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Abstract

Combined chemo-radiation treatments are often used to enhance tumor cell kill, with respect
to their separate treatments. Currently, chemo-radiation therapy treatments are prescribed
as a separately optimized radiotherapy treatment with the addition of a generic chemotherapy
regimen. The dosing of the combined therapies is mostly based on clinical experience. Hence
there is a clear need for the optimization of dosing for combined chemo-radiation therapy
treatments. The goal of this thesis is to propose novel approaches to optimize cancer treat-
ment efficiency when combining chemotherapy and radiotherapy by using control-theoretical
methods as well as radiation therapy models.

A positive switched system is a dynamic system consisting of a set of Metzler state-space
matrices and a specific switching law, which determines when and how to switch between the
subsystems. Positive switched systems seem particularly appropriate to model cancer evo-
lution under different treatments, and therefore to determine optimal treatment scheduling.
They are used to model the effect of combined chemo-radiation treatments, thus enabling the
systematic design of optimal therapy planning. The proposed model is especially appropriate
for heterogeneous tumors, since it describes the impact of therapies on different tumor cell
lines, and includes the possibility of mutations. Metastases are also included since the model
considers separate tumor compartments, and the possibility of migrations between compart-
ments are modeled as well. Undesired consequences due to toxicities are incorporated, and
an upper bound can be set to limit the possible damage.

A clinical dataset was obtained from the Erasmus MC, which was used to validate chemotherapy-
alone model outcomes. Combined chemo-radiation treatments were also developed for a set
of initial tumors. The model shows promising applications for cancer treatment design. The
use of positive switched systems for combined chemo-radiation treatments is a new approach
to obtain optimal drug usage and radiation fractionation schemes for each body compart-
ment. The achieved findings could have a significant impact on effective treatment planning
by choosing optimal drug durations or by using radiotherapy in combination with chemother-
apy, for instance, to target certain chemotherapy-resistant areas, to achieve tumor control
with minimal side effects.
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Chapter 1

Introduction

1.1 Research motivation

Cancer is a huge problem worldwide. In over 50% of the tested countries, cancer is the first
or second cause of death before the age of 70 years old, based on estimates of the World
Health Organization (WHO) [1]. In 2018 there were 18.1 million new cases of cancer, and
9.6 million people died of cancer worldwide [2]. Due to the large scope, a lot of research
has already been done in cancer treatment, and many cancers have already become curable
[3]. Potential treatment options are, among others, radiation therapy, chemotherapy, surgery,
targeted therapy, and combinations of these modalities. This thesis is focused on radiotherapy,
chemotherapy, and combined chemo-radiation therapy.

Radiotherapy is one of the main cancer treatments. About 50% of all cancer patients receive
radiation somewhere in their treatment [3]. The goal of radiotherapy is to maximize tumor
cell death while minimizing the damage to surrounding healthy tissues [4]. This is done by
refined computational models and computer algorithms that optimize the spatial delivery of
radiation [4], [5], [6], [7]. Although the radiation is directed at the tumor, the surrounding
healthy tissues inevitably suffer from the effect of radiation as well. However, healthy cells
repair the damage done by radiation faster than the cancerous cells, which is the basis of the
concept of repeated-dose delivery. The total dose is therefore delivered in multiple smaller
doses, called the fractionated dose. The fractionation scheme, i.e., the combination of total
dose and fractionated doses, is determined on clinical experience, and improvements can be
made with optimization approaches.

For many cancers that are in a more advanced stage, treatments with only radiation are insuf-
ficient. Cancer has spread throughout the body, and the tumor cells cannot be exterminated
without causing too much damage to the healthy surrounding tissues. Often a combination
of chemotherapy and radiation is necessary to enhance tumor cell kill. Chemotherapy is a
type of treatment that uses one or more anti-cancer drugs, referred to as chemotherapeutic
agents. KEven though chemotherapy is a widely used treatment for cancer, the modeling,
and optimization of chemotherapy treatments are not much explored. The varying responses
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of patients to the anti-cancer drugs and the rise of drug resistance makes them especially
challenging to model. Moreover, the clinical application of algorithmic planning methods for
individualized chemotherapy is practically non-existent [8]. The most significant limitations
are the inadequacy of the current models in clinical realism [8]. As a result, are the current
chemotherapy treatments mainly based on clinical experience and trials only.

Chemo-radiation treatments have shown lower incidence rates of distant metastases in patients
compared to radiation-alone treatments [9]. Combined treatments also lead to better local
tumor control for various sites, as has been clinically shown [9], [10]. On average more than
a quarter of all cancer patients are treated with chemotherapy and radiation therapy in the
United States during their course of illness [5]. However, currently, chemo-radiation therapy
treatments are prescribed as a separately optimized radiotherapy treatment with the addition
of a generic chemotherapy regimen. The dosing and scheduling of the combined therapies are
mostly based on clinical experience, without the involvement of bio-mathematical modeling
[5]. Only heuristic attempts have been made to optimize the combined application of chemo-
radiation therapy [9], [10], hence there is a clear need for the optimization of dosing and
scheduling for combined chemo-radiation therapy treatments as well.

A positive switched system is a dynamic system consisting of a set of Metzler state-space
matrices and a certain switching law, which determines when and how to switch between
the subsystems. Positive switched systems seem particularly appropriate to model cancer
evolution under different treatments, and therefore to determine optimal treatment schedul-
ing. This class of models has been successfully used to plan optimal treatment scheduling to
minimize the viral load in HIV infection [11], [12], [13], [14], [15], and to minimize the tumor
size in cancer targeted therapy [16], [17]. For a certain class of positive switched systems, the
system dynamics are convex-monotone [18], [19], which is a useful property for optimization.
Modeling the effect of combined chemo-radiation treatments as a positive switched system,
thus enabling the systematic design of optimal therapy planning, is a new research effort. The
achieved findings could have a significant impact on effective treatment planning by choosing
optimal drug durations or by using radiotherapy in combination with chemotherapy, for in-
stance, to target certain chemotherapy-resistant areas, to achieve tumor control with minimal
side effects.

1.2 Research scope

The goal of this thesis is to propose novel approaches to optimize cancer treatment effi-
ciency when combining chemotherapy and radiotherapy by using control-theoretical methods
as well as radiation therapy models. The optimal drug durations for chemotherapy and frac-
tionation schemes for radiotherapy should be calculated, as well as the optimal combined
chemo-radiation therapy treatment plans. It is important that the model can be used for all
tumor sites, and that it realistically models the treatment response of the patient. It is also
essential to take the toxicity of the drugs and negative consequences of the radiation into
account and make sure they are limited. Therefore, the sub-questions that are addressed in
this thesis are:
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e Can positive switched systems be used to optimize chemotherapy and radiotherapy,
separately and combined?

o Is it possible to predict the probability that severe side effects, caused by chemothera-
peutic drugs or radiation, will occur, and can it be incorporated into the model?

e It is desired that the model calculates optimal doses for radiation treatments. How can
these be obtained?

o What is the predictive power of the model? Can it suitably replicate clinically measured
tumor dynamics?

1.3 Report outline

This report is organized so that the reader can follow all results and, if needed, reproduce
them. Since this is a multidisciplinary subject, the background information of the topics will
be explained in detail.

In Chapter 2, the medical background related to this topic is given. Some general information
about cancer, such as the biology properties and the staging of tumors is discussed. Then
the treatments on which this thesis focuses are explained in more detail. First, chemotherapy
is addressed, followed by radiotherapy. The currently available models that are used in this
thesis are also explained.

Chapter 3 presents the theoretical background to determine optimal drug durations for
chemotherapy. The multi-compartment model that is used to model the tumor dynamics
is discussed here. The optimization formulation is also given, as well as an algorithm to
schedule the drugs.

The theory will be applied to a tumor example, which is colorectal cancer (CRC). In Chapter 4,
all tumor-related information will be given, such as the estimated parameters, the dataset
for irinotecan from the Erasmus MC, and the parameters for the side effects for this type of
cancer. The simulations on CRC with a chemotherapy treatment will be given in Chapter 5
and compared to the clinical data.

In Chapter 6, the focus will shift towards radiotherapy and especially combined chemo-
radiation therapy. The theory to add radiation therapy to the model is handled. Then
in Chapter 7, the model simulations are given for some initial conditions of CRC.

Last, the conclusions and recommendations are stated in Chapter 8. At the end of the thesis,
a glossary can be found with a list of the used acronyms and mathematical symbols, to assist
the reader.
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Chapter 2

Medical background

This thesis is a multi-disciplinary project for which some fundamental medical knowledge
is a crucial part. In this chapter, the required medical background is described. First,
some background information on cancer is given in Section 2.1, where the biology of cancer,
the staging of tumors, and what the treatment options are, is explained. Then the two
treatment options that are considered in this project are described in more detail. Section 2.2
is focused on chemotherapy, how it works, and what the current mathematical models are.
In Section 2.3 radiotherapy is explained in detail, then the biologically effective dose (BED)
model is described, and finishing with the normal tissue complication probability (NTCP)
model.

2.1 Cancer

2.1.1 The biological properties of cancer

The body consists of approximately 3.72-103 cells that form organs and tissues [20]. In these
cells, some genes control the cells and tell them when to grow, divide, die, and how they
should behave. Usually, this process goes well, and all organs function as they should. When
a cell grows, it divides into two identical cells, which are copies from the cell of origin. So
from one cell, two new cells are created, then four, and it continues in that way. Hence a
constant growth rate means exponential cell growth. In Figure 2.1, the process of cell division
is presented schematically.

In grown-ups, cells only grow and divide when the body needs it, for example, to replace
damaged cells. However, sometimes a wrong mutation occurs in the genes, which causes the
cell to turn into a cancerous cell. These wrong gene mutations can be inherited or caused
by something damaging our genes, for example, ultraviolet (UV) sun radiation or cigarette
smoke. However, the aging of cells can also cause wrong gene mutations. Different types of
mutations can happen, from which different mutants can arise. Cancerous cells do not work as
healthy cells; they divide and grow at an uncontrolled rate. They also develop differently from
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Figure 2.1: The process of cell division shows how each cell divides into two identical cells that
are copies of the cell of origin. A constant cell growth rate means an exponential tissue growth.

healthy cells; they stay immature and undifferentiated, whereas normal cells mature with a
specific job they should perform. Cancerous cells also dodge the immune system and ignore
the signs telling them to die or stop dividing. What also makes these cells more dangerous is
that they do not stick together, but they spread into other parts through the blood vessels or
lymphatic system. In organs, cancerous cells damage and grow into the organs and tissues.
All these properties make cancerous cells particularly dangerous [23].

A group of abnormal growing cells is called a tumor. A tumor can either be malignant, which
means it is cancerous or benign (also called nonmalignant), which means that it does not
spread to other parts of the body. Tumor cells have the same needs as healthy cells, involving
a blood resource for oxygen and nutrients to keep growing. At the beginning of a tumor, so
when it is still small, it can proliferate. However, when cancer becomes more prominent, it
needs more blood to have enough oxygen and nutrient supply. Then the tumor can make
new blood vessels and still keep growing. Therefore cancerous cells can smoothly go into the
blood and spread to other parts of the body. When the cancerous cells spread from where
the tumor first started, the primary site, to another part of the body, we speak of metastasis.
Figure 2.2 shows how the cancerous cells spread to other parts of the body by going into
blood and lymph vessels.

How Cancer Grows How Cancer Spreads

cancer cells

growth of new
blood vessels

cancer cells

Figure 2.2: The process of cancerous cell growth and spread through the body. The cancerous
cells go into the blood and lymph vessels, which results in metastasis [23].
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There are many types of cancerous cells, each with their properties. Cell lines can be created
from cancerous cells. A cell line is a cell culture that is developed from a single cell and
hence has the same genome. Laboratories use these cell lines for research. A cell can mutate
into another cell type when specific mutations happen. Tumors can also consist of different
tumor cells, that are heterogeneous in their gene expression and metastatic potential, which
is referred to as intratumor heterogeneity. Interpatient tumor heterogeneity also exists, where
every tumor with the same subtype from a different patient behaves in a clinically different
way, independent of treatment [24].

2.1.2 The staging of cancer

Cancer is often classified in stages, which refers to how much the disease is developed. Staging
is useful, so there is a universal language in determining the size and the spread of cancer,
and treatment outcomes and guidelines can be compared fairly. One of the generally used
staging systems is the TNM system [25]. The TNM systems uses three subsystems [26]:

o The T refers to the primary tumor size, where it is classified as 1 (very small) up to 4
(large).

o The N stands for the regional lymph nodes involvement, ranging from 0 (no lymph
nodes are cancerous) up to 3 (many lymph nodes are cancerous).

o The M refers to the metastases of cancer, where it can be either a 0 (no metastases) or
1 (cancer has spread through the body).

For example, severe cancer can be classified as T3 N3 M1, where cancer has spread through
the body and to many lymph nodes. Some variations of the TNM system exist, for instance,
where the subsystems are further classified using letters a,b,c, or more. These letters provide
more information about cancer. For example, for lung cancer that has metastases Mla can
refer to the metastasis being in the other lung, and M1b can refer to the metastasis being in
another part of the body.

Another way that is used for describing the tumor stage is by the following five phrases:

e In situ: cancer that is in situ means that there are abnormal cells, but they have not
spread to tissues in the area.

e Localized: a localized form of cancer is when the tumor is only in the primary tumor
site.

¢ Regional: regional cancer is when the tumor has spread to surrounding lymph nodes,
organs, or tissues.

o Distant: a distant cancer is when the tumor has spread to distant sites of the body.

e Unknown: when the cancer stage is unknown, there is not enough available information
to determine the stage.

There are many other ways of defining cancer staging, and some tumors also have there own
staging system, such as brain cancer.
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2.1.3 Treatment options for cancer

There are many treatment options for cancer, and there are many more in development. The
most suitable treatment option depends on many factors, such as the tumor site and stage,
the overall health conditions, and the preferences of the patient. The main treatment options
and their basic principle of operation are listed here:

e Surgery: a surgeon operates a patient, and the tumor is removed as much as possible
with medical instruments. This treatment option is very efficient since a lot of the
tumor is removed at once. However, it cannot always be used since not all sites are easy
to access, or the health conditions of the patient do not allow the operation.

e Chemotherapy: a systematic drug is used to kill fast reproducing cells, including can-
cerous cells. Section 2.2 will elaborate further on how chemotherapy works.

» Radiation therapy (or radiotherapy): the tumor is locally treated with radiation, which
eventually causes cell death. Section 2.3 will elaborate further on radiotherapy.

o Targeted therapy: this cancer treatment targets the specific properties that make can-
cerous cells different from healthy cells. An approach is, for example, to target proteins
that exist in cancerous cells, but not in normal cells. The downside of this treatment is
that, when it is given on its own, it is often not enough to kill the cancerous cells, and
is therefore often combined with chemotherapy. Targeted therapy is also not available
for all types of cancer.

e Immunotherapy: this is a biological therapy, which uses substances from organisms to
treat cancer. It works by helping the immune system to identify and kill the cancer
cells better.

e Hormone therapy: hormones nurture certain types of cancer; in these cases, hormone
therapy can be used. By removing the hormones or by blocking their effect, this therapy
forces cancerous cells to stop or reduce their growth.

There are more treatment options, such as bone marrow transplant, and many clinical trials
are being done to find more treatments. The treatment options are very often combined. For
example, the tumor is removed as much as possible with surgery, and the last remaining parts
are treated with radiotherapy. The treatment options chemotherapy and radiotherapy will
be described in more detail since they are the focus of this research project.

When deciding which treatment option is most suitable, it is important to consider the goal
of the treatment, which is not always to cure the patient of cancer. These are the goals for
which a treatment can be given:

o Curative: this is when a treatment option is given to completely remove or kill the
cancerous cells and cure the patient. Any treatment can be used as a curative treatment,
but the most common is surgery and radiotherapy.
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o Palliative: these treatments are given to relieve the patient’s suffering, caused, for
example, by the symptoms of cancer or the side effects of some other treatment. It can
be used at the same time as a curative treatment. Surgery, radiotherapy, chemotherapy,
and hormone therapy can be used as palliative treatments.

e Adjuvant: an adjuvant treatment is given to treat the remaining cancerous cells after
curative treatments, to make the chance of recurring cancer smaller.

e Neoadjuvant: a neoadjuvant therapy works based on the same principle as the adjuvant
therapy, but the treatment is given before the curative treatment to make it more
effective. Any treatment can be used as adjuvant or neoadjuvant treatment.

2.2 Chemotherapy

As mentioned in Section 2.1.3, chemotherapy is a commonly used cancer treatment, which
can be given on its own or in combination with other treatments. This section discusses how
chemotherapy works and the current state of the art regarding treatment scheduling.

Chemotherapy relies on drugs referred to as chemotherapeutic agents. They interfere with the
cell cycle and the mitosis process [27], and therefore interrupt cell division. They effectively
target the properties in cells that allow them to grow and divide, for example, such that they
can replicate their DNA. Chemotherapy is a systematic treatment, which has the advantage
that all metastases are treated at once. Chemotherapeutic agents are most effective on can-
cerous cells; however, healthy cells also need to replicate and are also affected by the toxic
agents. The use of this treatment, therefore, gives many and often severe side effects, such
as nausea, vomiting, and acute gastrointestinal effects. So there is a trade-off between the
reduction of cancer cells and the cytotoxicity effects. The chemotherapeutic agents have the
most harmful side effect on the healthy cells that have a high cell turnover, such as bone
marrow and hair follicles [32]. The toxicity can vary per patient and is different for specific
drugs, doses, and schedules.

When determining a chemotherapy schedule, certain factors are taken into account. The
cancer type and stage, results of tests, and the patient’s age and overall health conditions
are all included in the decisionmaking. This information is combined with information from
studies and similar patients, and a drug or drug combination is determined. Currently,
the chemotherapeutic agents are given at their highest tolerable dose to obtain the optimal
reaction [28]. The dose is either dependent on the patient’s body weight or their body surface
area (BSA), calculated from the height and weight. Chemotherapy is normally given in cycles,
which are regular intervals of drug administration. A cycle is a day or multiple days on which
a dose is given, followed by a period without treatment, in which the healthy cells get the time
to recover. The final treatment schedule is most useful for the specific cancer it is developed
for, and if possible, the patient needs to receive the full course of chemotherapy. However,
sometimes side effects can become severe, and it is necessary to alter the planned dose and
schedule, making it very important to monitor the patient during treatment.

Next to the side effects that can occur, patients can also become resistant to the chemother-
apeutic agents due to random mutations [8]. To lower the chance of resistance, often, several
drugs are given together. Different anti-cancer drugs work in different ways and can be used
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together to work more effectively. When a single drug is used, and resistance occurs, it is
possible to switch to another drug. However, there is only a limited amount of chemo drugs
available for each type of cancer, which can result in running out of options of chemotherapy
treatments.

During the process of determining a chemotherapy treatment schedule, no optimization is
done: the choice is based on clinical experience and the outcomes of research and trials. The
modeling and optimization of chemotherapy schedules are still a relatively uninvestigated
field. This is partly due to the unknown when a treatment will be successful or unsuccessful.
Much research is done to determine this and investigate what the precise influences are.
Within the field of chemotherapy modeling, the "log kill" hypothesis was the general standard
for a long time, stating that, independent of the tumor size, the amount of tumor cells killed
by the chemotherapeutic agents is solely dependent on the given dose of chemotherapy [29],
[30]. Currently, the focus has shifted to the Goldie-Coldman hypothesis, which states [5]:

e The probability that the patient will be fully cured of cancer by the treatment of
chemotherapy is inversely related to the volume of the tumor. Therefore the treat-
ment should be initiated as early as possible.

o To obtain the optimal effect against heterogeneous cell groups, different chemothera-
peutic agents should be used at the same time. When that is not possible, it is beneficial
to switch among different chemotherapeutic agents.

Another central theory within chemotherapy effect modeling is the Norton-Simons hypothesis,
saying that the tumor regression rate as a consequence of the chemotherapeutic agents is
proportional to the growth rate of the undisturbed tumor of similar size [31].

2.3 Radiotherapy

In this section, it will be discussed how radiotherapy works and how a treatment plan is
obtained. Then two models will be discussed that are used in the thesis, the BED model, and
the NTCP model.

2.3.1 Radiotherapy treatments

As mentioned in Section 2.1.3, radiotherapy works by irradiating the tumor, which causes
cell death. It aims to inhibit the reproduction of tumor cells, while normal cells get spared
as much as possible [4]. There are two types of radiation therapy, internal and external beam
radiotherapy, of which the latter is the most common option. With the internal type, also
called brachytherapy, a radioactive source is placed inside or near the tumor and irradiates the
tumor locally. In external radiation, a machine, a linear accelerator (LINAC), emits highly
energized particles, such as X-rays, and deposits this energy in the tissues it passes through.
The beams are directed from different angles, overlapping at the targeted region, such that
the tumor volume receives the highest radiation dose, and the surrounding healthy tissue
gets spared as much as possible. This energy is disruptive for cells; it can cause cell death
or genetic changes. The genetic changes that occur prevent the cells from reproducing and
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eventually also cause cell death since the radiation has a direct effect on the DNA of a cell
and can cause damage. Radiation also has an indirect effect on the DNA, which is caused
by free radicals produced by ionization or excitation of the water in cells [3]. Since DNA
molecules consist of two strands, either a double-strand break (DSB) or a single-strand break
(SSB) can occur. Repairing a DSB is more complex than a SSB and causes more cancerous
cells to die. The DNA breaks are visualized in Figure 2.3.

