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Abstract
Autoimmune myocarditis, or cardiac muscle inflammation, is a rare but frequently
fatal side-effect of immune checkpoint inhibitors (ICIs), a class of cancer therapies.
Despite the dangers that side-effects such as these pose to patients, they are rarely, if
ever, included explicitly when mechanistic mathematical modelling of cancer therapy
is used for optimization of treatment. In this paper, we develop a two-compartment
mathematical model which incorporates the impact of ICIs on both the heart and the
tumour. Such a model can be used to inform the conditions under which autoimmune
myocarditis may develop as a consequence of treatment. We use this model in an
optimal control framework to design optimized dosing schedules for three types of
ICI therapy that balance the positive and negative effects of treatment. We show that
including the negative side-effects of ICI treatment explicitly within the mathematical
framework significantly impacts the predictions for the optimized dosing schedule,
thus stressing the importance of a holistic approach to optimizing cancer therapy
regimens.

Keywords Autoimmune myocarditis · Immune checkpoint inhibitors · Optimal
control · Tumour growth

1 Introduction

As cancer treatment improves and patient survival increases, the long-term effects
of treatments such as immune checkpoint inhibitors (ICIs) become an increasing
concern (Jain et al. 2017). Approximately 86-96% of patients treated with ICIs experi-
ence autoimmune side-effects, some of which can have life-threatening consequences
(Heinzerling et al. 2019; Tocut et al. 2018). One such side-effect is autoimmune
myocarditis, which occurs in 0.04-1.4% of patients treated with ICIs and proves fatal
in 25-50% of cases (Błyszczuk 2019; Michel et al. 2019; Zhang et al. 2019). Yet,
despite these concerning statistics, the side-effects of cancer therapy are, to the best of
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our knowledge, not considered explicitlywhenmathematicalmodels of cancer therapy
are used for optimization of treatment.

The immune response consists of two pathways: the fast and non-specific innate
immune response, and the slowly developing but antigen-specific adaptive immune
response (Serhan et al. 2010). The adaptive immune response in turn consists of two
pathways: one driven by T cells, and one driven by B cells. The autoimmune reaction
in myocarditis is considered to be primarily driven by CD4+ T cells, so we focus on
these T cells in our discussion and modelling of the adaptive immune response behind
this disease (Bracamonte-Baran and Cihakova 2017). The T-cell response consists
of many different types of T cells with different functions that may be primarily pro-
inflammatory, such as T helper (Th) cells, or anti-inflammatory, such as T regulatory
(Treg) cells. An appropriate balance between the activity of pro- and anti-inflammatory
immune cells is crucial in insuring that the immune response does not cause excessive
damage to healthy tissue (Serhan et al. 2010). Autoimmune myocarditis can be caused
by an injury to cardiac muscle tissue, for example due to a viral infection or cross-
reacting T cells, which damages cells and exposes self-antigens that in turn trigger
an autoimmune response (Caforio et al. 2013). Anti-tumour T cells that cross-react
with cardiac antigens are a known potential trigger for autoimmune myocarditis as a
side-effect of ICIs (Postow et al. 2018).

ICIs such as nivolumab and ipilimumab are therapeutic antibodies that block
interactions that suppress the immune response. Ipilimumab is an antibody against
cytotoxic T-lymphocyte-associated protein 4 (CTLA4), a protein expressed consti-
tutively in high concentrations on the surface of Treg cells (Bracamonte-Baran and
Cihakova 2017). CTLA4 binds the surface proteins CD80 and CD86 found on den-
dritic cells, and these binding events lead to inhibition of T cell activation and inhibition
of Treg cell depletion. The presence of ipilimumab blocks CTLA4 from binding, thus
downregulating these inhibitory processes and stimulating the immune response (Wei
et al. 2018).Nivolumab is an antibody against programmed cell death protein-1 (PD-1).
Blocking PD-1 from binding its ligands with nivolumab leads to increased activation
of T cells and inhibition of their deactivation (Bracamonte-Baran and Cihakova 2017;
Salmaninejad et al. 2019). Applying ICIs thus stimulates the immune response, which
helps treat the tumor but can also affect other organs, leading to side-effects such
as autoimmune myocarditis. For more details on the biology behind autoimmune
myocarditis and the mechanisms of action of nivolumab and ipilimumab, we refer the
interested reader to our recent review paper (van der Vegt et al. 2022a).

We recently proposed the first mathematical model of autoimmunemyocarditis and
the effects of the ICIs nivolumab and ipilimumab on the development and progression
of this disease (van der Vegt et al. 2022b). We now extend this model by coupling
it to a simple tumour growth model, thus allowing us to consider the positive and
negative effects ICIs simultaneously. We use the extended model to answer the fol-
lowing question: in a scenario where autoimmune myocarditis occurs as a side-effect
of standard-of-care ICI treatment, can we design ICI dosing schedules that prevent
autoimmune myocarditis from developing while maintaining inhibition of tumour
growth? We turn to optimal control theory to explore what such treatment schedules
might look like.
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Optimal control theory uses control variables to optimize the output of a dynamical
system by maximizing or minimizing a payoff function (Kirk 2004), which in the
context of mathematical oncology usually just aims to optimise the impact of the drug
on the tumour. The theory has been used to predict, for example, optimal regimens for
treating leukemia, minimizing autophagy and eradicating gliobastoma cells (Martin
1992; de los Reyes V et al. 2015; de los Reyes V and Kim 2022; Sarv Ahrabi and
Momenzadeh 2020; Sharp et al. 2019; Shirin et al. 2019). In these studies, the control
variable is often chosen to be the concentration of a drug in the patient’s body, or the
rate at which the drug is administered. The two most common types of control used
in designing optimal treatments are continuous and bang-bang controls. Although
these types of controls are relatively straightforward to design, they lack biological
realism. In the former case, the control variable is continuous in time. If the control
variable is the concentration of a drug in a patient’s body, then continuous control is
not realistic in most clinical settings as the drug concentration in the body cannot be
tightly controlled. Bang-bang controls allow the control variable to switch between
two distinct values, usually zero and some positive number. If the control variable is
taken to be the influx rate of drug into the patient, this set-up is closer to how treatment
is administered in the clinic, with the patient either receiving the drug, or not receiving
the drug, at each point in time. However, ICI treatments are generally administered
over a period of 30 to 90 minutes, and to enforce these short treatment durations
relative to the total treatment window in a bang-bang control framework would add
significant complexity (European Medicines Agency 2015, 2011; Sharp et al. 2019).

