(via antibody-dependent cell phagocytosis [29]). Since tumour cells are
usually long-lived (with limitless replicative potential and evasion of programmed cell death being two of the hallmarks of cancers [30]), in this
study we decided to ignore the death rate of cancer cells. This makes sense
in the context of 4T1 cells that can spontaneously metastasise [58], despite
the fact that in general tumour cell survival is a rate-limiting step in cancer
metastasis [68].
– The M1 macrophages in equation (1b) are recruited and proliferate at a
rate pm1 , up to a carrying capacity KM . This assumption of logistic growth
is made to describe the typical experimental growth curves of macrophages,
which show an exponential phase followed by a stationary phase; see [10].
In addition, the assumption that the logistic term describes both recruitment and proliferation is made since it is currently not clear if all tumourassociated macrophages are derived from blood monocytes recruited to the
tissue, or derived from embryonic macrophages that locally proliferate in
the tissue, or both [70]. Also, having only one term that describes both
recruitment and proliferation allows us to avoid introducing another parameter into the model.
Returning to the description of terms in equation (1b), we assume that
the M1 macrophages can die at a rate dm . They can re-polarise at a
rate αm1 into M2 cells in response to signalling molecules, such as IL10,
TGF-β, that are secreted by the tumour cells [62]. To avoid an unrealistically large M1→M2 re-polarisation in the presence of large tumours,
we used a saturated term with KT∗ a constant for the level of tumour
cells (or cytokines/chemokines produced by these cells) that trigger this
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re-polarisation. We also assume that the M2 cells can re-polarise into M1
cells at a smaller rate αm2 in the presence of molecules such as IFN-γ secreted by other anti-tumour cells in the environment, e.g., NK cells, CD8+
T cells [23]. This M2→M1 re-polarisation could also be induced externally
with the aim of reducing tumour progression [25].
– The M2 macrophages can proliferate in a logistic manner at a rate pm2 .
For simplicity, throughout this study we assume that pm1 = pm2 =: pm .
Again, for simplicity (and because we do not have any data to support
other assumptions), we assume that the M2 cells have a similar half-life
as the M1 cells (and therefore they die at a rate dm ). The re-polarisation
rates have been discussed above.

2.2 Continuous phenotype macrophage population
Consider now the following coupled ODE-PDE model for the dynamics of tumour cells, uT (t), and a phenotype-structured macrophage population uM (m, t),
m ∈ [0, Lm ] (with uM being the sum of the previous M1 and M2 cell populations):
Z Lm


uT (t) 
duT (t)
= pt uT (t) 1 −
1 + rm
H2 (m)uM (m, t)dm
dt
KT
0
Z Lm
− dt uT (t)
H1 (m)uM (m, t)dm,
(2a)
0


∂ γ(t)uM F (uT , uM )
uM (m, t) 
∂uM
+
= pm uM (m, t) 1 −
− dm uM (m, t),
∂t
∂m
KM
(2b)
with the re-polarisation function F (uT , uM ) defined as
uT (t)
F (uT , uM ) = αm1
− αm2
uT (t) + KT∗

Z

Lm

H2 (m)uM (m, t)dm,

(3)

0

where the first term models the re-polarisation (at rate αm1 ) of uM cells towards a M2-like phenotype in the presence of uT cells, while the second term
models the re-polarisation (at rate αm2 ) of uM cells towards a M1-like phenotype. The re-polarisation speed γ(t) is defined as a decreasing function of
the M2-like macrophages, to model the situation where once the macrophages
RL
acquired the M2 phenotype (i.e., 0 m H2 (m)uM (m, t)dm is large), the movement through the phenotype space slows down very fast:
γ(t) = e−g0

R Lm
0

H2 (m)uM (m,t)dm

.

(4)

Here, g0 is a slow-down index for macrophages’ progression through the phenotype space. This slow-down index models the assumption that while initially
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macrophages re-polarise quickly away from the m = 0 phenotype (under the influence of tumour cells), this re-polarisation slows down after the cells acquire
a mixed phenotype. This assumption is supported by experimental studies
that emphasise the fast acquisition of mixed phenotypes by many tumourassociated macrophages; for example, in [35] the authors have seen that after
72hr of differentiation, more than 90% of macrophages had a mixed phenotype
polarisation. Of course, if the immune cells have mostly a M1-like phenotype,
then γ(t) ≈ 1 and the speed of M1→M2 re-polarisation will be determined by
αm1 .
The right-hand-side of equation (2b) for macrophages was obtained by
adding the two ODEs (1b) and (1c) for the extreme M1 and M2 phenotypes
(and therefore it incorporates similar assumptions as for model (1)). Note that
the logistic growth is assumed to depend only on the macrophage population
with the same phenotype m. This is because the M1-like cells lead to the production of type-1 cytokines (e.g., IFN-γ secreted by Th1 CD4+ T cells [55])
that can trigger the further differentiation and growth of M1-like cell population [1, 6], while the M2-like cells lead to the production of type-2 cytokines
(e.g., IL-4 secreted by Th2 CD4+ T cells [55]) that can trigger the further differentiation and growth of M2-like cell population [1]. The two kernels H1 (m)
and H2 (m) that appear on the right-hand-side of equation (2a) describe the
phenotype ranges that characterise the M1 and M2 cells. Throughout this
study we will consider two cases (although we discuss the impact of different
types of kernels in Appendix D):
– There is a distinct separation between the phenotypes of cells considered
to be M1 or M2, which can be described by step-wise kernels (see also
Fig.3(a)):

 2
0, for 0 ≤ m ≤ L2m
, for 0 ≤ m ≤ L2m
L
m
and H2 (m) =
H1 (m) =
2
Lm
for m > L2m
0,
for m > 2
Lm ,
(5)
– There is an overlap between the phenotypes of cells considered to be M1
or M2, which can be described by the following kernels (see also Fig. 3(b)):
 2
, for 0 ≤ m ≤ L2m + 
H1 (m) = Lm +2
0,
for m > L2m + 

0, for 0 ≤ m ≤ L2m − 
and H2 (m) =
(6)
2
for m > L2m − 
Lm +2 ,
Here,  gives the degree of overlap between the phenotype kernels H1 and
H2 : for  = 0, equations (6) reduce to (5).
In the following we investigate the behaviour of models (1) and (2), by
starting in Section 3.1 with the asymptotic dynamics described by the steady
states, under the assumption that the system approaches a “quasi-equilibria”,
where the tumour and macrophage populations don’t vary much. Then, we
continue in Section 3.2 with the investigation of the transient dynamics of the
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(a)

ε=0
H (m)
1

(b)
H (m)

ε>0
H (m)

