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Abstract

Cancer is a complex disease that continues to affect millions of people around the world
every year. With ever-improving science and technology, several forms of treatment have
been introduced within the past century and continue to be developed so as to provide in-
creasing chances of survival and comfort to patients. Particularly, the 21st century has seen
the blossoming of immunotherapy methods, which exploit the natural immune system’s
ability to kill tumor cells. Several varieties of immunotherapy exist in order to use all sorts
of immune cells, targeting specific antigens expressed on tumors or blocking checkpoints
which inhibit necessary immune responses. Unfortunately, there is no perfect immunother-
apy that can provide a safe and effective path to remission for every patient. Traditional
clinical experimentation, while providing important insight, remains a costly option in in-
creasing our understanding of immunotherapies against cancer. Systems biology methods
provide a unique and effective channel for exploring the complex dynamics involved in tu-
mor micro-environments between cancer cells, native immune cells and administered drugs.
Resulting insight may be used to inform drug development leading to safe, effective, and
personalized therapeutic routines. In this thesis, we start by providing a general overview
of cancer biology starting from the cell, and systems biology. We then detail equations and
parameters comprising a particular systems biology model for nivolumab, an anti-PD-1
immune checkpoint inhibitor, informed by ex vivo data extracted from patients suffering
from head and neck squamous cell carcinoma. We then present results of an examina-
tion of sex differences in regards to patient response to nivolumab monotherapy as well as
combination therapy with recombinant IL12. Here, the aforementioned model was used
alongside basal immune differences between the sexes from the literature to generate vir-
tual cohorts of male and female patients receiving these treatments. Finally, we conclude
with a general summary as well as potential future directions involving a similar systems
biology model describing cytokine release syndrome as a side-effect of CAR-T cell therapy.
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Chapter 1

Cancer biology

1.1 Introduction

While Stonehenge was being constructed in England, a case of cancer was recorded for
the first time about 4000 kilometers away by an unknown ancient Egyptian compiling the
oldest known work on surgical trauma [1]. In what is now known as the Edwin Smith
Papyrus, the writer described a bulging tumor of the breast as a grave disease with no
treatment for it [2], thus setting the stage for an ongoing 5000 year-long battle against the
uncontrolled proliferation and spread of abnormal cells within the human body. Despite
countless new remedies across several millenia supplemented by ever-progressing scientific
knowledge and understanding of this unnerving phenomenon, cancer continues its relentless
assault in several forms which altogether serve as the second leading cause of death across
the globe [3].

While surgical removal and treatments of tumors had already been practiced for sev-
eral centuries prior, it was not until around 400 BCE that Greek physician Hippocrates
proposed a scientific theory for the cause of cancer [4]. Carcinoma, as he referred to it, as
well as every other disease, were then attributed to a disruption in the balance between the
four body humours: blood, phlegm, yellow bile, and black bile. This hypothesis maintained
dominance for hundreds of years all the way into medieval times [5], waning in popularity
with the immense advancement of scientific knowledge and techniques that defined the
Renaissance. With the invention of the microscope in the late 16th century, researchers
had the ability to investigate tumor structure in an unprecedented capacity and there-
fore further the understanding of what exactly cancer is and how it operates. Specifically,
Virchow proposed the notion that cancer is a disease regarding cellular lesions [6], a view
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that came to be widely accepted towards the tail end of the 1800s. Now that the issue
of abnormal cell division was understood, the scientific and technological advancements of
the last century allowed for important discoveries regarding genetic and viral components
of cancer development [4], as well as numerous breakthroughs in screening and treatment
[7].

Today, we recognize cancer as an umbrella term for diseases involving the uncontrolled
growth and spread of unhealthy cells in blood, tissue, bone, and several organs, with
potential for invasion towards the entire body. Occurring as a result of various genetic,
environmental, and viral factors, cancer remains a daunting possibility, if not a haunting
reality, for people around the world. Locally, about 2 out of 5 Canadians will be diagnosed
with cancer in their lifetime and 1 in 4 of them will die due to this disease [8]. With a
plethora of modern methods for early detection and medical intervention, physicians and
scientists continue to tackle the question of a cure. This chapter discusses the biological
mechanisms behind tumor development and immunotherapy for cancer, with a particular
focus on anti-PD-1 immune checkpoint inhibitors and CAR T-cell therapy.