To obtain realistic treatment schedules, we make two main innovations. Firstly, we
adopt an approach that is distinct from previous studies in which, instead of optimizing
the drug concentration or influx rate over time, we optimize the time points at which a
drug dose of a set magnitude is administered (Castiglione and Piccoli 2006). Whereas
continuous and bang-bang controls are widely used, this approach has, to our knowl-
edge, only been used previously in a handful of biomedical contexts (Castiglione and
Piccoli 2006, 2007; de los Reyes V et al. 2015). Secondly, we take into account both
the positive effects of the drug in treating the tumour and the negative side effects in
causing myocarditis via specification of the cost function.

In Section 2, we introduce the two-compartment mathematical model consisting
of a heart compartment, captured via an adapted version of our previously developed
model of autoimmune myocarditis, and a tumour compartment, defined by a simple
tumour growth model.We explore the steady states of this model, and the behaviour of
the two-compartment system under standard-of-care ICI treatment. Both nivolumab
and ipilimumab can be administered individually as monotherapy, or together in com-
bination therapy. We consider all three options: nivolumab monotherapy, ipilimumab
monotherapy and combination therapy. In Section 3, we outline the optimal control
algorithm used to optimize ICI dosing schedules. In Section 4, we use the optimal
control framework in combination with the two-compartment model to optimize the
treatment schedules of nivolumab monotherapy, ipilimumab monotherapy and com-
bination therapy. Lastly, in Section 5, we summarize the results and discuss potential
future avenues of research.
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2 Two-Compartment Heart-Tumour Model

We now introduce the two-compartment model which describes the effects of the ICIs
nivolumab and ipilimumab on the heart as well as on the tumour. The first compart-
ment, representing theheart, consists of an adaptedversionof themodel of autoimmune
myocarditis we previously proposed (van der Vegt et al. 2022b). The second compart-
ment, representing the tumour, consists of a simple model of tumour growth. The
primary aim of this work is to construct a framework for the optimization of ICI treat-
ment schedules that considers both the positive and negative effects of ICIs. To this
end, we present a simple model of tumour growth here which may be replaced by
more complex and biologically realistic models in future work.

2.1 AModel of AutoimmuneMyocarditis

In a recent paper, we introduced the first mathematical model of autoimmune
myocarditis and the effects of ICIs on the immunological mechanisms underlying
this disease (van der Vegt et al. 2022b). The well-mixed model describes the dynam-
ics of damaged/dead cardiomyocytes (C), innate immune cells (I ), pathogenic CD4+
T cells (P) and regulatory T cells (R) over time (t). Here, we extend this model
by adding two ODEs describing the evolution of the mass (in grams) of nivolumab
(DN ) and ipilimumab (DI ) in the body over time, as well as explicitly describing how
the ICIs affect the rate at which some immunological process occur. The governing
equations are

dC

dt
= a1

P2

R1 + R
+ a2

I

R2 + R
− d1C, (1)

dI

dt
= a4

P

R1 + R
+ a5C − d3 I , (2)

dP

dt
= a6(1 + γ1DN )(1 + γ2DI )φ

C

R + R3
− d4

1 + γ3DN
P, (3)

dR

dt
= a6(1 + γ1DN )(1 + γ2DI )(1 − φ)

C

R + R3
− d5(1 + γ4DI )R, (4)

dDN

dt
= −d6DN , with DN (t = tiN ,N ) = DN (t = t−iN ,N ) + VN , (5)

dDI

dt
= −d7DI , with DI (t = ti I ,I ) = DI (t = t−i I ,I ) + VI , (6)

where all parameters are positive. The system is closed by specifying the initial condi-
tions [C(0), I (0), P(0), R(0), DN (0), DI (0)] = [C0, I0, P0, R0, DN ,0, DI ,0].

In this model, the rates of T cell activation, pathogenic CD4+ T cell deactivation,
and regulatory T cell deactivation are affected by the presence of ICIs. The parameters
a6, d4 and d5 are the positive, ICI-free rates of T cell activation, pathogenic CD4+
T cell deactivation, and regulatory T cell deactivation, respectively, as defined in van
der Vegt et al. (2022b). We define VN and VI as the fixed dose sizes of nivolumab
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and ipilimumab, respectively, both in grams. The changes in DN and DI when a
dose of ICI is administered are assumed to be instantaneous as the time it takes to
administer a dose of nivolumab or ipilimumab (30-90 minutes) is short compared to
the length of the treatment window which is typically on the order of weeks or months
(European Medicines Agency 2011, 2015; Momtaz et al. 2015). We further define
tiN ,N , iN = 1, . . . , nN , and ti I ,I , i I = 1, . . . , nI , as the time points at which a dose of
nivolumab or ipilimumab, respectively, is applied to the system. The parameters nN
and nI are fixed throughout the optimization. The parameters d6 > 0 and d7 > 0 are
the decay rates of nivolumab and ipilimumab, respectively.

Both nivolumab and ipilimumab affect multiple immunological processes. How-
ever, to date the quantitative impact of each of the ICIs on the rates of T cell activation
and inhibition are unknown. We therefore adopt a simplest-first approach and intro-
duce the parameters γi ≥ 0, i = 1, . . . , 4, with units grams−1, which capture the
pharmacodynamic impact of ICIs by translating the mass of ICIs in the body to frac-
tional increases or decreases in the rate parameters associated with T cell activation
and inhibition.