2

1

Lm

H (m)
−ε +ε

2

Lm

Fig. 3 (a) Distinct step-wise kernels (5) defined on two distinct intervals over the phenotype
domain: [0, Lm /2] and [Lm /2, Lm ], where we consider an arbitrary phenotype domain length
Lm = 10. (b) Overlapping step-wise kernels (6), which have similar values in the middle of
the phenotype domain over the range of [Lm /2 − , Lm /2 + ].

systems, as given by the numerical simulations. The parameter values used for
these results are summarised in Table 1 in Appendix A.
3 Results
3.1 Steady states and their linear stability
To investigate the long-term dynamics of models (1) and (2), we focus on the
duM 1
duM 2
duT
duM
duM
T
steady states (given by du
dt = dt = dt = 0, and dt = dt = dm = 0)
and their local stability.
We need to emphasise that in the context of cancer-immune interactions,
when we refer to these steady states we actually mean “quasi-steady states”.
When the tumour is present, a quasi-equilibrium means that the tumours
doesn’t change significantly its size at least for some time after it consumes the
available nutrients [36, 37] (and thus it undergoes an angiogenic dormancy [17]),
or when it is controlled by the immune cells during the process of immunemediated dormancy [17, 67]. In the absence of tumours, the quasi-equilibrium
is characterised by macrophages that perform surveillance tasks [50].
3.1.1 Extreme-phenotype case: model (1)
Model (1) can exhibit the following 5 types of steady states (whose stability
is discussed in more detail in Appendix B):
1. (u∗T , u∗M 1 , u∗M 2 ) = (0, 0, 0), which is always unstable (see Appendix B);
m
2. (u∗T , u∗M 1 , u∗M 2 ) = (0, KM pmp−d
, 0), with pm > dm . This state is unstable
m
if pt pm > dt KM (pm − dm ) (see Appendix B);
3. (u∗T , u∗M 1 , u∗M 2 ) = (0, u∗M 1 > 0, u∗M 2 > 0) which exists only when pm1 6=
pm2 (see Appendix B). This case is not considered in this study, where we
assume (for simplicity) that pm1 = pm2 = pm .
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(a) Coexistence states for the discrete−phenotype model
α =0.01

(i)

m2

α =0.5
m2

(iii)
p =0.3

pm=0.5

α =0.05
m2

u *T

(ii)

u *T

t

u *T

pm=0.78

p =0.6
t

pm=0.3

dt

dt

p =0.9
t

dt

(b) Coexistence states for the continuous−phenotype model
(i)

(ii)
pm=0.3

u *T

u T*

pm=0.5

p =0.9
t

p =0.3
t

p =0.6

pm=0.78

t

dt

dt

Fig. 4 (a) Coexistence steady state (u∗T > 0, u∗M 1 > 0, u∗M 2 > 0) for the discrete phenotype
model (1). We show the tumour state u∗T as a function of dt as we vary (i) αm2 ; (ii) pm ; (iii)
pt . (b) Coexistence steady state (u∗T > 0, u∗M > 0) for the continuous phenotype model (2).
We show the tumour state u∗T as a function of dt , while we vary (i) pm ; (ii) pt . All other
parameters are fixed at their baseline values in Table 1.

4. (u∗T , u∗M 1 , u∗M 2 ) = (KT , 0, 0), which is unstable if pm > dm (see Appendix B);
5. (u∗T > 0, u∗M 1 > 0, u∗M 2 > 0) given by u∗M 1 = KM (pm − dm )/pm − u∗M 2 ,
and u∗M 2 and u∗T satisfying the following two coupled equations:

u∗M 2 =

u∗
αm1 (pm −dm )KM
T
∗ +u∗
pm
KT
T



 ,
u∗
T
αm2 + αm1 K ∗ +u
∗
T
T

 (p − d )K

u∗T 
m
m
M
0 = pt 1 −
(1 + rm u∗M 2 ) − dt
− u∗M 2 .
KT
pm


(7a)

(7b)

In regard to the parameter regions where this coexistence steady state
exists, in Fig. 4(a) we graph u∗T as a function of various parameters. When
dt is small, there is always one steady state with large u∗T , irrespective of the
values of αm2 , pt or pm (or any other model parameters). For intermediate
dt , there could be two co-existence steady states: one with a high tumour
population and one with a relatively low tumour population, which can be
considered as a dormant tumour state (being kept under control by the M1
cells). For large dt there is no co-existence state, as the tumour will always
be eliminated.
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We will return to this discussion at the end of Section 3.2.1, in the context
of numerical simulations. Moreover, for the stability of this coexistence
state, see Fig. 9 in Appendix B.
It is not possible to have a steady state formed of tumour cells and only one
macrophage phenotype (i.e., u∗M 2 > 0 & u∗M 1 = 0; or u∗M 2 = 0 & u∗M 1 > 0). In
the presence of the tumour, there must always be some level of M1 and M2
cells in the system. This result is consistent with the experimental observation
that solid tumours contain macrophages with mixed M1/M2 phenotypes [45].
A less realistic steady state is the tumour-only state. To ensure that this state
is never reached, in this study we focus only on those pm and dm values such
that pm > dm .
3.1.2 Continuous phenotype case: model (2)
In regard to the phenotypic-homogeneous steady states uT (t) = u∗T , uM (m, t) =
u∗M = const., it can be easily shown that model (2) exhibits the same steady
states as model (1) after we add the M1 and M2 populations:
1. (u∗T , u∗M ) = (0, 0), which is always unstable (see Appendix C);
m
), which is asymptotically stable provided that
2. (u∗T , u∗M ) = (0, KM pmp−d
m
pm pt < dt KM (pm − dm ) − pt rm KM (pm − dm ) (see Appendix C);
3. (u∗T , u∗M ) = (KT , 0), which is asymptotically unstable when pm > dm (for
all phenotypic wavenumbers; see Appendix C);
4. (u∗T , u∗M ) given explicitly by
u∗M = KM (pm − dm )/pm , and
u∗T

= (KT /pt ) pt (1 +

rm u∗M )

−

(8a)
dt u∗M



/(1 +

rm u∗M ).

