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Mathematical investigation of innate immune responses
to lung cancer: the role of macrophages with mixed
phenotypes

Raluca Eftimie®?*, Charlotte Barelle?

% Division of Mathematics, University of Dundee, Dundee, United Kingdom, DD1 4HN
b Laboratoire Mathématiques de Besangon, UMR - CNRS 6623, Université de
Bourgogne Franche-Comté, 25000 Besancgon, France

Abstract

Macrophages’ role in the evolution of solid tumours is a well accepted fact,
with the M1-like macrophages having an anti-tumour role and the M2-like
macrophages having a pro-tumour role. Despite the fact that some clinical
studies on lung tumours have emphasised also the presence of macrophages
with mixed M1 and M2 phenotypes in addition to macrophages with distinct
phenotypes, the majority of studies still use the distinct M1-M2 classification to
predict the evolution of tumours and patient survival. In this theoretical study
we use a mathematical modelling and computational approach to investigate
the role of macrophages with mixed phenotype on growth/control/elimination
of lung tumours. We show that tumour control in the presence of M2—M1
re-polarising treatments is mainly the result of macrophages with mixed pheno-
types (due to the assumption of short half-life of M1-like macrophages). We also
show that the half-life of various macrophage phenotypes (distinct M1 or mixed
M1/M2 phenotypes) impacts the outcome of various therapeutic strategies tar-
geting tumour-associated macrophages. All these results suggest the need for a
better experimental understanding of the kinetics of macrophages inside solid
tumours.

Keywords: Mathematical modelling; Non-small cell lung cancer; M1 and M2
macrophages; Macrophages with mixed phenotypes;
2020 MSC: 92C50

1. Introduction

The non-small cell lung cancer is the most common type of lung cancers,
and the leading cause of cancer-related deaths in the world [1, 2]. Due to the
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absence of clinical symptoms, most cancers are diagnosed only when they reach
an advanced stage and when treatments are not effective anymore. For a long
time it was thought that NSCLC is non-immunogenic, but over the last decade a
number of studies have shown that this lack of immunity is the result of immune-
evasive mechanisms employed by the tumour cells [1]. A recent study [3] on the
immune cell composition of human NSCLC has shown that T cells represent the
most abundant immune cell population (= 47%), followed by B cells (= 16%),
macrophages (= 4.7%) and NK cells (= 4.5%). However, in [4] the authors
found that neutrophils are the most prevalent immune cells in NSCLC, while
in [5] the authors identified more macrophages than T cells inside tumour islets
and stroma. A very recent study [6] that analysed publicly available raw mi-
croarray expression data on immune composition of NSCLC concluded that the
majority of the immune infiltrates inside these tumours is represented by the
macrophages, followed by T cells and B cells. Moreover, in regard to the in-
filtrating macrophages, the authors in [6] concluded that the majority of these
cells have a M2-like phenotype (i.e., alternatively activated, anti-inflammatory
and pro-tumour cells [7]), with the next abundant cells having M1-like pheno-
types (i.e., classically activated, pro-inflammatory and anti-tumour cells [7]) or
MO (non-activated) phenotypes. It is possible that some of these contradictory
results might be the result of the type of cell markers used to classify the cells,
including the different types of macrophages, as discussed below in more detail.

Because many clinical studies [8, 9, 10, 11, 12] have focused on the prognos-
tic value of the numbers/percentages of various macrophage sub-populations
that infiltrate various tumour areas (islets, stroma) in NSCLC patients, in this
study we focus on the role of macrophages on the growth, control, and elim-
ination of lung tumours. Again, we need to emphasise that all these clinical
studies on NSCLC show different results, some being reproduced and sum-
marised in Figure 1. One reason for these differences could be the various
markers used to classify the various cell types; e.g., CD68/iNOS [9, 11] and
CD68/HLA-DR [8, 9] for M1 cells; CD68/CD163 [8, 9, 11], CD68/CD204 [12],
CD68/CD206 [13] for M2 cells). In addition, a number of studies that profiled
human NSCLC showed that a small percentage of macrophages (i.e., between
0-11%) have markers characterising M2 cells as well as markers characterising
M1 cells [8, 9, 12]; see also Figure 1(a),(b). However, in a very recent study [14]
on early-stage lung cancer the authors showed experimentally that tumour-
associated macrophages from NSCLC expressed both M1 and M2 markers (e.g.
HLA-DR, CD206, CD163), sometimes at levels higher than the in vitro differ-
entiated M1 and M2 macrophages. They also showed that approximately 40%
of CD14™ cells identified inside the NSCLC tissue had high levels of both HLA-
DR and CD163 markers, and more than 50% had high levels of both HLA-DR
and CD206 markers. (Note that CD147 is a human protein produced mostly by
macrophages.) Returning to Figure 1, we also note that since some of the mark-
ers can be expressed by both M1 and M2 cells, the percentages shown in some
of the sub-panels, e.g., sub-panel (b), do not add up to 100%. We can conclude
from here that there are still many contradictory results about the proportion
of macrophages with mixed phenotypes inside lung tumours (probably due to
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Figure 1: Data on macrophage percentages in tumour islets (isl.) and stroma (str.) as we
approximated it from the following clinical studies on NSCLC: (a) the study in [8]. Here
we show data for M1 (blue) and M2 (green) percentages in long-term patients survival - to
compare it with the study in [9]. Percentages were calculated using the data from Table 2
in [8], by taking the ratio of M1 (or M2) cell numbers in either islets or stroma to the total
number of M1 (or M2) cells inside both islets and stroma. The authors also mentioned the
existence of a small percentage of cells with mixed M1/M2 phenotype (between 1.2%-8.1%
with a median of 3.1%; see the cyan-coloured bar). (b) the study in [9]. Here we show
data for long-term patients survival. Percentages were taken directly from Table 2 in [9].
The authors also mentioned the existence of a small percentage of cells with mixed M1/M2
phenotype (between 2.5%-10.2% with a median of 6.45%); see the cyan-coloured bar). (c) the
study in [10], where there was no mention on whether the data was for long-term or short-term
patients. Percentages were taken directly from Table 2 in [10]; (d) the study in [11], where
again there was no mention on whether the data was for long-term or short-term patients.
We calculated the percentages using the data from Table 3 in [11], by taking the ratio of the
total number of M1 (or M2) cells (from patients with stage IIA-IIB cancers) in either islets or
stroma over the total number of M1 (or M2) cells inside both islets and stroma. Similar results
were obtained for macrophage data from patients with stage IA-IB or IIIA-IIIB cancers.

the fact that the classification of macrophages subsets is still in its infancy [15]
and still poses many challenges [16]).