= o

[ +~—— Single strand-break (SSB)

- Double strand-break (DSB)

Figure 2.3: Radiation targets to damage the DNA of cancerous cells, which can lead to cell
death. This can occur from a double-strand break and a single-strand break, where a
double-stand break creates more damage and causes more cells to die.

The radiation does not kill the cells immediately; this process takes days or weeks of treatment.
Although the radiation is directed at the tumor, the surrounding healthy tissues inevitably
suffer from the effect of radiation as well. The side effects caused by radiation are therefore
dependent on the tumor site, and they can be severe and long term. Many patients also expe-
rience fatigue during treatment. Repeated dose delivery is applied to minimize the damaging
effect in the normal cell since healthy cells repair the damage done by radiation faster than
cancerous cells. The effect of radiation on cancerous cells can differ per tumor type [3].

Before the treatment can start, a radiation plan has to be made. The physical dose of
radiation is described in units of Gray (Gy), which is defined as the absorption of one joule
(J) radiation energy per kilogram (kg) of matter; hence 1 Gy = 1 k—‘]g [6]. A standard
radiotherapy treatment, referred to as fractionation scheme, can be a total dose of 60 Gy
delivered in fractions of 2 Gy, referred to as the fractionated dose. The treatment doses are
based on clinical experience and standard protocols, there is no individual optimization done.
The delivery schedule of the radiation is, in contrary to the treatment doses, patient-specific,
and optimized with computational algorithms. A computed tomography (CT) scan is made,
and in the CT slices are the organs and the targeted region defined, generally with a margin
around the tumor to account for microscopic spread [32]. Much research exists on how to
optimally make a radiation delivery plan [33], [34], [35], hence a plan that specifies how the
beams should be directed to obtain a maximal dose delivery in the tumor and a minimal dose
delivery in the surrounding tissues.
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2.3.2 Biologically effective dose (BED) model

Within radiotherapy modelling, the linear-quadratic (LQ) model is widely accepted to model
the biological effects of radiotherapy [4], [5], [6]. It can be derived in multiple ways, one of
which expresses the surviving fraction % for a clonogenic cell population Ny after receiving
a dose d as:

N,

In (ij) = —ard — Brd? (2.1)

Equation (2.1) describes the radiation dose d in Gy, and the amount of tumor cells before
and after dose d are Ny and Ny respectively. The parameters ap and S depend on the type
of tissue of the tumor volume [7]. Parameter ar in Gy~! represents the coefficient of DSBs
caused by the radiation, and Bz in Gy~2 the coefficient of the combination of two SSBs caused
by radiation [4]. After rewriting Equation (2.1) the surviving fraction of tumor cells, S, after
dose d can be described as:

S(ar, pr,d) = xg (2.2)
= exp(—ard — frd?) (2.3)

Since S is the surviving fraction of tumor cells, 1 — 5 can be taken as the fraction of cell death.
The total dose P, is administered in a number of fractions ny to limit the toxic effects to
the healthy tissues. The fractionated dose is described as dy,ds, ...,dn,. Then the survival
fractions from all individual fractionated doses can be multiplied with each other, assuming
independent dose effects, and their resulting survival fraction is [21]:

ng
S(ar, Br,dy) = exp(— Y _(ards + Brd3)) (2.4)
f=1

To further analyze the structure of this formula, a comparison is made between two cases.
When the dose is delivered at once, according to Equation (2.3), and in multiple fractions,
according to Equation (2.4). The result can be seen in Figure 2.4: the effect of the quadratic
factor becomes less prominent when the dose is delivered in multiple fractions. Hence there is
a larger survival fraction than when the dose is delivered at once. However, the toxic effects
become larger when a higher dose is given. So there is a trade-off between maximizing the
cell death with large single doses and sparing the healthy tissues with fractionated doses [21].

The BED is commonly used to model nonstandard fractionation schemes [21]. The BED can
be defined as:

BED(aT, ﬂT, df) = — ln(S)/aT (25)
_ %
= le (df + [Oé/ﬁ]T> (2.6)

where the ratio [a/8]7 is normally approximated as a constant, and differs per type of tumor
[7]. The [ae/B]r ratio corresponds to the tissue sensitivity to fractionation.
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Figure 2.4: A comparison between the survival fraction of cells when the dose is delivered at
once or in 2 Gy fractions. The survival fraction S is calculated with the LQ model with
ar = 0.1 and 87 = 0.3.

2.3.3 Normal tissue complication probability (NTCP) model

Within the modeling of radiotherapy, the NTCP models are used to quantify the probability
of complications in healthy organs and tissues. For the organs at risk (OARs), this probability
can be calculated for a plan, and it can be checked if it meets clinical constraints. OARs are
normally organs near the tumor site. It is inevitable that they also receive some radiation,
which puts their functioning at risk.

One of the NTCP models is the logit model. This model depends on the X Gray equivalent
dose (EQDX), with X the reference dose. The OAR does not receive as much radiation as
the tumor, so the fractionated dose d; is multiplied with the organ sparing factor s, with
0 < s <1. When s =1, the OAR is radiated just as much as the tumor, and when s = 0,
the organ is not radiated at all. The formula for the EQDX is [36]:

BED
EQDXour = 1# (2.7)
T /AN
ny sdf
14 7o '
CYEIS

with dy the fractionated dose and [a/3]n the tissue dependent parameters. It is important
to take the [a/f] ratio from the normal tissues, noted as [a/5]n. Healthy tissues respond
different to radiation then tumor tissues so different parameters are required.

An example of the EQDX is when a treatment plan of 60 Gy is given in fractionated doses of
4 Gy; then, the EQD2 is the equivalent dose when given in fractions of 2 Gy. For [a/S8]ny = 3

and s = 1 this will be 84 Gy, calculated as EQD2 = 6%%2;{43). Often the EQD?2 is used since
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2 Gy is a typical fractionated dose in clinical practice. However, other fractionated doses can
be used, as well.

There are many different forms of NTCP models, but all models represent the response curve
typically with a sigmoid shaped function that depends on the dose. For this thesis the logit
model is used, for which the formula is [37]:

—1
Do )4“/50
NTCPiogis = [ 1+ (e 2.9

togtt <+(EQDXOAR (2.9)

where NTCP refers to the probability of a severe side effect occurring. Dsg is the radiation
dose that gives a response probability of 50% and ~s is the slope of the response curve at
the Dsp point [38]. These parameters depend on the type of side effect. The EQDXpar is
defined by Equation (2.8).



Chapter 3

Theoretical background for the
chemotherapy model

This chapter discusses the theoretical background behind the model to optimize and schedule
chemotherapy. The approach used in [16] to determine optimal targeted therapy treatments
will be adapted for chemotherapy applications. In Section 3.1 positive switched systems will be
presented, discussing how they can be used for this treatment. Then the multi-compartment
model will be addressed in Section 3.2. The optimization problem will be formulated in
Section 3.3 and last an algorithm to schedule the drugs will be introduced in Section 3.4.

3.1 Positive switched systems

A positive switched system is a dynamic system consisting of a set of Metzler state-space
matrices and a certain switching law o. This switching law determines when and how to switch
between the subsystems [39]. Positive switched systems are suitable for many applications,
including health and biological systems. In [13], [14], [19] a positive switched linear system
is used to describe HIV infection treatments and in [16], [17] for treatments with targeted
therapy. In current treatments for HIV infection and cancer treatment with targeted drugs,
resistant mutations are normally observed after some time, and the treatment no longer
works as desired [40]. When this happens, a new treatment therapy is initiated. However,
switching therapies well in advance of the failure may be more efficient. The mentioned
literature proposes methods to treat this scheduling problem as a switching control problem.
In cancer treatment with chemotherapeutic drugs, similar resistant mutations are observed,
and switching therapies in advance of resistance could also provide more efficient treatments.
This section describes how positive switched systems can be used to model cancer evolution
under chemotherapy treatments.
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The optimal control will be derived for a switched autonomous positive linear system of the
class:

B(t) = My () z(t) (3.1)
z(0) =z

In case of cancer treatment with chemotherapy, the states x(t) € R’} describe the concentra-
tion of mutant cell lines in a patient. In this model o(z(t)) is the switching signal, in this
case the drug selection, with o : R — {1,...,d}. The matrices M, € R™" corresponds to
different choices of o. The system, Equation (3.1), is positive when the system matrices M,
are Metzler for all . The definition for Metzler is as follows:

Definition 3.1.1. A square matrix M is Metzler if its off-diagonal entries are non-negative,
hence when [M];; > 0 for all i # j [19].

The switched system, Equation (3.1), will be modified so that the sliding trajectories are also
included. Sliding trajectories occur when an infinite frequency switching of o(¢) happens.
Although this is clinically impossible, it often leads to the optimal solution and is hence
important to consider. The overarching system is:

i) = 3 M, (U()a(t) (3.2)

with control vector [(¢) € U%, the unit simplex, and where [I(t)]s (the s-th component of I(t))
represents the normalized concentration of drug s. Equation (3.2) contains Equation (3.1)
since [(t) is the unit simplex, hence [I(t)]s = 1 implies [I(¢)], = 0 for z # s, and this corresponds
to o(xz(t)) = s. If I(t) does not correspond to a vertex of the unit simplex, for any t >
0, then no direct equivalent exists for o. The set of all possible trajectories generated by
Equation (3.1) is dense in the set of possible trajectories of Equation (3.2). The optimal
control of Equation (3.2) is therefore considered, which extends the original switching laws
to infinite frequency switching with suitable differential inclusions.

An optimal control [I]; will be derived for this class of systems, which minimizes the cost
function:

J = hTa(Tr) (3.3)

with the vector h € R}, typically h = 1, and the final time Tr > 0 fixed. In the case of
cancer treatment, it is in general not required for the treatment to completely make the tumor
disappear, hence to make 172(Ty) = 0, for a patient to heal. When the tumor cell population
is small enough, the immune system can naturally destroy them, and a shorter therapy
duration (when possible) is beneficial to contain the side effects harming the patient. The
immune system is not modeled in the positive switched system described by Equation (3.1),
but can take care of a small enough number of cancer cells [17].

Based on [16], [18], [19], [22] some remarks regarding the convexity can be made. Given
the system described by Equation (3.2) with cost function Equation (3.3), and assuming the
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off-diagonal entries of matrix M, for s = 1,...,d are not depending on s, then matrices M,
can be written as:

M;(l(t)) = A — Dg[l(t)]s (3.4)

where A is a Metzler matrix describing the mutation dynamics without drugs and Dj, for
s =1,...,d, are positive diagonal matrices describing the effects of the drugs. For [I(¢)]s = 1,
drug s is at the maximum dose that is tolerated at time ¢ and its efficacy is given by Dg(t).
When [I(t)]s = 0, drug s is not used at all at time ¢. Then the system can be rewritten as:

d
(1) = [A -y D, [l(tns] (1) (3.5)
s=1

The system described by Equation (3.5) is of the same form as the system in [22] where it is
proved that this system is a convex-monotone system, see Definition 3.1.4. This means that
the system is monotone and the state trajectory is a convex function of the initial state as
well as the input trajectory [16]. This also implies that when convex constraints are used and
the objective function is also convex, optimal drug doses [I(t)]s for s = 1,...,d can be found
via convex optimization [22].

Definition 3.1.2. Consider a system of the form

@(t) = fx(t), u(t)) (3.6)

with z(t) € X C R”, u(t) € U C R%, and X and U convex sets. Denote the unique solution of
Equation (3.6) as x(t) = ¢¢(a,u). Then the system in Equation (3.6) is said to be monotone
if the solution is a monotone function of the initial state a and the input trajectory u, i.e. if

(a0, u0) < (a1,u1) = ¢¢(ao, uo) < Pr(ar, ur) (3.7)
for all ¢ > 0, where the inequalities are element-wise [22].
Definition 3.1.3. A scalar function g(z,u) is said to be convez if for any two points (z1, u1)
and (x2,u2)
g(Az1 + (1 — Mg, Adup + (1 — Nug) < Ag(x1,u1) + (1 — N)g(ze, ug) (3.8)
for all A € [0, 1].

Definition 3.1.4. A system of the form in Equation (3.6) that is monotone and where every
row of f(xz(t),u(t)) is also convex, is said to be conver-monotone [22].
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3.2 Multi-compartment evolutionary model

A multi-compartment evolutionary model is proposed to describe the dynamics of the tumor
and the influence of anti-cancer drugs [16], [17]. This model makes use of compartments
to describe the growth of a tumor, the metastasis, the possibility for mutation, and the
influence of drugs on the different components of a heterogeneous tumor. For a tumor with
m different mutant species that has spread to p compartments and where there are d different
chemotherapeutic drugs (or specified appropriate drug combinations) available the following
variables and parameters are defined:

r¥ € R, represents the amount of cells of cell line 7 in compartment k

. rf describes the growth rate of mutant cell line ¢ in compartment &

* ¢ijk describes the probability that mutant cell line j mutates to mutant cell line ¢ in
compartment k

e Uk, Tepresents the migration rate of mutant cell line ¢ from compartment k to com-
partment c

o | € Ri represents the vector of drug concentrations, where each component [I]; belongs
to a drug s

o« (1) is the overall drug dose response in compartment k for mutant cell line

Then the dynamics of the concentration of tumor cells are described as:

m p p
ko k k k k k ki ok
B =i gy > TRy > ke — Y pekiy — ¥y (D) (3.9)
j=1,j#i c=1 c=1,c#k

These dynamics are unstable when no therapy is administered, hence when [I]; = 0 for all
s € {1,...,d}. The first positive term of these dynamics represent the growth of cell line
1 in compartment k, rfqii’k. The growth rate is multiplied with the probability that cell
line ¢ will not mutate, g; x. The second positive term represents the possibility that other
cell lines mutate into cell line 1, Z;’"‘:Lj# rfqijk, and the third of cells that are migrated
to compartment k, >-°_; yigc;. The negative terms represent the possibility of migrating to
another compartment, Zle’ etk Mek,is and the effect of the drugs, wf(l). The dynamics of
cell line 7 in compartment k are mostly determined by the growth rate of that cell line and
the influence of drugs on that cell line. The possibility of migration and mutation of cells is
several orders of magnitude smaller than the growth of cells.

The possibility of migration and mutation is visualized in Figure 3.1. Panel (A) shows that
a tumor cell line ¢ in compartment ¢ can either migrate to another compartment, described
by pike, or stay in place, described by fie.. The right panel, (B), shows a zoomed-in version of
compartment ¢, where the tumor cell lines 7 and j are shown. There is a chance of mutating
into the other mutant described by ¢;; and gj;, and a chance that no mutation occurs described

by gi; and gj;.
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Figure 3.1: Visualization of the multi-compartment model which shows the possibility of
migration between compartments ¢ and k (A) and the possibility of mutation within
compartment ¢ (B).

The model described by Equation (3.9) can be rewritten as:
#(t) = [A = ()] =(t) (3.10)

which emphasizes the model structure more specifically, since the matrix A € R™", with
n = mp, describes the dynamics without the influence of drugs, and the matrix ¥ (/) € R™*"
describes the drug effects. Both matrices A and ¥ are chosen to be consistent with the
dynamics in Equation (3.9). Furthermore, matrix A is an unstable Metzler matrix and matrix
U (1) is a diagonal matrix, where each diagonal entry is an increasing function of I. The vector
x € R is the stacked vector of the tumor cell line populations. Due to the biological properties
involved are the diagonal elements of matrix A several orders of magnitude bigger than the off-
diagonal elements. As mentioned, the growth has a significant bigger impact on the dynamics
than the migration and mutation possibility. The matrix A is therefore close to diagonal.

The matrix function W(I) can be approximated using linear functions of [. Because the doses
of the drugs are not taken greater than the Maximum Tolerated Dose (MTD), and for drug
amounts that are taken far from saturation, the drug effects can be well approximated to be
linear. The drug concentration vector [(¢) that is considered is the unit simplex for each ¢, so
[1(t)]s € {0,1} Vs, t and 320, [I(t)]s = 1 V¢, since a drug should either be used at its MTD or
not at all. So the effect of all drugs can be taken as the sum of each drug separately, for each
mutant species, in each compartment. Hence Equation (3.10) can then be rewritten into:

d
i(t) = [A -> Ds[l(t)]sl z(t) (3.11)
s=1

with the positive diagonal matrix D; € R™" representing the effect of drug s. The system in
Equation (3.11) is precisely in the form of Equation (3.5), and hence is a convex-monotone
system.
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3.3 Optimization problem formulation

It is desired to design an optimal drug scheduling that minimizes the tumor size. The problem
is split up into two separate problems. First, the optimal drug doses are calculated that
minimize the total number of tumor cells at the end of the treatment horizon. Then the
scheduling of the drugs is addressed with an algorithm that specifies in which order the drugs
need to be used. In this section, the optimization formulation for the first problem is given.

The tumor size of each metastasis is represented by the number of tumor cells in each com-
partment. The total tumor size at the end of treatment is minimized, hence 11z(Tr) is
minimized over finite treatment horizon Tr. The control vector is the drug concentrations
l(t), which is the unit simplex per time ¢t. When the drug is used, the MTD is given, so [I(t)]s
is normalized to [I(t)]s = 1 for all s. Furthermore, the switching therapy should specify a
single drug per time instance, which should stay constant for a minimum amount of time. As
a consequence is the drug dose [(t) described as piecewise-constant in time. For an imple-
mented dwell time, is the total treatment time [0, T%] divided into N intervals 11, T, ..., Tn,.
with a desired amount of time between them, and the drug choice becomes:

W tel0,Ty)
l(2), te [Tl,Tl +T13)

() =1 ' (3.12)
1)t e [T, )

The optimization to obtain the optimal drug concentrations per time interval, [(t)*, is de-
scribed by:

Nt d
i T _ (i) .
l<1>T}lI(1NT) 1, g exp [(A sgl Dyl ]S> TZ] x(0) (3.13)

st [1D],e{0,1}, Vse{l,..d}Vie{l,.., Np} (3.14)
d
SV <1, Vie{l,..,Nr} (3.15)
s=1

The cost function Equation (3.13) minimizes the total tumor size at the end of the treatment,
i.e. 112(Tr). Equation (3.14) specifies that when a drug is used it is used at its MTD
and Equation (3.15) specifies that the total MTD used per time interval cannot exceed 1.
Due to the first constraint, convex mixed integer nonlinear programming is necessary to
solve this problem. When the constraint is relaxed to [[()], > 0 the problem can be solved
with convex optimization. This optimization problem is convex as shown in [19], since the
system Equation (3.11) is convex-monotone and the objective function and the constraints
are also convex. However, the resulting outcome corresponds to applying multiple drugs at
the same time interval at lower doses than their MTD. This is not always appropriate to
all chemotherapeutic drug combinations. Only specified combinations are allowed, or else
undesired consequences could arise.
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Note that when matrix A is a diagonal matrix, the optimization problem Equation (3.13) up
to Equation (3.15) can, in fact, be solved with convex optimization, while also making sure
that only one drug is used in each time interval [16]. When matrix A is diagonal, the matrices

(A — >4 D19 s) commute and the formulation can be rewritten.

Another approach can also be adapted. Instead of defining the control vector as the drug
concentrations, it will be defined as the fraction of time each drug should be used at its MTD.
Define [ as the vector of time fractions, where each component [{], refers to the fraction of
the total treatment horizon Tr drug s should be used at its MTD. To be precise, define [l~] 5
the s-th component of [, as:

o= ===, Vs e {1,...d) (3.16)

The following example can be used to clarify. A time horizon of 60 days is considered, which is
divided into 3 intervals of 20 days. When 2 drugs are considered the optimal model outcome
is to use drug 1 in the first 2 intervals at its MTD, and drug 2 in the last interval at its
MTD. This treatment schedule corresponds to IV = [1 0]7, I® = [1 0]7, and I®) = [0 1]T
with the previous formulation. In the new formulation this corresponds to [I]; = 2/3 and
[l]a = 1/3 since drug 1 should be used 2/3 of the time and drug 2 for 1/3 of the time. The
total amount of days drug s is used, is 334 [[(?],T; in the previous formulation and Tx[l] in

the new formulation.

The optimization formulation is rewritten for the adjusted control vector. The optimization
problem, to minimize the total number of tumor cells at the end of the finite treatment horizon
Tr, becomes:

mljn 17 exp l(A — zd: D, [l~]8> TF] x(0) (3.17)

st. [l]s>0, Vse{l,..d} (3.18)
Ed:[z"]s <1 (3.19)

s=1

The cost function, Equation (3.17), minimizes the total final number of tumor cells, 17 2(Tr),
with respect to the new control vector I. The outcome is the optimal duration each drug should
be used, denoted by I*. The first constraint, Equation (3.18), specifies that the fraction of
drug usage cannot be smaller than zero, i.e., no negative times are allowed. The second
constraint, Equation (3.19), specifies that the total days of drug usage is not greater than
the final treatment horizon Tr. These constraints do not imply directly that only one drug
at a time is used, but that criteria can be easily implemented in the scheduling by applying
the drugs after each other. This optimization formulation can now be solved with convex
optimization, while still making sure that drugs are used at their MTD.