(8b)

This state, which exists for pm > dm and pt pm +KM (pt rm −dt )(pm −dm ) >
0, is always asymptotically stable (for all phenotypic wavenumbers; see
Appendix C). Note that the condition for the existence of this state is the
same as the instability condition for the state (0, u∗M > 0). In Fig. 4(b)
we graph u∗T as a function of dt for different values of pt and pm (which
influence the existence of this state).
Remark 1 To describe the asymptotic dynamics of model (2), one needs to
calculate the phenotypically-heterogeneous steady states (u∗T , u∗M (m)), which
are given by equations

R Lm
R Lm
KT h pt 1 + rm 0 H2 (m)u∗M (m)dm − dt 0 H1 (m)u∗M (m)dm i
∗
uT =
,
RL
pt
1 + rm 0 m H2 (m)u∗M (m)dm
i
u∗ (m) h
pm ∗
du∗M (m)
= ∗ M ∗ ∗ (pm − dm ) −
uM (m) ,
dm
γ F (uT , uM )
KM
where
γ ∗ = e−g0

R Lm
0

H2 (m)u∗
M (m)dm

,
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and
u∗
= αm1 ∗ T ∗ − αm2
uT + KT

F (u∗T , u∗M )

Z

Lm

H2 (m)u∗M (m)dm.

0

These states could be further simplified if we assume that there is no tumour
(i.e., u∗T = 0; see also the simulations in Section 3.2.2). However, a closedform phenotypically-heterogeneous solution is difficult to obtain even in this
case due to the integral terms in F (0, u∗M ), and thus a numerical approach
has to be considered when calculating these states. Fig. 5 shows an example
of a phenotypically-heterogeneous state, which corresponds to the asymptotic
dynamics of the numerical simulations in Fig. 7(c’).

1

1

Macrophages density

Tumour density

Tumour (t=190)
0.5

0

-0.5

-1

Macrophages (t=190)
0.8
0.6
0.4
0.2
0

0

2

4

6

8

phenotype (m)

10

0

2

4

6

8

phenotype (m)

10

Fig. 5 Time snapshot of a state with no tumour (u∗T ) and a phenotypically-heterogeneous
macrophage population (u∗M (m)). The simulations were obtained with model (2), for the
parameter values listed in the caption of Fig. 7(c’).

3.2 Numerical results
In the following, we focus on the transient behaviour of models (1) and (2), and
investigate the effect of various parameters on tumour growth/decay. As initial
conditions for the ODE model (1) we choose uT (0) = 0.05, uM 1 (0) = 0.001,
uM 2 (0) = 0.00037. To propagate the solution at the next time step, we use a
classical Runge-Kutta finite difference discretisation method.
Regarding the structured-population model (2), we assume that a small
number of cells are introduced into the environment at t = 0, uT (0) = 0.05
(same as for the discrete-phenotype case), which leads to the activation and
recruitment of macrophages with a dominant M1 phenotype (i.e., the peak of
the uM (m) distribution is closer to m = 0 than to m = Lm ):
2

uM (m, 0) = 0.03e−15(m−Lm /10) , with Lm = 10.

(9)

We chose the initial conditions for the structured macrophage population such
RL
that L1m 0 m uM (m, 0)dm = uM 1 (0) + uM 2 (0). To simulate numerically the
solution of (2), we first discretise the integrals using Simpson’s method. Then
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we use an operator-splitting approach to deal with the advection term describing the transport through the phenotype m-space (which is discretised using
a second-order MacCormack finite difference scheme), and with the reaction
term describing cells proliferation/death (which is discretised using again a 4th
order Runge-Kutta scheme). Finally, since we work on a bounded phenotype
domain, we use no-flux boundary conditions.
In the following two subsections we investigate numerically the effects of
two model parameters that are usually varied through immunotherapies, but
are still not fully understood:
– The tumour-killing rate dt , which might vary since it depends, for example,
on the amount of membrane M-CSF present on the target tumour cells [33],
or the PD-1 expression of tumour-associated macrophages which inhibits
phagocytosis [27]. However, as emphasised in [48], the detailed mechanisms
of tumour cell phagocytosis are not completely understood at this moment.
– The M2→M1 re-polarisation rate αm2 , which has been investigated experimentally and clinically over the past few years, with numerous macrophage
re-polarising molecules being identified [12]. However, many of these repolarising molecules are not able to generate durable tumouricidal effects [12]. Examples of molecules that have been show to lead to antitumour activities are microRNA-155 [7], acidic polysaccharides [38], or
GM-CSF [18].
3.2.1 Numerical simulation of the discrete-phenotype model
Given that many experimental studies focus on methods to re-program tumourassociated macrophages towards an anti-tumour phenotype [12, 21, 24], in Fig. 6
we investigate the interplay between αm2 (the M2→M1 re-polarisation rate)
and dt (the killing rate of tumour cells by M1-like macrophages). Since various experimental studies discuss tumour progression in terms of the ratio of
M1/M2 cells infiltrating solid tumours as well as the total numbers of infiltrating macrophages [9, 31, 42, 56], in sub-panels (ii) we graph the percentage of M1
and M2 cells in the tumour environment (on the left vertical axis), and their
total numbers/densities (on the right vertical axis). We emphasise that tumour
growth can occur in the presence of a large number of M2 cells (Fig. 6(a)(i)),
or large numbers of M1 cells (Fig. 6(b)(i)). Increasing the re-polarisation rate
αm2 (Figs. 6(b)(i) and (d)(i)), to simulate the effect of tumour-associated
macrophages’ re-polarisation towards M1-like cells, does not automatically
lead to tumour elimination if the macrophages had deficient phagocytosis described by low dt . Increasing the rate dt leads to tumour control (even when
uM 2 > uM 1 ; panel (c)), or even tumour elimination (when uM 1 > uM 2 and
dt > 1). Note that tumour elimination occurs when the system approaches
the steady state (0, u∗M 1 , 0), as the tumour-present state ceases to exist (see
Fig. 4(a)), thus pushing the system towards the stable tumour-free state.
In the following we investigate numerically the case of a continuous phenotype space, where we can understand better the anti-tumour/pro-tumour effects of macrophages with mixed phenotypes, as described by model (2)+(5)+(6).
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Fig. 6 Short-term dynamics of model (1), as we vary αm2 and dt . Sub-panels (i) show the
time-evolution of uT , uM 1 and uM 2 , while sub-panels (ii) show the percentages of M1 and
M2 cells on the primary (left) vertical axis, and the total number of macrophages on the
secondary (right) vertical axis.