1.2 Cancer cell biology

Cells are the fundamental unit of structure and function for all organisms. Since cancer
is a disease characterized by mutated and uncontrolled cells, a thorough comprehension
of cell biology is a key component of understanding the various mechanisms employed by
tumors towards their development and vitality. Here we continue to discuss the features
of healthy cells and how they pertain to the emergence and survival of cancer cells.

1.2.1 Normal cells and their behaviour

Multicellular organisms are comprised of eukaryotic cells, which contain a nucleus as well
as other important organelles with specialized roles contributing to overall function. Highly
organized and complex, eukaryotic cells are enclosed within a physical barrier and maintain
a uniform basic chemical composition. In particular, cells are mainly composed of water,
inorganic ions, and biomolecules, the latter of which can be divided into four major classes:
nucleic acids, proteins, carbohydrates, and lipids [9]. Each of these building blocks define
key operational characteristics vital to cells and by extension the beings that they form.

Nucleic acids are very large molecules consisting of several repeated units of phosphate
and sugar, with a backbone of sugar groups attached to a nucleotide base. They are catego-
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rized into two primary types: the double-stranded deoxyribonucleic acid (DNA) is stored
in the nucleus and represents the genetic material of the cell, while the single-stranded
ribonucleic acid (RNA) harnesses its ability to move around the cell to partake in various
cellular activities. Specifically, messenger RNA (mRNA) is involved in delivering genetic
information from DNA to the ribosomes, which in turn perform protein synthesis within
the cell with the aid of ribosomal and transfer RNA. Proteins, in turn, prove vital for most
cellular activities. Both DNA and RNA are comprised of four nucleotide bases adenine, cy-
tosine, and guanine; they differ at the forth bases of thymine and uracil respectively. With
the ability to direct their own self replication, the nucleic acids serve as the fundamental
informational molecules within a cell [10].

The synthesis of proteins by RNA allows for several more cellular functions to occur.
Formed as a sequence of amino acids linked together by peptide bonds, proteins have a
complex structure comprised of primary, secondary, tertiary, and quaternary levels. The
primary level simply describes the aforementioned sequence of amino acids, of which there
are 20 standard types. The secondary level involves the arrangement of these amino acids
within regions of the protein, most commonly as an alpha helix or a beta pleated sheet.
Tertiary structure involves the folding of the first two levels into more complicated shape
as a result of interactions between the side chains of amino acids in different parts of the
primary sequence; most proteins contain combinations of alpha helixes and beta sheets
connected by loop regions and folded into compact structures known as domains, which
are the basic units of the tertiary structure. Finally, the quaternary level contains the
interactions between the different polypeptide chains. Due to the wide variety of amino
acids and folding methods available, proteins represent a diverse group of macromolecules
responsible for several functions relating to movement, structure, regulation, signalling,
transport, and catalysis; the latter of which is fundamental for nearly all chemical reactions
within biological systems.

Another class of macromolecules that serves structural and nutritional functions in cells
is carbohydrates, which are further classified as mono-, di-, oligo- and poly- saccharides.
Generally composed of carbon atoms bonded to water molecules, carbohydrates supply the
body with energy it needs to function, with simple sugars being major nutrients of cells. In
animal cells, this energy is stored as glucose in glycogen, a polysaccharide dedicated to this
purpose in a similar manner to starch in plant cells. Carbohydrates located on the surface of
the cell may link to proteins and lipids to form glycoproteins and glycolipids, which enable
further important actions. For example, glycoproteins formed by oligosaccharides serve
as markers to target proteins for transport to the cell surface or in subcellular organelles.
Due to their diversity, oligo- and polysaccharides in general may serve as markers on the
surface to distinguish cells from one another.
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Unlike the first three important biomolecules involved in cellular structure, lipids are
not polymers and are classified on the basis of their insolubility in water. With functions
relating to energy storage, metabolism, and drug delivery, lipids are a significant part of the
cell membrane structure. Specifically, the cell membrane is a bilayer of phospholipids, each
of which are two hydrophobic fatty acids (the simplest lipids) joined to a hydrophilic polar
phosphate head. This allows for the properties of partial water solubility and partial water
insolubility, which is the basis for the formation of biological membranes. Cell membranes
also contain other lipids such and glycolipids and cholesterol, the latter of which may be
derived into steroid hormones, such as estrogens and testosterone, which in turn function
diversely as chemical messengers.