To address various questions related to tumour-macrophage interactions (as
well as questions about the effect of different immuno- and chemo-therapies on
tumour-macrophage interactions), the last few decades have seen the develop-
ment of a large variety of mathematical models [17, 18, 19, 20, 21, 22, 23, 24].
We note that all these models focus on the two extreme types of macrophages,



57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

7

78

79

80

81

82

83

84

M1-like and M2-like cells, and ignore the possible role of macrophages with
mixed phenotypes.

In this paper we use a mathematical modelling and computational approach
to shed some light on the following questions:

o What biological mechanisms influence the level of macrophages with mixed
M1/M2 phenotypes?

e What is the importance of macrophages with mixed M1/M2 phenotypes
on tumour growth/control/elimination?

To this end, we derive a new mathematical model (an extension of a simple
model introduced in [20]) that considers the interactions between a homoge-
neous NSCLC population and three macrophage sub-populations: the M1 cells,
the M2 cells, and cells with mixed M1/M2 phenotypes. Despite the human
macrophage data shown in Figure 1, there are very little other human studies
that would allow us to obtain a better understanding of the mechanisms in-
volved in the macrophage-tumour interactions in human lungs. For this reason,
in this study we focus on murine data to parametrise this new mathemati-
cal model for tumour-macrophage interactions. Numerical simulations are per-
formed to understand the role of macrophage polarisation rates (M1—M2) and
re-polarisation rates (M2—M1) on the reduction/growth in tumour size, as well
as the interactions between these rates and cell kinetics on tumour evolution.

The paper is structured as follows: in Section 2 we introduce the new math-
ematical model and parametrise it with murine data; in Section 3 we discuss
the dynamics of this new model as we vary the initial conditions and different
model parameters. Due to the uncertainty in the parameter values, we also per-
form local and global sensitivity analysis to shed some light on the important
parameters. We conclude in Section 4 with a summary and discussion of the
results.

2. Model Description

The following mathematical model is used to describe and investigate the
interactions between tumour cells and macrophages. This model focuses on the
temporal evolution of: tumour cells (ur), macrophages with a M1-like pheno-
type (uar), macrophages with a M2-like phenotype (ups2), and macrophages
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Figure 2: Caricature description of the cell-cell interactions depicted by model (1).

with a mixed M1-M2 phenotype (ups12); see also Figure 2.
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The above equations incorporate the following biological assumptions:

e Equation (1a) describes the dynamics of tumour cells, which are assumed
to grow logistically at a rate p; up to a carrying capacity Kp. This
logistic growth models the phenomenological observation that tumour
growth slows down as size increases, due to lack of nutrients [25]. The
macrophages with a M2-like phenotype (ups2 and upr12) contribute to the
proliferation of tumour cells [26, 7, 16], which we model using coefficients
Tm2 and 7,,12. The macrophages with a M1-like phenotype reduce tumour
growth [7] at rates dy (the ups cells) and dip (the upsio cells).
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e Equation (1b) describes the dynamics of macrophages with a dominant
M1 phenotype (upr1). Since tissue-resident macrophages are maintained
via self-proliferation with minimal monocyte input [27, 28, 29], and since
in [30] the authors showed that macrophages have an exponential growth
followed by a stationary phase, here we consider a logistic growth at a
rate p,1, up to a carrying capacity K,,. These cells die naturally [31]
at a rate d;,1. In the presence of tumour cells, the M1 macrophages can
polarise (at a rate 1) towards a mixed M1/M2 phenotype. External
factors (e.g., anti-tumour treatments [32]) can re-polarise (at a rate a,21)
the macrophages with a mixed M1/M2 phenotype towards an anti-tumour
M1-dominant phenotype.

e Equation (1c¢) describes the dynamics of macrophages with mixed M1/M2
phenotype (upr12). As before, since tissue-resident macrophages are self-
proliferating [27, 28] and their proliferation has an exponential phase fol-
lowed by a stationary phase [30], here we assume a logistic growth at a rate
Pm12, Up to a carrying capacity K,,. Moreover, these cells die naturally
at a rate d,,12. Finally, we assume that these cells with mixed M1/M2
phenotypes can polarise (at a rate a,,12) in the presence of tumour cells
towards a more distinct M2 phenotype, or can re-polarise (at a rate c,21)
following external treatment [32] towards an M1 phenotype. In the pres-
ence of tumour cells, M1 macrophages can polarise (at a rate ;1) towards
a mixed M1/M2 phenotype. Anti-tumour treatments [32] can re-polarise
(at a rate ay,2) the M2 macrophages towards a mixed M1/M2 phenotype.

e Equation (1d) describes the dynamics of macrophages with a dominant
M2 phenotype (upr2). Again, we assume that this population grows lo-
gistically at a rate pn,2, up to a carrying capacity K,,. These cells die
naturally at a rate dy,2 [31]. Anti-tumour treatments [32] can re-polarise
the M2 macrophages (at a rate au;,2) towards a mixed M1/M2 phenotype.
In the presence of tumour cells, the macrophages with a mixed M1/M2
phenotype can polarise (at a rate a;,12) towards M2 cells.

2.1. Parameter estimation

Even if our biological questions were triggered by human NSCLC data (see
Figure 1), to identify some of the model parameters we focus on murine experi-
ments for which there is more data (compared to humans). Below we summarise
the data we used to estimate different model parameters.