The values of γ1 and γ3 represent the impact of nivolumab on T cell activation and
pathogenicCD4+Tcell deactivation, respectively, and the values ofγ2 andγ4 represent
the impact of ipilimumab on T cell activation and regulatory T cell deactivation,
respectively.While the rarity of autoimmunemyocarditis as a side-effect of ICIsmakes
estimates of incidence rates uncertain, the incidence rate of autoimmunemyocarditis as
a side-effect of combination therapy (0.27%) compared to monotherapy (0.06-0.09%)
suggests a nonlinear synergistic effect on the immunological mechanisms underlying
the disease when both ICIs are administered (Agrawal et al. 2019; Michel et al. 2019).
To reflect this, we multiply the drug terms where these ICIs affect the same process,
i.e. in the activation of T cells.

Our recent paper demonstrated that this model of autoimmune myocarditis has
three steady states under ICI-free conditions: a “healthy” stable steady state at the ori-
gin which represents myocarditis-free conditions with zero activated immune cells
and damaged cardiomyocytes present, a “diseased” stable steady state with high
counts of immune cells and damaged cardiomyocyteswhich represents fully developed
myocarditis, and a saddle point, which defines the threshold above which myocarditis
develops. As ICI-therapy is administered, the saddle point moves closer to the origin,
thus lowering the threshold for myocarditis to develop (van der Vegt et al. 2022b). We
consider that autoimmune myocarditis has developed if, at the final time point of the
simulation, the cell counts in the system are above the saddle point as this guarantees
that the system will converge to the “diseased” steady state.

2.2 A Simple Model of Tumour Growth

When it comes to mathematical modelling of tumour growth, the literature is vast, and
many tumour growth laws have been proposed over the years (Murphy et al. 2016;
Yin et al. 2019). As different types of tumours follow different growth curves under
different experimental conditions, no choice of growth law is universally applicable
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and thus a variety have been used in modelling cancer progression (Liu and Yang
2014; Robertson-Tessi et al. 2012; Serre et al. 2016; Yu and Jang 2019).

The elimination of small tumours by the immune system, and the growth of those
tumours which manage to escape it (Burnet 1957, 1971; Thomas 1982), suggests that
tumour growth could be described by a mathematical model with three non-negative
steady states: (1) a stable state at the origin which represents a healthy, cancer-free
state; (2) a stable steady state which represents a tumour that has escaped elimination
by the immune system and grown to carrying capacity; and (3) a saddle point which
represents the upper bound on the initial tumour size that the immune system can then
go on to eliminate. As nivolumab and ipilimumab stimulate the immune response
against the tumour, this should enable the immune system to eliminate larger tumours,
or at least to delay their growth. The presence of ICIs would thus be expected to lead
to an increase in the tumour size at the saddle point. This is illustrated in Fig. 1.

We denote tumour volume in cubic centimeters by Tu , and propose a simple model
of tumour dynamics of the form

dTu
dt

= rTu

(
Tu

A0(1 + γ5DN )(1 + γ6DI )
− 1

) (
1 − Tu

K

)
, Tu(0) = Tu,0, (7)

where the parameters r , A0, γ5, γ6, and K are positive constants with r denoting the
growth rate of the tumour, A0 the threshold volume for elimination of the tumour by the
immune system in an ICI-free environment, K the carrying capacity of the tumour, and
γ5 andγ6 capturing the pharmacodynamics of nivolumaband ipilimumab, respectively,
where the presence of ICIs increases the tumour volume at the saddle point. Eq. (7)
admits three steady states, denoted Tu,∗, which capture the behaviour described above:
Tu,∗ = 0 cm3, which is a stable steady state; Tu,∗ = A0(1 + γ5DN )(1 + γ6DI ) cm3,
which is a saddle point; and Tu,∗ = K cm3, which is a stable steady state.

In this work, we assume that at the start of the simulation the tumour has already
escaped the immune system and thus Tu(0) > A0, and that no treatment has yet
been given. As ICIs are administered, two things can happen: (i) the saddle point
Tu,∗ = A0(1+ γ5DN )(1+ γ6DI ) increases but does not become larger than Tu(t) so
dTu /dt remains positive and the tumour continues to grow, though at a slower rate; or
(ii) the saddle point Tu,∗ = A0(1 + γ5DN )(1 + γ6DI ) becomes larger than Tu(t), so
dTu /dt becomes negative and the tumour shrinks, at least initially. In reality, treatment
with nivolumab and/or ipilimumab delays tumour growth but in most cases does not
lead to tumour elimination (Adachi et al. 2020; Fennell et al. 2021; Larkin et al. 2019).
For the remainder of this work, we thus ensure that we are in a regime where Tu(0) is
sufficiently large that dTu /dt is decreased by the presence of ICIs, but remains positive.

2.3 Coupling the Heart and Tumour Compartments

To construct a model that captures the positive effects of ICIs on tumour growth
and the negative effects of ICIs on the heart, we now couple the heart and tumour
compartments by adding a small, unidirectional flow of pathogenic T cells from the
tumour to the heart. We assume this flow to be unidirectional as the activation of
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Fig. 1 The RHS of Eq. (7) plotted as a function of the size of the tumour. For tumour volumes initially
below the saddle point, A0 (red dot), the RHS of Eq. (7) is negative and tumour volume will decrease. For
tumour volumes initially above the saddle point, the RHS of Eq. (7) is positive and the tumour will grow to
carrying capacity, K . Increasing the level of ICIs in the system (dashed arrow) increases the tumour volume
at the saddle point. For tumour volumes initially above the carrying capacity, the RHS of Eq. (7) is negative
and tumour volume will decrease

cross-reactive pathogenic T cells initially happens as part of the anti-tumour immune
response, and these activated pathogenic T cells can then circulate through the body
and end up in the heart. The number of active T cells coming from the heart to the
tumour microenvironment is assumed to be negligible compared to the number of
active T cells already in the tumour microenvironment.