1.2.2 Cancer cell development

While there are widely accepted environmental and otherwise non-genetic factors that
contribute to tumor development, cancer is a genetic disease. Driven by mutations in
cancer susceptibility genes, such as oncogenes and tumor suppressor genes, cancer results
from the effects of these genetic mutations on cell behaviour. Cancer susceptibility genes
can be described by three main classes: gatekeepers, caretakers, and landscapers [11].
Gatekeeper genes, comprising oncogenes and tumor suppressor genes, directly regulate the
growth and differentiation pathways of the cell. When these genes are mutated, the cell
cycle may be disrupted and cancerous cells begin to divide uncontrollably. For instance, the
retinoblastoma gene Rb is a tumor suppressor gene that arrests the cell cycle in instance of
damaged cells; naturally, its mutation leads to the development of tumors via unregulated
cell proliferation, specifically retinoblastoma [12]. Caretaker genes refer to those that
maintain genomic integrity of the cell; mutations on these genes promotes tumorigenesis
indirectly by destabilizing the genetic environment, leading to a rapid accumulation of
changes in the oncogenes and tumor suppressor genes that control cell birth and death.
Such genes include p53, which plays an important role in aiding the recovery of a genome
from damaging mutations. Defects in p53 will inhibit the cell’s ability to care for its
DNA, leading to higher rates of mutation [13]. Thirdly, landscaper gene, as the name
suggests, tend to the microenvironment of the cell, with mutations leading to an abnormal
environment causing neoplastic transformation of normal cells into tumor cells. While
mutations of these types of genes may occur on their own quite often, the development of
malignant and invasive cancer requires multiple mutations.

A key cell function disrupted by mutated genes is proliferation. Eukaryotic cells pro-
liferate via a process called mitosis, where the nucleus and the cytoplasm of the cell are
divided into two genetically identical daughter cells. In the human body, tissues are divided
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into compartments containing cell populations that proliferate to fulfil organ tasks. These
compartments are subject to homeostasis, whereby the division rate of the cell population
matches the death rate in order to maintain stability. Thus, mutated oncogenes may in-
crease proliferation [14] such that the proliferation rate of the cell population exceeds its
death rate, thus disrupting homeostasis and potentially leading to cancer.

While the proliferation-to-death ratio may be increased directly via the effects of
proliferation-inducing oncogenes, it may also be affected by a lowered cell death rate.
Apoptosis refers to the mechanism by which eukaryotic cells commit suicide [15] if they are
defective or otherwise unwanted within the cellular population. Mutations on oncogenes
and tumor suppressor genes may affect the signalling necessary for inducing apoptosis, thus
disrupting homeostasis in a given tissue compartment and leading to cancer. In particular,
about half of all human cancer cases result due to mutations in p53, a tumor suppressor
gene that causes apoptosis or cell cycle arrest in the event of damaged cell DNA. With-
out proper regulation of genetically faulty cells, homeostasis within the cell population is
broken, paving the way for malignant tumors in the system.

When cells proliferate, it is important that their genetic material gets properly passed on
to offspring in order to maintain function within their respective environment. As a result,
the existence of mechanisms for addressing DNA-related issues is vital for cellular health.
During the DNA replication process that occurs during mitosis, base pairing errors may
occur where nucleotides are paired incorrectly, leading to deformities in the structure of the
final DNA molecule [16]. This natural occurrence calls for the services of DNA polymerase,
which essentially acts as a proofreader for DNA during replication: deleting the defective
pair and replacing it with the correct nucleotide. Additionally, DNA molecules may be
damaged on a daily basis by several factors such as UV radiation, ionizing radiation, and
free radicals, which can lead to structural issues and mutation. In order to combat this,
DNA repairing enzymes cut out damaged/mutated DNA while DNA polymerase and ligase
use an undamaged DNA template (if available) to insert the correct nucleotides into the
removed portion. Naturally, should these repair mechanisms be tampered with, mutated
DNA will persist in the cell cycle leading to the development of cancer.

1.3 Tumor formation

There is a great deal of evidence to suggest that tumors develop in humans via a multistep
process, where each step is reflective of certain genetic alterations that cause normal human
cells to transform into malignant cancers. In particular, cancer cells are defective in cir-
cuits regulating cell proliferation and homeostasis. Such defects promote the development
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of malignant tumors, which can be aggressive and invasive. A total of eight biological capa-
bilities have been identified [17], [18] as those acquired during the development of tumors,
known as the hallmarks of cancer.