e The study in [33] investigated the growth of tumours resembling non-
small cell lung cancer (NSCLC) in mice lungs. In Figure 3 we reproduce
the murine tumour growth data from [33], together with the solution of a
logistic equation for tumour growth. The best fit of the numerical solution
to the data (obtained using the classical least square method) was obtained
for p; = 0.23 and K; = 1400. This proliferation rate is consistent with the
doubling time (i.e., 2.97 days) of NSCLC cells inoculated into nude mice,
as calculated experimentally in [34] .
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Figure 3: (a) Reproduction of tumour growth data from [33] (black circles) together with the
solution of a logistic growth equation for tumour growth (red curve), as given by eq. (la) in
the absence of any macrophages. Here K¢ = 1400 and p; = 0.23, and the initial condition for
the numerical simulation of the tumour logistic growth is ur(0) = 4mm3. (b) Reproduction
of macrophage growth data from [30] (open circles and black squares) — where data was
transformed from number of cells to potential volume occupied by these cells (see discussion
below) — together with the solution of a logistic equation for macrophage growth (red curves),
as given by the sums of of eqns. (1b)+(1c)+(1d) when pmi = Pmi2 = Pm2 = Pm and
dm1 = dmi12 = dma = 0. The continuous curve was obtained for p,, = 0.88 and K,, = 6.72,
while the dotted curve was obtained for p,, = 0.483 and K,, = 6.72. The initial condition for
the numerical simulation of macrophage logistic equation is ups(0) = 0.006mm? (where s
describes the total macrophage size).

e In [3] the authors have calculated that macrophages represent ~ 4.8% of
the total immune infiltrates into human NSCLC. For our murine model,
we assume that immune cell infiltrates represent up to 10% of tumour
mass, and the macrophages represent 4.8% of these immune infiltrates.
(Note that in [10] it was estimated that macrophages represent ~ 15.84%
of all cells inside tumour tissue, and thus our assumption is not completely
unrealistic.) Thus, for a maximum tumour volume of K; = 1400mm?® we
obtain a maximum macrophage volume of K, = 6.72mm?3.

e In [35] the authors calculated the diameter of an alveolar macrophage at
~ 19um. In [36] the author suggested that a volume of 1000mm? can
contain up to 9.39 x 107 cells of diameter 22um, or up to 2.44 x 108 cells of
diameter 16pm. In this study, we assume that a volume of 1000mm? can
contain ~ 10® macrophages. Thus a carrying capacity K,, = 6.72mm?
can contain ~ 6.72 x 10° macrophages. These numbers are consistent
with the experimental study in [37], where the authors showed that the
number of macrophages from control mice ranged from 8 x 10%cells/mouse
to 2.4 x 105cells/mice.

In [30], the authors measured macrophage growth, and calculated a pro-
liferation rate between 0.487/day and 0.88/day (in different mice). In
Figure 3 we approximated the two macrophage data sets from [30] (Fig.
14.20.1 in [30], which shows cell numbers), where we transformed cell num-
bers into cell volumes (using the assumptions and calculations above).
Since in [30] the authors showed that macrophages grow logistically, we
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fitted a logistic growth curve with rate p,, and carrying capacity K,, =
6.72mm?>. The continuous red curve in Figure 3 shows macrophage growth
for p,, = 0.88, while the dashed red curve shows macrophage growth
for p,, = 0.487. Throughout this study we will consider an average
macrophage proliferation rate of p,,1 = pmi2 = Pme = 0.7.

The experimental study in [27], which focused on the adoptive trans-
fer of human mononuclear phagocytes into mice, showed that classical
(M1) macrophages circulate for a mean of 1.01 days, whereas intermedi-
ate (M12) and nonclassical (M2) macrophages have longer mean lifespans
of 4.30 and 7.41 days, respectively. In [31] the authors stated that the
murine M1-like macrophages (involved in phagocytosis) have a half-life
between 18-20hrs, while the murine M2-like macrophages (involved in tis-
sue repair) have a half-life between 5-7 days. Therefore, in this study we
assume that:

— the M1-like macrophages have a half-life of &~ 0.8 days (i.e., = 19.2hr),
corresponding to a death rate d,,; = 0.87/day;

— the mixed M1/M2 macrophages have a half-life of ~ 3 days, corre-
sponding to a death rate d,,12 = 0.23/day;

— the M2-like macrophages have a half-life of ~ 5.14 days, correspond-
ing to a death rate dy,2 = 0.09/day.

All other parameter values that appear in model (1) are unknown. In the
following, we discuss some of the assumptions we consider when choosing the
ranges over which we vary these parameters:

e We assume that the presence of 1% of max tumour is enough to trigger a

upr1 — Upr12 polarisation, and further a ups12 — upso polarisation. Thus,
we consider K = 1%K;.

We assume that macrophages with mixed M1/M2 phenotypes exhibit half
the anti-tumour effect of the M1 macrophages. Thus, we consider d;; €
(1075,1071) (with a baseline value of dy; = 0.01) and dyp € (5 x 1076, 5 x
10~2) (with a baseline value of ds = 0.005).

We assume that macrophages with mixed M1/M2 phenotype have half the
pro-tumour effect of M2 macrophages. Thus, we consider 7,2 € (1072 —
10%) (with a baseline value 7,2 = 0.1) and 7,12 € (5 x 1073,0.5) (with a
baseline value 7,12 = 0.05).

In humanised murine experiments [27] it has been found that that only
a small proportion of M1 macrophages will re-polarise to an intermedi-
ate M12 phenotype, but most M12 macrophages will re-polarise to an
M2 phenotype during their lifespan. Throughout this study we assume
Qm1 < up12. For the re-polarisation rates we assume 2 = aup21. Thus,
we consider a1 € (1074,1071)/day (with a baseline a,,; = 1073 /day),
amiz € (1073,1071) /day (with a baseline of a,,12 = 1072/day), and
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Qma = ama1 € (1072,10°)/day (with baselines of 0.0, since we assume
that initially there is no treatment to force a macrophage re-polarisation
towards an M1-like phenotype).

All these estimated parameter values and ranges which appear in model (1)
are summarised in Table 2.1. For simplicity, and to avoid numerical problems
caused by a stiff system, we rescale the tumour cells by K; and the macrophages

by K,,. This leads to unitary carrying capacities (K; = 1, K,,, = 1), and to a
rescaling of the following five parameters:

dpn =du X Ky,  dip =dia X Ky, Tz = T X Koy,
K{

. 2
% )

Tmi2 = Tmi2 X K,  Kf =

These rescaled parameter values are listed in the fourth column in Table 2.1
— where we removed the bars for simplicity. These values are used for the
numerical simulations performed throughout this study.

3. Numerical results

The initial conditions for the numerical simulations of system (1) were ob-
tained from the rescaled initial conditions in Figure 3:

4 4

0) = — = —— = 0.002857
ur0) =% = Ta00 ’
0.006  0.006
m .
urr2(0) = 0.0, uara(0) = 0.0. (3)

Thus, we assume that when the tumour is introduced into the system, it elicits
a pro-inflammatory immune response characterised only by the presence of a
non-zero uyyq, population. The numerical solution is propagated in time using
a classical fourth order Runge-Kutta method.