3.2.2 Numerical simulations of the continuous-phenotype model
To investigate the pro-tumour/anti-tumour effects of macrophages with distinct or mixed phenotypes, we focus on the two types of phenotype kernels
described in Fig. 3, as we vary dt and αm2 .
– Step-wise kernels (5) for distinct M1-M2 phenotype separation. In Fig. 7(a)(c) we show the dynamics of model (2) as we assume that αm1  αm2 and
vary the rate dt . For a small dt (see Fig. 7(a)) tumour grows towards its

14

R. Eftimie

carrying capacity, being helped by the macrophages which evolve towards
an M2-like phenotype (i.e., m > Lm /2 = 5). As we increase dt we see first a
temporary reduction in tumour size (Fig. 7(b)), and eventually a complete
tumour elimination (Fig. 7(c)) characterised by M1-like macrophages in the
tumour microenvironment. Note that this M1-like phenotype is induced by
the shrinking tumour (as αm1  αm2 ).
In Fig. 7(a’)-(c’) we increase the re-polarisation rate αm2 such that αm2 
αm1 , and we observe that a high αm2 combined with a low dt slows down
the M1→M2 re-polarisation, but it cannot control tumour growth (subpanels (a’)). Combining a large αm2 with a large dt (sub-panels (b’),(c’))
induces a shift in the macrophage phenotype, which leads to tumour elimination. This also leads to an accumulation of macrophages at the left
boundary (due to the no-flux boundary conditions), and thus the system
approaches a tumour-free heterogeneous-phenotype macrophage state, as
in Fig. 5. Tumour elimination is associated with the disappearance of the
tumour-present/macrophage-present state (8) caused by large dt (which
also induces a change in the stability of this coexistence state; see Appendix C). The very high levels of dt required to control/eliminate the
tumour (compared to the discrete-phenotype case) are the results of low
total macrophage density (i.e., u∗M ≈ 20%u∗T ).
– Step-wise kernels (6) with phenotype overlap. We assume that there is no
perfect delimitation between the M1 and M2 cells (or actually, their antitumour/pro-tumour effects, in the sense that even the M1-like cells could
carry some M2 markers). In Fig. 8 we graph the dynamics of model (2)
under the assumption that αm1  αm2 , and dt = 2. It is clear that increasing the phenotype overlap leads to a delay in tumour reduction (but
a greater reduction), as well as a delay in tumour relapse.

4 Summary and Discussion
While there are many mathematical studies in the literature that focus on
the two extreme macrophage phenotypes, M1 and M2, our study is one of
the very few that focus on both discrete and continuous phenotypes. Here, we
introduced two simple models for tumour-macrophage interactions, where we
considered: (i) a macrophage population with two extreme phenotypes (M1
and M2) which could re-polarise in response to tumour-secreted cytokines
or growth factors, or in response to external actions, and (ii) a phenotypestructured macrophage population. We used these models to investigate the
mechanisms involved in tumour growth/control/elimination, as well as the
importance of considering discrete vs. continuous macrophages phenotypes in
tumour progression.
We first compared the models in terms of the steady states they exhibit,
and showed that while the re-polarisation rates α1 and α2 impact the type
and stability of the steady states for the model with discrete phenotypes,
they do not have any significant effect on the states exhibited by the model
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Fig. 7 Dynamics of system (2) with phenotype kernels (5) when: (a)-(c) we fix αm1 =
0.1  αm2 = 0.01 and vary dt , and (a’)-(c’) we fix αm1 = 0.1  αm2 = 0.5 and vary dt :
(a),(a’) dt = 0.1, (b),(b’) dt = 2.0, (c),(c’) dt = 4.0. Sub-panels (i) show the total tumour
R
density uT (t) and total macrophages density: uM (t) = 0Lm uM (m, t)dm; sub-panels (iii)
show the evolution of macrophages density in the (m, t) space. Dotted vertical line in subpanels (iii) show the threshold phenotype m = L2m = 5, which separates the anti-tumour
(M1) macrophages from the pro-tumour (M2) macrophages. Parameter values are: pt = 0.6,
pm = 0.7, dm = 0.23, KM = KT = 1.0, KT∗ = 0.01, rm = 0.1, g0 = 1.5.
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Fig. 8 Dynamics of system (2) with phenotype kernels (6), as we vary the overlap between
M1 and M2 phenotypes of macrophages: from (a)  = 0.01, to (b)  = 1.0 and (c)  = 2.0.
Sub-panels (i) show the kernels H1,2 (m) for different ; sub-panels (ii) show the total tumour
and macrophages density; sub-panels (iii) show the phenotype distribution of macrophages
during the evolution of tumour cells.

with continuous phenotype (because in this case, the re-polarisation rates were
assumed to impact the movement through the phenotype space, and therefore
they appeared only in the heterogeneous-phenotype steady states). Moreover,
for the discrete-phenotype case we also showed that it was possible to have
multiple tumour-macrophages coexistence states: with high tumour densities
and low tumour densities; see Fig. 4(a). The low tumour branches correspond
to the case of immune-mediated tumour dormancy, as the M1 cells controlled
the growth of the tumour. The existence of these multiple co-existent states
for the discrete-phenotype case was in contrast with the continuous-phenotype
case where there was only one tumour-macrophage co-existence steady state;
see Fig. 4(b). It should be emphasised here that the shape of the phenotype
kernel did not have any impact on the type or stability of the phenotypehomogeneous steady states displayed by model (2); see also the discussion in
Appendix C.
The numerical simulations for the discrete phenotype and continuous phenotype (with distinct kernels) showed relatively similar dynamics: tumour
growth towards maximum size, temporary tumour control, or tumour elimination. Tumour elimination was the result of the disappearance of the coexistence state, which for the continuous phenotype model coincided also with the
loss of stability of this state. (For the coexistence steady states with discrete
phenotypes it was difficult to obtain an analytical condition for the loss of their