1.3.1 Hallmarks of cancer

The hallmarks of cancer are listed and described below:

• Unrestrained proliferation
As previously established, unrestrained proliferation is a fundamental aspect of cancer
cells which allows them to flourish and invade tissues in the human body. Thus,
it is important for these malignancies to sustain proliferative signaling. There are
multiple ways in which they may achieve this, such as through autocrine proliferative
simulation and over-expressed receptors to growth signals. They also may stimulate
normal cells around them to supply growth factors.

• Evasion of growth suppressors
In normal cells, growth suppressors such as TGF-β will maintain cellular quiescence
by not allowing cells to pass the restriction point in the cell cycle, sending them
straight to quiescence for repair. Such growth suppressors may be evaded by their
inactivation, leading to a continuation of the cell cycle and thus further multiplication.

• Resisting apoptosis
Largely influencing the attrition of cell population, apoptosis depends upon the bal-
ance of pro- and anti-apoptosis signals. Tumor cells resist programmed cell death in
a variety of ways, such as mutating to lose a pro-apoptotic regulator. Commonly,
this involves the inactivation of the pro-apoptotic p53 tumor suppressor gene, as
seen in more than half of human cancers. Additional resistance may involve the
mitochondria-mediated intrinsic apoptosis pathway, which is regulated by members
of the BCL-2 protein family. Specifically, the BCL-2 oncogene has anti-apoptotic
properties and can disrupt this pathway when overexpressed. BCL-2 is upregulated
in cancers such as follicular lymphoma and can contribute to the formation of B-cell
lymphomas when coexpressed with the myc oncogene. Thus, by resisting apoptosis,
tumor cells can expand in population uncontrollably.

• Limitless replicative potential
Normal human cells will eventually cease replication after a certain number of times.
This is due to the gradual degradation of telomeres, which are protective caps on the
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Figure 1.1: The process of cancer cell division.

ends of chromosomes, during the repetition of cell division. Eventually, the telomeres
will degrade to put the cell in a state of senescence, where the cell can no longer
divide. Tumor cells acquire limitless replicative potential through their possession
of telomerase, an enzyme which adds telomeres to the end of a chromosome. The
addition of telomeres means that the telomeres will not be able to degrade to the
point of cells reaching senescence, and the cell will continue to divide indefinitely.

• Sustained angiogenesis
Angiogenesis is the process of forming new blood vessels from pre-existing vessels.
The oxygen and nutrients supplied through blood vessels are important for cell func-
tion and survival, so all cells reside within 100 µm of a capillary [10]. Despite the
importance of oxygen and nutrients, normal cells initially lack the ability to induce
angiogenesis, restricting their capability to expand in size. Tumor cells must bypass
this to expand. They induce angiogenesis through shifting the balance between pro-
and anti-angiogenesis regulators in favor of angiogenesis inducers. A common way for
this shifting to occur is through altered gene transcription resulting in an increased
expression of angiogenesis inducers such as VEGF or FGFs, and a lowered expres-
sion of inhibitors, such as thrombospondin-1 or β-interferon. Although angiogenesis
is thus encouraged in tumor cells, tumor vasculature is abnormal, causing the tumor
microenvironment to be hypoxic, acidic, and have a high interstitial fluid pressure.
All of these factors promote cell proliferation, for example hypoxia leads to the pro-
duction of HIF-1α, which further increases the presence of growth factors such as
VEGF. Thus the angiogenesis of tumor cells helps tumor cells to expand, leading to
malignant tumors.

• Tissue invasion and metastasis
Tumor cells acquire the ability of tissue invasion and metastasis, leading to the in-
vasive property of malignant tumors. Metastases, the distant settlement of tumor
cells to sites far from their origin, is the cause of 90% of human deaths from cancer
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[19]. Successful invasion and metastasis of tumor cells depends on the previous five
hallmarks discussed. One example of a mechanism supporting this function is the
inactivation of E-cadherin, a homotypic cell-to-cell interaction molecule which results
in the transmission of anti-growth signals. Interference with this function enhances
the tumor cells capabilities to invade and undergo metastasis. The process of invasion
and metastasis is a multistep process, starting with localized invasion, followed by
the intravasation of cancer cells into nearby vessels. Then, these cells are transported
through the circulations leading into the parenchyma of distant tissues, also known
as extravasation. From here, a small tumor will form (micro-metastasis), and finally
these small tumors grow into large tumors (macro-metastasis).