Note that, with this formulation of the optimization problem, the term Zgzl [lN] s will always be
pushed to 1, since no negative consequences are included due to the given drugs. Chemother-
apy, however, is a toxic drug and does provoke side effects. The chemotherapy-induced side
effects should preferably be based on the total dose. The total dose given is most likely the
biggest determining factor regarding side effects. However, due to a lack of clinical data, the
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required information to calculate this is unavailable. Therefore, assume a roughly constant
dosage of chemotherapy, then the total treatment time is a good indicator of the total dose.
So for simplicity, it is assumed that the probability of having severe side effects increases over
the chemotherapy treatment time. A constraint can be added to the optimization problem
to incorporate these side effects. The probability of having severe side effects is defined as
a function dependent on the treatment time, g(¢). Unfortunately, there is a lack of models
in the literature to describe this, so the NTCP model from radiotherapy is implemented.
The NTCP logit model, Equation (2.9), is adjusted for the chemotherapy application in the
following way:

1

D 4’75(),chem -
g(tchem) = (1 + (50,chem> ) (3'20)

tchem

with 0 < tepem < T, Dsochem the treatment time with a 50% response probability, and
V50,chem the slope at that point. Then the constraint that should be added to the optimization
problem defined by Equation (3.17) up to Equation (3.19) is:

g(tchem) < Imazx (321)

with g the set maximum probability of severe side effects and t.pep, the treatment days
of chemotherapy. Now the final treatment time Tr can be limited by the side effects, when
Tr is chosen long enough. This constraint can be recast into a linear constraint by tak-
ing Equation (3.20) out of the optimization. For the fixed maximum probability of severe
chemotherapy-induced side effects, gnq., the associated maximum treatment duration T},q,

*
50,chemo

% —
’y\/ 1/gmaz_1

can be calculated by solving ¢(Tnaz) = gmaz- This is equivalent to solving Thpar =

with 7* = 475y pemo- The linear constraint then becomes:

TF st < Tmax (322)

The total treatment days of all chemotherapeutic drugs are calculated by Tr 2%, [I]5, which
should not exceed the maximum allowed treatment duration 7},,,. When T},.. < TF, instead
of using the constraint, also T = T),4, can be used in the optimization problem. When
Timaz > Tr, i.e. when the finite horizon is smaller than then the maximum allowed treatment
duration regarding side effects, the constraint will not be active. This can, for example, be
the case when chemotherapy is used as neoadjuvant treatment, and there is only a short time

interval for the therapy. The complete optimization problem becomes:

mljn 17 exp l(A - zd: D, [l~]s> TF] x(0) (3.23)
s=1

st. [l]ls >0, Vse{l,..d} (3.24)
Zd:[f]s <1 (3.25)
s=1
TF Xd:ms S Tma:r (326)
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where Tynq. is the solution of ¢(Tmaz) = Gmae with function g(tcpem) defined by Equa-
tion (3.20). Also, 32¢_,[l]s in Equation (3.25) will not necessarily become 1 anymore, since
the toxicity can become too large. The treatment time that is used can be defined as
T* = Tp Y0 1]

3.4 Drug scheduling problem

With the optimization formulation described in Section 3.3 the optimal days of each treatment
are calculated, described by T [l~]: However, the problem when and in which order to schedule
the drugs arises, which is addressed in this section. An important criterion is that the drugs
are scheduled after each other, and not at the same time, due to the unknown consequences

that could arise.

The idea is that the tumor should be minimized as soon as possible, in line with the first
statement of the Goldie-Coldman hypothesis. The optimization will decide the second state-
ment of the Goldie-Coldman hypothesis. So if there is a choice of multiple drugs to schedule,
the "strongest" drug should be used first in order to reduce the tumor as soon as possible.
The strongest drug will be defined as the drug that has the most significant effect on the
specific tumor when given on its own.

The procedure that will be used to calculate this is as follows. For a certain initial tumor,
described by x(0), the optimization described by Equation (3.23) up to Equation (3.26)
calculates the optimal fraction of time each drug should be used, described by [I]* for s =
{1,...,d}. To decide in which order the drugs should be used, calculate the effect they have,
when administered on their own, on the specific tumor. So for a time horizon T apply each
possible drug for the entire time interval and calculate the effect of the drugs as the sum over
the final tumor states: Ny = 17 exp [(A — D) Tr] x(0). Another time interval than Tx can
also be used, as long as the same time is used for all drugs for an equal comparison. Order
the outcome effect from low to high with the corresponding drugs. This will be the order in
which the drugs are used, with the drug that caused the smallest final tumor given first. Of
course, the drugs will not be used for T days, but for their corresponding optimal amount

of days Tr[l]i. The entire procedure can be summarized in the following algorithm:

Algorithm 1: Drug scheduling

input : Matrices A and Ds, s =1, ..., d, final time T, initial condition z(0), optimal
drug durations I*.
output: A treatment plan to schedule the chemotherapeutic drugs with their optimal
duration
for s=1:d do
Calculate the effect of drug s for time interval T on the tumor with initial condition
x(0):
Ny =1L exp [(A — Dy) Tr] 2(0)
end
Arrange all N1 up to Ny from small to large.
Give the drugs in that order, with drug s first, that has the smallest N, for Tl days.
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It is possible that when [I]* is too small, the drug will not have any effect. However, it is
not precisely known after how much time this is. For simplicity, this aspect will not be taken
into account. Also, a schedule where drugs are alternated may provide a better outcome.
However, then the problem arises for how long the drugs need to be administered after each
other to be useful and for how long a pause can be held before the drugs do not become
effective anymore. This aspect is not explored much since the focus of this thesis was not
on the scheduling. Also, due to the almost diagonal property of matrix A, the overall drug

duration is significantly more important than when each drug is used.



Chapter 4

Case study: colorectal cancer

The model will be tested on a clinical example. The tumor site that is chosen is colorectal
cancer (CRC). In this chapter, all CRC related parts will be discussed. First, the properties
of this tumor are mentioned in Section 4.1, then the dataset that was obtained from the
Erasmus MC is discussed in Section 4.2. The model parameters are estimated in Section 4.3,
and the chemotherapy-induced side effects are estimated in Section 4.4.

4.1 Some information about colorectal cancer

CRC is cancer that originates in the colon or rectum. It is sometimes also referred to as rectal,
bowel, or colon cancer. CRC is the third most diagnosed type of cancer, and the fourth cause
of death [41], [42], [43]. This type of cancer was chosen as a case study since many types
of chemotherapy are available as treatment, and combined chemo-radiation treatments are
commonly used. Also, since this type of cancer is of frequent occurrence, much research has
been done concerning the properties and effects of treatments.

Many treatment options exist for CRC. When it is caught at an early stage, then polyps
or cancerous cell groups can be removed with a colonoscopy. When it is caught in a more
advanced stage, surgery can be used to eliminate parts or, in exceptional cases, even the
whole colon. Chemotherapy and radiotherapy are often used as an adjuvant or neoadjuvant
treatment to surgery. In some cases, immunotherapy or targeted therapy can also be used as
treatments. For the model, three chemotherapeutic drugs are chosen: capecitabine, irinote-
can, and 5-fluorouracil (5-FU). For a list of all approved drugs, the reader is referred to [44].
These drugs are often used in combination with other drugs, enhancers, or radiotherapy.
However, for this example, the effects are studied when they are administered on their own.

A property of CRC is high intra-tumor heterogeneity, which can result in reduced treatment
effects [45]. Sub-populations of the tumor can have different sensitivity to certain drugs, and
even be resistant, which can cause recurrence after treatment. The intra-tumor heterogeneity
causes different therapeutic outcomes, even when the tumors have equivalent TNM stages
[46]. These properties emphasize the need for optimal treatment calculations. For treatment
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determination, extensive tests should be done to classify the sub-populations as accurately
as possible. These tests include TNM staging and the mutation analysis that specifies the
specific mutation status, from which certain cell properties can be derived.

There are many different CRC cell lines, of which six will be chosen for the model: HT29,
HCT116, SW620, DLD1, HCT15, and SW48. Each of these cell lines has its own properties
and sensitivity to drugs and radiation. Fach CRC cell line has a cell line origin, which can
be found in [47]. The cell line types, mutation status, and properties are shown in [48]. The
diameter of one CRC tumor cell is, on average, approximately 11 pm [49], which is equal to
11-1073 mm.

4.2 Erasmus MC dataset irinotecan

The CPCTO01 dataset was obtained from the Erasmus MC, thanks to Dr. S. Bins. The data
file contains information about 43 patients who were treated with irinotecan (CPT-11), and it
was used to validate the model. The most useful data given in the dataset will be explained.

The dataset contains all 43 patients’ information about the primary tumor site. The avail-
able primary tumor sites are CRC, esophagus, pancreas, stomach, major duodenal papilla,
cholangio, duodenum, appendix, and adenocarcinoma of unknown primary (ACUP). These
are all sites in the human digestive system. For each patient, a measure is made of the tumor
size at baseline and after each even number of cycles, so after 2 cycles, 4 cycles, and so on
up to 12 cycles. The doses and dates of treatment are given per cycle, with an average time
of 22 days between two consecutive cycles. When the dose is changed or when the treatment
is stopped, the reason for this is given. The date of death is also given when a patient is
deceased.

The tumor size is measured according to RECIST 1.1 [50]. RECIST is used in clinical
applications in the Erasmus MC. It is an assessment for the change in tumor burden, which
measures the tumor shrinkage as well as disease progression. The RECIST measure contains
tumor lesions and malignant lymph nodes. The sum of the diameters is taken for the target
lesions. For the non-nodal lesions, the longest diameter is taken, and the diameters are
incorporated for a minimum size of 10 mm when measured on a CT scan. For the nodal
lesions, the short axis diameter is taken when the size is at least 15 mm established on a CT
scan. All other lesions are classified as non-target lesions, for example, that have smaller sizes
or that are non-measurable.

Before this dataset was used to validate the model, it was examined closely. In Table 4.1
information of the data set is summarized. The number of patients per group can be found.
Information is given on the sex of the patient, their primary tumor, prior treatments, the
amount of cycles administered, their RECIST size at baseline, and how much the tumor
has grown or decreased after treatment. Especially this last category stresses the different
reactions patients have to treatment. On some patients, the treatment is effective, with a
reduction of up to 60%. However, for most patients, 21 in total, the treatment was insufficient
to make the tumor decrease.
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Table 4.1: Patient information of the Erasmus MC dataset. Number of patients are given per
sex, primary tumor, prior treatment options, treatment duration, RECIST size at baseline, and
how much the tumor has grown/decreased after treatment.

Category Sub categories Number of patients
Sex patient Male 29
Female 14
Primary tumor CRC 19
Esophagus 9
Stomach 4
ACUP 3
Cholangio 3
Pancreas 2
Appendix 1
Duodenum 1
Major duodenal papilla 1
Prior treatment Radiotherapy 14
Surgery 26
Treatment duration 1 5
(cycles) 2 18
3 1
4 5
5 3
6 6
7 0
8 2
9 1
10 1
11 0
12 1
RECIST size 0-50 8
at baseline (mm) 51 - 100 19
101 - 150 7
151 - 200 8
201 - 250 1
Percentage of tumor growth 1-20% 11
after treatment 21 - 40% 7
41 - 60% 3
Percentage of tumor reduction 1-20% 6
after treatment 21 - 40% 6

41 - 60% 2
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4.3 Model parameter estimations

The parameters that are needed for the model are estimated for this tumor example. The
estimated parameters for the growth rates and drug effects are obtained from mouse tumor
xenograft models. These in vivo studies can be used for the analysis of human cell and gene
therapies as pre-clinical oncology research. Typically a human cell line is cultured to a certain
amount and injected into a number of mice. Nude mice are commonly used since they have
a reduced immune system. Depending on the research goal of the study, the mice receive
different drug quantities or drug combinations, and the tumor volume over time is studied
and compared to each other.

Another type of study that can be used is the in vitro study to obtain the half-maximal
inhibitory concentration (IC50). The IC50 quantifies how much of a drug, or other inhibitory
substance, is needed to cause a 50% inhibition of a particular biological process. The IC50 is
typically measured in the molar concentration. The murine tumor models are preferred for
the model parameter estimations, since they examine the drug effects over time and because
they are in vivo experiments.

4.3.1 Growth rates of the cell lines

The growth rate of the CRC cell lines without the influence of drugs has to be calculated. In
Equation (3.9) the growth rate of cell line ¢ in compartment k is represented by rf . Without
considering migration, mutation, and drug effects the dynamics can be reduced to azf = rf:];f ,
for which z¥(t) = et tx%(0) describes the solution. It is assumed that the growth rate of
each mutant is independent of the compartment, hence rf = r;. An exponential curve is
fitted through the line in the xenograft graph that represents the tumor growth without the
influence of drugs, typically referred to as vehicle or control, to obtain the growth rate of r;.
An example of how the growth rate is fitted is shown in Appendix A.1. The growth rates for

the six human CRC cell lines can be found in Table 4.2.

Table 4.2: The growth rate parameters for the six human CRC cell lines derived from existing
mouse tumor xenograft studies as listed. Where there are multiple references, an average is

taken.
CRC cell line Growth (rate/day) Ref.
HT29 0.0976 [52], [53], [54]
HCT116 0.133 [55]
SW620 0.0813 [56]
DLD1 0.269 [57]
HCT15 0.186 (58], [59]
SW48 0.193 58]

Table 4.2 shows that the fastest-growing cell line is DLD1, with a rate of 0.269, and the
slowest growing cell line is SW620, with a rate of 0.0813.
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4.3.2 Migration rates

There is a chance of migration for mutant ¢ from compartment k to ¢, described by the
migration probability fi. ;. It is assumed that the chance of migration is the same for all
mutant cell lines, hence ficr; = pier. Furthermore, it is assumed that the cells only migrate
away from the primary site and not back again. So there is a chance p,, of migrating from
the primary site to another site, and a chance 1 — p,, of staying in the primary site. The
probability of staying in the primary site is taken from the SEER dataset [51]. In this
dataset, the amount of examined lymph nodes that are found positive for CRC is, amongst
other things, described. Of the data 49% of all CRC cases are found to have no positive lymph
nodes, so 1 —p,, = 0.49 and p,, = 0.51. The parameter p.; is the probability per cell and per
time instance. On average, those tumors have a diameter of 40 mm, so approximately 5-10°
cells when estimated as a sphere. The time it takes for a tumor to grow to that size is taken
as 50 days, which is approximately in line with the growth parameters. The probability of
migration per cell per day is approximately 0.51/(5-10'%)/50 ~ 2 - 10713,

To conclude, for CRC where compartment c is the primary site and compartment k a lymph
node, then the migration rate per day per cell line is g, = 0 and pipe = 2 - 10713, The
migration rate between lymph nodes is also taken as 0, so for compartment k; a lymph node,
and compartment ko also a lymph node, then gk, = fkok, = 0.

4.3.3 Mutation rates

There is also a chance of mutation from mutant j to mutant ¢ in compartment k, which is
described by g¢;; . It is assumed that the mutation rate is independent of the compartment,
hence ¢;; 1 = gij. It is not well known what the actual chance of mutation into another cell
line is, so an estimate is made. For a cell line to mutate into another cell line, a series of
independent mutations need to happen. In [70], it is stated that a common estimate of order
for the possibility that a mutation will happen in stem cells is at least 1078. CRC cells have a
lower mutation rate than stem cells, so the lower bound of 1078 is taken. These CRC cell lines
have five different mutation statuses (BRAF, KRAS, TP53, PTEN, and PIK3CA), so if five
independent mutations need to happen, then (1078)% = 10740 is gij- The reader is referred to
[48], [71] for the specific mutation status of the CRC cell lines. Some cell lines may be more
likely to arise than others. Also, assuming equal mutation rates for all cell lines signifies that
all cell lines are just as likely to mutate into one another. So when the same amount of cells
are considered, the mutation rate has no influence. A variation in mutation rate is therefore
used per cell line. Since the mutation rates are not exactly known, the following assumption
is made: cell line j can mutate into i, but not the other way around, for j < i. With j < i is
meant the order in which they are listed in Table 4.2. For example, cell line HT29 can mutate
into cell line SW48 with a probability of ¢;; = 10~4°, but SW48 cannot mutate into HT29.

Hence the probability for a cell line j to mutate into cell line ¢ in any compartment is g;; =
10719 for j < i and g;; = 0 for j > i. And the probability of staying the same cell line is
¢jj =1 =3, Guw;- This can be summarized by:

10740, j<i
Gij =91—2wquj, Jj=1 (4.1)
0, j>
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4.3.4 Chemotherapeutic drug effects

The effect of the three anti-cancer drugs is calculated on the six CRC cell lines. In Equa-
tion (3.11) the effect of the drugs is described by — Y%, D,l(t), and each entry [Ds)i
represents the effect of drug s on cell line 7. It is assumed that the drug effects are the same
for each compartment; hence they only depend on the cell line and the drugs. Note that for
some compartments, like the brain, certain boundaries exist through which the drugs do not
penetrate well. So for those compartments, a conversion ratio should be used between the
drug effects in different compartments.

For the chemotherapeutic drugs capecitabine, irinotecan, and 5-FU, the effects on the six
CRC cell lines are calculated for the MTD schedule of each drug. An exponential curve is
fitted through the line in the xenograft that represents the MTD schedule of the drug. This
growth rate of cell line 7 with the influence of drug s is represented by 77. When 7} < 0, the
drugs have a reducing effect on the cells, and when 7/ = r;, the drugs do not affect the cells.
The drug effect parameters [Dg];; can then be calculated in the following way:

[Dslii =i — 75 (4.2)

()

First, the tumor growth rates with the influence of drugs, hence 7, are given in Table 4.3.
The only drug that has a reducing effect is irinotecan on cell line SW620. The other drugs
have either no effect (resistance) or an inhibitory effect on the growth of the tumor. For the
drugs that are assumed to be resistant, when no information was found, the tumor growth
rate with the influence of drugs is taken the same as the growth rate without the influence of
drugs in Table 4.2, i.e., 7} = r;.

Table 4.3: Tumor growth rates of six CRC cell lines with the influence of the chemotherapy
treatment capecitabine, irinotecan, or 5-FU, derived from existing mouse tumor xenograft
studies as listed, * adjusted for the MTD treatment plan based on reference, ¢ estimated based
on IC50, o no information found so resistance is assumed.

CRC cell line Capecitabine Ref. Irinotecan Ref. 5-Fluorouracil Ref.

(rate/day) (rate/day) (rate/day)
HT29 0.0106 [60] 0.0638 [54] 0.0705 [61]
HCT116 0.0764 [62]  0.0318*  [55] 0.0659 63]
SW620 0.0752 [64] -0.0283* [56] 0.0653 [65]
DLD1 0.269° 0.0156 [66] 0.0606 [65], [67]
HCT15 0.186° 0.129* [59] 0.0322* [68]
SW48 0.193° 0.0210°  [69] 0.193°

The actual drug effect parameters that are used in the model are given in Table 4.4. These
parameters represent the entries of the diagonal matrix Dy for each drug. These drug effects
correspond to the effect when the treatment is given on its own. An example of how the drug
effect parameters are obtained is in Appendix A.2.
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Table 4.4: Drug effect model parameters for the chemotherapeutic drugs capecitabine,
irinotecan and 5-FU. Calculated by subtracting the growth rate with the influence of drugs, in
Table 4.3, from the growth rate without the influence of drugs, in Table 4.2.

CRC cell line Capecitabine Irinotecan 5-Fluorouracil
(rate/day) (rate/day) (rate/day)

HT29 0.0870 0.0338 0.0271
HCT116 0.0566 0.101 0.0671
SW620 0.00610 0.110 0.00160
DLD1 0 0.253 0.208
HCT15 0 0.0570 0.154
SW48 0 0.172 0

A higher drug effect parameter in Table 4.4 corresponds to a more significant difference
between the tumor volume with and without the influence of drugs, hence the more significant
the effect of the drugs. Even though irinotecan is the only drug is that made one of the cell
lines decrease, namely SW620, the effect of the drug on that cell line is not the largest. Some
cell lines are assumed to be resistant to some drugs, which is represented by a 0 drug effect
parameter.

4.4 Chemotherapy side effects estimation

The parameters for the side effects caused by the chemotherapeutic drugs are also estimated.
The Erasmus MC dataset was used to do this. Even though this dataset is for irinotecan, it
will be used to describe the side effects of all three chemo drugs due to a lack of other data.

In the dataset, all patients are taken, not just the patients that have CRC as primary tumor
site. All patients are taken since the side effects of the drugs are considered, regardless of the
tumor site, and else data points would be insufficient. Hence it is assumed that the drug has
the same side effects on all patients independent of their primary tumor site. This assumption
is reasonable since chemotherapy is a systematic drug that works on all cells in the body and
not just on the cancerous cells. The data that are used are the number of cycles given and
the reason for dose adjustment. The number of patients that had a dose adjustment because
of severe side effects is counted. Examples of these side effects are fever, vomiting, diarrhea,
ascites (stomach fluid), dyspnea (shortness of breath), cholangitis (biliary tract infection),
and a general worsening of conditioning. Other factors could be necessary for the reaction
of a patient to a drug that is not taken into account. Such factors are the overall health
conditions of the patient, the reaction of the patient to other drugs, whether the patient
received another chemotherapeutic treatment before, or the patient’s age. The data points
that are obtained from the Erasmus MC dataset are given in Table 4.5. The number of cycles
is coupled per two cycles, to obtain slightly bigger and more reliable patient groups. So for
patients that either receive 1 or 2 cycles of irinotecan, the probability of dose adjustment,
hence severe side effects, is 13%. This is done for the other cycles as well.
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Table 4.5: Information obtained from the Erasmus MC dataset about the number of patients
that had their irinotecan treatment dose adjusted per total number of cycles. The percentage
per two treatment cycles is given.