macrophage density
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Total cell density
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stability, to connect it with the analytical condition for the existence of these
states.) For the models introduced in this study, a M2→M1 re-polarisation
– which is one of the methods currently used in experiments to promote
tumour regression [12, 24] – could not lead to tumour elimination unless it
was accompanied by an increase in the phagocytosis rate of tumour cells by
macrophages (i.e., an increase in dt , which can be obtained experimentally, for
example, via monoclonal antibodies [29] or via an inhibition of PD-1 expression by tumour-associated macrophages [27]). This suggests that a combined
therapeutic approach involving both a M2→M1 re-polarisation as well as an
increase in phagocytosis might improve the current therapeutic outcomes.
The continuous phenotype model also showed tumour dormant behaviours,
which occurred for large macrophage phagocytosis rates (dt ) in the context of
mixed macrophages phenotypes; see Fig. 7(b’). In this case, for the parameter values considered in this study (see Table 1) the tumour was always
eliminated as the M1-like phenotype won over the M2-like phenotype. Our
theoretical study hypothesises that this immune-mediated dormancy is associated with the evolution of macrophage phenotype from an initial M1-like
phenotype to a mixed M1/M2 phenotype. This aspect will have to be investigated experimentally since at this moment there are very few studies in the
literature that focus on the phenotype of TAMs during tumour dormancy.
Among these few experimental studies we mention [69], which suggests that
the M1 macrophages may contribute to dormancy behaviours in metastatic
breast cancer cells. However, in [69] it is not investigated whether those M1
macrophages could have also mixed phenotypes.
By focusing our attention on the amount of overlap between M1 and M2
markers, described in the model by the overlap between the kernels H1 (m)
and H2 (m), we showed that a larger markers’ overlap can lead to a delay in
the reduction of tumours, as well as a delay in tumour relapse; see Fig. 8.
Unfortunately, few experimental studies quantify the number/percentage of
tumour-associated macrophages with mixed phenotypes; see [3, 60]. If such
experimental studies will be performed more often in the future, they could be
used to inform the choice of phenotype kernels. This is particularly important
since the simulations in Figs. 7-8 and Fig. 11 in Appendix D showed that
the type of phenotype kernel can influence the rate at which the tumour is
eliminated or grows back.
We need to emphasise that the models introduced in this study are very
simple. For example, we assumed that the M1 and M2 proliferation rates
could be described by an average value pm , and their death rates could be
described by an average value dm . (This assumption allowed us to go from
model (1) to model (2).) In the absence of any data to suggest otherwise, this
was an acceptable assumption. However, given the different phenotypes and
functions of the tumour-associated macrophages, it also raises the question of
whether the proliferation/death rates could depend on the phenotype. More
experiments need to be performed on macrophages turnover, before we clarify
this aspect.
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More complex tumour-macrophage interactions, and interactions between
macrophages and other immune cells in the tumour microenvironment, e.g.,
CD4+ or CD8+ T cells, will be considered in future studies. Also, multiscale
approaches will be developed to connect this cell-scale model with molecular dynamics that will help us understand better the functionality of M1
macrophages.
Acknowledgements R.E. acknowledges useful comments made by the reviewers, who
helped improve this manuscript.

A Parameter values
Table 1 summarises the values of the parameters used throughout this study to simulate
the dynamics of model (1). For simplicity, we have re-scaled the cell populations by their
carrying capacities. This leads also to a re-scaling of the following parameters: r̃m = rm KM ,
K∗
d˜t = dt KM , K̃M = 1, K̃T = 1 and K̃ ∗ = T . Now K̃ ∗ , K˜T , K̃M , and rm are dimensionless,
T

KT

T

while d˜t has units of 1/time. All other parameters kept their original units. For simplicity,
in Table 1 we ignore the tilde symbol˜for the rescaled parameters, but specify in the third
column the units for these parameters (as well as the units for the unscaled parameters).
Regarding the parameters that kept their units, we made the following assumptions:
– We focus on breast cancer, and use the information from [28, 53, 72] to approximate pt .
Note that in [53], five different breast cancer cell lines were derived from one cancer
patient (with stage I invasive ductal carcinoma), and then injected into BALB/c mice.
The doubling times for all these clones were between 24 − 36 hours [53], which implies

ln(2.0)
ln(2.0)
a proliferation rate of pt ∈
× 24, 24 × 24 /day=(0.46/day,0.69/day). Other
36
breast cancer cell lines (also injected in BALB/c mice) have different doubling times,
which can vary greatly between experiments. For example, the doubling time of 4T1
breast cancer cells (usually used to study stage IV human breast cancer) was shown
to vary from 14.7 − 15 hours (i.e., pt ≈ 1.1/day) in [72] to more than 4.3 days (i.e.,
pt ≈ 0.16) in [28]. Therefore, in this study we consider an average tumour proliferation
rate pt = 0.6/day.
– Unlike the tissue-resident macrophages that can persist for weeks and even months [26,
61], the tumour-associated macrophages have a very rapid turnover of less than 5 days
[54, 65]. In this study, we consider a TAM half-life of 3 days, corresponding to a death
rate dm1 = dm2 = dm ≈ 0.23/day.
– Regarding macrophage proliferation, in [10] the authors observed that primary bone
marrow derived macrophages have a doubling time of 20 hrs, while the splenocyte derived
macrophages have a doubling time of 30 hrs. This translates into a proliferation rate
pm ∈ (ln(2.0)/30hr, ln(2.0)/20hr) ≈ (0.55, 0.83)/day. For the numerical simulations we
consider an averaged rate pm = 0.7/day.
In regard to the dimensional (and non-dimensional) values value of KT and KT∗ , note that
in [22] the authors suggested that the tumour diagnostic level is between 107 − 109 cells.
In mice, tumours are considered lethal if they are larger than 1cm3 , which corresponds
to a maximum of ≈ 109 cells [13, 51]. Thus, we can assume that the dimensional carrying
capacity for a murine tumour is KT = 109 . Since at diagnostic (i.e. ≈ 107 cells) the tumours
are already infiltrated with macrophages, we assume that the maximum tumour level that
triggers a M1→M1 polarisation is KT∗ = 107 = 1%KT . Following the re-scaling of cell
populations by their carrying capacities, we obtained the non-dimensional values KT and
KT∗ shown in Table 1 (see also the discussion about the re-scaled cell populations, at the
beginning of this Appendix A).
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Table 1 Summary of parameters used for model (1). Since many parameters were varied
over some ranges, in parentheses we show the baseline values used throughout this study.
We chose these baseline values to describe tumour growth towards carrying capacity, so that
we can investigate mechanisms that lead to tumour control/elimination.
Param.

Units
Description & reference
(rescaled
model)

KT
KT∗

Values;
for
rescaled
model
0.16-1.0
(0.6)
1
0.01

rm

0.1

-

dt

0.1-3.0
(0.1)
0.5-0.9
(0.7)
1
0.130.69
(0.23)
0.01-0.5
(0.01)
0.1-0.5
(0.1)
10
1.5

1
time

pt

pm1 =pm2 =pm
KM
dm1 =dm2 =dm

αm2
αm1
Lm
g0

1
time

Proliferation rate of tumour cells [53, 72, 28]

-

Carrying capacity of tumour cells
Tumour level that triggers a M1→M2
macrophages re-polarisation
Contribution of M2 macrophages to the proliferation of tumour cells
Elimination rate of tumour cells by M1
macrophages
Proliferation rate of M1 and M2 macrophages
[10]
Carrying capacity of macrophages
Half life of M1 and M2 macrophages [54, 65]

1
time

1
time

1
time
1
time

space
-

Re-polarisation rate of M2 macrophages towards the M1-phenotype
Re-polarisation rate of M1 macrophages towards the M2-phenotype
Length of the phenotype domain
Slow-down index for movement though the
phenotype space

B Stability of steady states for model (1)
The Jacobian matrix associated with the ODE system (1) (at a generic steady state (u∗T , u∗M 1 , u∗M 2 ))
is