3.1. Baseline system dynamics

Figure 4(a) shows the dynamics of model (1) for the baseline parameter
values given in Table 2.1. We see that initially (¢ < 10 days) the immune
response is dominated by macrophages with a M1 phenotype. Then a transient
increase in the cells with a mixed M1/M2 phenotype (for 10 < t < 30) is
associated with a reduction in tumour size. Tumour relapse is associated with
an increase in the cells with a M2 phenotype (for ¢t > 40). We emphasise here
that this baseline case assumes a2 = @ma1 = 0 (see Table 2.1), i.e., no external
immune treatment to induce a re-polarisation of M2-like macrophages towards
an M1-like phenotype [32].

In Figure 4(b) we show the effect of externally-inducing a macrophage re-
polarisation on model (1); i.e., Qa2 = ma1 = 0.01. We observe a slight reduc-
tion in tumour size in the long term (i.e. ¢ > 80 days), which is associated with



Table 1: Summary of the parameter values used in this study. The 2" column shows the
dimensional parameters, the 3" column shows their units, and the 4*" column shows in bold
the rescaled parameter values; see eq. (2) (If there is no difference between the values in the
20d and 44 column, it means that the parameter was not rescaled). For most of the parameter
values we show a whole range, with the value inside the parentheses being the baseline value
used for the simulations. The time unit is “day”, cells are described by cell volume “vol”.

Param. Original

Original Rescaled

Description (original values)

values Units  values
Dy 0.23 dTlly 0.23 Proliferation rate of tumour cells
K; 1400 vol 1 Tumour carrying capacity
K 14 vol 0.01 Tumour level that triggers M1—M?2
macrophage polarisation
Tm2 1072 — 10° ﬁ 6.72 x 1072~ Contribution of M2 macrophages to
(0.1) 6.72 (0.672) the proliferation of tumour cells
Tmi12 0.005 — 0.5 ﬁ 0.0336 —  Contribution of macrophages with
(0.05) 3.36 (0.336) mixed M1/M2 phenotype to the
proliferation of tumour cells
dyy 1072 — 10° daylhwl 6.72 x 1072— Tumour killing rate by Ml
(0.2) 6.72 (1.344) macrophages
dio 5 x 1073 — dayl.vol 3.36 x 1072— Tumour killing rate by macrophages
0.5 (0.1) 3.36 (0.672) with mixed M1/M2 phenotype
pm1 0.487-0.88 0.487-0.88  Proliferation rate of M1 cells
(0.7) (0.7)
Pmi12 0.487—0.88 dTlly 0.487 - 0.88 Proliferation rate of macrophages
(0.7) (0.7) with mixed M1/M2 phenotype
Pm2 0.487 —0.88 dTILy 0.487 — 0.88 Proliferation rate of M2 cells
(0.7) (0.7)
K, 6.72 vol 1 Macrophages carrying capacity
dm1 0.83-0.924 dTlly 0.83-0.924 Natural death rate of M1 cells
(0.87) (0.87)
dmi2 0.14-0.83 d%y 0.14-0.83 Natural death rate of cells with
(0.23) (0.23) mixed M1/M2 phenotype
dmo 0.09-0.14 dle 0.09-0.14 Natural death rate of M2 cells
(0.1) ' (0.1)
Qm1 107 —10"2 ﬁy 107® — 102 Polarisation rate of M1 cells towards
(0.001) (0.001) a mixed M1/M2-phenotype
Q12 10~4—10"1 d%y 10* — 10! Polarisation rate of macrophages
(0.01) (0.01) with a mixed M1/M2 phenotype to-
wards a M2-dominant phenotype
QU2 0—10° (0.0) dTlly 0—10° (0.0) Re-polarisation rate of M2 cells to-
wards a mixed M1/M2-phenotype
Qma1 0—10° (0.0) d%y 0—10° (0.0) Re-polarisation rate of macrophages

with a mixed M1/M2 phenotype to-
wards a M1-dominant phenotype
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a higher percentage of macrophages with mixed M1/M2 phenotype (and a very
small but non-zero population of M1-like macrophages). The effect of further
increasing a2, Qa1 will be discussed below, in Figure 7(d).
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Figure 4: (a) Dynamics of model (1), for the baseline parameter values listed in Table 2.1,
when a2 = ama21 = 0. (b) Dynamics of model (1), when we assume am2 = ama1 = 0.01 > 0.
Sub-panels (i) show the time-evolution of the tumour cells and macrophages; Sub-panels (ii)
show the time-evolution of the percentage of macrophage composition.

8.2. Sensitivity analysis

Since many parameter values were estimated within certain ranges, in the
following we evaluate the robustness of model (1), by investigating the sensi-
tivity of tumour size to small perturbations in some model parameters and in
initial conditions. We start in Section 3.2.1 with a local sensitivity analysis to
investigate how small perturbations in the initial conditions and macrophage
polarisation /re-polarisation rates impact tumour dynamics. However, since we
do not know if there is interaction between these polarisation/re-polarisation
rates and all other estimated parameters that appear in the model, in Sec-
tion 3.2.2, we perform a global sensitivity analysis.

8.2.1. Local sensitivity analysis

In the following we focus on tumour size at ¢ = 40 (while tumour is decreasing
following an increase in macrophages with mixed phenotypes; see Figure 4) and
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at t = 60 (while tumour relapses and is close to its carrying capacity; see
Figure 4). The change in tumour size is calculated using the discrete formula
for the derivative of the output (tumour size) with respect to the input (e.g.,
initial condition w;(0), where j € {T, M1, M12, M2}) [38]:

u%ew(élo) _ ulj)gselz:ne (40)
‘u?ew (O) _ u?aselzne (0)'

Ls = (4)

Remark 1. We decided to focus on time t = 60, when the relapsing tumour
would approach the carrying capacity (for the baseline parameter values) since
we would like to understand the mechanisms that could impact the late-stage
tumours, as many lung tumours are discovered when they have already reached
a late stage. Moreover, for this local sensitivity analysis we decided to ignore
the earlier times (e.g., t < 30) since the immune response was too weak at
these times, and changes in immune-related parameters had almost no impact
on tumour size. We chose to focus on t = 40 because at this time the level of
immune response (and in particular the macrophages with mized phenotype) is
high enough to have a significant impact on tumour.