Total cycles Total patients Patients with dose adjustment Percentage

1,2 23 3 13 %
3,4 6 1 17 %
5,6 9 2 22 %
7,8 2 1 50 %
9,10 2 0 0 %
11,12 1 1 100 %

The information from Table 4.5 is transformed into data points. The y-axis of the data points
come from the number of cycles, that is transformed into treatment time, by multiplying
it with 22 days. The data points that are used for the side effects are: (0,0), (33,0.13),
(77,0.17), (121,0.22), (165,0.50), (253,1). The point for 9 or 10 cycles is not taken into
account, since it seems unrealistic, and is probably caused by the few patients in that group.

The side effects caused by chemotherapy are represented with a converted NTCP model, for
which the formula is:

-1
D 4’)’50,chem
g(tchem) = (1 + (50,chem> > (43)

tchem

which is the same as Equation (3.20). The parameters Dsg chem and 50 chem should be esti-
mated such that the function fits the data points best. With the Matlab function 1sqcurvefit
the function g(tchem) is fitted to the data points with the parameters Dso cherm and vs0.chem
using the Trust-region-reflective algorithm to do a non-linear least square fitting. The result
of the algorithm gives the optimal parameter values Dy, .., = 158 and 75y e, = 1.20. The
curve with the used data points can be seen in Figure 4.1.

The curve cannot fit the data points exactly, due to the s-shape of the function. However,
the sum of the squared 2-norm of the residual is 0.0478, which is low enough for this rough
estimate. When a maximum probability of side effects has been chosen, the maximum allowed
treatment time can be read from this graph. This corresponds to:

D*
Tmax _ 50,chemo (44)

;/*\/ 1/gmax - 1

with 7* = 475 hemo- Since the side effects from each chemotherapeutic drug are assumed
to be equal, and the side effects are assumed to have an additive effect, T}, is the total
treatment time that is allowed for all drugs. So T},4. should be distributed over the optimal
drugs to use.
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The probability of severe chemotherapy-induced side effects depéendent on the treatment duration
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Figure 4.1: Fitting of g(¢chem) to the data points obtained from the Erasmus MC irinotecan
dataset, given in Table 4.5, based on patients that had a dose adjustment due to severe side
effects.

It is important to note that this is not a standard prediction of the probability of chemotherapy-
induced side effects; it is only a very rough estimate based on a novel approach to model side
effects. As this has not been done in the literature before, and it is not precisely known
what causes the different reactions to chemotherapy, this approach is adopted. Also, ideally,
different functions would be used for each of the drugs, but due to a lack of data, this function
will be implemented for all drugs.
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Chapter 5

Chemotherapy model simulations

To validate the model, its outcomes will be compared to real clinical data from the Erasmus
MC. The data shows patients that received an irinotecan treatment. In this section, the
model outcomes are compared with the clinical data in Section 5.1. Then, the initial tumors
of the clinical data are used as input for the model optimization in Section 5.2. Last, the
chapter is summarized in Section 5.3.

5.1 Model validation with clinical data

The model results will be compared to the Erasmus MC dataset. The dataset contains data
of patients that received an irinotecan treatment. The model will be used to model the effect
of this treatment. However, since only one treatment option is available, there is no need to
do the optimization. Thus, the dataset is used to validate the model formulation described
by Equation (3.11), which is simplified to:

z(t) = [A — Do) z(t) (5.1)
where Dj refers to the drug effect matrix from irinotecan. The drug concentration [I]y = 1
is used, since irinotecan is given during the whole treatment horizon. The side effects will
be ignored for the comparison, since the final model time is taken as the clinical treatment
duration.

It will be assumed that the doses given to the patients correspond to the MTD. Even though
the doses are sometimes lowered, this will not be taken into account. All these assumptions
can influence the outcomes. However, the most crucial goal is to show that, when the right
information is known, the model can simulate all types of responses, which is a wide variety,
as shown in Section 4.2.

We select the patients in the Erasmus MC dataset with a treatment time of at least two
cycles, since the tumor sizes are measured after every two cycles. This gives a total of 38
patients. All these patients will be used, not only the ones that have CRC as the primary site,
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to have a bigger comparison set. Even though the model is used with CRC cell lines, due to
the different responses the patients have, the other sites are comparable to them as well. The
essential characteristics of each patient will be described in Table 5.1. The primary tumor
site is given for each patient, where the underlined patients correspond to the ones that have
CRC as the primary tumor. The RECIST size at baseline, the total number of cycles, and
the reason why the treatment has stopped are also listed.

The tumor size of the patients is measured in RECIST, as explained in Section 4.2. Un-
fortunately, it is not known if there are metastases, how many, where they are, and what
their size is. Therefore some general assumptions are made so that the clinical data can be
compared to the model outcomes. It is assumed that for each patient, 80% of their RECIST
size corresponds to their primary tumor diameter. If the full RECIST size was used as the
primary tumor diameter, the model would predict a faster-growing tumor than the clinical
case. Since the model assumes an exponential growth, a bigger primary tumor corresponds
to a faster-growing tumor. However, in the clinical case, that volume is probably distributed
over different locations, and therefore grows slower. The fraction of the RECIST size is taken
as primary tumor diameter, to compensate for this effect roughly. The lesions will be left out,
so only the primary tumor site will be compared. The lesions are not considered since their
location and size are unknown, which can have large influences on the growth. Also, since
their separate growth is unknown, the additional value in comparison is little. The initial
condition of the model will be taken as the clinical situation. However, the initial condition
uses the number of tumor cells and not the diameter. So the diameter will be transformed
into the number of tumor cells in the following way. The tumor volume is approximated as
sphere [73], as well as the cell volume, for which the following formula is used [74]:

4 3
e
3 8
where @ corresponds to the diameter of the tumor or a cell, both in mm. Once the volume
is known, the number of tumor cells can be calculated. The diameter of one CRC tumor
cell is approximately 11 - 1072 mm [49]. The number of tumor cells per compartment can be
calculated by dividing the tumor volume with the CRC cell volume.

‘/sphere = (5'2)

The initial condition for the model will be taken as the total amount of tumor cells corre-
sponding to a tumor of 80% of the RECIST size. However, it is not known how these tumor
cells are distributed over the different cell lines. The difference in tumor composition is one of
the possible explanations for the different reactions of each patient to the same drug. Unfor-
tunately, this information is not given in the dataset. The following approach will, therefore,
be carried out. Optimization with respect to the tumor composition (given the total amount
of cells) is done to give the best fit to the clinical data. This will be done in three steps.
First, in Section 5.1.1, the clinical data is compared to the model data at every two cycles, to
see whether all possible final tumor sizes can be replicated. Then, in Section 5.1.2, the whole
treatment time is considered, to see if the model can replicate the tumor volume evolution
over time. Finally, in Section 5.1.3, the drug effects are varied slightly to see if a better fit
can be obtained.

The following rule of thumb can be used to check if realistic states are obtained. A rough
estimate for the number of tumor cells per em? of tissue volume is around 10% - 10°. The
number of tumor cells can be divided by the volume in ¢m3, to check whether this is the case
for the states.
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Table 5.1: The clinical patient set used for the validation and optimization of the model. The
underlined patients have CRC as primary tumor site. ACUP refers to adenocarcinoma of
unknown primary, PD stands for progressive disease, AE are adverse events and #N/B means
no data available.

Patient Primary tumor RECIST(0) Cycles Reason stop

1 esophagus 175 12 PD

2 CRC 29 10 #N/B

3 duodenum 75 8 Other

4 stomach 166 9 #N/B

5 CRC 129 6 PD

6 CRC 72 6 Other (maximum number of
cycles according to protocol)

7 CRC 93 6 PD

8 stomach 11 6 PD

9 CRC 46 6 PD

10 esophagus 71 6 PD

11 ACUP 147 5 Clinically determined (vomit-
ing, ascites, malaise, diarrhea)

12 cholangio 157 5 AE

13 CRC 49 5 #N/B

14 CRC 90 4 PD

15 esophagus 84 4 PD

16 appendix 62 4 PD

17 CRC 66 4 AE

18 CRC 194 4 #N/B

19 esophagus 103 4 PD

20 CRC 83 2 AE

21 ACUP 99 2 AE (patient’s refusal because
of AE’s during cycle 1+2)

22 CRC 70 2 PD

23 CRC 81 2 PD

24 esophagus 78 2 PD

25 stomach 87 2 PD

26 esophagus 53 2 PD

27 CRC 71 2 PD

28 papil Vater 117 2 PD

29 CRC 196 2 PD

30 ACUP 166 2 PD

31 esophagus 215 2 PD

32 esophagus 101 2 PD

33 CRC 153 3 Clinically determined (fever,
renal insufficiency, increasing
belly, swollen legs)

34 CRC 157 2 PD

35 pancreas 38 2 PD

36 esophagus 22 2 PD

37 CRC 92 2 Clinically determined (pro-

gression of primary tumor re-
quiring radiotherapy.)
38 CRC 94 2 PD
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5.1.1 Comparison at each clinically measured point

As mentioned in Section 4.2, the Erasmus MC dataset consists of RECIST tumor measures
per patient per two treatment cycles. Each cycle is, on average, 22 days long, and the total
amount of cycles is different per patient. The approach that will be carried out in this
subsection is to neglect the time horizon and look at each tumor measurement separately.
The tumor measurements are done per two treatment cycles, so at 44 days, 88 days, and so
on. The initial tumor composition will be optimized such that the difference between the true
clinical tumor and the modeled tumor is minimized at those time points separately, so at 44
days, 88 days, and so on.

To be more precise, at a certain time 7., which corresponds to the duration of an even number
of treatment cycles, the true clinical amount of tumor cells Ny;.,.. is calculated, which is defined
as:

V;frue (Tc)

Ntrue(Tc) = Vill (53)

éﬂ_gtrue(Tc)B
=435 (5.4)
3 .
%ﬂ' ggcll

T 3
_ Zerue(Te)” (5.5)
gcell
with @rue(Te) the fraction of the RECIST size at time T, and &.¢; the diameter of a CRC
cell. It should be noted that Ngye, Virwe and Zie are not the actual true values, but
approximations of the clinically measured data and are used as the true data to compare with

the model.

The model predicts the total amount of tumor cells at time T,, which is represented by
Nprea(Te) and calculated in the following way:

Nyrea(Te, z(0)) = 152(Te) (5.6)

= 1T exp [(A — Dy) T.] 2(0)

with Dj the drug effect matrix for irinotecan, and x(0) the initial condition. The optimization
problem is now formulated. Optimize with respect to the initial composition, for a set time
T., such that the difference between the true and predicted total amount of cells is minimized.
For a fixed T, the mathematical formulation is:

rﬁgl (Nprea(z(0)) — Ntme)2 (5.8)

st. [z(0)]; >0, Vie{l,..,n} (5.9)
Z[.T(O)]Z = Ntrue(o) (510)
i=1

with Ngue(0) the initial amount of tumor cells, Ny the clinical amount of tumor cells at
point T¢, and Nppeq(x(0)) the models prediction of the amount of tumor cells at point 7.
The squared difference is taken as the cost function in Equation (5.8). The first constraint,
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Equation (5.9), specifies that the amount of each cell line at the start cannot be negative.
The second constraint, Equation (5.10), specifies that the total amount of tumor cells at the
start is equal to the clinical problem, meaning that Npreq(0) = Nrue(0). The optimization
is solved with constrained optimization. Constrained optimization minimized an objective
function with respect to variables, which have restrictions on them. In this case they are hard
constraints, i.e., they have to be satisfied. To solve this optimization, the Matlab function
fmincon is used with a "for" loop over 40 different starting points to reduce the chance of
getting stuck in a local optimum.

This optimization problem is solved for all patients, and the difference in the amount of
tumor cells and in tumor diameter is calculated. For each patient the mean difference, u, the
standard deviation, o, and the maximum difference, max, are presented in Table 5.2. The
parameters are as specified in Section 4.3.

Table 5.2: The mean difference, standard deviation and maximum difference of the true and
predicted number of tumor cells and diameter with optimization formulation Equation (5.8) to
Equation (5.10) and parameters as in Section 4.3.

Difference in tumor cells Difference in diameter (mm)
Days N oN maxyN 1% ox MazT g
44  1.76 -10" 1.08-10° 6.67-108 0.0742 0.458 2.82
88 58.7 138 489 2.49-107% 5.40-107° 1.95-10°%
132 151 299 925 1.92:107% 2.64-107% 7.55.1078
176 459 531 1084 2.02:107% 9.36-107? 2.76-1078

The maximum difference in tumor cells in Table 5.2 is 6.67-10% cells, which corresponds to a
diameter of 2.82 mm. Consider this patient, hence the patient with the maximum difference
in tumor diameter. This patient had a smaller tumor size than the model could replicate on
the 44-day horizon. In the clinical case, the tumor size decreases from 22 mm to 8.8 mm.
However, the smallest the model could obtain is a diameter of 11.6 mm, which is 32% bigger
than the actual tumor. An explanation for this is that not all existing CRC cell lines are
included in the model. So the true tumor may consist of cell lines that are more sensitive to
irinotecan than the ones included in the model. The mean difference between the true and
predicted tumor diameter is 0.0742 mm for the first time interval. So even with this patient,
where the difference is 2.82 mm, the mean difference is little. These results get better when a
longer treatment horizon is considered, and the difference in diameter is practically negligible.
When a longer treatment horizon is considered, the model has more time to obtain the true
tumor size, and can, therefore, obtain a better prediction. Thus Table 5.2 shows that each
point of treatment can be replicated well when the entire time evolution is not considered.

The true tumor diameter and the predicted tumor diameter after 44 days and 88 days are
plotted against each other in Figure 5.1. The model predicts the clinical data very precisely
since the points are on or near the linear line. The plots of the other time intervals can be
found in Figure B.1.
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Figure 5.1: The true and predicted tumor diameter plotted against each other at 44 days (left)
and 88 days (right). Optimization is performed as in Equation (5.8) to Equation (5.10) and
parameters are taken as in Section 4.3.

5.1.2 Comparison over the whole treatment duration

Section 5.1.1 shows that given the same initial point, the model can predict the clinical data
well at each point separately. It will be explored if the tumor dynamics over the whole
treatment time can also be replicated. Optimization with respect to the initial composition is
again performed, but the cost function will be altered such that the whole treatment horizon
is considered. By taking the sum over the differences between the predicted and true tumor
size at each time point for each patient, the whole time evolution will be examined. The new
optimization formulation is:

Tm
Htg)l Z (Nprea(x(0), Te) — Nirue(Te))? (5.11)
v Te=T,
st. [x(0)]; >0, Vie{l,..n} (5.12)
zn:[$(0)]z = Ntrue(o) (513)
i=1

with T, the starting time and 7, the total amount of treatment cycles the patient re-
ceived. The functions Niyye(Te) and Npreq(x(0),Tr) are defined as in Equation (5.5) and
Equation (5.7) respectively. This problem is solved with constrained optimization with the
Matlab function fmincon, with a "for" loop over 40 different initial points to reduce the chance
of getting stuck in a local minimum.

This optimization is performed for all patients when considering all time points. Per patient
the difference between Np,eq(Te) and Nipye(Te) and between @ ppeq(Te) and @irue (1) is taken,
over all time points without T, = 0 since at that time they are always equal. The mean,
standard deviation, and maximum difference are calculated per patient. The complete out-
comes of the results can be found in Table B.1. The average mean difference between the true
and predicted amount of tumor cells over all patients is 1.36-10'! with an average standard
deviation of 5.62:10'°. The average mean difference between the true and predicted tumor
diameter over all patients and all time points (except the first) is 4.04 mm with an average
standard deviation of 1.99 mm. The average mean difference between the true and predicted
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tumor diameter over all CRC patients is 2.50 mm, so in general, the model can predict these
patients better. In Table B.1, the CRC patients are underlined, and the differences that are
higher than the mean of that column are printed in red. It can be seen that patients that
received more treatment cycles are more difficult to replicate, which is logical since more
points need to be considered. All patient-specific plots with the true tumor diameter and the
obtained prediction are presented in Appendix B.4.

Figure 5.2 shows the percentage difference of the tumor diameter for each time point (without
the first) for each patient. So at each time point, the difference is calculated between the true
and predicted tumor diameter, and this is divided by the true tumor diameter at that time
point. For each patient is the percentage difference given for each time point. The patients
differ in treatment length, so the number of points per patient are also different. The last
19 patients, for example, only have two data points, which corresponds to only one percent
difference in Figure 5.2 since the first point is not shown. The mean percentage difference is
also given for each patient. Patients with fewer treatment cycles are overall easier to predict,
except for patient 36, which has a significant percentage difference. The percentage difference
in 8 out of 38 patients is more significant than 10%; of these 8, only patient 13 is a CRC
patients. The average mean percentage difference is 5.17% over all patients, and 3.34% over
the CRC patients. The model can replicate the CRC patients, therefore, better in comparison
to the other patients in the data set.
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Figure 5.2: A plot of the percentage difference between the true and predicted tumor diameter
for each time point for each patient. Optimization is performed as in Equation (5.11) to
Equation (5.13) and parameters are taken as in Section 4.3.

Some patient-specific cases will be highlighted, as well. Figure 5.2 shows that the tumor
dynamics of 30 patients can be represented well with a mean percentage difference of less
than 10%. Examples of such patients are patient 6 and patient 10, for which the tumor
dynamics over time are visualized in Figure 5.3. The clinical treatment stops after 132 days,
but the model is simulated to show the effect of the treatment if it would continue. For
patient 6 not all clinical points are precisely represented. However, the difference is small,
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Figure 5.3: The true and predicted tumor diameter over time for patient 6 (left) and patient 10
(rigth), when the optimization is performed as in Equation (5.11) to Equation (5.13).

which results in a mean percentage difference of 3.69%. For patient 10, all clinical points
are almost exactly represented, which explains the zero percentage difference in Figure 5.2.
It can be seen that the tumor diameter first decreases slightly and then keeps increasing.
This is because the best fitting initial condition for patient 10 consists of mostly cell line 3
(SW620) but also of the other cell lines. Irinotecan has a decreasing effect on SW620, but
only restricting effects on the other cell lines. So even though SW620 is reduced, the other
cell lines keep growing, and hence the tumor diameter keeps growing.

Even though most patients have a mean percentage difference below 10%, some patients are
challenging to replicate, and have large percentage differences. The patient that has the most
significant percentage difference is patient 36 with 32.1%. After the first treatment cycle, the
tumor diameter of this patient was half of the initial diameter. The drug effect of irinotecan
on the cell lines that are incorporated in the model are not strong enough to obtain such an
effect, which caused a large percentage difference. Another shape that is difficult to replicate
is one of the patients that have a more or less constant tumor diameter, such as patients
1, 2,4, 8,9, and 12. The dynamics of patient 1 are shown in Figure 5.4. The model can
replicate the last two points, but all the points in between are poorly represented. This can
be the result of lacking cell lines, and hence missing drug effect parameters. This especially
is a plausible explanation for patients 1, 4, 8, and 12 since these patients do not have CRC
as primary tumor type, but the cell lines are for CRC. For patients 2 and 9, the primary
tumor type is CRC, but only 6 cell lines are implemented in the model while many more
exist. Flexible drug effects of the patients will also be considered in Section 5.1.3 to account
for the additional cell lines and the patient to patient variation, to see if the dynamics can
be better approximated.

Another dynamic in patients that are difficult to simulate is the patients that first have an
increase in tumor diameter and then a decrease, such as patient 13 in Figure 5.4. This shape of
tumor diameter is difficult to explain with different effects of cell lines and only one treatment.
It can be explained, however, with a delay before the treatment becomes efficient. This time
delay is not directly incorporated in the model; however, it is implicitly incorporated in the
parameters. The drug effect parameters represent the effect of the treatment after a certain
duration, without considering how it responds in the time in between. For these patients, it
would be interesting to see if the model can replicate the dynamics when more clinical samples
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are available. Since it is not known for patient 13 how the patient reacts, it is difficult to
see if the model can replicate the rest of the treatment time and only miss the first point,
explained by the drug time delay.
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Figure 5.4: The true and predicted tumor diameter over time for patient 1 (left) and 13
(right), when the optimization is performed as in Equation (5.11) to Equation (5.13).

To conclude, the model can represent the tumor dynamics of most patients sufficiently well,
even with the variation in responses to the irinotecan treatment. This shows that assuming
the right information is known, the model can predict the tumor dynamics over time with a
mean percentage difference over all patients of 5.17%. Some of the more difficult patients to
replicate are the patients with a tumor size that is increasing at first and then decreasing (for
example, patients 11, 12, and 13). The clinical explanation for this effect could be a delay
in the effect of treatment, which is not incorporated in the model. Other shapes that are
difficult to replicate are tumor diameters that stay relatively constant in time, such as patient
1. This can be caused by cell lines that are not considered in the model and that simulate
such a response.