The unidirectional flow of pathogenic CD4+ T cells is represented in the model by
the addition of a term to Eq. (3) which is highlighted here in red:

dC

dt
= a1

P2

R1 + R
+ a2

I

R2 + R
− d1C, (8)

dI

dt
= a4

P

R1 + R
+ a5C − d3 I , (9)

dP

dt
= a6φ(1+ γ1DN )(1+ γ2DI )

C

R + R3
− d4

1+ γ3DN
P

, (10)

dR

dt
= a6(1 + DN )(1 + DI )(1 − φ)

C

R + R3
− d5(1 + γ4DI )R, (11)

dDN

dt
= −d6DN , with DN (t = tiN ,N ) = DN (t = t−iN ,N ) + VN , (12)

dDI

dt
= −d7DI , with DI (t = ti I ,I ) = DI (t = t−i I ,I ) + VI , (13)

dTu
dt

= rTu

(
Tu

A0(1 + γ5DN )(1 + γ6DI )
− 1

) (
1 − Tu

K

)
, (14)

where δ, γ7 and γ8 are positive, constant parameters. For a schedule consisting of a
fixed number of n = nN + nI total ICI doses, the time points tiα,α , where α ∈ {N , I },
iN = [1, . . . , nN ] and i I = [1, . . . , nI ], are the time points at which a dose of ICIs
is administered (nivolumab if α = N and ipilimumab if α = I ). The parameter δ
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represents the baseline flow of cardiac-antigen specific T cells that circulate through
the body in a healthy state, which is assumed to be small (Gil-Cruz et al. 2019;
Lichtman 2013). The presence of a tumour is assumed to increase this flow as the
tumour provides a source of activated cross-reacting T cells. The number of active
T cells in the tumour compartment is assumed to correlate with tumour volume. The
quantitative effect of a large tumour on the flow of activated cross-reactive T cells
is currently unknown but assumed to be relatively small as the risk of autoimmune
myocarditis for cancer patients not being treated with ICIs is small, hence we define
a term which at most doubles the rate δ. Because nivolumab and ipilimumab both
stimulate the anti-tumour immune response, the presence of these ICIs is assumed to
further increase the level of T cells in the tumour compartment and thus in circulation
throughout the body. The parameters γ7 and γ8 translate the masses of nivolumab and
ipilimumab, respectively, in the system to the effect on the rate of T cell activation
in the tumour compartment, which is assumed to be bound by a maximum rate at
which T cells can be activated and enter circulation. The system of ODEs is closed
by defining the initial conditions [C(0), I (0), P(0), R(0) DN (0), DI (0), Tu(0)] =
[C0, I0, P0, R0, DN ,0, DI ,0, Tu,0].

2.4 Parameter Values

It remains to specify parameter values for the two-compartment model. The parameter
values previously defined for the mathematical model of autoimmune myocarditis
are used again here and reproduced in Table. 2 (van der Vegt et al. 2022b). In the
heart compartment model, we need values for the decay rates of nivolumab, d6, and
ipilimumab, d7, as well as the values of γi , i = 1, . . . , 4. We set d6 = log(2)/25
days−1 as the half-life of nivolumab in the body is 25 days (Centanni et al. 2019).
Similarly, we set d7 = log(2)/14.7 days−1 as the half-life of ipilimumab in the body
is 14.7 days (Centanni et al. 2019). In the absence of specific values in the literature,
we set γi = 1 grams−1 for i = 1, . . . , 4.

We must also specify values for the parameters in the tumour growth model, r ,
A0, K , γ5 and γ6, and the parameters which govern the flow of pathogenic T cells: δ,
γ7 and γ8. In the absence of data, we assign for these parameter values such that the
assumptions made in the previous sections are not violated, and such that the model
shows the required qualitative behaviour as we would expect based on the literature.
The parameters r , A0 and K govern the growth of the tumour, and γ5 and γ6 translate
the masses of nivolumab and ipilimumab, respectively, to their effect on the tumour.
In the absence of ICIs a tumour with a size greater than A0 should grow to carrying
capacity whereas the presence of nivolumab or ipilimumab should delay the growth of
the tumour by a period on the order of months to match with the average progression-
free survival timescale of patients treated with these ICIs (Adachi et al. 2020; Fennell
et al. 2021; Larkin et al. 2019). In addition, we must take δ to be sufficiently small
that autoimmune myocarditis does not develop in an ICI-free environment, regardless
of tumour volume, as there is no evidence that the presence of a tumour alone largely
increases the risk of autoimmune myocarditis developing.
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Table 1 Standard-of-care dosing schedules for nivolumab and ipilimumab monotherapy, and combination
therapy

Type of therapy Dosing days Reference

Nivolumab monotherapy 2, 16, 30, 44, 58 European Medicines Agency (2015)

Ipilimumab monotherapy 2, 23, 44, 65 European Medicines Agency (2011)

Combination therapy 2, 23, 44, 65, 86 (nivolumab only) European Medicines Agency (2011, 2015)

Patients do not recover from autoimmunemyocarditis by simply stopping treatment
with ICIs. This is reflected in our model by the fact that once autoimmune myocarditis
has developed, i.e. the system is at or approaching the stable steady state with high
levels of immune cells, the system cannot return to the healthy steady state even in an
ICI-free environment. We assume here that an adjustment to the dosing schedule can
be made at the earliest eight days after the first dose of ICIs has been administered, as
the T cell immune response takes approximately seven days to fully develop and hence
this is the period of time that must elapse before a pathogenic response to ICI therapy
can be detected (Serhan et al. 2010). If the increase in inflammation after the first
dose of ICIs is so large that autoimmune myocarditis immediately develops, it is not
possible to avoid this side-effect by optimizing subsequent doses. Therefore, to be in a
position where we can use optimal control theory to adjust dosing schedules to prevent
autoimmune myocarditis, we must be in a scenario where myocarditis develops as a
consequence of the second or later doses. We thus require the values of γ7 and γ8 to
be such that when standard-of-care treatment is applied there are values of VN and
VI , the drug doses of nivolumab and ipilimumab, respectively, for which autoimmune
myocarditis develops for nivolumab monotherapy, ipilimumab monotherapy as well
as combination therapy, but at the earliest after the second dose.