• Avoiding immune destruction
As the above described six hallmarks encourage growth and replication, tumor cells
continuously evolve, and their DNA constantly mutates and adapts to their environ-
ment, allowing for them to thrive. Mutations in genes such as BRCA1, BRCA2, P53,
and RB1 particularly increase the likelihood of developing cancer. Chronic inflam-
mation causes normal cells to develop mutations and resistance to apoptosis, turning
them into tumor cells. For example, tumors can evolve to express the programmed
death ligand 1 (PD-L1) protein to bind to the programmed cell death 1 (PD-1) pro-
tein on immune cells, leading to the suppression of T-cell activity [20]. Cells can also
recruit leukocytes, such as neutrophils and macrophages, which release cytokines and
growth factors encouraging tumor growth.

• Deregulating cellular energetics
Tumor cells reprogram their energy metabolism by specifically reprogramming their
glucose metabolism. This is done by limiting their energy metabolism mostly to
glycolysis leading to aerobic glycolysis. Cancer cells compensate for the resulting
lower ATP efficiency by upregulating glucose transporters such as GLUT1, increasing
glucose import into the cytoplasm.

1.3.2 Heterogeneity and clonal evolution

Diversity plays a large role in a tumor’s ability to thrive in the complex biological environ-
ments provided by human blood, organs, and tissues. Indeed, as cancer continues to grow,
heterogeneity prevails as an assorted mix of cells forms the bulk of tumors [21]. Cell hetero-
geneity may be spatial, resulting in non-uniform distribution of tumor cell sub-populations
of distinct genetic variations across and within numerous diseased locations, or temporal,
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where the molecular tumor structure evolves over time. This allows for a dynamic disease
that can foster immune and drug resistance.

Genetic instability is a prime enabler of heterogeneity in tumors. As discussed in pre-
vious sections, DNA can mutate due to several external factors, such as UV radiation and
tobacco smoke, and internal issues regarding DNA replication and repair. With all aspects
by which genetic mutations can occur, it is natural that a wide variety of different mutated
cells are formed to serve as the start of a booming diversified community. Of course, ge-
netic instability alone will not adequately support a heterogeneous abode; it is important
that these mutated cells can proliferate in an adaptive manner in order to maintain malig-
nancy. Known as clonal evolution, the generally accepted model by which clonal diversity
is maintained was described first by Peter Nowell in 1976 as a Darwinian evolutionary
process driven by step-wise cell mutations with consecutive trait selection [22]. Essentially,
Nowell postulated that cancer cells acquire particular phenotype traits advantageous to
expansion, proliferation, migration, and invasion via mutational and epigenetic alterations
during division. As a result, advanced tumors will be highly complex and able to evade
treatment.

1.3.3 Intrinsic and adaptive drug resistance

Resistance to treatment may be intrinsic or adaptive. Intrinsic resistance refers to a lack of
necessary immune activity and repressed anti-tumor responses from T-cells that is present
before the introduction of therapy to the system [23]. This phenomenon is observed among
immunocompromised patients, such as those living with HIV or transplanted organs, as well
as elderly patients; these patients may be unable to elicit appropriately potent immune
responses to several foreign antigens. Intrinsic resistance may also arise independently
from the quality of innate immune functions, instead resulting from particular tumor phe-
notypes. As discussed above in Section 1.3.2, cancer cells acquire traits that serve their
survival. Some tumors may express very few antigens that are viewed as foreign to the im-
mune system, instead overexpressing antigens that are also present in healthy tissue. This
allows for effective immune evasion. Due to intrinsic resistance, both immunotherapies and
targeted therapies may prove ineffective for certain patient populations.

Adaptive resistance may be either natural or drug-induced. Unique to immunotherapy,
naturally acquired resistance is not necessarily induced by it but instead results from
naturally occurring immune pressure upon a tumor. Drug induced resistance occurs in
cases where patients may respond initially to treatment but experience relapse after a
period time. Both of these adaptive resistance types share general mechanisms depending
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on a local equilibrium between effector T-cells and tumor cells. Eventually, due to complex
feedback mechanisms including the expression of checkpoint molecules [24] that inhibit T-
cell function as well as clonal evolution, tumors eventually gain dominance over T-cells,
rendering treatments and immune intervention ineffective [23].

1.4 Immunotherapy for cancer

With millions of deaths resulting from cancer each year across the globe, scientists and
physicians must work together to develop treatments to prevent, absolve, or at least delay
the growth of malignant tumors. Therapeutic intervention takes a multitude of forms,
such as surgery, chemotherapy, and radiotherapy, all of which have been in use for decades
[25]. Since tumors attack various different parts of the body and exhibit staggering genetic
diversity, which is in turn multiplied by the natural physiological diversity in the millions
of patients in whom they reside, it is important that cancer treatment itself can also
present diversely in order to treat all kinds of patient and cancer presentations. Indeed, no
existing treatment provides a universal cure for all patients, with many requiring targeted
and personalized treatment plans and perhaps even combination therapies.