5.1.3 Comparison over the whole treatment duration with variable drug effects

As explained in Section 5.1.2, since only 6 cell lines are incorporated in the model, while
many more exist, the drug effects are varied to obtain realistic new drug effects. This could
also account for the missing cell lines for other cancer types, that are not CRC since other
patients are also considered. The optimization problem will become slightly different. The
original matrix Dy consisted of fixed values representing the effect of irinotecan on each cell
line. They will be varied to see if better predictions can be obtained. The existing cell lines
are taken and varied to obtain new made up cell lines that are close to the known ones, which
also accounts for the patient to patient variability since the drug effect is different on each
patient. The matrix Dy will be changed to D in the following way:

Dsy(w) = w? Dy (5.14)
(5.15)

with each entry of the vector w bound between wpiy, and Wy, hence wpyin < (W] < Wmas
foralli € {1,...,n}. Now each entry of Dy can be scaled up or down with a margin, depending



44 Chemotherapy model simulations

on Wynin and Wyq:. The estimated amount of tumor cells becomes:
Nprea(Te, Da(w)) = 15 exp | (A = Dy(w)) T.| 2(0) (5.16)

The optimization will be performed with respect to w with the same cost function. It is
possible to also optimize over x(0), however, to compare the results fairly z(0)* is taken that
is the outcome of the optimization problem in Equation (5.11), hence the initial condition
that fitted the predicted data best to the clinical data with the original fixed drug effects.
The mathematical formulation for each patient is:

Tm B 9
H}})n Z (Npred(TCa DQ(w)) - Ntrue(Tc)> (517)
T.=T,
sit. Wmin < (W] < Wpae, Vi€ {1,...,n} (5.18)

with Wi, and Wpe, the minimum and maximum value of each [w]; respectively, for all
i € {1,...,n}. The optimization problem defined by Equation (5.17) and Equation (5.18) is
solved with the Matlab function fmincon, with multiple initial values for w to reduce the
chance of obtaining a local minimum.

The optimization problem in Equation (5.17) will be solved with the constraint in Equa-
tion (5.18) with wy, = 0.80 and wye, = 1.20, so with a 20% margin around the fixed
original drug effect. The optimization problem will also be performed without a constraint to
see what the best possible prediction is, even though the drug effects might not be realistic.
The only bound that is set is wy, = 0 since negative drug effects correspond to a deteriorated
effect of the drug on the tumor. The results for the mean difference over all time points can
be seen in Table B.2. The underlined patients are for CRC, and the red numbers are higher
than the average of that column. The average difference in tumor diameter over all patients
is 4.04 mm with the original drug effects. With the constrained optimization problem, this
can be reduced to 1.41 mm, and with the unconstrained problem, this can be further reduced
to 0.89 mm. By varying the drug effects with a margin of 20%, the diameter prediction error
can be significantly improved. When the problem has no constraints, the prediction error can
be improved further.

A plot of the percentage difference is made for the constrained problem with a 20% mar-
gin, which is shown in Figure 5.5. When comparing this plot to Figure 5.2, the results
have improved significantly. The mean percentage difference of the patients is all below or
near 10%, where most are below 5%. The patient specific tumor dynamics are presented in
Appendix B.4, where the prediction with and without flexible drug effects is compared.

When comparing the mean difference in tumor diameter between the constrained problem
and the unconstrained problem in Table B.2, some patient dynamics cannot be replicated
precisely. The dynamics that the model is unable to replicate are those that show a delayed
response to the drug, which applies to patients 11, 12, 13, and 14. Other dynamics that the
model is unable to replicate are those that show a more or less constant response to the drug
(during the whole treatment period or a part), which applies to patients 1, 4, and 6.

To conclude, the results could be improved significantly with flexible, realistic drug effects
(with the 20% margin), compared to the results with the original drug effects. The mean
difference in tumor diameter over all patients over all time points could be reduced from 4.04
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3 Percentage difference of the tumor diameter per patient at each time point with varying drug effects

T T T T T T T T T T T T T T T T T T T T T T T T T T T T— I T T T T T 17
© Percentage difference per time point

""""" Mean percentage difference

I3
©
T

o
=3
T
|

o
3
T
|

o
o
T
L

=3
o}
T
1

Percentage difference in tumor diameter
o o
w S
T
I

I
N}
T
|

g2

T
.‘p
"o

o
,:b‘«\ 8. 7

o P,
’ 4 Y 4 0
R A T
o B g0 'g). I B TN e e el K el S e e e, e L
56 7 8 910 1 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38
Patient

-8,

°
o
w 06 o

Figure 5.5: A plot of the percentage difference between the true and predicted tumor diameter
per patient. Optimization is performed as in Equation (5.17) with Equation (5.18) with a 20%
margin and parameters are taken as in Section 4.3.

mm to 1.41 mm. This corresponds to a reduction of the mean percentage difference from
5.17% to 1.59%. From these results, it can be concluded that, when the right information
is known, the model can replicate most clinical data well with an average difference over
all patients and all time points of 1.41 mm. The dynamics that the model is incapable of
replicating, even with varying drug effects, are tumors that first increase and then decrease
due to the therapy. These effects can be explained by a delayed drug effect, which is not
incorporated in the model. The model is also unable to replicate an almost constant tumor
size for a period of time, such as for patient 1. The prediction got significantly better when
the drug effects were flexible, however, there is still room for further improvement.

5.2 Model optimization on clinical data

The goal of the previous section was to replicate the clinical data as precisely as possible. In
this section, the goal is to show how the current clinical treatments can be improved when the
model optimization is performed. It is important to ensure the best possible treatment for each
patient to optimize the output response. However, in clinical application, no optimizations
are done, and treatment decisions rely on clinical experience. In this section, it is shown
what improvements can be achieved thanks to optimization, assuming the right information
is known.

The optimization problem defined by Equation (3.17) up to Equation (3.19) is used to calcu-
late the optimal drugs and their duration for each patient. This will be done with the optimal
initial condition, x(0)*, as results from Equation (5.11), hence the initial condition that fits
the clinical data at best. The optimization is performed on each patient, and the results are
compared with the clinical data. In Table 5.3, the true and optimal final amount of tumor
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cells and tumor diameter are shown. Only patients are shown where significant improvement
can be made, which is for patients 22 and 25. Patient 6 is also shown to substantiate the
decision of the model. The final tumor diameter could not be decreased in most patients
since irinotecan is already the best drug for almost all included cell lines. When looking at
Table 4.3, it can be seen that only for cell line HT29 and HCT15, better drug response can
be obtained with capecitabine and 5-FU respectively. It should be noted that when other,
stronger drugs are used in the optimization problem, the improvements with respect to clinical
treatments could have a bigger impact.

Table 5.3: The true and optimized final amount of tumor cells and final tumor diameter. Only
patients are shown that have improved. Optimization is performed with Equation (3.17) up to
Equation (3.19), with parameters as in Section 4.3. The underlined patients have CRC as
primary tumor.

Difference in number of cells Difference in diameter(mm)
Patient Nirue Nopt Nirye — Nopt Dtrue ZLopt Ztrue-Z opt
6 7.80-101Y  8.23.1019 -4.28-10" 47 479 -0.845
22 3.43-10"  2.99.10" 4.37-10%0 7 73.6 3.42
25 1.50-1012  1.03-10%2 4.73-101 126 111 14.9

For patient 6 the final tumor diameter could not be reduced. The optimal drug duration for
this patient is to give irinotecan for the whole treatment duration. The tumor diameter and
the cell line dynamics are shown in Figure 5.6. The initial composition consists mostly of cell
line 3, on which irinotecan has a reducing effect. Cell line 4 still increases over time since
irinotecan inhibits the growth but is not strong enough to decrease these cells. However, no
other drug, of the considered drugs, is more effective against this cell line, and the optimal
treatment plan is, therefore, to administer irinotecan during the whole treatment horizon.
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Figure 5.6: The true, predicted and optimized tumor diameter (left), and the optimized states
(right) for patient 6. Optimization is performed as in Equation (3.17) up to Equation (3.19) and
parameters are taken as in Section 4.3.

The final tumor diameter of patient 25 can be reduced by 14.9 mm, by merely switching from
drug 2 to drug 3. The treatment schedule for this patient is to administer drug 2 first, followed
by drug 3, which is obtained by Algorithm 1. The predicted and optimized tumor diameter of
patient 25 and their cell line dynamics are given in Figure 5.7. Irinotecan has a reducing effect
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on cell line 3; however cell line 5 increases rapidly. The entire tumor, therefore, also increases.
During the last treatment days, there is a switch to 5-FU, which inhibits the growth of cell
line 5 more. The additional reduction in tumor diameter caused by the switching of the drug
is almost 15 mm. A similar situation applies to patient 22, where cell line 5 also becomes
more substantial during the treatment, and a switch to 5-FU can reduce the tumor diameter.
The tumor diameter and cell line dynamics over time for patient 22 are given in Figure B.21.
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Figure 5.7: The true, predicted and optimized tumor diameter (left), and the optimized states
(right) for patient 25. Optimization is performed as in Equation (3.17) up to Equation (3.19)
and parameters are taken as in Section 4.3.

5.3 Summary

This chapter used the clinical patient data from the Erasmus MC dataset to validate the
model outcomes. This dataset contains information about patients that received an irinote-
can treatment. First, the predicted tumor diameters were compared to the clinical tumor
diameters at each measured clinical data point without considering the whole treatment du-
ration. The prediction on the 44-day horizon had a mean difference of 0.0742 mm between
the predicted and true tumor diameter. When a more extended treatment horizon was con-
sidered, got these predictions significantly more accurate, with a mean difference in diameter
of 2.49 - 10~ mm for the 88-day horizon.

Next, a comparison over the whole treatment duration was considered, to see if the model can
replicate the whole time evolution of the patient tumor dynamics. The mean difference in the
predicted and true tumor diameter over all data points and all patients is 4.04 mm, which
corresponds to a mean percentage difference in tumor diameter of 5.17%. Tumor dynamics
that are difficult to replicate showed a delayed response to the treatment, which effect is
not incorporated in the model. Other dynamics that are difficult to replicate have a fast
decreasing tumor size or a more or less constant tumor diameter for some time. The lack of
prediction of these dynamics can be explained by the fact that only 6 CRC cell lines were
incorporated in the model, and many more exist. To account for these missing cell lines,
and for the patient to patient variation in drug sensitivity, were the original drug effects also
taken as a variable. With a 20% margin around the original drug effects, the mean difference
in tumor diameter could be reduced to 1.41 mm, which corresponds to a mean percentage
difference in tumor diameter of 1.59%.
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Optimal drug durations for capecitabine, irinotecan, and 5-FU were also obtained for the
initial tumor compositions of the patients in the Erasmus MC dataset with the model opti-
mization. The final tumor sizes that are obtained with the clinical treatment plan of irinotecan
were compared to the final tumor sizes that are obtained with the optimal drug scheduling.
The final tumor sizes could not be improved for most patients since irinotecan already has
the strongest effect on most of the cell lines that are considered. For patient 25, however,
could a reduction of 14.9 mm be obtained, by switching from irinotecan to 5-FU.



Chapter 6

Theoretical background for the
chemo-radiation model

In clinical applications, chemotherapy and radiotherapy are often combined as treatment
modalities. However, they are never optimized together, and dosing and scheduling are mainly
based on clinical experiences. In previous literature, some attempts have been made to com-
bine the two modalities, for example, by minimizing the combined BED (biologically effective
dose) [9]. However, calculating the combined effect on the tumor cell lines in each compart-
ment and using control theoretical methods to optimize the treatments is an entirely new
approach. In this section, the theoretical background of this approach is discussed. First,
the general combined chemo-radiation optimization is described in Section 6.1. Then it is
explained how the optimal total doses for radiotherapy and optimal treatment times can be
obtained in Section 6.2. Last, it is explained how the modalities can be scheduled together
in Section 6.3.

6.1 Adding radiotherapy to the model

It is desired to add radiotherapy to the model as well so that the optimal combined treatment
plan is calculated. Chemotherapy and radiotherapy are different treatment modalities since
chemotherapy is a systematic drug, and radiation therapy is a local externally administered
treatment (only EBRT (external beam radiation therapy) is considered). It is desired that the
two modalities are combined so that the convexity properties still hold. For radiotherapy, it
is assumed that, once the optimal total dose and fractionated doses are obtained, the optimal
spatial delivery can be calculated as well.

Radiotherapy and chemotherapy work in different ways and need to be optimized in different
ways. Chemotherapy has different effects on the cell lines per drug, and there is a freedom
in scheduling the drugs to obtain the best treatment response. The chemotherapy treatment
dose is, however, taken as fixed, namely as the MTD (maximum tolerated dose) of each drug.
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Radiotherapy only has one possible treatment approach ("equivalent drug"), but the change
cannot be so sharp as it is when the chemotherapeutic drug is changed. However, even when
more radiation is administered, the effect will be enhanced, but it cannot change in such a
way as by changing the chemo drug. We wish to calculate the optimal number of days each
chemotherapeutic drug is used and the optimal fractionation scheme per compartment for
radiotherapy so that the treatments take each other’s response into account. Furthermore,
the side effects caused by both separate treatments need to stay below a maximum probability
value.

First, it is assumed that each compartment has the same parameters, and therefore the same
optimal fractionation scheme. This is referred to as the simplified radiation fractionation
scheme. Then the model will be extended so that the compartments can have different
parameters, and therefore an optimal radiation fractionation scheme for each compartment.
This is referred to as the advanced radiation fractionation scheme.

6.1.1 Simplified radiation fractionation scheme

The model describing the dynamics of the tumor and the drug effects used for chemotherapy
was described by Equation (3.10) as:

i(t) = [A— (D] (t) (6.1)

with A € R™™ describing the tumor dynamics without the influence of drugs, and (1) € R™"
describing the drug effects. Now it is desired that v also describes the effects of radiation,
and if possible in such a way that the convexity properties are preserved.

For chemotherapy [ € Ri was defined as the vector of drug durations for d choices of
chemotherapeutic drugs. Radiation therapy can be added as another "drug" option, where
each entry of the vector belongs to a different fractionated dose (with 0 Gy also included as
an option). So let there be r choices of the fractionated dose for radiotherapy, then define
the vector of radiation treatment durations as v € R’,. Also let p € R, be the vector with
the fractionated doses, with [p]; = 0. The w’th entry of u, [u],, corresponds to the amount
of time that dose [p],, should be used. Hence:

["Treatment duration of drug 1”
"Treatment duration of drug 2”

el
I
—~
o
(\)
~

| "Treatment duration of drug d”

["Treatment duration of fractionated dose 17 "Dose 1”

"Treatment duration of fractionated dose 2” "Dose 2”

u= _ and p= (6.3)

"Treatment duration of fractionated dose r” "Dose r”
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with the treatment duration given as the fraction of the total treatment time. It is important
that "dose 1" corresponds to 0 Gy. The function (I, u) is defined as follows:

d T

Y(lu) =D Dyll]s + > Rufulw (6.4)

s=1 w=1

with positive diagonal matrices D; € R™" and R,, € R™" expressing the effect of drug s and
fractionated dose [p], respectively. The system becomes:

d r
i(t) = |A— Z Dsms - Z Ry[u]w | (1) (6.5)
s=1 w=1

This system is a convex-monotone system, since matrix A is still a Metzler matrix, and
matrices Dy and R, are positive diagonal matrices [16], [22].

The side effects of chemotherapy had already been added as linear constraint, ensuring that
the probability of having severe chemotherapy-induced side effects stays below a maximum
value. The side effects of radiotherapy should also be added, and should also remain below a
maximum probability. Having a low side effect probability is very important since radiation
therapy can cause severe and long term complications. The side effects of chemotherapy and
radiotherapy are entirely different in nature, so it does not make sense to combine them,
and they are therefore added as separate constraints. The radiation therapy side effects will
also be included by the NTCP (normal tissue complication probability) model, described by
Equation (2.9), which was:

—1
B Dsx 450
NTCPiogis = (1 +( a5 ) ) (6.6)
n sd
Z le Sdf 1 + aif
EQDXoap = =2 n ( < [/mN) (6.7)
+ [a/B]N

So the NTCP depends on the site-depending parameters, Dso, 750, [a/5]n, on the organ
sparing factor s, and on the fractionated dose dy and the amount of fractions ny. For now it
is assumed that the site-dependent parameters are the same for all the radiated sites, meaning
that the same fractionation scheme will be optimal for each site. In Section 6.1.2 it will be
explained how this can be changed.

For fixed parameters Dsg, Y50, [@/B]N, s, and a fixed total dose Py = Z;le dy, define the
function of radiation-induced side effects as:

D 4ys0\ ~1
i) = (H (EQDXZZR(df)> ) (68)

with EQDXopar defined as in Equation (6.7). These side effects need to stay below a max-
imum probability Amqz, hence h(df) < hpmar. This constraint can be recast into a linear
constraint, with a similar approach as for the chemotherapy-induced side effects. Let dyqz
be the fractionated dose that gives side effects hpq, for a certain total dose Pj, hence
h(dmaz) = Pmaz. Now define the last entry of p as dya., hence [p], = dias, which means
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that [u], is fraction of the total time that dose d;q, should be used. So instead of adding a
constraint that assures a low enough NTCP value, now the available choices for the fraction-
ated dose all satisfy the NTCP constraint for a certain Piy;. The constraint that should be
satisfied now is a linear constraint, namely:

i TF[U]w[p]w S Ptot (69)
w=1

In Equation (6.9) the number of days for which each fractionated dose should be used is
described by Tr[u], and is multiplied by the corresponding doses [p],, for each w. Taking
the sum over these values gives the total dose that is used, which should stay below the fixed
total dose Pi.

The complete optimization formulation, for a combined chemo-radiation treatment with fixed
total dose P, fixed total treatment horizon Tr, and identical fractionation scheme for each
compartment, becomes:

d r
min 17 exp KA —> " Dy[l]s = Y Ry [u}w> TF] z(0) (6.10)

Lu w=1

X

s.t.

o~

Js >0, Vse{l,..d} (6.11)
w>0, Ywe{l, .. r} (6.12)

i[ﬂs <1 (6.13)

u

> [ulw =1 (6.14)
i TF[Z]S S Tmaa: (615)
Z TF[u]w[p]w < Pt (616)

The cost function in Equation (6.10) minimizes the final amount of tumor cells, 1% 2(Tx), over
the finite total treatment horizon Tr. The first constraint, Equation (6.11), assures that the
chemotherapeutic drugs are used for a non-negative amount of days, and Equation (6.12) spec-
ifies that the radiation doses are used for a non-negative amount of days. The third constraint,
Equation (6.13), makes sure that the total chemotherapy treatment days do not exceed the
final treatment time T, and the fourth constraint, Equation (6.14), ensures the same for the
total amount of radiotherapy treatment days. In this formulation, a day when 0 Gy is given
is also described as treatment day, an equality is therefore used in Equation (6.14). Con-
straint Equation (6.15) makes sure that the chemotherapy treatment days stay below T4z,
to limit the chemotherapy-induced side effects. T},q, refers to the maximum treatment days
of chemotherapy that are allowed regarding the chemotherapy-induced side effects, whereas
Ty refers to the fixed total treatment horizon. The last constraint, Equation (6.16), describes
that the total dose, that is given in smaller fractionated doses, cannot exceed the fixed total
dose P,,t. The doses corresponding to each entry of [u),, for w € {1,...,7}, are described by
[p]w, and all available doses are sufficient in terms of NCTP. This constraint will be pushed to
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Py, since the higher the total dose, the more effective the radiation will be. The optimization
problem can be solved with convex optimization, since the objective function is convex and
the constraints are linear and hence convex.

Even though this optimization problem has two variables, they can easily be combined into
o]
then the optimization can be performed over one variable. The solution of this optimization
problem is denoted as z*, of which the first d entries correspond to the optimal treatment
durations that each drug should be used, *, and the last 7 entries to the optimal treatment
durations that each fractionated dose should be used, u*. The optimal treatment durations
are given as fractions of the fixed total treatment duration, Tr. For radiotherapy, an equal
radiation fractionation scheme is obtained for all compartments. The optimal total amount
of tumor cells at the end of the treatment horizon is denoted as x(TF)*.

one variable. Define the vector of drug durations and radiation durations as z = U

6.1.2 Advanced radiation fractionation scheme

In Section 6.1.1, the same fractionation scheme for each compartment was obtained by taking
the same tissue-dependent parameters, and the same total dose. In reality, these param-
eters most likely vary for each compartment. For example, if compartment 1 is the lung
and compartment 2 the brain, the side effects caused by radiation in each compartment are
entirely different. Therefore an optimal fractionation scheme needs to be obtained for each
compartment to assure the best possible treatments.

In principle the same optimization will be performed as in Section 6.1.1, however, the vector
v will now be determined for each compartment. Define u* € R’f as the vector of radiation
treatment durations for compartment k. Each entry [u*], corresponds to the fractionated
dose [p"]y, with p¥ € Rf. The function 9(l,u) is extended to (I, u',u?,...,uP), which is
defined as follows:

d rl r2 rP
Ol ut u?, . uP) = ZDS[ZL + Z R [u'],, + Z R2 (U] + ... + Z RP[uP]y,  (6.17)
s=1 w=1 w=1 w=1

where the positive diagonal matrices Dy € R™™ and RF € R™" represent the effect of drug
s and fractionated dose [p]* | respectively. Matrices R* specify the effect of radiation on each
cell line in compartment k. These matrices have still size nxn, but only have non-zero entries
for compartment k. For example, in the presence of 2 compartments and 3 cell lines, we can

define the matrices Rl and R2, as:

@y 0 0]0 0 0 00 0/ 0 0 07
0 b, 010 0 0 000/0 0 0
0 0 ¢,|0 0 0 000l0 0 0
1 w 2
e p— .1
Fo=190"0 o0l0oo00o ™ =100 0la 0 0 (6.18)
0 0 0/0 0 0 00 0l0 by 0
o 0 o000 0 o 0000 0 e

where ay,, by, ¢,y represent the effect of radiation dose [p],, in the cell lines a,b,c. When one
compartment is considered, the formulation is equal to the formulation in Section 6.1.1.
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The radiation-induced side effects can now be defined for each compartment. The probability
of having severe side effects caused by radiation will be defined for compartment k as:

1

h(ds) = |1 6.19
0= 1+ (Gam i) 619
kd
BODX! Z?=1 shd; (1 + [:/ﬂ]fﬁv) (6.20)

OAR — 1+ [a/);]lfv .

where D’go, ’yéfo, [/ ,Bﬁv and s* depend on compartment k. In each compartment the proba-

bility should stay below a corresponding maximum, hence h*(ds) < hE ... Define d%, . as the
maximum fractionated dose that is allowed (h¥(d¥, ) = hF .. for a certain total dose PF,).