 

 
u∗
u∗
pt 1 − KT (rm u∗M 2 + 1)−
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T
T
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p u∗
− mK M 2 − dm − αm2
M

Proposition 1 Consider model (1) with the two extreme macrophage phenotypes, which
can exhibit three steady states with neither macrophages nor tumour cells, or with only
macrophages, or with only tumour cells.
1. The tumour-free macrophages-free steady state (0, 0, 0) is always unstable.
(p −d )K
2. The tumour-free M2-present steady state (0, m p m M , 0), which exists only for
m
pm > dm , is asymptotically stable if and only if pm pt < dt KM (pm − dm ).
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3. The tumour-present macrophages-free steady state (KT , 0, 0) is asymptotically stable if
and only if pm < dm .
Proof:
1. The eigenvalues of the Jacobian matrix at the steady state (0, 0, 0) are λ1 = pt > 0,
λ2 = pm − dm , and λ3 = pm − dm − αm2 . Since λ1 > 0, this steady state is always
unstable.
(p −d )K
2. The eigenvalues of the Jacobian matrix at the steady state (0, m p m M , 0) are λ1 =
m
−(pm − dm ) < 0, λ2 = −αm2 < 0 and
λ3 =

−dt KM (pm − dm ) + pt pm
.
pm

(p

−d

)K

Therefore, the steady state (0, m p m M , 0) is asymptotically stable if λ3 < 0 and
m
unstable if λ3 > 0.
3. The eigenvalues of the Jacobian matrix at the steady state (KT , 0, 0) are λ1 = −pt < 0,
λ2 = −(dm − pm ), and
λ3 = −

KT (αm1 + αm2 ) + (KT + KT∗ )(dm − pm ) + αm2 KT∗
.
KT∗ + KT

Since for dm > pm all eigenvalues are negative, the steady state (KT , 0, 0) is asymptotically stable. The state is unstable when pm > dm .
Remark 2 The stability of the tumour-present and macrophages-present state (u∗T , u∗M 1 , u∗M 2 )
is more difficult to be studied analytically in terms of all model parameters. Of course, we
could simplify a bit the determinant |J − λI| = 0 (e.g., by adding 3rd row to the 2nd row,
and the subtracting 2nd column from the 3rd column):
|J(u∗T , u∗M 1 , u∗M 2 ) − λI| =
∗
pT u∗
T (1+rm uM 2 )
−λ
KT
∗
∗
αm1 uM 1
αm1 u∗
M 1 uT
∗ +u∗ − (K ∗ +u∗ )2
KT
T
T
T

−
= −[(pm − dm ) + λ]

u∗
T
+ dt u∗T ,
KT
αm1 u∗
T
∗ +u∗ − λ
KT
T


pt rm u∗T 1 −
−αm2 −



(10)

which leads to one obvious eigenvalue λ1 = −(pm −dm ). However, the other two eigenvalues
are the roots of the quadratic equation:
λ2 + λC1 + C2 = 0,

with

pt u∗T (rm u∗M 2 + 1)
αm1 u∗T
+ αm2 + ∗
>0
KT
KT + u∗T

i
pt u∗T (rm u∗M 2 + 1) 
αm1 u∗T  αm1 u∗M 1 u∗T KT∗ h
u∗ 
C2 =
αm2 + ∗
−
pt rm 1 − T + dt
KT
KT + u∗T
(KT∗ + u∗T )2
KT

C1 =

To have at least one of these eigenvalues positive, we require C2 < 0, or equivalently


αm1 u∗T 
αm1 KT∗ 
u∗ 
dt
αm2 + ∗
<
pt rm u∗T 1 − T + dt u∗M 1
KT − u∗T
KT + u∗T
(KT∗ + u∗T )
KT
By looking at the above inequality, one could say that this inequality cannot hold for αm2
large. However, given that u∗T depends on model parameters and implicitly on αm2 (through
equations (7)), it is difficult to obtain a clear understanding of the stability of this coexistence state in terms of various model parameters (and whether stability correlates with
the existence of this state – as we will see in Appendix C for model (2)). However, we
can fix model parameters (e.g., to the values in Table 1) and find these steady states and
their stability. In this context, we note that the tumour-present macrophage-present state
is stable for the baseline parameter values in Table 1. Hence, it expected that the baseline
numerical simulations will approach this state; see also Fig. 6(a)(i).
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no
− −
tumour−present
− −
macrophage−present
− −
steady state (s.s.)
− − −/+
− − −/+
− − −/+
− −
−/+
− − −/+
yes
yes
1 s.s.
−/+ 2 s.s. −/+

− 1 stable steady state (s.s)
(−) steady state (s.s)
−/+ 11 stable
unstable (+) steady state (s.s)

dt
Fig. 9 Stability of the tumour-present/macrophage-present steady states (7) – when they
exists – in the parameter space (dt , αm2 ). Here αm1 = 0.1 and all other parameter values
are as is Table 1. When only 1 steady state (s.s.) exists, it is always stable (−); when 2
steady states co-exists, one is stable (−) and the other one is unstable (+).

Remark 3 As mentioned in the main text, the steady state (0, M1∗ > 0, M2∗ > 0) exists
only when pm1 6= pm2 . This can be easily seen if we solve (1b)-(1c) for u∗M 1 and u∗M 2 :
u∗M 1 =
u∗M 2 =



αm2 KM pm2 − (dm + αm2 )

,
(αm2 + dm )(pm2 − pm1 )



KM (αm2 + dm )(pm2 − pm1 ) − αm2 pm2 pm2 − (dm + αm2 )
pm2 (αm2 + dm )(pm2 − pm1 )

.

Note that both u∗M 1 > 0 and u∗M 2 > 0 exist only if pm2 > max{pm1 , dm + αm2 }.
The case pm1 = pm2 = pm reduces the steady-state equations (1b)-(1c) to the following
expression (since 1 − (u∗M 1 + u∗M 2 )/KM = (αm2 + dm )/pm2 , and thus u∗M 1 will disappear
from the steady-state equation (1b)):


0 = αm2 KM pm2 − (dm + αm2 ) ⇔ pm2 = dm + αm2 .
However, substituting the above right-hand-side expression into
u∗M 2 =




pm2 − (dm + αm2 ) KM
pm2

− u∗M 1 ,

leads to u∗M 2 = −u∗M 1 , which is not biologically realistic. Hence the steady state (0, u∗M 1 , u∗M 2 )
cannot exist when pm1 = pm2 = pm .
Since in this study we considered only the case pm1 = pm2 =: pm (for simplicity, and to
connect the results of the discrete-phenotype model (1) and the continuous-phenotype model
(2); see Figs. 4(a) vs. 4(b)), here we chose to not discuss the stability of the tumour-free
macrophages-present steady state.