Whether we are in such a scenario thus also depends on the values we specify for the
drug doses: VN for nivolumab and VI for ipilimumab. Table. 1 shows the standard-of-
care schedules for nivolumab and ipilimumab monotherapy, and combination therapy
that we used in this work. The dose of nivolumab is the same for combination therapy
and monotherapy, but the dose of ipilimumab in combination therapy is, on average,
approximately one tenth of its value is in monotherapy (European Medicines Agency
2011, 2015). We assume that doses of ICIs are administered instantaneously at the
time points specified by the dosing schedule.

For the parameter values specified in Table. 2, with VN = 0.25 grams for nivolumab
monotherapy and VI = 1.0 grams for ipilimumab monotherapy, we see the desired
behaviourwhen standard-of-care treatment is applied, where tumour growth is delayed
but autoimmune myocarditis develops after the second dose or later (see Fig. 2).
In these simulations, we assume that the heart is healthy and ICI-free initially and
that the tumour has an initial volume of 0.1 cm3, so the initial conditions are
[C0, I0, P0, R0, DN ,0, DI ,0, Tu,0] = [0, 0, 0, 0, 0, 0, 0.1]. We choose this ini-
tial tumour volume to use throughout this work as it is well above the ICI-free saddle
point of 0.001 cm3 and the tumour will thus grow initially even in scenarios where
ICIs are applied. In Fig. 2, we show that in ICI-free conditions, the tumour grows
to carrying capacity quickly and the level of damaged cardiomyocytes in the heart
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Fig. 2 Time traces of some state variables under ICI-free conditions (top), with nivolumab, with ipilimumab
andwith combination therapy (bottom). Therapies are applied according to their respective standard-of-care
schedules (Table. 1). The initial tumour volume is 0.1 cm3, and all other variables are initialized at zero.
We set VN = 0.25 grams and VI = 0.1 grams, and all other parameter values are as listed in Table. 2

remains low, indicating that myocarditis does not develop. The simulations in the bot-
tom three rows of Fig. 2 show that for all three types of ICI therapy, we see a delay in
tumour growth, but autoimmune myocarditis develops as a side-effect of treatment, as
indicated by the high levels of damaged cardiomyocytes in the system at the final time
point. Comparing tumour growth in top row of Fig. 2 to tumour growth in the other
three rows, we see that tumour growth is delayed on the order of months when ICIs
are administered. This is consistent with observed patient responses to ICI therapy, so
the simple tumour model as presented here shows the desired qualitative behaviour
(Adachi et al. 2020; Fennell et al. 2021; Larkin et al. 2019).

Thus, with the parameter values established here we are in a parameter regime
where we can use optimal control theory to investigate the problem of balancing
tumour treatment with myocarditis prevention. We note, however, that the selected
parameter set that gives the desired behaviour is non-unique, and other combinations
of parameter values are possible. As quantitative experimental data becomes more
available the selection of parameter values can be refined.
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Table 2 Definitions, values and units of model parameters.

Param. Definition Value Units

a1
Rate at which pathogenic CD4+ T cells damage/kill car-
diomyocytes

80 day−1

a2
Rate at which innate immune cells damage/kill cardiomy-
ocytes

6000 cells day−1

a4
Rate at which pathogenic CD4+ T cells activate innate
immune cells

500,000 cells day−1

a5
Rate at which damaged/dead cardiomyocytes activate
innate immune cells

35 day−1

a6
Rate at which damaged/dead cardiomyocytes activate
pathogenic CD4+ T cells

750 cells day−1

d1 Clearance rate of damaged/dead cardiomyocytes 75 day−1

d3 Innate immune cell death rate 7 day−1

d4 Pathogenic CD4+ T cell death rate 0.1 day−1

d5 Regulatory T cell death rate 0.1 day−1

d6 Degradation rate of nivolumab log(2)/25 day−1

d7 Degradation rate of ipilimumab log(2)/14.7 day−1

R1
Number of regulatory immune cells for 50% inhibition of
pathogenic CD4+ T cell activity

1100 cells

R2
Number of regulatory immune cells for 50% inhibition of
innate immune cells

40000 cells

R3
Number of regulatory immune cells for 50% inhibition of
pathogenic CD4+ T cell activation

2000 cells

φ
Fraction activated CD4+ T cells that take on a pathogenic
phenotype

0.7 unitless

δ Rate of transport of T cells from tumour to heart 0.5 cells day−1

r Maximal growth rate of the tumour 0.001 cm3 day−1

A0 Maximum tumour volume for immune system control 0.001 cm3

K Carrying capacity of tumour 10 cm3

γ1 Relative effect of nivolumab on T cell activation 1 grams−1

γ2 Relative effect of ipilimumab on T cell activation 1 grams−1

γ3 Relative effect of nivolumab on pathogenic T cell death 1 grams−1

γ4 Relative effect of ipilimumab on regulatory T cell death 1 grams−1

γ5
Relative effect of nivolumab on T cell activation and trans-
port from tumour site

100 grams−1

γ6
Relative effect of ipilimumab onT cell activation and trans-
port from tumour site

25 grams−1

γ7
Relative effect of nivolumab on T cell activation against
the tumour

5 grams−1

γ8
Relative effect of ipilimumab on T cell activation against
the tumour

5 grams−1
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3 Optimal Control of Timing of Doses