Define the last entry of p* as d¥,,., hence [p¥],x = d¥ .. This means that each u* can have

a different size, and different maximum fractionated dose. The linear constraint that should
be satisfied now is:

Tk
> TruFlwlplw < Pl Vke{l,..,p} (6.21)
w=1

The overall total optimization problem, for a combined chemo-radiation treatment with fixed
final treatment horizon Tr, and fixed total dose Pf, for compartment k, becomes:

d p rk
“min 1T exp (A - ZDS[[]S -y > leu[uk]w> Tr| x(0) (6.22)
Ludse..uP s=1 k=1w=1
st. []s>0, Vse{l,..,d} (6.23)
[y >0, Ywe{1,..,r*},Vk e {1,...,p} (6.24)
d
dllls<1 (6.25)
s=1
rk
S [WMw =1, Vke{l,..p} (6.26)
w=1
d ~
ZTFU]S S Tmax (627)
s=1
rk
> TrluFlulplw < PEy, Ve {1,..,p} (6.28)
w=1

The constraints are the same as Equation (6.11) up to Equation (6.16), but now extended per
compartment. This optimization problem is still a convex optimization problem. The multiple

N T
variables can be combined by the same trick as used before. Define Z = [lT ul’ o upT} ,
then the solution of the optimization problem can be denoted as Z*, which is again the stacked

vector of the separate optimal treatments l~*, u'” up to uP”". The optimal total amount of tumor
cells at the end of the treatment horizon is x(7F)*.
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6.2 Optimizing over the treatment duration and total radiation
dose

Up to now, the final treatment horizon and total radiation dose in this chapter were fixed.
These values influence the final tumor size and optimal treatment plan, and optimizing over
them can result in better outcomes.

Consider a free-horizon problem. It is expected that an optimal treatment duration of 7'
exists. A longer treatment duration is not necessarily better since prolonging the treatment
duration also means that the body is harmed more, causing more severe side effects. In the
chemo-alone treatments, the optimal treatment duration 7% is equal to the maximum treat-
ment duration allowed by the side effects, Tinq2. In the combined chemo-radiation treatments,
the optimal treatment duration is less clear, and there will, therefore, be determined what
the best value is.

The total radiation dose P, influences the fractionated dose that can be used when taking the
side effects into account. Changing the total radiation dose can result in a different optimal
fractionation scheme. An optimization will, therefore, be computed with respect to the total
radiation dose to obtain the best combination of total dose and fractionated dose.

So an optimization with respect to the final treatment duration and the total radiation dose
is computed. To find T} and PF,, the cost function Equation (6.22) can be changed into:

min min _min 1T exp l(A - iDsms — i 27”: Rfj}[uk]w> TF] z(0) (6.29)

k
T Pioy Lut,..up k=1w=1

with the same constraints in Equation (6.23) up to Equation (6.28). This optimization can
be solved by taking T; values between 0 < T < T, with T, the upper limit of the treatment
time, and Pik values between 0 < PE, < Pf for each k =1, ..., p, with Pf the upper limit of
total dose for compartment k. Then the inner convex optimization, i.e. the minimization over
[,ul,...,uP, can be solved T;P; times and the smallest can be chosen. Note that this way of
solving does not give the actual T and PF,, but when enough samples T; and P} are taken,

ot
the outcome will be close enough.

6.3 Scheduling drug administration and radiation

After the combined treatment plans are determined with the optimization, the optimal radi-
ation fractionation scheme and optimal duration of each drug intake is determined. However,
the next step is to determine the best way to schedule drug administration and radiation.
This problem is considered as two separate problems, for each treatment alone, since they are
also applied as different treatments. It is essential to model the modalities together so that
the treatments will consider the effect of each other.

When considering the treatment schedule, the tumor should be reduced as much as possible
as soon as possible, in line with the first statement of the Goldie-Coldman hypothesis. The
treatments are, therefore, started at the same time. The duration of each treatment can be
different, so one modality may continue while the other has finished already. It is also possible
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that the optimal radiation fractionation scheme is different per compartment, and therefore
also has different durations. The scheduling of the chemotherapeutic drugs has already been
handled in Section 3.4 and the same algorithm will be used for the combined treatment. For
radiotherapy, there is less freedom in the scheduling problem, whose solution is, therefore,
more straightforward. As a result of the optimization problem in Equation (6.29), the optimal
radiation fractionation scheme is determined, and the optimal fractionated doses need to be
scheduled. This problem is different from chemotherapy, in the sense that there is only one
"drug". This "drug" can have different doses that should be used in the case when the optimal
fractionation scheme is to use different fractionated doses. It is desired to shrink the tumor
as soon as possible, and therefore, when different fractionated doses should be administered,
the highest doses are given first.

The optimal treatment plan is to radiate the patient each day. However, out of practical and
clinical considerations, the patient usually is only radiated on weekdays. Some rest days also
allow the patient to recover from the radiation and the healthy cells to get healed. So for the
scheduling of radiation, there will be two algorithms. The first, described by Algorithm 2,
calculates the effect of radiation when it is given each day until the maximum dose is reached.
The second, represented by Algorithm 3, calculates the impact of radiation when it is ad-
ministered each weekday until the maximum dose is reached. In this case, the tumor grows
on the weekends, so these effects are incorporated. The loss in the treatment effect can be
measured by calculating the difference in the final number of tumor cells as a consequence of
the two algorithms: Ay = Neypopt(TF) — Nopt(Tr). The loss in final tumor diameter can also
be measured: Ay = & upopt — Zobi-
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Algorithm 2: Optimal scheduling of radiotherapy on all treatment days

input : Matrices A and RY, for w = 1,...,7% and k = 1, ..., p, optimal final time Ty,
initial condition x(0), optimal radiation fractionation schemes uk" | for
k=1,...,p, and the corresponding doses [p],, for for w =1, ...,7F.
output: A treatment plan and its outcome when radiation is scheduled on each day
until the maximum dose is achieved, for each compartment.
Define the radiation days per fractionated dose for compartment k as mdfl, with
radt = round(u* T}.), and set ¢* = r*.
Define the length of z(0) as n.
fort=1:T; do
Set M = A.
for k=1:pdo
if rad’(¢*) > 0 then
Subtract a day of the days left for that fractionated dose:
radk(¢*) = radk(¢k) —1
Subtract the effect of radiation in compartment k:
M =M — R,
end
Check if there are still radiation days left for that fractionated dose in each
compartment:
if rad%(¢*) < 0 then
‘ Ck — Ck -1

end

end

Calculate the states on day t:

x(t) = exp[M|x(t — 1)

Calculate the total amount of tumor cells on day t:
N(t) =17 2(t)

end
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Algorithm 3: Sub-optimal scheduling of radiotherapy on the weekdays

input : Matrices A and Rﬁ), forw=1,...,r* and k =1, ..., p, final time T}, initial
condition x(0), optimal radiation fractionation schemes uF for k=1,...,p, and
the corresponding doses [p]y, for for w =1, ...,7".
output: A treatment plan and its outcome when radiation is scheduled on the weekdays
until the maximum dose is achieved, for each compartment.
Define the radiation days per fractionated dose for compartment k as mdfl, with
radt = round(7(round(u* T})/5)), and the set k¥ = r*.
Define the length of z(0) as n.
fort=1:T; do
Set M = A.
if t mod 7=0 ort mod 7= 6 then
If the day is a weekend day, do not radiate:
M=M
else
If the day is a weekday, do radiate:
for k=1:pdo
if radk(x*) > 0 then
Subtract one day of the days left for that fractionated dose:
radi(k¥) = radk(x*) — 1
Subtract the effect of radiation in compartment k:
M=M— R’Zk
end
Check if there are still radiation days left for that fractionated dose:
if rad®(k*) < 0 then
‘ Kk =rk -1
end

end

end

Calculate the states on day t:

x(t) = exp[M]x(t — 1)

Calculate the total amount of tumor cells on day t:
N(t) = 13x(t)

end




Chapter 7

Chemo-radiation model simulations

Some simulations of the combined chemo-radiation model are shown in this chapter, for CRC
(colorectal cancer). Unfortunately, no clinical data to compare the outcomes is available, so
these model outcomes cannot be validated. The model parameter estimation for radiotherapy
is in Section 7.1, and the initial conditions used for the simulations are given in Section 7.2.
Section 7.3 shows model simulations of the combined chemo-radiation treatments for the given
initial conditions, and Section 7.4 shows outcomes for the combined treatment scheduling.
Last, the chapter is summarized in Section 7.5.

7.1 Model parameter estimations for radiotherapy

7.1.1 Radiation effects

The model parameters describing the effect of radiation are different from those describing
the chemo drug effects. The advantage of radiotherapy is that many models already exist,
which also can be used for the model parameter estimation. The LQ model, described by
Equation (2.3), can be used to obtain the radiation effect on the tumor cells. The fraction
of cells surviving a dose dy is described by S(ar, Br,ds) hence the fraction of cell death is
described by 1 — S(ar, fr,ds). The parameters ar and (7 are tissue-dependent. In [72], the
cell survival parameters for the LQ (linear-quadratic) model are obtained with an in vitro
study for three different human CRC cell lines. There is distinguished between external beam
radiation (EBRT), high dose rate (HDR), and low dose rate (LDR). For this thesis, EBRT
is considered, for which the parameters can be found in Table 7.1. Since the parameters for
radiotherapy are only known for the 3 CRC cell lines HT29, HCT116, SW48, we will consider
these cell lines. So the drug effects for chemotherapy will also be considered for this case.
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Table 7.1: The tissue dependent survival parameters ar and (7 for the LQ model described by
Equation (2.3) for EBRT for three different CRC cell lines; the parameters are obtained from

72].
CRC cell line ar(Gy™') Br(Gy=?) [o/Blr(Gy)
HT29 0.0842 0.0239 3.52
HCT116 0.198 0.0439 451
SW48 0.151 0.0376 4.02

The effect of the parameters in Table 7.1 on the cell survival probability can be seen in
Figure 7.1. Cell line HT29 is the least sensitive to radiation, since it has the highest survival
probability, and HCT116 is the most sensitive to radiation. This effect can also be deduced
from the parameters since a higher [a/f]p ratio corresponds to higher radiation sensitivity.
Typically a ratio of 10 Gy is chosen [9], [21], [79], so these [«/5]r ratios are low, and therefore
less sensitive, in comparison to the 10 Gy ratio.

100 The survival fraction for different cell lines after a certain dose of radiation
E T T T T T T T

—HT29
——S8W48
HCT116

The survival fraction S

2 4 6 8 10 12 14 16 18 20
Dose (Gy)

10—10
0

Figure 7.1: A comparison of the cell survival probability for three different CRC cell lines after
a dose of radiation; the parameters are chosen as in Table 7.1.

Parameters ap and S are used to express the effect of radiation on the tumor. The effect of
radiation per fractionated dose is described by the diagonal matrix R , where [p],, corresponds
to the fractionated dose. The matrix R has size nxn, corresponding to the number of different
cell lines and compartments. The diagonal elements of R¥ describe the effect of a radiation
dose [p]y on cell lines i = 1,...,m in compartment k:

0, J<(k—=1)m
[RE)is = ri — (—arilplw — Brilpld), (k—1)m<j<km, i=j modm (7.1)
0, 3 >km

So the entries of Rfj, that do not represent compartment k are zero, and the entries of Rfj,
that do represent compartment k represent the effect of dose [p],. The effect of radiation
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is defined as the growth rate of cell line 7, r;, minus the fraction of cells killed by dose [p],
(—at.i[plw — Brilp)?)- In the special case [p], = 0, RE is a matrix with all zero entries.

7.1.2 Side effects caused by radiotherapy

The parameters that quantify the side effects caused by radiation also need to be determined.
The side effects are represented by the NTCP model, which determines the maximum frac-
tionated dose allowed for a certain total dose. In Equation (6.7) and Equation (6.8) are the
parameters that need to be determined: the tissue-dependent Dsg, 50 and [«/5]n and organ
sparing factor s. One of the side effects of radiating CRC is the possibility of late rectal
bleeding. From a study where different NTCP models were fitted to patient data of late
rectal bleeding, the obtained logit model parameters were D5y = 83.5 and 59 = 1.53 [75].

When the target region is near the bladder, the radiation can cause additional undesired
consequences. For example, consider a CRC with metastases in the lymph nodes that are
near the bladder, the side effects that can arise by radiating the metastases are urinary
incontinence and urinary urgency. The NTCP logit model parameters for urinary incontinence
are Dzo = 96.7 and 750 = 1.14, and for urinary urgency Dsg = 67.6 and 590 = 0.760 [76]. The
parameters are summarized in Table 7.2.

Table 7.2: The tissue dependent parameters for the NTCP logit model described by
Equation (6.8) and Equation (6.7) for three different side effects.

Side effect Dsg  ~50 Ref.

Late rectal bleeding 82.5 1.53 [75]
Urinary incontinence 96.7 1.14 [76]
Urinary urgency 777 116 [76]

The normal tissue sensitivity ratio is taken as [a/S]n = 3 for all compartments, which is a
common estimate [9], [21]. The probability curves for these three side effects can be seen in
Figure 7.2, where the probabilities increase with the typical sigmoidal shape of the NTCP
models. For a total dose of 50 Gy, the probability of having urinary urgency is most likely, and
the probability of having urinary incontinence least likely. However, for a fractionated dose
of 11 Gy, the probability of late rectal bleeding becomes more likely than urinary urgency.
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~ The probability of severe radiation-induced side effects with a varying fractionated dose and a total dose of 50 Gy
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Figure 7.2: The probability of having severe radiation-induced side effects with a varying
fractionated dose and a 50 Gy total dose. The tissue dependent parameters are given in
Table 7.2 and the normal tissue ratio is taken as [a/8]n = 3 and the organ sparing factor as
s =0.8.

7.1.3 Parametric investigation for radiotherapy

To get a feeling of how the parameters for radiotherapy influence the treatment plan and the
final tumor size, a parametric investigation is done. For a patient with an initial tumor diam-
eter of 60 mm, no metastases, and all cell lines equally represented, the parameters are varied
to see what their effect is. The final treatment time is chosen as 60 days, and the maximum
total dose as 70 Gy. The optimization performed is described by Equation (6.22) up to Equa-
tion (6.16) since one compartment is considered and fixed final treatment time and total dose
is used. This formulation is altered by removing >¢_; D,[l]s from the cost function so that
the influence of chemotherapy is not considered, and the separate radiotherapy optimization
is performed. By varying some parameters, the effect on the optimal fractionation scheme
and the final tumor size can be seen. The optimal fractionated doses give the fractionation
scheme for a corresponding total dose of 70 Gy. The final tumor size, given by the total final
number of tumor cells, N(Tr) = 1L 2(TF), and final tumor diameter, @(7r), can be found in
Table 7.3. The initial amount of tumor cells and the initial tumor diameter is also given for
comparison.

The first example, with s = 0.9, [a/f]n = 3, and hyuq, = 0.1, gives as outcome to radiate 41
days with 1.6 Gy and 19 days with 0.2 Gy. Since a treatment duration of 60 days is chosen,
is it optimal to radiate on each day, however small the dose. Not radiating causes the tumor
to grow again, and radiating with a small dose might not be enough to shrink the tumor, but
at least it inhibits the growth.
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Table 7.3: An investigation of the influence of the parameters on the radiotherapy fractionation
scheme and final tumor size. The initial tumor diameter is 60 mm with an equal distribution
over the three different CRC cell lines, the final time is 60 days and the maximum allowed dose

70 Gy.
Parameters Initial tumor size Model outcomes for radiotherapy
s, [a/Blny hmax N(0) #(0) Frac. scheme N(Tr) 2(TF)
0.9, 3, 0.1 1.63 - 10" 60 41 times 1.6 Gy/frac 1.17-10"  2.50
19 times 0.2 Gy/frac
0.9, 2, 0.1 1.63 - 10" 60 36 times 1.8 Gy/frac 8.82-106  2.27
24 times 0.2 Gy/frac
0.8, 3, 0.1 1.63 - 101 60 24 times 2.6 Gy/frac  2.91-106  1.57
36 times 0.2 Gy/frac
0.9, 3, 0.05 1.63 - 101 60 60 times 1.0 Gy/frac  8.32:10"7  4.80
0.8, 3, 0.05 1.63 - 10 60 36 times 1.8 Gy/frac 8.82-10  2.27

24 times 0.2 Gy/frac

When the [a/f]n ratio in the healthy tissues is lowered from 3 to 2, the allowed fractionated
dose changes since this modification influences the probability of having severe side effects.
Making the ratio smaller means that the healthy tissues are less sensitive to radiation, and a
higher fractionated dose can, therefore, be used. The effect is a slightly smaller final tumor.

Changing s = 0.9 to s = 0.8 means that the dose the OAR (organ at risk) receives is only
80% of the dose the target region receives, compared to the 90% that it first received. Hence
to obtain a 0.1 probability of severe side effects, a higher fractionated dose can be given,
resulting in 2.6 Gy per fraction, and a smaller final tumor is obtained. On the contrary, when
the maximum probability of severe side effects is decreased to 0.05, and s = 0.9 is used again,
only 1.0 Gy per fraction can be used, and a larger final tumor is the consequence. When
changing the organ sparing factor s to 0.8 again, an equal treatment plan and final tumor
size is obtained as with s = 0.9 and h;,q, = 0.1.

7.2 Initial conditions

The primary tumor is again taken as CRC, with three CRC cell lines (HT29, HCT116,
SW48) as an option for the initial condition. When multiple compartments are used, they are
chosen as lymph node metastases near the bladder, the migration rate for this is calculated in
Section 4.3.2. The diameter of metastasis in the lymph node of CRC is approximated between
5 and 10 mm since the average short axis of the largest regional lymph node with metastasis
is 5.6 mm [77]. The wider range between 5 and 10 mm is taken since the sizes of the lymph
nodes can vary. It is also known that 90% of the nodal metastases of CRC occur in lymph
nodes that have a diameter of less than 1 ¢m, and nodes that have a diameter that is larger
than 5 mm are considered morbid for rectal cancer [78]. The volume of the lymph nodes is
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approximated as a sphere, and the diameter of a CRC cell is again estimated as 11-1073 mm.
With this information, the total number of tumor cells in a lymph node can be calculated.

A total of ten initial conditions will be determined, for which the combined chemo-radiation
treatments are calculated. Most initial conditions are taken with cancer cells present in only
one compartment so that the different effect in optimal treatments can be compared. The ini-
tial conditions with metastases are taken as three compartments maximum since the model
practically works the same in each compartment. The model can, of course, be used for
extremely complicated cases with many metastases. The limitation is the practical imple-
mentation, hence the number of metastases the LINAC (linear accelerator), the machine that
emits highly energized particles, can radiate.

Table 7.4 and Table 7.5 report the initial conditions for the primary site and metastases
respectively. Each entry of x(0); consists of the number of tumor cells of cell line HT29,
HCT116, SW48, respectively, for compartment k. The initial condition for the model is
composed of the initial conditions of the separate tumors, hence:

2(0)ior = [#(0)Erc O pa 2(0) ] pno] (72)

If more compartments need to be used, they can be added as well. Potential compartments
can be added too, namely compartments where no tumor cells are found but that are in
proximity of the tumor and are therefore in danger of becoming cancerous. The diameter of
the primary site and each metastasis is given in mm, represented by @crc and @ympn. The
initial conditions are given numbers that are used throughout this chapter.

Table 7.4: A set of initial conditions for CRC with metastases in the lymph nodes. The initial
tumor diameter (in mm) and initial number of tumor cells per CRC cell line are given for the
primary tumor site.

(0)¢ot z(0)crc FCRC
T
1 [1.63-1011 0 0} 60
T
2 [0 1.63 - 1011 0} 60
T
3 [0 0 1.63-1011} 60
T
4 [5.41-1010 5.41 - 1010 5.41-1010} 60
T
5 [4.33-1011 4.33 . 101 4.33-1011} 120
r 1T
6 6.49 - 10 6.49-10 0 120
r 1T
7 [0 6.49 - 101 6.49-1011} 120
r 1T
8 6.49-10 0 6.49-10! 120
- h T
9 [2.00-1012 2.00 - 1012 2.00-1012} 200
- 1T
10 3.01-10*2 3.01-102 0 200
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Table 7.5: A set of initial conditions for CRC with metastases in the lymph nodes. The initial
tumor diameter (in mm) and the initial number of tumor cells per CRC cell line is given for the
metastases tumor sites.

m(O)lymphl Q/lymphl
x(o)tot w(o)lymphZ 2 lymph?2
T
9 [3.13-107 3.13-107 3.13-107} 5
T
[2.50-108 2.50 - 108 2.50-108} 10
T
10 [4.70.107 0 4.70.107} 5
T
[0 3.76 - 10° 3.76-108} 10

The first eight initial conditions are taken without any metastases, with different distributions
over the cell lines to see the effect in treatment. The last two initial conditions are taken with
lymph node metastases near the bladder. The possible side effect for the primary site is late
rectal bleeding, for lymph node 1 urinary urgency, and lymph node 2 urinary incontinence.
Even though it is likely that the side effects of both lymph nodes are equal, they are taken
differently to observe the different effects in the fractionation scheme.