Remark 2. In eq. (4) we do not normalise the sensitivity index [39]. This
18 mainly because when we investigate local sensitivity to the initial conditions,
there are two zero baseline initial conditions for upro and upr12 and therefore
we cannot divide by these values for normalisation (i.e., the ratio |[u7*"(0) —
ubaseline(0)| fubaseline(0), j e {M12, M2}, does not make sense). A similar
problem is encountered when we perform the sensitivity to cuye and amay (which
have zero baseline values; see Table 2.1). For this reason, in this study we
decided to work with equation (4) and not with a normalised version of this

equation.

Tumour sensitivity to initial conditions. In Figure 5 we show the magnitude
of changes (i.e., Lg given by eq. (4)) in tumour size on days (a) ¢ = 40 and
(b) t = 60, as we increase/decrease the initial conditions for the tumour and
M1 macrophage populations by a factor of 102 from their baseline values. The
M12 and M2 initial macrophage levels are increased from 0 to 1073. We see in
Figure 5 that the initial conditions for all macrophage sub-populations have a
significant impact on the early stages of tumour growth (i.e., ¢ < 50), and only
the mixed phenotype macrophages seem to play an important role also in the
later stages (¢ > 50). Moreover, increasing the initial tumour size by a factor
of 10?2 does not seem to have an impact on either early or later tumour stages,
which suggests that the baseline initial tumour size is already large enough.
Only a decrease in the initial tumour size has an impact on tumour levels on
both t = 40 and ¢ = 60.

Tumour sensitivity to polarisation/re-polarisation rates. In Figure 6 we show
the magnitude of changes in tumour size on days ¢t = 40 (panel (a)) and ¢ = 60
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Figure 5: Changes in tumour size (see Lg in eq. (4)) on days (a) t = 40 and (b) t = 60, as
we vary the initial conditions (ICs) for each of the four variables from their baseline values
(in red colour) to the lower values (cyan colour) and the upper values (black colour) of the
indicated IC ranges. Since the baseline values for ups12(0) and upr2(0) were zero, we only
increased these values to 1073.

(panel (b)), as we vary separately each of the rates a1, mi2, ma1, Cm2. The
rates a1, up12 are increased /decreased by 90% from their baseline levels, while
rates auna, umo1 are increased from their zero baseline levels to 0.01. Panels
(c),(d),(e) show the time evolution of tumour (¢ € [0,100]) as we vary these
rates polarisation/re-polarisation rates. As expected, when we decrease a;,12
or we increase «,,2 we see a decrease in tumour size. However, unexpectedly,
a decrease in ayy,; (which should reduce the M1—M2 polarisation), seems to
cause a significant increase in the tumour population.

In Figure 7 we show the effect of varying at the same time and by the same
amount the polarisation rates «,,1 and au,12 (where we assume that «,,; =
ami12 =: a1), and the re-polarisation rates au,,s and 21 (where we assume
that ame = ama1 =: a2). Panels (a) and (b) show the magnitude of the changes
in tumour size on days ¢ = 40 and ¢t = 60, while panels (c) and (d) show the time-
variations in up(t) as we vary simultaneously a,1 = ami2 and e = o,
respectively.

e Figure 7(c): when we decrease a1 = a1z = oy to ap = 0.00001 we first
observe a tumour increase (for ¢ € (30,50)) followed by a large decrease
(for t € (50,80)). The initial tumour increase is unexpected, since a
reduction in «; should keep the macrophages in a M1-like phenotype.

e Figure 7(d): when we increase a2 = @21 = g, we observe that
the tumour can be reduced and eventually eliminated for very large re-
polarisation rates (e.g., ae = 0.2). However, in the short time (¢ € (30, 50))
the tumour grows to large sizes; it can even reach its carrying capacity
before being killed by the M1-like macrophages. Therefore, these results
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Figure 6: Changes in tumour size (see L, in eq. (4)) on days (a) ¢ = 40 and (b) ¢ = 60, as
we vary separately aym1, ami12 by £90% from their baseline values (black and cyan colours),
while aum21 and a2 are increased separately from 0.0 to 0.01 (magenta colour). In (c),(d) we
show the time-evolution of the tumour as vary separately by £90% (c) am1 and (d) amiz. In
(e) we show the time-evolution of the tumour as we vary separately am21 and aum2: each rate
is increased from 0.0 (baseline) to 0.01. The dotted vertical lines indicate the times t = 40
and t = 60.

suggests that there might be a range for the re-polarisation rates that
would lead to optimal treatment. (For murine experiments mice are killed
for humane reasons when the tumours grow too large, and thus a potential
tumour decay for ¢ > 80 would not be observed).

To further investigate the unexpected effect of a,,; on tumour growth, in Fig-
ure 8 we show the tumour cell volume as we vary: (a) dy (to verify whether
tumour increase for low a1 is the result of low M1 phagocytosis); (b) uar1(0)
(to verify whether tumour increase for low ;1 is the result of low initial M1
population); (c) dp1 (to verify whether tumour increase is the result of a con-
tinuously low M1 population due to high death rate). It is clear that while an
increase in d;; and upz1(0) alone, or a decrease in d,,1 alone, leads to a tempo-
rary reduction in tumour size, when we combine them also with a decrease in
a;n1 the tumour grows back. A more significant tumour reduction is observed
for very low d,,1 values (i.e., d,,; < 0.5). Only in this particular case, a de-
crease in oy, leads to lower tumour sizes — although the tumour will eventually
relapse and grow to its carrying capacity. This temporary decrease in tumour
size seems to be the result of higher %unn2 (see Figure 8(c)(ii)-(ii")).