We now set out the algorithm developed by Castiglione and Piccoli that we use to
optimize the timing of the ICI doses to ensure that tumour growth is delayed while also
ensuring that autoimmunemyocarditis does not develop (Castiglione andPiccoli 2006;
Piccoli and Castiglione 2006). This method relies on finding the optimal schedule by
minimizing a payoff function through gradient descent, and applies to a system of
ODEs of the form

dx

dt
= f (x, t) + g(x, t)u(t), x(0) = x0, (15)

where x(t) are the state variables and u(t) are the control variables. For the purpose
of optimizing ICI treatment schedules to prevent autoimmune myocarditis, we define
the function f(x, t) as the right-hand side (RHS) of Eq. (8)-(14), the vector x =
[C, I , P, R, DN , DI , Tu], and the control

u(t) =
⎡
⎣0, 0, 0, 0,

nN∑
iN=1

VN χ [tiN ,N , tiN ,N + η],
nI∑

i I=1

VI χ [ti I ,I , ti I ,I + η], 0
⎤
⎦ ,

where nN is the number of nivolumab doses in the schedule, nI is the number of
ipilimumab doses in the schedule, χ is an indicator function which is equal to one
when tiα,α ≤ t ≤ tiα,α + η where α ∈ {N , I } and zero otherwise. The parameter η is
the duration over which an ICI dose is administered, which is assumed to be negligibly
small compared to the length of the treatment window (Castiglione and Piccoli 2006).
Thus we will assume instantaneous dosing at the time points specified in the dosing
schedule for the remainder of this work. Lastly, we set g(x, t) to be the identity matrix.
The payoff function in the algorithm developed by Castiglione and Piccoli takes the
form

J = �
(
x(t f )

) +
∫ t f

0
L(x(t),u(t))dt, (16)

where t f is the final time point of the simulation. This payoff function allows the user
of the algorithm to consider both the state of the system at the final time point as well
as the behaviour of the system over time in the computation of the payoff.

Below we set out the algorithm for optimizing dosing schedules that consist of
nN doses of nivolumab and nI doses of ipilimumab. The dosing schedule S =
[t1,N , . . . , tnN ,N , t1,I , . . . , tnI ,I ] specifies the time points at which doses of ICIs are
administered. The total number of doses nN + nI is fixed, but multiple doses can be
administered at the same time point. A time point may thus appear in S multiple times,
indicating a larger dose being administered at that time point. We define S j to be the
dosing schedule in j-th iteration, where j = 0, ... and S0 corresponds to the initial
dosing schedule. The algorithm proceeds as follows:

1. Set the ICI dose sizes VN and VI , the initial dosing schedule S0 =[t1,N , . . . , tnN ,N ,

t1,I , . . . , tnI ,I ] for n = nN + nI total doses to be administered, the length of the
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treatment window [tmin, tmax], the final time point of the simulation t f , the gradi-
ent descent step size parameter h, the initial conditions x0, and the convergence
threshold for the payoff cp.

2. For the ( j + 1)-th iteration, solve the ODEs in Eq. (8)-(14) using the current
schedule S j to obtain the time traces x(t) of the state variables.

3. For each tiα,α in S j where α ∈ {N , I }, iN ∈ {1, . . . , nN }, and i I ∈ {1, . . . , nI },
solve the following variation equations over the time span [t−iα,α, t f ],

dviα
dt

= ∇f(x(t), t)viα (t),

viα (t−iα,α) = f(x(t−iα,α), t) − f(x(t−iα,α) + eV , t),

dνiα
dt

= ∇L(x(t),u(t)) · viα (t),

νiα (t−iα,α) = 0,

(17)

where the matrix ∇f and the vector ∇L denote the Jacobians of f and L ,
respectively, and x(t−iα,α) denotes the state of the system immediately before the
dose is given. The vector eV denotes the ICI dose that is given at time tiα,α ,
i.e. eV = [0, 0, 0, 0, VN , 0, 0] if α = N , and eV = [0, 0, 0, 0, 0, VI , 0] if
α = I .

4. For each tiα,α in S j , where α ∈ {N , I }, iN ∈ {1, . . . , nN }, and i I ∈ {1, . . . , nI },
compute the direction of steepest descent as

dφ

dt

∣∣∣∣
iα,α

= ∇�
(
x(t f )

) · viα (t f ) + νiα (t f ), (18)

where the vector ∇� denotes the Jacobian of �.
5. Update the treatment schedule S j as

S j+1 = S j − h
dφ/dt

||dφ/dt || , (19)

where

dφ

dt
=

[
dφ

dt

∣∣∣∣
1,N

, . . . ,
dφ

dt

∣∣∣∣
nN ,N

,
dφ

dt

∣∣∣∣
1,I

, . . . ,
dφ

dt

∣∣∣∣
nI ,I

]
. (20)

If any tiα,α in S j+1 is before the first day of the treatment window, tmin, or after
the last day, tmax, we set that tiα,α equal to tmin or tmax, respectively, to ensure that
all doses are applied within the allowed treatment window.

6. If j = 0, i.e. this is the first iteration, return to step 2. For j > 0, compute the
payoff associated with the current schedule S j . If |payoffS j − payoffS j−1

| < cp,
terminate the algorithm. If not, return to Step 2.

In Step 5, dφ/dt is divided by its norm to improve convergence: the values in the vector
dφ/dt can vary widely, so dividing by the norm controls the size of the steps taken
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in the gradient descent algorithm. Other options for optimizing the gradient descent
algorithm in Step 5 can be found in Chimal-Eguia et al. (2020), however we found the
approach in Eq. (19) sufficient from a computational perspective.

4 Optimization of ICI Therapy

We now use the optimal control algorithm detailed in Section 3 to find a schedule of
ICI doses that balances the need to prevent autoimmune myocarditis with the need to
delay tumour growth. Our primary aim is to identify a schedule that prevents autoim-
munemyocarditis and delays tumour growth compared to no treatment. An optimized,
though not necessarily globally optimal, schedule would thus suffice to achieve our
objective and it is this we seek here.