7.3 Model simulations for combined chemo-radiation treatments

In this section, the combined chemo-radiation optimization is solved for the initial conditions
given in Section 7.2. First, the simulations are obtained for the chemotherapy-alone treatment,
so the combined treatments can be compared to them. Then, the optimal combined chemo-
radiation treatments are calculated with fixed total treatment duration and total radiation
dose, in Section 7.3.1. Last, the model simulations are also performed with varying total
treatment durations and total radiation doses, in Section 7.3.2.

The optimization for the chemotherapy-alone treatment is described by Equation (3.23) up
to Equation (3.26) with ¢4 = 0.20. The initial conditions are taken as in Table 7.4 and
Table 7.5 with a total treatment duration of 100 days. The optimal drug durations and the
final tumor sizes can be found in Table 7.6. The optimal number of days to give each drug
are described by 71, T2, 73 for capecitabine, irinotecan and 5-FU respectively, with 7, = Trl7.
The total number of cells at the end of treatment is represented by Ny (TF). For initial
conditions 9 and 10 multiple compartments are considered, so the total number of tumor cells
and total tumor diameter are given. Since these tumor cells are distributed over multiple
compartments, it is calculated as the sum over all compartments:

Niot(Tr) = > Ni(Tr) (7.3)
k=1

Using the total tumor volume, Ny (TF), it can be estimated as sphere again, and the tumor
diameter of that is given as @,(Tr). The initial tumor sizes are also given for comparison and
are calculated on the same way. For initial conditions 9 and 10, the initial tumor diameters
are therefore not 215 mm but 200 mm (the metastases only have an effect on the diameter
in the decimals).
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Table 7.6: Optimal drug durations and final tumor sizes for chemotherapy-alone treatments,
the optimization is described by Equation (3.23) to Equation (3.26). Initial conditions are
described in Table 7.4 and Table 7.5. Parameters chosen as Tr = 100 and g4 = 0.20.

Initial tumor size Optimal drug durations  Final tumor size
x(0)  Niot(0)  Fiot(0) T1s T2, T3 Niot(Tr)  Ziot(TF)
1 1.63-10" 60 100, 0, 0 4.68-10M1 85.4
2 1.63-101 60 0, 100, 0 3.90-10'2 173
3 1.63-10 60 0, 100, 0 1.33-10'2 121
4  1.63-10" 60 13, 87,0 2.24-1013 310
5 1.30-10'2 120 13,87, 0 1.80-10'4 620
6 1.30-10'2 120 35, 65, 0 1.34-10%4 563
7  1.30-10%2 120 0, 100, 0 2.09-10'3 303
8 1.30-10' 120 14, 86, 0 2.41-1014 684
9  6.02-10'2 200 13, 87,0 8.31-10'4 1034
10 6.02-10"2 200 34, 66, 0 6.21-10'4 938

For the chemotherapy-alone treatments, drug 3 is never used. This is logical when looking at
the drug effect parameters in Table 4.3 for the cell lines HT29, HCT116, and SW48. Drug 1
and 2 have better effects on these three CRC cell lines and are therefore always preferred over
drug 3. When the initial condition is chosen such that only one cell line is present, logically,
only one drug is used for the whole treatment duration. When multiple cell lines are present,
the optimization determines the optimal amount of days to use each drug. In this case, the
final tumor size is significantly larger than for tumors that only have one cell line present. This
can be seen for initial conditions 1, 2, 3, where only one cell line is present, in comparison to
initial condition 4, where the cell lines are all equally present. This consequence is explained
by the diverse effect the drugs have on the cell lines. For example, when drug 2 is given, cell
line 3 (SW48) continues to grow at the unrestrained rate, since this cell line is resistant to
drug 2.

The side effects always stay below the maximum tolerated level; hence the drugs are used
for the whole treatment horizon. The final tumor sizes are more significant than the initial
tumor sizes for all initial conditions. When looking at the parameters in Table 4.3, the drugs
only have an inhibiting effect on the tumor cells but are not strong enough to make them
decrease.

7.3.1 Fixed treatment duration and total radiation dose

In this subsection, the combined chemo-radiation treatment plans are calculated for fixed
treatment duration and total radiation dose. The optimization described by Equation (6.22)
to Equation (6.28) will be used on the initial conditions described in Section 7.2. The final
treatment time is fixed (100 days), as well as the total radiation dose (70 Gy for compartment
1, CRC, and 50 Gy for compartment 2, lymph 1, and compartment 3, lymph 2). The side
effects that can arise are late rectal bleeding for compartment 1, urinary urgency for compart-
ment 2, and urinary incontinence for compartment 3, for which the parameters are described
in Table 7.2. The maximum NTCP for radiotherapy is taken the same in all compartments,
as hl ~=h2 = h3__=0.05 The organ sparing factor s is chosen as 0.8 for each OAR.

max max max
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The maximum probability for chemotherapy-induced side effects is gimqr = 0.20. The optimal
amount of days each drug has to be used is described by 71, 79, 73. The radiotherapy treat-
ment fractionation scheme is calculated for each compartment, described by the fractionated
dose, since a fixed total dose is considered. The total final number of tumor cells over all
compartments will be described by Ny (Tr) = ,’;:1 Ni(Tr). The total final tumor diameter,
Ziot(TF), is the diameter of a sphere with Ny, cells, given in mm. The optimal treatment
plans and final tumor sizes can be found in Table 7.7, where CT refers to chemotherapy and
RT to radiotherapy.

First, it should be noted that the values in Table 7.7 are not realistic; for example, 0 <
N(TF) < 1is in practice not possible. The number of cells should always be a round number
since partial cells are impossible. However, the values are kept like this so they can be
compared.

For all initial conditions, the optimal radiation plan for the primary site is to radiate 31 days
with 1.8 Gy per fraction, and 69 days with 0.2 Gy per fraction. Since the treatment duration
is 100 days, the optimal treatment plan is to administer a dose every day, and else the tumor
would grow again.

Interestingly, the radiation treatment plan for each compartment does not change when the
initial condition is varied. The treatment plan of radiation does not depend on the distribution
over the different cell lines since the effect of radiation is set. Of course, the higher the dose,
the better the effect. The treatment plan of radiation depends on the parameters s, Amqz,
Pz, [/ BN, Dso, and v50 and TF. When changing either of these parameters, the treatment
plan of radiation changes, which can be seen when multiple compartments are used. For
initial conditions 9 and 10, a different radiation treatment plan is obtained for the metastases
compartments than for the primary site.

The chemotherapy treatment plan, however, depends on the initial condition. The optimal
duration of each drug changes when the initial condition is alternated since there is the
freedom to switch between drugs depending on which is the best for the initial tumor. The
most effective drug for HT29 is capecitabine and for both HCT116 and SW48, irinotecan.
The effectiveness of the anti-cancer drugs can be deduced from the drug effect parameters in
Table 4.3 and from the optimal treatment schedule in Table 7.7 for initial conditions 1 up to
3.

When comparing Table 7.7 to Table 7.6, it can be seen that the chemotherapy treatment
plan changes for initial conditions 4, 5, 6, 8, 9 and 10. This can be explained by looking at
the parameters in Table 4.3 and Table 7.1. When only chemotherapy is considered for initial
condition 4, the optimal combination of drugs is to use drug 1 for 13 days and drug 2 for 87
days, which is logical since drug 2 is the most effective against HCT116 and SW48. However,
when radiotherapy is also added, the optimal treatment plan for chemotherapy changes into
using drug 1 for 85 days and drug 2 for 15 days. Radiotherapy is the least effective on HT29,
so drug 1 needs to be used longer to obtain the optimal outcome.

When comparing the final tumor sizes between Table 7.7 and Table 7.6 the difference is
immense. While the final tumor sizes with chemotherapy are all bigger than their initial
tumor size, the final tumor sizes when also using radiotherapy are practically negligible (all
less than 1 mm). The influence of adding radiotherapy is great, even without considering a
radio-sensitizing effect, which is not incorporated in the model.
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Table 7.7: Model outcomes for the optimization described by Equation (6.22) to
Equation (6.28) for initial conditions described in Table 7.4 and Table 7.5. Parameters chosen
as Tp =100, PL =70, P2 =50, P3 =50, hE =0.05Yk s=0.8, gnae = 0.20.

max max max max
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Table 7.7 shows that the treatment plans do not depend on the tumor size, but only on the
distribution over the different cell lines, which can be seen for initial conditions 4 and 5. This
might not be very intuitive since it is expected that the bigger the tumor, the longer the
treatment or higher the radiation. However, the model minimizes the total number of tumor
cells and continues doing that as long as the side effects allow for it. If it is desired to stop
the minimization process when a specific final tumor size has been reached, so the patient is
not over treated, there are two possible options. One is to calculate the optimal treatment
plans and stop the treatment earlier: the right time to stop can be calculated based on the
model. The other option is to add a termination criterion in the implementation.

Another observation is that, when the initial tumor diameter is doubled, the final tumor
diameter is also doubled if the rest is kept the same. This can be seen for initial conditions 4
and 5. With initial condition 5, the initial tumor diameter is twice as with initial condition 4,
and this also results in double the final tumor diameter. The number of tumor cells is precisely
eight times as much when the tumor diameter is doubled since the volume is estimated as a
sphere. When the initial number of tumor cells is doubled, the final number of tumor cells
will, of course, also be doubled.

When multiple compartments are cancerous, hence for initial conditions 9 and 10, a different
optimal treatment plan for each compartment is obtained. Since different side effects are con-
sidered for each compartment, and different maximum doses are used, the optimal fractionated
dose is also different. Calculation of the optimal fractionation scheme per compartment that
can be radiated is an advantage of this formulation of the optimization problem.

The total final diameter is given in Table 7.7. For initial conditions 9 and 10 multiple com-
partments are considered, and the total final tumor diameter is distributed over multiple
compartments. The specification of the tumor diameters per compartment is given in Ta-
ble 7.8.

Table 7.8: Specification of the tumor diameters per compartment for initial condition 9 and 10,
for the model outcomes in Table 7.7.

z(0) =9 z(0) =10

gore(Tr) 0.688 0.535
Brympn1 (Tr)  0.0423 0.107

7.3.2 Optimizing the treatment duration and total radiation dose

In Section 7.3.1, the treatment time and total radiation dose were fixed. In this subsection,
they are taken as a variable. For chemotherapy, this has little effect, except that the drugs
can be used longer. The side effects of chemotherapy were not met when using Tr = 100
days, so this means that the drugs could be used longer when considering their side effect.
For radiotherapy, this has more effects. When the total dose is fixed, the only variable is
the fractionated dose. So for the same parameters, the same fractionated dose is chosen that
corresponds t0 hpqe, this could also be seen in Table 7.7. When varying the total dose, the
radiation fractionation can change, dependent on the initial tumor.

The optimization problem described by Equation (6.29) with constraints Equation (6.23)
up to Equation (6.28) will now be performed on the initial conditions with no metastases,
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hence in Table 7.4. The optimization is not performed on all initial conditions since the same
principle holds for each compartment. The possible total doses are chosen between 30 and
100 Gy, and the final treatment times between 90 and 130 days. The rest of the parameters
are chosen the same as in Section 7.3.1. The optimal treatment plans and final tumor sizes
can be found in Table 7.9. The T corresponds to the longest treatment time of the treatment
durations for chemotherapy or radiotherapy. Hence, Tp = max(Tcor, Trr), where Top and
Trr correspond to the treatment time of chemotherapy and radiotherapy respectively. The
sum over all 7’s determines the chemotherapy treatment duration, and for radiotherapy, the
overall duration is obtained by dividing the total dose with the fractionated dose. The final
amount of tumor cells is represented by Nyt (TF) and the final tumor diameter by ot (TF).

Table 7.9: Outcomes of the optimization described by Equation (6.29) with constraints
Equation (6.23) up to Equation (6.28) for initial conditions described in Table 7.4. Parameters
chosen as T € {80 : 5: 150}, PL_ . € {30:2:100}, hl . =0.05 s = 0.8, gmaz = 0.20.

axr max

Initial tumor size CcT RT Final tumor size
x(0)  Nit(0)  Ft0t(0) T1,T2, T3 Frac. scheme  Niot(Tr) Diot(TF)
1 1.63-10" 60 118,0,0 150 - 0.6 Gy/frac 795 0.102
2  1.63-101 60 0,118,0 150 - 0.6 Gy/frac  0.00178  0.00133
3  1.63-10% 60 0,118,0 150 - 0.6 Gy/frac 4.26:107° 3.84-10~%
4  1.63-10" 60 97,21,0 150 - 0.6 Gy/frac 1048 0.112
5 1.30-10' 120 97,21,0 150 - 0.6 Gy/frac 8380 0.223
6 1.30-10'2 120 118,0,0 150 - 0.6 Gy/frac 3180 0.162
7  1.30-10% 120 0,118,0 150 - 0.6 Gy/frac ~ 0.00730  0.00210
8 1.30-10'2 120 97,21,0 150 - 0.6 Gy/frac 12573 0.2558

The optimal treatment days for chemotherapy now sum up to 118 days, instead of 100 days.
The treatment duration is extended since the probability of severe chemotherapy-induced side
effects was less than g4, = 0.20 for the 100-day horizon. The distribution of treatment days
over the different drugs are, as expected, the same as with the 100-day horizon. This can be
checked by calculating the fractions 7, /T for the different final treatment times.

For radiotherapy, the optimal fractionation scheme has changed to 150 fractions of 0.6 Gy.
The same fractionation scheme is again obtained for each of the initial conditions: considering
the same parameters are used for all initial conditions, is this logical. The maximum available
treatment duration is also used for all initial conditions. When a more extended treatment
duration than 150 days is available, the optimal treatment duration will be extended as well.
Even though the final tumor size is smaller, due to the longer treatment duration, the obtained
gain is negligible. Since the final tumor sizes are already minuscule, the treatment does not
have to be prolonged. When the final tumor size is not small enough, increasing the available
treatment durations could be considered.

In the model outcomes reported in Table 7.9, the optimal fractionation scheme for radiother-
apy is always to give the same fractionated dose for a certain amount of treatment days. A
result from literature states that "when the amount of treatment days is fixed, the optimal
fractionation schedule is to deliver either a single dose or an equal dose on each treatment
day" [21], [79]. Even though the final treatment time is varied, it is fixed when solving each
optimization problem, so the outcomes of the model are aligned with the result in [79].
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7.4 Comparing treatment scheduling plans

Up to now, the scheduling of the drugs and radiation was not considered. The scheduling
can, however, have an influence on the final tumor size, for example, when rest days are
incorporated. In this section, the effect of two different treatment schedules is investigated.

The optimal treatment schedule is calculated, adopting the "7 days a week" treatment schedule
for radiotherapy described by Algorithm 2 in combination with the chemotherapy scheduling
described by Algorithm 1. The sub-optimal treatment schedule is obtained using the "5 days
a week" treatment schedule for radiotherapy described by Algorithm 3, in combination with
the chemotherapy scheduling described by Algorithm 1. Both treatments are initiated at
the same time. The duration of both treatments can be different, so the final tumor size is
calculated at the end of the longest treatment.

The outcomes achieved with the optimal and sub-optimal treatment schedules are calculated
for the chemotherapy drug durations and radiation fractionation schemes given in Table 7.9.
For each of these schedules are the total final number of tumor cells N and the final tumor
diameter & (in mm) given. The difference between the final and initial total number of tumor
cells and final tumor diameter is also given by Ay and A g, respectively. The final tumor
sizes after both scheduling plans can be found in Table 7.10.

Table 7.10: The final tumor sizes after the optimal treatment schedule, described in
Algorithm 2, and after the sub-optimal treatment schedule, described in Algorithm 3. Both
schedules are in combination with the chemotherapy schedule in Algorithm 1. The outcome of
the scheduling plans are obtained for the treatments in Table 7.9.

Optimal scheduling Sub-optimal scheduling Loss in final size
T (0) Nopt Q/opt Nsubopt ﬁsubopt AN A,@’
1 795 0.102 2.78-10° 0.718 2.77-10°  0.616
2 0.00178 0.00133 5.21 0.0191 5.21 0.0178
3 4.26:107° 3.84-10~% 4.34 0.0179 4.34 0.0175
4 1048 0.112 2.57-107 3.25 2.57-107 3.14
5 8380 0.223 2.06-10% 6.50 2.06-108 6.27
6 3180 0.162 1.11-10 1.14 1.11-10  0.979
7 0.00730 0.00210 38.2 0.0370 38.2 0.0349
8 12573 0.256 3.09-108 7.44 3.09-108 7.18

Table 7.10 shows that the outcomes of the optimal scheduling are, as expected, the same as in
Table 7.9. The final tumor sizes with the sub-optimal scheduling are for all initial conditions
larger than with the optimal schedule. For the initial conditions 1 up to 4, representing an
initial tumor diameter of 60 mm, the most significant difference in tumor diameter is 3.14
mm. For these tumors, the final tumor diameter is, on average, 1.00 mm instead of 0.0539
mm, which is almost twice the final tumor size. For initial conditions 5 up to 8, representing
an initial tumor diameter of 120 mm, the most significant difference in tumor diameter is
7.18 mm. For these tumors is the final diameter, on average, 3.78 mm instead of 0.161 mm,
which is 23 times as big. So the difference might seem small, but when it is compared to the
optimal outcome, it is quite significant. The loss in the final tumor size also becomes more
significant when larger initial tumor sizes are used.
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The loss in effect is, however, still limited, since the effect of the drugs and radiation is
proportional to the size of the tumor. So, even though the tumor grows on the weekends,
this can be partly compensated with the fact that the drugs and radiation have become more
effective.

An example of tumor diameter and states over time for the different scheduling plans with
initial condition 5 can be seen in Figure 7.3. The chemotherapy treatment plan is to give
drug 2 for the first 21 days, and drug 1 for the 97 days after. The radiotherapy treatment
plan is to give 150 fractions of 0.6 Gy.
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Figure 7.3: A comparison of the optimal and sub-optimal scheduling for initial condition 5.
The chemotherapy treatment plan is to give drug 2 the first 21 days, and drug 1 for the 97 days
after. The radiotherapy treatment plan is to give 150 fractions of 0.6 Gy.

Figure 7.3 shows that the tumor diameter decreases smoothly over time with the optimal
scheduling. With the sub-optimal scheduling, however, the tumor increases on all weekend
days, i.e., when it is not radiated. The effect of the different drugs on the different cell lines
can also be seen in the number of tumor cells per cell line. When the therapy switches from
drug 2 to drug 1, after 21 days, the effect on the variation of SW48 is visible. Since cell line
SW48 is resistant to drug 1, the rate also does not change when the chemotherapy treatment
is stopped at 118 days.

In Figure 7.3, it can also be seen that the decrease rate of the tumor diameter is almost neg-
ligible at the end of the treatment. Especially for the optimal scheduling case, the treatment
could be stopped earlier since the gain is small after a specific time.
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7.5 Summary

This chapter showed some simulations for the combined chemo-radiation model. First, the
model parameters were obtained for radiotherapy. The parameters for the effect of radiation
are based on the LQ model. The parameters for the radiation-induced side effects are based on
the NTCP model. A small parametric investigation was done for radiotherapy to investigate
the effect on the optimal treatment plan. For radiotherapy, the model outcomes show high
parametric reliability since many parameters are needed, and the optimal fractionation scheme
depends entirely on the parameter values. A total of 10 initial conditions were obtained to
simulate the combined chemo-radiation model. The first 8 initial conditions represent a CRC
without metastases, with different initial sizes and compositions. Initial conditions 9 and 10
represent a CRC with two metastases in the lymph nodes near the bladder. The possible side
effect due to radiating the CRC is late rectal bleeding, for lymph node 1 urinary urgency, and
lymph node 2 urinary incontinence.

First, the chemotherapy-alone treatment plans are simulated on this set of 10 initial con-
ditions. The optimal duration to use each drug depends on the initial composition. When
simulating the combined chemo-radiation model outcomes with fixed treatment duration and
total dose, the chemotherapy drug durations change due to the addition of radiotherapy. The
radiotherapy fractionation schemes are equal for all initial conditions per compartment, due
to the fact that the parameters are chosen the same for each compartment. The combined
chemo-radiation treatment plans are also calculated for varying total treatment duration and
total radiation dose. The chemotherapy drug durations could be extended, and a different
fractionation scheme was obtained for radiotherapy. The outcome is a smaller final tumor
size.