Since macrophages death rates seem to play an important role in macrophage
re-polarising treatments, in Figure 9 we explore the region in the (d,,12,dm1)
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Figure 7: Panels (a),(b) show changes in tumour size (i.e., Lg value given by eq. (4)) on days
t =40 and t = 60, as we vary at the same time the two polarisation rates ami1 = amiz =: a1
by £90% (from a common baseline value of a; = 0.0001) and am2 = ama1 =: ag (from their
baseline value 0.0 to 0.01). Since the increase in ag has a very little effect on tumour size
on day t = 60, to improve the visualisation we multiplied the value Lg from eq. (4) by a
factor of 10. Panel (c) shows the time-evolution of ur when we assume ajo = a1 = 0.0
and we vary ap := apr1 = apri2. Panel (d) shows the time-evolution of ur when we assume
ap1 = aprie = 0.0001 and we vary az := apre = apra1. The dotted vertical lines indicate
the times ¢t = 40 and ¢t = 60.

space for which a decrease in a,,; (from 103 to 10*) leads to a decrease or an
increase in tumour size. The thick red curve in the top-left panel corresponds to
a stationary tumour (i.e. the dot and dash-dot curves overlap, and the tumour
is neither increasing nor decreasing). For three cases corresponding to three cor-
ners of this main panel, we show both the time-evolution of the tumour, and the
percentage of macrophages corresponding to some of these tumours. We observe
that tumour reduction/control for d,,12 = 0.14, d,,; = 0.45 is associated with a
large percentage of macrophages with mixed M1/M2 phenotypes. In contrast,
tumour reduction/control for d,,12 = 0.35, d,,1 = 0.45 is associated with a very
low percentage of macrophages with mixed M1/M2 phenotypes. Hence, the
death rates of macrophages with M1-like phenotype or mixed M1/M2-like phe-
notype seem to play an important role on tumour growth/control/decay, and
on the percentage of mixed macrophages during tumour growth/control/decay.
We will discuss these results in more detail in Section 4.
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Figure 8: Time-evolution of tumour cell volume as we vary different parameters related to
M1 cells. The “baseline” case (continuous curve) corresponds to the parameter values listed
in Table 2.1, where au,1 = 1073, (a) Vary ds1 alone (dotted curve) or in combination with
am1 (dash-dot curve). To see some difference in tumour dynamics, we had to increase d¢1 by
a factor of 30: from dy; = 1.344 to d¢1 = 201.6 (b) Vary the initial condition wpsq(0) alone
(dotted curve) or in combination with au,1 (dash-dot curve). Here we increased the initial
condition by a factor of 100: from wuas1(0) = 0.000892 to uar1(0) = 0.0892. (c) Vary dm1
alone (dotted curve) or in combination with a1 (dash-dot curve). Here we show the effects
of medium vs. low values of dp1: (i) dm1 = 0.6, (ii) dm1 = 0.5. For this panel (¢) we also
show the percentage of various types of macrophages: (i’) for the case dm1 = 0.6, (ii’) for the
case dm1 = 0.5.

3.2.2. Global sensitivity analysis

To determine the impact that possible interactions between multiple uncer-
tain parameters have on overall tumour dynamics, next we perform a global
sensitivity and uncertainty analysis using the classical LHS/PRCC (Latin Hy-
percube Sampling/Partial Rank Correlation Coefficient) approach [40, 41].

In Figure 10 we show the results of a global sensitivity and uncertainty anal-
ysis for: (a) tumour population (ur), (b) M1 macrophage population (u1),
(¢) macrophage population with mixed M1/M2 phenotypes (ups12), and (d) M2
macrophage population (ups2), as we sample independently (100 times) the 14
parameter values within the ranges listed in Table 2.1. Sub-panels (i) show the
average population outputs (“mean” and “standard deviations” (£sd) in darker
colours, and maximum /minimum values in lighter colours), while sub-panels (ii)
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Figure 9: Bifurcation diagram in the (dm12,dm1) parameter space showing the regions where
a decrease in a1 from 1073 (dot curves) to 10™* (dash-dot curves) leads to a decrease in
tumour size (white region) or an increase in tumour size (cyan region). To make it clear
what we mean by stationary tumour (i.e. the dot and dash-dot curves overlap), we also show
the time-evolution of the tumour and macrophage percentage at three corner points in this
parameter space: (i) dyi12 = 0.14, dm1 = 0.45; (i) dmiz = 0.37, dm1 = 0.45; and (iii)
dmi2 = 0.37, dm1 = 0.67. To clarify that the delay in tumour relapse observed for case (ii)
is the result of reduced tumour levels, in this sub-figure we also show a zoom-in of tumour
growth curves for ur < 0.05.

show the PRCC values. For the PRCC analysis, we note that the parameters
with large PRCC absolute values are the most important. In particular, values
closer to 1 indicate parameters that influence strongly the outcome variable,
while the sign indicates the qualitative relation between input parameters and
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output variables (with “ 4 ” sign indicating that the parameter is directly pro-
portional to the outcome, and the ”—" sign indicating that the parameter is
inversely proportional to the outcome). In Figure 10 we see that:

e The parameters with the largest impact on ur are auno1, Qma, di1, Pme
and d,12. Interestingly, these parameters correspond to the four tumour-
associated macrophage targeted therapeutic strategies discussed in [42]:
antibody-mediated elimination of tumour cells (d;;), blockage of monocyte
recruitment to tumours (p,,2), re-polarisation to an Ml-like phenotype
(m21, m2), and suppression of macrophage survival (d,12).

e The parameters with the largest impact on ups1 are a2, dmiz, and pm,o.

e The parameter with the largest impact on ups12 iS o1, followed by a9,
dm12 and ppo.

e The parameter with the largest impact on w9 are a2, followed by p,o.
Among the polarisation rates, the largest impact is provided by a;,12.

The above results identified the proliferation/recruitment rate of M2 macrophages
(pm2) as a parameter important not only for tumour dynamics, but also for
the dynamics of all macrophage phenotypes, including up;q and ups12. There-
fore, reducing p,,2 will impact tumour growth both directly (through the direct
pro-tumour effect of M2 macrophages [43, 26]) and indirectly (through the M1
macrophages and macrophages with mixed M1/M2 phenotypes).

4. Discussion

In this study we developed and investigated numerically a new mathemat-
ical model for the temporal dynamics between non-small cell lung cancer and
macrophages in the lung, with the ultimate goal of shedding some light on the
importance of macrophages with mixed phenotypes.

After showing the baseline dynamics of this new model (Figure 4), we started
performing a local sensitivity analysis, to gain some understanding of the effects
of changes in the initial conditions (Figure 5), as well as changes in those param-
eters describing macrophage polarisation/re-polarisation rates (Figures 6 - 9).
In regard to the initial conditions, our local sensitivity analysis showed that the
most important role is played by wupr12(0). For the baseline parameter values
investigated in this study (see Table 2.1) we observed that a decrease in the
polarisation rate au,12 (i.e., up1 — upr12 polarisation) led to larger tumours,
even when we increased the initial level of M1 macrophages (upr1(0)) or the M1
macrophages phagocytosis rate (d;1). We discovered that this was the result of
short half-life of M1 cells (i.e., large d,,1; see Figures 8 - 9).