To account for both the positive and negative effects of ICI treatment, we consider
the payoff function of the form

J =
∫ t f

0
[w1C(t) + w2Tu(t)] dt, (21)

where wi > 0 for i = 1, 2 are the weights that determine the relative importance
of the terms in the payoff function. This payoff function ensures that a penalty is
incurred if autoimmune myocarditis develops or the tumour grows quickly. An opti-
mized dosing schedule will strike a careful balance between delaying tumour growth
and preventing autoimmune myocarditis. As both variables in the payoff function are
strictly nonnegative, we choose a linear payoff function for simplicity. Repeating the
optimization with C(t)2 in the payoff function instead did not lead to significantly
different outcomes (results not shown).

In each case, we initialize the model with an ICI-free, inflammation-free heart
compartment and a growing tumour which is small compared to the carrying capacity,
i.e. [C0, I0, P0, R0, DN ,0, DI ,0, Tu,0] = [0, 0, 0, 0, 0, 0, 0.1].We set theweights
as w1 = 1 cells−1 and w2 = 1 cm−3 for simplicity. The convergence threshold
is set to cp = 0.1, and the gradient descent step size, h, is equal to 0.01. We set
t−iα,α = tiα,α − 10−10.

The first dose of ICI therapy is administered on day 2, which is not part of the
optimization. We let the treatment window start on day 10, so tmin = 10 days to reflect
the time it takes for the immune response to develop and become clinically detectable.
The upper bound on the treatment window varies by type of ICI therapy. The simula-
tions are stopped 100 days after the end of the treatment window to ensure we capture
the development of autoimmune myocarditis should it develop as a consequence of
a dose on the last day of the treatment window. An overview of the timeline of the
optimization problem is included in Fig. 3.

Our aim is to consider the effects of ICIs in the heart and tumour simultaneously.
In the Supplementary Information, we isolate the tumour problem and optimize dos-
ing schedules for tumour inhibition only. We find that dosing schedules optimized
for tumour growth inhibition only do not differ significantly from the standard-of-
care treatment (see Section 1 of the Supplementary Information). In Sections 4.1-4.3,
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Fig. 3 Timeline of the optimization problem for ICI treatment schedule design

we explore in turn the optimized treatment schedules for nivolumab monotherapy,
ipilimumab monotherapy and combination therapy in the two-compartment model.

4.1 NivolumabMonotherapy

We initialize the dosing schedule at the standard-of-care schedule of nivolumab
monotherapy, which is a dose every two weeks starting from day 2, so that S0 =
[16, 30, 44, 58]. The final day of the treatment window is day 60 (i.e. tmax = 60
days), and VN = 0.25 grams. The top two panels in Fig. 4 show the results of the opti-
mization over the iterations of the gradient descent algorithm. The optimized dosing
schedule is S = [10.0, 22.7, 59.7, 60.0].

The top left-hand panel of Fig. 4 shows that optimizing for the prevention of autoim-
mune myocarditis as well as delay of tumour growth delays the third and fourth doses
while bringing doses one and two forward such that the treatment uses the whole treat-
ment window. Regular dosing keeps tumour growth under control, while the increased
time between the second and third doses compared to the standard-of-care schedule
allows immune cell counts to decrease, which prevents autoimmune myocarditis from
developing, as indicated by the low counts of immune cells at the final time point.

The bottom six panels in Fig. 4 show the time traces of the model variables for the
optimized dosing schedule. Comparing the bottom plots in Fig. 4 to the second row
of plots in Fig. 2 shows that the optimized treatment schedule prevents autoimmune
myocarditis fromdevelopingwithout diminishing the effect of treatment on the tumour.

4.2 IpilimumabMonotherapy

When consideren ipilimumab monotherapy, we initialize the schedule at the standard-
of-care treatment schedule, S0 = [23, 44, 65]. The final day of the treatment window
(tmax) is day 70, and VI = 1.0 grams.

The optimized ipilimumab treatment schedule is S = [10.0, 47.4, 70.0]. When
we consider the results of the optimization in the top panels in Fig. 5, we see a similar
trend to what we saw for nivolumab monotherapy. Compared to the standard-of-care
dosing schedule, the optimized dosing schedule spreads out the ICI doses over the
entire dosing window. As shown in the bottom panels in Fig. 5, this optimized dosing
schedule delays tumour growth comparably to the standard-of-care schedule (see third
row in Fig. 2), but does not cause autoimmune myocarditis to develop. The optimized
schedule thus balances the positive and negative effects of ICI therapy effectively.
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Fig. 4 Top left: the dosing schedule of nivolumab monotherapy evolving over iterations of the optimization
algorithm. Top right: the payoff evolving over iterations of the optimization algorithm. The dashed line
indicates the first iteration at which autoimmune myocarditis does not develop. Bottom: Time traces of
model variableswhen the optimized dosing schedule for nivolumabmonotherapy is applied.Arrows indicate
time points at which a dose of nivolumab is administered (first, not-optimized dose on day 2 not included)

4.3 Combination Therapy

Lastly, we turn to the optimization of treatment schedules for combination therapy.
We use the standard-of-care schedule as a starting point for our optimization, SN ,0 =
[23, 44, 65, 86], and SI ,0 = [23, 44, 65]. We set VN = 0.25 grams and VI = 0.1
grams, and the end of the treatment window (tmax) at day 90. The gradient descent
algorithm takes a long time to converge for this problem. To alleviate this issue we
initially set h = 0.1 until the payoff drops below 104 at which point we set h = 0.01.

The optimized dosing schedule is SN = [10.0, 90.0, 90.0, 90.0] and SI =
[10.0, 24.9, 63.7]. The top panels in Fig. 6 shows the dosing schedule and the payoff
over the iterations. Compared to the standard-of-care schedule shown in the bottom
row of Fig. 2, the optimized schedule spreads out the ICI doses over the treatment
window. In particular, we note a large amount of time between the dose of nivolumab
on day 10 and the three doses of nivolumab administered simultaneously on day 90.
The doses of ipilimumab are administered in between but, as these doses are relatively
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Fig. 5 Top left: the dosing schedule of ipilimumabmonotherapy evolving over iterations of the optimization
algorithm. Top right: the payoff evolving over iterations of the optimization algorithm. The dashed line
indicates the first iteration at which autoimmune myocarditis does not develop. Bottom: Time traces of
model variables when the optimized dosing schedule for ipilimumab monotherapy is applied. Arrows
indicate a time point at which a dose of nivolumab is administered (first, not-optimized dose on day 2 not
included)

small in combination therapy, they do not cause large perturbations to the immune
system. There is thus a lot of time in between the doses of nivolumab for the immune
system to relax and the counts of immune cells in the heart to decrease. As shown
in the bottom panels of Fig. 6, the optimized schedule does not cause autoimmune
myocarditis to develop while maintaining inhibition of tumour growth on a similar
scale to the standard-of-care.