C Stability of steady states for model (2)
We now consider small perturbations of the phenotypically-homogeneous steady states u∗T
and u∗M (i.e., uT (t) = u∗T + a1 eσt ,
uM (t, m) = u∗M + a2 eσt+ikm ). Substituting these
perturbations into the linearised system (2) leads to


σ + B11 B12
0
σ + B22



a1
a2


= 0,

where
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2u∗T 
B11 = dt u∗M − 1 + rm u∗M pt 1 −
,
(11a)
KT
Z Lm


∗
u
B12 = dt u∗T Ĥ1 (k) − pt u∗T 1 − T rm Ĥ2 (k), with Ĥ1,2 (k) =
H1,2 (m)eikm dm,
KT
0
(11b)




∗
∗
u
u
∗
pm ∗
B22 = ike−g0 uM αm1 ∗ T ∗ − αm2 u∗M +
u − pm 1 − M + dm .
(11c)
uT + KT
KM M
KM
This leads to the following characteristic equation:

σ 2 + σ B2 + B1 + B1 B2 = 0,
with roots
σ1 = −B11 ,

σ2 = −B22 .

First note that the kernels H1 (m) and H2 (m) (which appear only in B12 ) do not influence
these roots, and so the shape of the kernels (see Fig. 3) does not have any impact on the
stability of the phenotype-homogeneous steady states. Second, note that the wavenumber
k appears only in σ2 = −B22 , and it does so in the complex part of this root. Hence, the
steady states will be stable/unstable to an infinite range of wavenumbers.
Proposition 2 Consider model (2) with the continuous macrophage phenotype, which can
exhibit four phenotype-heterogeneous steady states.
1. The tumour-free macrophage-free steady state (u∗T , u∗M ) = (0, 0) is always unstable.
(p

−d

)K

2. The tumour-free macrophage-present steady state (u∗T , u∗M ) = (0, m p m M ) is asympm
totically stable if and only if pm pt < dt KM (pm − dm ) − pt rm KM (pm − dm ).
3. The tumour-present macrophage-free steady state (u∗T , u∗M ) = (KT , 0) is unstable if
pm > d m .
4. The tumour-present macrophage-present steady state (u∗T > 0, u∗M > 0) is always
asymptotically stable.
Before discussing briefly how these stability results were obtained, note that the inequality
for the stability of the tumour-free macrophage-present state is more restrictive than the
inequality for the stability of the discrete-phenotype steady state (0, (pm − dm )KM /pm, 0).
This is explained by the difference in the steady states: the phenotypically-discrete states
have u∗M 2 = 0, while the phenotypically-continuous states incorporate both u∗M 1 and u∗M 2
and thus they can be de-stabilised by increasing the M2 sub-population.
Proof:
1. At the trivial state (0, 0), the roots of the characteristic equation are σ1 = pt > 0 and
σ2 = (pm − dm ), and therefore this state is always unstable .
(p

2. At the state (0, m
teristic equation are

−dm )KM
pm

), which exists only if pm > dm , the roots of the charac-

σ1 = pt + (pt rm − dt )

(pm − dm )KM
,
pm

σ2 = −(pm − dm ) + ike−g0 KM (pm −dm )/pm αm2

(12)
(pm − dm )KM
,
pm

(13)

and therefore the steady state is asymptotically stable when σ1 < 0, which leads to the
required inequality.
3. At the state (KT , 0), the roots of the characteristic equation are σ1 = −pt < 0 and
Re(σ2 (k)) = pm − dm > 0, and thus this state is always unstable.
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4. At the steady state (u∗T > 0, u∗M > 0), which exists only for (pm − dm ) > 0 and
pm pt
dt − pt rm < (p −d
, we have Re(σ2 (k)) = −(pm − dm ) < 0. Thus the stability is
m
m )KM
controlled by σ1 :
σ1 =

(−pt rm + dt )(pm − dm )KM − pm pt
pm pt
< 0 ⇔ dt − pt rm <
.
pm
(pm − dm )KM

This last inequality coincides with the inequality for the existence of this state (see
equation (8b)), and thus the state is asymptotically stable whenever it exists.
Fig. 10 shows the real and imaginary parts of σ1 and σ2 for wavenumber k < 100 and
dt = 0.5 (continuous lines) and dt = 1.0 (dash-dot lines). As discussed above, increasing dt
can lead to unstable states; however this instability is characterised by an infinite number
of wavenumbers k becoming unstable at the same time (and the corresponding positive
eigenvalues σ(k)).

σ1 (for dt =0.5)
σ1 (for dt =1)
Re(σ2 ) (for dt=0.5, 1.0)
Im(σ ) (for dt=0.5)
2
Im(σ2) (for dt=1)
increase dt

σ

Fig. 10 Dispersion relation σ1,2 (k), corresponding to the phenotypically-homogeneous
steady state (u∗T > 0, u∗M > 0) given by equations (8), as we vary the rate dt at which
M1-like macrophages eliminate the tumour cells.

D The impact of different shapes of phenotype kernels
We have seen in Fig. 8 that an overlap in the macrophages phenotype leads to a delay in
the killing and relapse of tumour cells. There, we considered phenotype kernels that put
similar emphasis on cells with M1 and M2 phenotypes. Here we investigate what happens
if we change the shape of the phenotype kernel, and put more emphasis on the cells with
more extreme phenotypes (e.g., on the M1 macrophages with a phenotype m < 3, and on
the M2 macrophages with a phenotype m > 7). In Fig. 11(i) we depict two such types of
kernels:
(i) H1 (m) = me−m , H2 (m) = (Lm − m)e−(Lm −m) , and
(ii) H1 (m) =

m
e
1+

m
− 1+

, H2 (m) =

(Lm − m)
e
1+

(L −m)
− m
1+

(14a)
, with  = 0.3.

(14b)

Comparing Fig 11(ii) with Fig. 7(b)(i), we see that the shape of the kernels does have an
impact on the level of tumour reduction by the M1 cells (when we keep all other model
parameters and initial conditions fixed). In particular, kernels (14) lead to a much smaller
reduction in tumour population compared to kernels (5)-(6).
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Fig. 11 Dynamics of system (2) with: (a) kernels (14a), and (b) kernels (14b), as we vary
the degree of overlap between H1 and H2 . Here, pm = 0.7, pt = 0.6, αm1 = 0.1, αm2 = 0.01,
dt = 2.0, and the rest of the parameters are as in Table 1.