Returning to Figure 1(a), one of the main questions of this paper was to
shed some light on the role of macrophages with mixed phenotypes on tumour
elimination/growth. Through numerical simulations in Figures 8-9, we showed
that the percentage of up;12 macrophages depends on the elimination rates dy
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Figure 10: Global sensitivity and uncertainty analysis for variables (a) ur, (b) uasi, (¢) upr12,
(d) upare as we vary 14 parameters within the ranges specified in Table 2.1. Sub-panels (i)
show the mean+standard deviation, together with max/min values of these variables as we
vary t. Sub-panels (ii) show the PRCC values corresponding to each of the parameters varied
in Table 2.1.

and djo (and it probably on other parameters as well). In particular, tumour
decay/control can occur for both low and high wups12 percentages. Therefore,
our theoretical study suggests that unless we know exactly the elimination rates
of macrophages with different phenotypes (M1 or mixed M1/M2) we cannot use
the macrophages with mixed phenotypes as predictors of tumour elimination
(and patient survival).

The results presented in this study depend heavily on the parameters used
for the simulations. Some of these parameter values were obtained from in-vitro
and ex-vivo experiments [30, 33], and therefore they could be different from the
in-vivo murine parameters and even more from the in-vivo human parameters.
Unfortunately, we do not have in-vivo data to parametrise these mathemati-
cal models, and our best approach was a sensitivity and uncertainty analysis
to understand the extent of variations in model outcomes. Global sensitivity
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analysis (Figure 10) revealed the parameters with the largest impact for tumour
dynamics (@m21, @m2, di1, Pme and dy,12), and interestingly these parameters
were also the parameters involved in four of the macrophage-targeted treat-
ment approaches for cancer as identified in [42]: re-polarisation of macrophages
towards an M1-like phenotype (m21, Qma), suppression of tumour-associated
macrophages survival (d,,12), blockade of macrophage recruitment (p,,2), and
antibody-mediated elimination of tumour cells by macrophages (d;1).

Overall, the results of this study emphasise the need for a better experi-
mental understanding of the kinetics (doubling time, half lives) of macrophages
with different phenotypes that can be found inside solid tumours (especially
the macrophages with mixed phenotypes). Most of the experimental studies
in the literature focus on the kinetics of T cells [44, 45], but given the im-
portance of tumour-associated macrophages on tumour evolution, more exper-
imental studies are necessary to better understand the macrophage kinetics.
Unfortunately, the lack of robust macrophage markers can lead to inaccurate
macrophage counts [16], which further impacts our hope of reliable data on
macrophage kinetics. Until more data will become available, we have to continue
using modelling and computational approaches to propose hypotheses regarding
the macrophage dynamics and their interactions with various components of the
tumour microenvironment.
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Appendix A. Spatially-homogeneous steady states

We have seen in Figures 7(d) and 8(c),(d) that changes in some parameters
can lead to lower tumour sizes in the long term (for a,,21, @ma > 0), in contrast
to the case a. To understand better this long-term dynamics of model (1), in the
following we summarise the steady states exhibited by this model by focusing
on two case: (i) the baseline case characterised by ama = a1 = 0, and (ii) the
treatment case characterised by aun2, o1 > 0.

Proposition 1. For the baseline case (i) with s, @ma1 = 0, model (1) can
exhibit the following steady states:

Tumour-Free Immune-Free (TFIF) state: (uh, Wiy, Whs1a: Whre) =(0,0,0,0),
which exists for all parameter values;

Tumour-Free M2-Present (TFM2P) steady state: (Wi, Whyy, Whrias Whya) =

(0,0,0, W), which exists for pma > dpma;

Tumour-Free M12-Present (TFM12P) steady state: (wh, whs, Wiie, Whra)

= (0,0, W,O), which exists for ppmiz > dmi2;

Tumour-Free M1-Present (TFM1P) steady state: (wh, i, Wisie, Wie) =
(0, M, 0,0), which exists only for ppmi1 > dm1, an inequality not

satisfied Z@} the baseline parameter values in Table 2.1;

Tumour-Present Immune-Free (TPIF) steady state: (Wi, whq, Whr1o Whio)
= (K,0,0,0), which exits for all parameter values;

Tumour-Present M2-Present (TPM2P) steady state: (Wi, Wiy, Whr1as Wasa)
= (K, 0,0, p’";%[(m) which exists for ppa > dpms;

Tumour-Present M12-M2-Present (TPM12M2P) steady state: (wh,whyy, W12, Whro)
= (u}, 0, Ul 19, Whye) with the non-zero states connected via the following
equations:

K [Pmi2(ur+K])—=dmi2(ur+K])+amizur]
m K*
* _ pmiz(ur+K7) Al
Upiz = 1zt 1 (A1)

* * dmi2 _ @mi2 u;" _ * *
(up+ K )pm2 |:Pm,l2 Pmi12 uq+Kj; dma(up+Ky)

dmi2 | Qmi2  up )
uy = K,|1- + — Uhs10 A2
o = K (1o S ME ), )
u*
0 = o (1= 52 ) (0t rmatis + rmaatinn) — drainn (4.3
t

Tumour-Present Immune-Present (TPIP) steady state: (W, uhq, Whrio Uhra)-

Proposition 2. For the case (i) when a macrophage re-polarisation treatment
is considered (i.e., Qma, tma1 > 0), model (1) can exhibit the following tumour-
free and tumour-present steady states:
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o Tumour-Free Immune-Free (TFIF) state: (uk,u’;y, w9, Whre) = (0,0,0,0),
which exists for all parameter values;

o Tumour-Free M1-cells Present (TFM1P) state: (wh,ul, Whyia, Uhra) =

(O,Kmpm;%,o,O), which exists only if pm1 > dn1.

o Tumour-Free M2-cells Free (TFM2F) state: (uwh, Wiy, Whrias Wire) = (0, Whs1, Whr12,0),

with
o _ am21 Ko (ama1 + dmi2 — Pmi2)
M1 (Pm1 — Pm12)@m21 — dm1Pmi2 + dmi2Pm1’
o  Kn(dmi2 + am21 — Pmi2)(=dmiPmi2 + pmi(dmi2 + @mar))
Ml2 = .