In summary, we have shown that consideration of the effects of ICIs on tumour
growth in addition to the risk of autoimmune myocarditis significantly impacts pre-
dictions of safe and effective dosing schedules. When the only objective is to delay
tumour growth, we recover the standard-of-care treatment schedule. When we also
consider the prevention of autoimmune myocarditis, the ICI doses are better spread
out over the treatment window, striking a careful balance between regular dosing, so as
to control tumour growth, and keeping ICI levels low enough such that the stimulation
of the immune system does not cause the development of autoimmune myocarditis.
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Fig. 6 Top left: the dosing schedule of combination therapy evolving over iterations of the optimization
algorithm. Top right: the payoff evolving over iterations of the optimization algorithm. The dashed line
indicates the first iteration at which autoimmune myocarditis does not develop. Bottom: time traces of
model variables when the optimized dosing schedule for combination therapy is applied. Arrows indicate
time points at which a dose of nivolumab (purple) or ipilimumab (green) is administered (first, not-optimized
doses on day 2 not included)

In the Supplementary Information, we explore how the results discussed here
change as the dose sizes VN and VI , the length of the treatment window, the step
parameter h, and the relative values of the payoff function weights w1 and w2 are
varied for all three types of therapy. We show that, for all three types of therapy, there
exists a (narrow) range of values of VN and VI for which autoimmune myocardi-
tis develops under the standard-of-care dosing schedule, but can be prevented by an
optimized schedule. We further show that for all three types of therapy, the results
of optimization of the dosing schedule are not significantly affected by our choice of
the length of the treatment window, or the step parameter h. Although the optimized
schedules for nivolumab and ipilimumab monotherapy are not significantly affected
by our choice of w2, varying the value of w2 for combination therapy may cause the
algorithm to fail to converge to a myocarditis-free solution, either because the con-
vergence threshold is met too far from a local minimum, or because the minimization
of tumour volume is prioritized over preventing autoimmune myocarditis, which is a
clinically undesirable regime to be in.
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5 Discussion

This work shows that in designing treatment regimens it is essential to consider the
off-target effects of cancer treatment, as well as the impact of the treatment on the
tumour microenvironment. Both the positive and negative effects of ICI therapy must
be explicitly considered to design treatment schedules that are both safe and effective.
The combined model and optimal control framework presented in this paper are a first
step towards achieving this.

In this work we extended our model of autoimmune myocarditis by connecting
it to a tumour growth model. We showed that when the only objective is to delay
tumour growth,we recover the standard-of-care treatment schedule.Whenwe consider
the effect of ICIs on the tumour and the heart simultaneously, however, we obtain
schedules that spread out the doses across the allowed treatment window, striking a
balance between keeping tumour growth under control and preventing autoimmune
myocarditis from developing.

For the parameter values considered in this work, the primary aim was to identify
a schedule which prevents autoimmune myocarditis and delays tumour growth com-
pared to the treatment-free case. We focused on achieving our objective by finding
optimized, rather than optimal, dosing schedules, in the sense that we did not seek
to find the global minimum in the payoff landscape. The optimization framework we
have presented here can be further developed to not only prevent myocarditis, but to
potentially also maximize inhibition of tumour growth by finding the optimal dosing
schedule, i.e. determining the optimal number of doses, dose size and timing of doses.
The framework is flexible and thus generally applicable and adaptable to a particular
issue of interest related to optimizing cancer treatment.

We note here that the potential formyocarditis to occur is sensitive to the parameters
of the model-the location of the separatrix, which determines the basins of attraction
of the two stable steady states, varies significantly as model parameters are changed
(van der Vegt et al. 2022a). Exploration of the sensitivity of the optimized schedules to
changes in model parameter values will therefore require a much more sophisticated
optimization that includes theflexibility for changing the dose size and the total number
of doses, in addition to the dose timings.

The models for autoimmune myocarditis and tumour growth used in this work
are simple and serve as a starting point from which more complex, biologically
detailed models can be built. Including more variables, representing for example spe-
cific immune cell types or cytokines to more accurately represent the immunological
mechanisms in the model of autoimmune myocarditis, and adding more detail to the
tumour compartment, will allow for more realistic simulation of the system. In combi-
nation with patient data, the framework developed here for designing dosing schedules
could then be used in the clinic to personalize cancer treatment.

Lastly, the heart is not the only organ or tissue impacted by off-target effects of
cancer therapy. The gastrointestinal tract, skin and liver are just a few of the other
organs that are known to experience side-effects of ICI therapy (Postow et al. 2018).
To model the range of effects of ICI therapy on the whole body and take a holistic
approach to treatment optimization, the heart-tumour model must be extended with
compartments representing other parts of the body that are impacted by off-target
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effects of ICI treatment. Such a modelling framework also allows for the inclusion of
other types of therapy, such as radiation therapy, which are administered to patients
alone or in combination with ICIs or other therapies. As more types of treatment are
added and more side-effects of those treatments are included in the model, it may be
sensible to adopt amulti-objective optimal control formulation of the problem inwhich
the competing effects of optimising treatment and avoiding different side effects can
be balanced. Such a formulation would allow one to pursue a Pareto optimal solution
for the treatment schedules (Kirk 2004). A model which includes all effects of cancer
treatment in combination with the optimal control framework we have presented here
will be an important step towards the design of personalized dosing schedules for
cancer therapies in the clinic.
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