Last, the effect of two different scheduling plans is compared. The final tumor sizes after
the optimal "7 days a week" and the sub-optimal "5 days a week" radiation schedule, both in
combination with the chemotherapy scheduling, were obtained for a set of treatment plans.
The loss in the final tumor size becomes larger when a larger initial tumor is considered.
Another observation made is that the treatment can, in some cases, be stopped earlier since
the gain is small after a specific time.
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Chapter 8

Conclusions and recommendations

8.1 Conclusions

The main goal of this thesis was to propose novel approaches to optimize cancer treatment
efficiency when combining chemotherapy and radiotherapy by using control-theoretical meth-
ods as well as radiotherapy models. A generally applicable model is obtained and used to
optimize the duration of treatment with different chemotherapeutic drugs and optimize frac-
tionation schemes for radiotherapy. The model is especially appropriate for heterogeneous
tumors, since it describes the effect of therapies on different tumor cell lines, and includes the
possibility of mutations. Metastases are included since the model considers different tumor
compartments, and the possibility of migrations between compartments are modeled as well.
Undesired consequences due to toxicities are incorporated, and an upper bound can be set to
limit the possible damage.

The predictive power of the model was tested on a dataset for the drug irinotecan. The dataset
lacked some crucial information, such as the tumor size per compartment and composition of
the different cell lines. Some assumptions were made, and optimization for the initial tumor
composition was performed, so the model could be used to predict the tumor dynamics of
the patients. Even though the patient data had varying responses to the drug, the model
could replicate most patients sufficiently well, with a mean difference between the true and
predicted tumor diameter of 4.04 mm over all time points and all patients. This corresponds
to a mean percentage difference in tumor diameter of 5.17% when the size of the tumor is
taken into consideration. The prediction could be improved significantly when flexible drug
effects were considered to account for cell lines that are not incorporated in the model. The
mean difference in tumor diameter could be reduced to 1.41 mm, and the mean percentage
difference to 1.59%. The clinical treatments that were provided to the patients could not be
improved much, as irinotecan already had the most significant effect among all considered
drugs on most cell lines.

Combined chemo-radiation model outcomes were also tested on CRC (colorectal cancer). Due
to the lack of patient data, the results could not be validated. The addition of radiotherapy
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showed great significance in the final tumor sizes, as it is a more effective treatment option.
The optimal fractionation scheme for radiotherapy depends on the chosen parameters, regard-
less of the initial tumor composition. As a result, the same optimal fractionation scheme for
a compartment was obtained for all simulated initial compositions. Optimal drug usage, on
the other hand, depends on the initial tumor composition, as well as the radiotherapy effects.
The treatment plans for radiotherapy also showed greater parametric reliability than those
for chemotherapy since more parameters are needed, and the optimal fractionation scheme
depends entirely on the parameter values.

The scheduling of radiotherapy and chemotherapy are considered as two separate problems, for
each treatment alone, since they are also applied as two separate treatments. For chemother-
apy, the strongest drug is administered first, where the strongest drug is defined as the drug
that has the most effect on the initial composition when given on its own. For radiotherapy,
two different scheduling plans were obtained: the optimal "7 days a week" radiation plan and
a sub-optimal "5 days a week" radiation plan. The optimal and sub-optimal scheduling were
both combined with chemotherapy scheduling and compared to each other. The loss in the
obtained final tumor size with the optimal and sub-optimal scheduling becomes larger when
a larger initial tumor is considered on the same treatment horizon. For a 150 day horizon a
loss of almost 4 mm was obtained when an initial tumor size of 120 mm was considered. The
loss was partly compensated due to the proportional effect of drugs and radiation.

The model we proposed for combined chemo-radiation therapy shows promising applications
for cancer treatment design. The possibility to model tumor compartments and specify hetero-
geneous properties is beneficial. The use of positive switched systems for combined chemo-
radiation treatments is a novel approach to obtain optimal drug usage and fractionation
schemes for each compartment.

To conclude, this thesis successfully used control-theoretic methods to model cancer evolution
and design combined chemo-radiation treatments. Positive switched systems can be used to
obtain optimal treatment durations for drugs and optimal radiation fractionation schemes for
each body compartment, resulting in improved treatment efficiency.

8.2 Future recommendations

Several recommendations can be made to improve the model. First, the model validation
must be conducted further. Combined chemo-radiation treatments, as well as radiotherapy-
alone treatments, have not been compared to patient data, and results could, therefore, not
be validated. Several other additions can also be made that can improve the clinical accuracy
of the model.

The clinical dataset showed a delayed response to the anti-cancer drugs for some patients in
Section 5.1, which is not incorporated in the model. This delay, however, did not occur for
all patients, and it is unclear when the anti-cancer treatment starts being effective. It could
be interesting to investigate when this delayed response occurs so that it can be incorporated
into the model.

The effect of the human immune system can be incorporated to take care of a small enough
number of tumor cells. In Section 6.3, it could be seen that the effect of the therapies is
reduced when the tumor size gets very small. It could be possible to stop the treatment
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earlier, which would be beneficial for the patient with regard to side effects, and let the
immune system take care of the remaining tumor cells.

The chemotherapeutic drug doses were now always taken as the MTD (maximum tolerated
dose). However, it could be explored if lower doses can be used to obtain similar treatment
responses. One way to incorporate this into the model is by using the optimization formulation
in Equation (3.13) up to Equation (3.15) and relaxing the first constraint to [[(V], > 0.
However, relaxing this constraint implies that drug mixing can occur per time interval, so
a solution should be obtained for this. Also, the drug effect parameters represent the effect
when the drug is given at its MTD. So before different doses can be used, the relation between
the drug dose and the treatment response should be studied.

Furthermore, when combining chemotherapeutic agents with radiotherapy, often, increased
radiation sensitivity is observed in the clinic [80]. Understanding the mechanisms between
the anti-cancer agents and radiation could lead to further improvements in the accuracy of
the model predictions.
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Appendix A

Model parameter estimation

A.1 An example of the growth rate parameter estimation

The estimation of the growth rate parameters are obtained from existing murine tumor mod-
els. This section shows how the parameters are fitted. As mentioned, in Section 4.3.1, an
exponential curve is fitted through the line in the xenograft that represents the growth of
the tumor without the influence of drugs, typically referred to as vehicle or control. The
xenograft on which the parameter estimation for HT29 is based is shown in Figure A.1. The
tumor volume over time can be seen for multiple lines, where the control line refers to no
drug administration represented by —O—. On day 0 of the graph, 1.3-10 + 5% cells of HT29
were injected in the mice. They were then split up in random groups of 6 mice, and the their
tumor volume was measured on set days.
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—e— |nitial single dose of CPT-11 100 mg kg~

A 36007  ,CPT-114mgkg dally
&~ 3000
E
: 2400 1 : Weolkiy MTiD CF'T—iﬂ :
g S T N
S 1800 4 ¥ 1]
4
5
g 1200 -
2
600 -
1 il
0- oo e vo 1a xs =+ daily metronomic CPT-11
—
0 10 15 25 35 45 55 65

Time (days)

Figure A.1: A xenograft representing the effect of irinotecan (CPT-11) on HT29 cells, obtained
from [54].
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A graph digitizer was used to obtain the data points shown in Figure A.1 so an exponential
curve could be fitted through the points. This is done for the control line, which represents
the natural tumor growth without the influence of drugs. The data points that are used to
fit the exponential line through are from day 15 to day 43 since the drug administration is
also done for that time interval and they can be compared fairly. The data points with the
obtained fitted curve are shown in Figure A.2.

An exponential curve fit through the control xenograft points of a HT29 tumor
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Figure A.2: Fitting of an exponential curve through the data points of the xenograft for HT29
cells obtained from [54].

The function of the exponential curve in Figure A.2 is:
y(t) = 23.2¢0-113 (A1)

where y(t) represents the tumor volume in mm? and ¢ represents the time in days. The growth
rate parameter can be obtained from Equation (A.1), and is 0.113. The model represents the
growth of the amount of tumor cells, whereas this xenograft describes the tumor volume.
Since only the rate is considered, and not the starting point of the exponential curve, the
transformation to the amount of cells does not have to be made. The growth rate of 0.0976
in Table 4.2 can be obtained, by following the same procedure for the xenografts obtained
from [52] and [53], and taking the average.

A.2 An example of the drug effect parameter estimation

A similar procedure as for the growth rate parameters is followed for the drug effect param-
eters. An example will be shown for the effect of irinotecan on HT29, the xenograft given in
Figure A.1 is used for this. The MTD schedule corresponds to the line where 100 mg/kg of
irinotecan is given weekly, represented by —/A—. The data points are obtained with a graph
digitizer, and an exponential curve is fitted through the points of day 15 to day 43, which can
be seen in Figure A.3.
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An exponential curve fit through the xenograft points of an irinotecan treatment on a HT29 tumor
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Figure A.3: Fitting of an exponential curve through the data points of the xenograft
representing the effect of the MTD schedule for irinotecan on HT29 cells, obtained from [54].

The formula of the function in Figure A.3 is given by:

y(t) = 24.7¢0-0038¢ (A.2)

where y(t) represents the tumor volume in mm? and ¢ the time in days. The tumor growth
rate with the effect of irinotecan is 0.0638. The drug effect parameter in Table 4.4 can then
be calculated as 0.0976 — 0.0638 = 0.0338, with 0.0976 the obtained growth parameter for
HT?29.
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Appendix B

Model validation with clinical data

B.1 Comparison at each clinically measured point

Comparison of the true and predicted tumor diameter at 132 days Comparison of the true and predicted tumor diameter at 176 days

200 200
150
100 100

50

Predicted tumor diameter (mm)
Predicted tumor diameter (mm)

0 50 100 150 200 250 0 50 100 150 200 250
True tumor diameter (mm) True tumor diameter (mm)

Figure B.1: The true and predicted tumor diameter plotted against each other at 132 days
(left) and 176 days (right). Optimization is performed as in Equation (5.8) to Equation (5.10)
and parameters are taken as in Section 4.3.
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B.2 Comparison over the whole treatment duration
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B.2 Comparison over the whole treatment duration

Table B.1: The mean difference, standard deviation and maximum difference in the true and
predicted amount of tumor cells and tumor diameter, per patient. The underlined patients have
CRC as primary tumor and the red numbers are higher than the average of that column. The
optimization performed is Equation (5.11) up to Equation (5.12).

Difference in tumor cells

Difference in diameter(mm)

Patient N oON maxpy M oy max g

1 6.65-10"  3.58.10'1  1.11-10'2 19.5 144 38.2

2 3.17-10°  1.86-10°  5.14-10° 2.43 1.76 4.37

3 2.29-10'9  1.53-10'°  4.09-101° 5.58 3.46 10.3

4 1.57-10'2  3.07-10'*  1.87-10'? 29.7 10.5 39.0

5 3.38-101  1.16-10'  4.59-10' 8.75 4.98 14.2

6 4.89-10°  4.12-10°  1.25-10%0 1.74 0.98 2.79

7 3.43-101°  1.87-10'°  5.59.1010 3.68 1.42 5.30

8 3.36-108  9.98.107  4.45-10% 1.37 0.561 1.96

9 2.35-10'19  6.13-10°  3.00-10'° 5.77 2.06 7.87
10 0.08 155 332 1.87-10°7  1.67-10°7 3.71-10 "
11 8.19-10'"  4.45-10'"  1.14-10'2 22.4 8.76 28.6
12 6.46-10'"  3.56-10''  8.99-10'! 12.6 7.56 17.9
13 3.14-10'°  1.73-1010  4.37.10%0 7.15 3.15 9.41
14 1.50-10""  8.27-10'°  2.09-10%! 8.11 4.99 11.6
15 1.03-10  5.68-10'9  1.43-10'% 5.72 3.84 8.43
16 1.03-10'  2.69-10°  6.80-10° 0.456 0.345 0.700
17 34.3 19.6 48.1 6.80-10° 4.06-1072  9.66-10°
18 5.48-101  3.02-10'  7.61-10" 10.6 4.85 14.1
19 7.06-10'9  3.89.101° 9.81.10%° 3.07 2.10 4.56
20 0 0 0 0 0 0

21 1.19-1010 0 1.29-1010 1.37 0 1.37
22 0 0 0 0 0 0
23 6.10-10—° 0 6.10-107° 0 0 0

24 0 0 0 0 0 0

25 2.44.104 0 2.44.10~4 1.42-10~ 14 0 1.42-10~ 14
26 0 0 0 0 0 0
27 3.91.1073 0 1.71-10713 8.53-10714 0 8.53.10~14
28 5.37-1073 0 5.37-1073 1.14-10713 0 1.42-10713
29 9.77-1074 0 9.77-10~% 0 0 0

30 6.81 0 6.81 1.08-10710 0 1.08-1010
31 9.76 0 9.76 5.72-10~11 0 5.72-10~11
32 0.216 0 0.216 4.35-10712 0 4.35-10712
33 0.0645 0 0.0645 9.95-10713 0 9.95-10713
34 0.303 0 0.303 3.50-10712 0 3.50-10712
35 8.60-1073 0 8.60-1073 1.34-10~12 0 1.34-10~12
36 1.30-10° 0 1.30-10° 3.53 0 3.53
37 0.0479 0 0.0479 2.67-10712 0 2.67-10712
38 0.568 0 0.568 3.11-10~ 11 0 3.11-107 11
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B.3 Comparison over the whole treatment duration with variable
drug effects

Table B.2: Comparison between the mean difference in tumor diameter with the actual drug
effects, the flexible drug effects with a margin of 20 % (constrained) and with fake drug effects
(unconstrained). Underlined patients have CRC, and red numbers are bigger than the average of

that column.

Mean difference in diameter (mm)
Patient Real drug effects Constrained Unconstrained

1 19.5 5.12 5.12
2 2.43 0.441 0.440

3 5.58 1.45 1.45

4 29.7 9.29 2.28

5 8.75 0.0176 0.0161

6 1.73 1.69 1.69

7 3.67 0.0830 0.0830

8 1.397 0.322 8.00-10~8
9 5.77 1.15 0.249
10 1.98-1077 1.98-1077 1.98-1077
11 22.4 13.0 13.0

12 12.6 3.45 2.13
13 7.18 3.91 3.89
14 8.11 3.39 2.40

15 5.72 2.24 0.97

16 0.46 2.02-1076 7.13-1077
17 6.80-107° 6.80-10° 6.80-107°
18 10.6 6.14-10~7 1.42.1077
19 3.07 1.25-1076 1.25-1076
20 0 0 0

21 1.37 6.88-10~7 5.12-10~7
22 0 0 0

23 0 0 0

24 0 0 0

25 1.42-10~ 1 1.42-10~ 14 1.42-10~ 1
26 0 0 0

27 8.53.10~ 14 8.53.10~14 5.18-10714
28 1.14.10713 1.14-10713 1.14.10713
29 0 0 0

30 1.08-10~10 2.84.10714 2.84-10714
31 5.72-10~ 11 0 0

32 4.35-10712 0 0

33 9.95-10~13 0 0

34 3.50-10712 0 0

35 1.34-10712 0 0

36 3.53 1.31-1077 2.79-1079
37 2.67-10712 1.42-10~14 1.42-10~ 14
38 3.11-10~ 11 1.42-10~ 1 1.42-10~ 1
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B.4 Comparison between the predicted tumor diameter with the
original drug effects and variable drug effects
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Figure B.2: The true tumor diameter and the predicted tumor diameter, with the original drug
effects and with varying drug effects (20% margin), for patient 1 (left), and for patient 2 (right).
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Figure B.3: The true tumor diameter and the predicted tumor diameter, with the original drug
effects and with varying drug effects (20% margin), for patient 3 (left), and for patient 4 (right).
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Figure B.4: The true tumor diameter and the predicted tumor diameter, with the original drug
effects and with varying drug effects (20% margin), for patient 5 (left), and for patient 6 (right).
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Figure B.5: The true tumor diameter and the predicted tumor diameter, with the original drug
effects and with varying drug effects (20% margin), for patient 7 (left), and for patient 8 (right).
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Figure B.7: The true tumor diameter and the predicted tumor diameter, with the original drug
effects and with varying drug effects (20% margin), for patient 11 (left), and for patient 12
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Figure B.8: The true tumor diameter and the predicted tumor diameter, with the original drug
effects and with varying drug effects (20% margin), for patient 13 (left), and for patient 14
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Figure B.9: The true tumor diameter and the predicted tumor diameter, with the original drug
effects and with varying drug effects (20% margin), for patient 15 (left), and for patient 16

(right).
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Figure B.10: The true tumor diameter and the predicted tumor diameter, with the original
drug effects and with varying drug effects (20% margin), for patient 17 (left), and for patient 18
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drug effects and with varying drug effects (20% margin), for patient 19 (left), and for patient 20
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Figure B.12: The true tumor diameter and the predicted tumor diameter, with the original
drug effects and with varying drug effects (20% margin), for patient 21 (left), and for patient 22
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Figure B.13: The true tumor diameter and the predicted tumor diameter, with the original
drug effects and with varying drug effects (20% margin), for patient 23 (left), and for patient 24

(right).
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Figure B.14: The true tumor diameter and the predicted tumor diameter, with the original
drug effects and with varying drug effects (20% margin), for patient 25 (left), and for patient 26
(right).
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Figure B.15: The true tumor diameter and the predicted tumor diameter, with the original
drug effects and with varying drug effects (20% margin), for patient 27 (left), and for patient 28

(right).
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Figure B.16: The true tumor diameter and the predicted tumor diameter, with the original
drug effects and with varying drug effects (20% margin), for patient 29 (left), and for patient 30
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Figure B.17: The true tumor diameter and the predicted tumor diameter, with the original
drug effects and with varying drug effects (20% margin), for patient 31 (left), and for patient 32
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Figure B.18: The true tumor diameter and the predicted tumor diameter, with the original
drug effects and with varying drug effects (20% margin), for patient 33 (left), and for patient 34
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Figure B.19: The true tumor diameter and the predicted tumor diameter, with the original
drug effects and with varying drug effects (20% margin), for patient 35 (left), and for patient 36
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Figure B.20: The true tumor diameter and the predicted tumor diameter, with the original
drug effects and with varying drug effects (20% margin), for patient 37 (left), and for patient 38
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List of Acronyms

Glossary

In the following list the acronyms are given that are used throughout this literature review.

3mE
5-FU
ACUP
AE
AMS
BED
BSA
CPT-11
CRC
CT

CT scan
DCSC
DSB
EBRT
EQDX
Gy
HDR
IC50

Mechanical, Maritime and Materials Engineering

5-Fluorouracil

Adenocarcinoma of unknown primary
Adverse events

American Mathematical Society
Biologically effective dose

Body surface area

Irinotecan

Colorectal cancer

Chemotherapy

Computed tomography scan

Delft Center for Systems and Control
Double-strand breaks

External beam radiation therapy

X Gray equivalent dose

Gray

High dose rate

The half maximal inhibitory concentration



104 Glossary
J Joule

Kg Kilogram

LDR Low dose rate

LINAC Linear accelerator

LQ Linear-quadratic

MTD Maximum Tolerated Dose

NTCP Normal tissue complication probability
OAR Organ at risk

PD Progressive disease

RT Radiotherapy

SSB Single-strand break

TU Delft University of Technology

Uuv Ultraviolet

WHO World Health Organization
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List of Symbols

In the following lists the mathematical notations and symbols are described that are used
throughout this report.

Number Sets

N The set of natural numbers
R The set of real numbers
R” The set of n-dimensional real vectors, with n € N

R%Y The set of n-dimensional real vectors with non-negative entries, with n € N
R™*™  The set of mxn real matrices, with m,n € N

R7**™ The set of mxn real matrices with non-negative entries, with m,n € N

Ry  The set of non-negative real numbers

Uy The set of unit simplex of size n, hence all non-negative vectors that sum up to 1, with
neN

Vectors
[;]; The j-th entry of the vector x;

1, The n-dimensional vector with all its entries equal to 1
zT The transpose of the vector x
Matrices

[A];j  The (i, j)-th entry of matrix A
AT The transpose of the matrix A

Mathematical notations

z The diameter

T The derivative of x

max; f(¢) The maximum of function f(¢) with respect to ¢
min; f(¢) The minimum of function f(¢) with respect to ¢
W The mean

o The standard deviation

List of parameters

« Parameter representing the coefficient of double-strand breaks caused by radiation in
Gy !
I3 Parameter representing the coefficient of combination of two single-strand breaks

caused by radiation in Gy~?2

Y50 The slope of the response curve at the Dsg point
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Glossary

Hek,i

Tmaz

The migration rate of cell line ¢ from compartment & to compartment c

The vector of fractionated doses for radiotherapy

Growth rate of cell line ¢ with the influence of drug s

A Metzler matrix describing the tumor dynamics without the influence drugs
Number of different drugs

A positive diagonal nxn-matrix describing the effect of the drug s

The radiation dose that gives a NTCP response probability of 50%

Number of different mutant species

The combinations of mutant species and compartments, n = mp

Number of radiation fractions

Number of different compartments

The total radiation dose

Probability of cell line j mutating into cell line ¢ in compartment k

Growth rate of cell line 7 in compartment k

The positive diagonal nxn-matrix describing the effect of radiation dose [p]y,
The organ sparing factor

The optimal treatment horizon

The finite treatment horizon

The maximum treatment duration regarding the chemotherapy-induced side effects
The vector for varying drug effects

List of variables

[1]s
[1]s
dy
'

u

The treatment duration of drug s, given as fraction of the final treatment time
The concentration of drug s, normalized to the MTD

Radiation dose for fraction f

Continuous time

The vector of radiation durations for each fractionated dose

List of functions

Pr(l)

The overall drug dose response in compartment k for mutant cell line ¢

BED(dy) The biologically effective dose of dy

The control vector in U4, where [I(¢)], represents the normalized concentration of drug
s at time ¢

The number of tumor cells after time ¢
Surviving fraction of tumor cells after radiotherapy dose dy

The states representing the number of cells of each cell line in each compartment