Pmi12(Pmi2(dm1 + @m21) — Pm1(dmiz2 + ma1))

o Tumour-Free, Immune response Present (TFIP) state: (wh, wi;i, Wi10, Whrs)
_ * * * .
= (0, uhr1, ups195 Unpa), with

2021 K D2 (dm2 + ma — Pm2)

—dm1 — m21)m2 — dma (@ma21 + dm12))p3n2 — PmiPmi2(dma + am2)2
+ (dmZ + am2)(pm1am2 + (am21 + dle)pml + dmlple)me

u}le - ((

am2<_dm1pm2 + Pmi1 (am2 + dm2))(am2 + dm2 - me)Km

—dm1 — m21)0m2 — A1 (21 + dim12))P2s — PmiPmi2(Cma + dm2)?
+ (o +m2pm1 + (m21 + dm12)Pm1 + dmi1Pm12) (@m2 + dm2)Pm2

Uprip =
((

and

[pml(amQ + dm2) - dmlme] (amZ + dm2 - pm2)
.« ((—am21 = dm12)Pm2 + Pmi2(ame + dm2)) K,

u =
Mz pm2(((_dm1 y a'rn21)am2 - dT}’Ll(a'ran + d7n12))p3712 - pmlple(amQ + d'm2)2)
+ me(((amZ + Qmo1 + dle)pml + dmlple)(amZ + dm2)pm2)

o Tumour-Present Immune-Free (TPIF) state: (wh, Wiy, Wi Uhso) = (K4,0,0,0),
which exits for all parameter values;

o Tumour-Present M1, M12 and M2 Immune response Present (TPIP) state:

* * * * * * * *
(Wp, Whrys Whrios Wage) = (Whs Wipys Wigie, Whro)-

Remark 3. Both cases investigated above, namely (i) no re-polarising treat-
ment (o = aumo1 = 0) and (i) re-polarising treatment (2, aime1 > 0) had
a tumour-only steady state (TPIF) and coexistence steady states (TPIP). How-
ever, case (i) can exhibit two other steady states characterised by the presence
of tumour cells and the absence of M1-like cells (uy;; = 0): the TPM2P and
TPM12M2P states. This suggests that in the absence of any external treatment
to re-polarise the macrophages towards an M1-like phenotype, the tumours are
always formed of M2-like macrophages or macrophages with a mized M1/M2
phenotype.
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aws  Stability of steady states. The linear stability of the above steady states is con-
s trolled by the eigenvalues of the Jacobian matrix associated with the system
487 (1):
ail a2 @13 Ai4
T, whp uinz i) = | 20 2 BB with
a41 Q42 Q43 Q44

2uk
T * * * *
a1l Zpt(l - 7)(7‘m12UM12 + rmalpo + 1) - dt1UM1 - dt2uM127
t
X
a1z = — dyur,
%
U
* T *
a3 ZPtUT(l - *)Tmm — dyaurp,
K,
%
U
N T
Q14 —thT(l - E)Tm%
* *
a1 _ Qmiltpn ( up )
- * * * * ’
uh K| uh + K
Uhp + Uhpe + UG P Q1 WS
ag2 =p 1(1_ M1 M12 M2> _ Pm1 - m1Up
m K,, Uiy m up + Kf ’
E3
PmiUprq
Q23 = — K. + amai,
m
E3
__ Pmiupn
24 = — )
K,,
* * * *
a3y = Om1Upry ( . Uan ) Am12Upryo ( Upnri2 1)
- )
up + Kj up + Kj wh + K \uy + Kf
a3y = amlu; 4 ple“?\/flg
- )
un + Kf K,
* * * *
_ 1= YAt 2unp T UMY QmigUp
a33 =pmiz2| 1 — — ami12 — Om21 — —; s
K,, uh + K}
"
h Pm12Uprig
a’34 _amQ - 3
K,
* *
» _ Om12Upri9 ( o up )
- * * * x |
uh + K wp + K
_ meU#];JQ
Q4 = — ————,
K.,
* *
G4z = Am12Up — Pm2Upro
- )
up + Kf K,
* * * *
_ 1 _ Y T Uhp T U Pm2Uiry
A44 =Pm2 - - — Um2 — m2.
K., K.,

s Proposition 3. The steady states exhibited by model (1) for the baseline case
80 Qupo = upo1 = 0 have the following linear stability:
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e The TFIF state is always unstable.
e The TFM2P state is always unstable when it exists (i.e., for pma > dm2).

e The TFMI12P state is stable provided that 9m12 < min{dm2 dmi} = gpng
Pmi12 Pm2’ Pm1
Ptrmiz < dea.

o The TFMIP state is stable provided that f)”—‘l < min{zm—';,zmﬁ} and
ptPm1 < di1 K (D1 — dima)-

e The TPIF state is stable provided that pme < dmz and pm1 < dm1 and
Pm12 < dmi2.

e The TPM2P state is stable provided that =2 < min{%mt dmiz1,

Pm2 Pm1’ Pmi2

The stability of TPM12M2P and TPIP states (for the case a2 = @ma1 = 0)
is more difficult to investigate for general parameters. Also the stability of the
steady states corresponding to the case auno, o1 > 0 is difficult to investigate
for the general parameters (the exceptions being the TFIF and TFMI1P states,
whose stability is given by the same conditions as in Proposition 3). For these
reasons, the following Remark summarises the stability of all steady states for
the baseline parameter values in Table 2.1.

Remark 4. For the baseline parameter values given in Table 2.1 (with g =
ame21 = 0), the steady states TFM1P, TPM12M2P and TPIP do not ezist.
The stability of the existent steady states is as follows: the TFIF state is unstable
(saddle), the TFM2P state is unstable (saddle), the TFM12P state is unstable
(saddle), the TPIF state is unstable (saddle), and the TPM2P state is stable
(node). These results explain the dynamics observed in Figure 4, where the
solutions approach the only stable steady state: the TPM2P state.

For the case quma = amar = 0.1 (and the rest of parameters as in Table 2.1),
the steady state TFMI1P does not exist.
The stability of the existent steady states is as follows: the TFIF state is unsta-
ble (saddle), the TFM2F state is unstable (saddle), the TFIP state is unstable
(saddle), the TPIF state is unstable (saddle), and TPIP is stable (node). This
explains the dynamics observed in Figure 7(d), where the solutions approach the
only stable steady state: the TPIP state.
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