Various other types of kernels, with or without overlap, could be used to model macrophages
phenotype. An extreme type of such kernel without overlap can be described by a delta function, which would allow us to reduce the non-local terms for continuous phenotype to local
terms describing the interactions between the discrete M1 and M2 phenotypes, and thus
compare models (1) and (2). However, since the goal of this study is not to focus on more
models with discrete phenotype, but rather to investigate the impact of M1/M2 mixed
phenotype on tumour outcomes, we leave such a comparison for a future study.
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28. Gregório, A., Fonseca, N., Moura, V., Lacerda, M., Figueiredo, P., Sim0̈es, S., Moreira,
J.: Inoculated cell density as a determinant factor of the growth dynamics and metastatic
efficiency of a breast cancer murine model. PLoS One 11(11), e0165817 (2016)
29. Gül, N., van Egmond, M.: Antibody-dependent phagocytosis of tumour cells by
macrophages: a potent effector mechanism of monoclonal antibody therapy of cancer.
Cancer Res. 75(23), 5008 –5013 (2015)
30. Hanahan, D., Weinberg, R.: Hallmarks of cancer: the next generation. Cell 144(5),
646–674 (2011)
31. He, Y.F., Zhang, M.Y., Wu, X., Sun, X.J., Xu, T., He, Q.Z., Di, W.: High MUC2
expression in ovarian cancer is inversely associated with the M1/M2 ratio of tumourassociated macrophages and patient survival time. PLoS ONE 8(12), e79769 (2013)
32. Heusinkveld, M., van der Burg, S.: Identification and manipulation of tumour associated
macrophages in human cancers. J. Translational Medicine 9, 216 (2011)
33. Jadus, M., Irwin, M., Irwin, M., Horansky, R., Sekhon, S., Pepper, K., Kohn, D., Wepsic,
H.: Macrophages can recognise and kill tumour cells bearing the membrane isoform of
macrophage colony-stimulating factor. Blood 87(12), 5232–5241 (1996)
34. Josephs, D., Bax, H., Karagiannis, S.: Tumour-associated macrophage polarisation and
re-education with immunotherapy. Front. Biosci. (Elite Ed.) 7, 293–308 (2015)
35. Karnevi, E., Anderson, R., Rosendahl, A.: Tumour-educated macrophages display a
mixed polarisation and enhance pancreatic cancer cell invasion. Immunology and Cell
Biology 92(6), 543–552 (2014)
36. Laird, A.: Dynamics of tumor growth. Br. J. Cancer 18, 490–502 (1964)
37. Laird, A.: Dynamics of relative growth. Growth 29, 249–263 (1965)
38. Li, Q., Hao, Z., He, W., Zhao, W.: Reprogramming tumour associated macrophage
phenotype by a polysaccharide from Ilex asprella for sarcoma immunotherapy. Int. J.
Mol. Sci. 19(12), E3816 (2018)
39. Li, X., Jolly, M., George, J., Pienta, K., Levine, H.: Computational modelling of the
crosstalk between macrophage polarisation and tumour cell plasticity in the tumour
microenvironment. Frontiers in Oncology 9, 10 (2019)
40. Louzoun, Y., Xue, C., Lesinski, G., Friedman, A.: A mathematical model for pancreatic
cancer growth and treatments. J. Theor. Biol. 351, 74–82 (2014)
41. Luo, Y., Zhou, H., Krueger, J., Kaplan, C., Liao, D., Markowitz, D., Liu, C., Chen, T.,
Chuang, T.H., Xiang, R., Reisfeld, R.: The role of proto-oncogene Fra-1 in remodelling of
the tumour microenvironment in support of breast tumour cell invasion and progression.
Oncogene 29(5), 662–673 (2010)
42. Ma, J., Liu, L., Che, G., Yu, N., Dai, F., You, Z.: The M1 form of tumour-associated
macrophages in non-small cell lung cancer is positively associated with survival time.
BMC Cancer 10, 112–120 (2010)
43. Madera, L., Greenshields, A., Coombs, M.P., Hoskin, D.: 4T1 murine mammary carcinoma cells enhance macrophage-mediated innate inflammatory responses. PLoS One
10(7), e0133385 (2015)
44. Mahlbacher, G., Curtis, L., Lowengrub, J., Frieboes, H.: Mathematical modelling of
tumour-associated macrophage interactions with the cancer microenvironment. J. Immunother. Cancer 6, 10 (2018)
45. Makela, A., Gaudet, J., Foster, P.: Quantifying tumour associated macrophages in breast
cancer: a comparison of iron and fluorine-based MRI cell tracking. Sci. Rep. 7, 42109
(2017)
46. Mantovani, A., Biswas, S., Galdiero, M., Sica, A., Locati, M.: Macrophage plasticity
and polarisation in tissue repair and remodelling. J. Pathol. 229, 176–185 (2013)
47. Mantovani, A., Sozzani, S., Locati, M., Allavena, P., Sica, A.: Macrophage polarisation:
tumour-associated macrophages as a paradigm for polarised M2 mononuclear phagocytes. TRENDS in Immunology 23(11), 549–555 (2002)
48. Martinez-Marin, D., Jarvis, C., Nelius, T., Filleur, S.: Assessment of phagocytic activity
in live macrophages-tumour cells co-cultures by confocal and Nomarski microscopy.
Biology Methods and Protocols 2(1), 1–7 (2017)
49. Matovani, A., Marchesi, F., Malesci, A., Laghi, L., Allavena, P.: Tumour-associated
macrophages as treatment targets in oncology. Nat. Rev. Clin. Oncol. 14, 399–416
(2017)

Title Suppressed Due to Excessive Length

27

50. McCabe, A., MacNamara, K.: Macrophages: key regulators of steady state and demandadapted hematopoiesis. Exp. Hematol. 44(4), 213–222 (2016)
51. Monte, U.D.: Does the cell number 109 still really fit one gram of tumour tissue? Cell
Cycle 8(3), 505–506 (2009)
52. Morales, V., Soto-Ortiz, L.: Modelling macrophage polarisation and its effect on cancer
treatment success. Open Journal of Immunology 8(2), 36–80 (2018)
53. Mosoyan, G., Nagi, C., Marukian, S., Teixeira, A., Simonian, A., Resnick-Silverman,
L., DiFeo, A., Johnston, D., Reynolds, S., Roses, D., Mosoian, A.: Multiple breast
cancer cell-lines derived from a single tumour differ in their molecular characteristics
and tumorigenic potential. PLoS ONE 8(1), e55145 (2013)
54. Movahedi, K., Laoui, D., Gysemans, C., Baeten, M., Stangé, G., den Bossche, J.V.,
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