1.4.1 Emergence of immunotherapy

Among the many strategies devised to treat cancer, immunotherapy has provided much
promise in recent years. While the concept of therapeutic interference for enhanced immune
response to disease goes back to ancient times [26], oncological applications began in the
late 19th century and picked up speed only in the 1960s. Building upon centuries of study
regarding immune cells and their functions, several immunotherapies are FDA approved
as first-line therapies [26] to combat the many cancer types with a large variety of immune
cells. These include the primary categories of cancer vaccines, cytokine therapies, adoptive
cell transfer, immune checkpoint inhibitors, and oncolytic virus therapies [27]. This thesis
in particular focuses on anti-PD-1 immune checkpoint inhibitors and the adoptive cell
transfer CAR T-cell therapy, so they are discussed in more detail in the following section.

1.4.2 Principles of immunotherapy and relevant treatments

Immune effector cells such as lymphocytes, macrophages, natural killer cells, and others
work to target abnormal antigens, thus providing a defense against tumor cells in the human
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body; however, as discussed previously, well-developed tumors will use clonal evolution and
genetic diversity to evade attacks from these cells. Thus, several different immunotherapy
treatments have been developed to harness the anti-tumor abilities of these cells in an
explicit and targeted effort to eradicate malignant cells as much as possible.

A particular type of immunthotherapy which pertains to later chapters of this work
is known as immune checkpoint inhibitors, abbreviated as ICIs. Immune checkpoints are
molecules that act to regulate immune tolerance via co-inhibitory signalling pathways.
Unfortunately, cancer cells will exploit these molecules, such as programmed cell death
1 (PD-1) and cytotoxic T lymphocyte antigen (CTLA-4), via their negative regulation
of T-cell-mediated immune responses, thus effectively evading immune surveillance [27].
Specifically, PD-1 is expressed on the surface of several immune cells such as T-cells, NK-
cells, and monocytes within the tumor microenvironment and, when bound to its ligand
PD-L1 (as seen in Figure 1.2), leads to the suppression of lymphocyte proliferation and
the secretion of cytokines such as IL-2, IFN-γ, and TNF-α [20]. Tumor cells thus escape
the immune system by exploiting the PD-1/PD-L1 pathway with expression of abnormally
high levels of PD-L1. In order to combat this, anti-PD-1 ICIs selectively target and block
the interaction between PD-1 and PD-L1 in order to ensure an increase in anti-tumor
activity by immune cells.

Figure 1.2: PD-1:PD-L1 complex. PD-1 (green) is shown binding to PD-L1 (purple),
allowing for a pathway which may be exploited by tumors.

Another form of immunotherapy that has grown considerably as of late is CAR T-cell
therapy. CAR T-cells refer to T-cells which have been genetically engineered to express
chimeric antigen receptors (CARs). Allowing antibody redirected and major histocom-
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patibility complex (MHC)-independent target cell killings, this modification to T-cells is
crucial in overcoming of three main hurdles [28] posed by tumors. Firstly, the reduction of
the expression of MHC class I and costimulatory molecules diminishes the unmodified T
cell’s antigen recognition capabilities, as well as its delivery of strong intracellular signaling
cascade required for productive anti-tumor cytotoxic responses. The lack of costimulatory
molecules in the tumor microenvironment further leads to anergy in the unmodified T
cell, thus eliminating its ability to produce cytokines and compromising its proliferation
and tumor-killing activities. Lastly, the unmodified T cell tends to tolerate tumor cells.
When formed in the body, T-cell receptors learn to recognize non-self antigens and ignore
self-antigens, so as not to attack healthy host tissue. Unfortunately, most tumors express
self-antigens, escaping immunosurveillance. CARs allow the T-cell to recognize specific
self-antigens expressed by tumor cells, effectively targeting the cancer.

1.5 Conclusion

Notorious as it is on a global scale, cancer proves to be a devastating disease through the
sustained alterations on normal cell biology. With the help of several defined hallmarks,
tumors emerge and progress to dominate organs, spread across the entire body, and resist
as many attempts at treatment as they can. As a result, it is important to continue
to understand the complexities of cancer biology in order to develop safe and effective
therapeutic options for a diverse array of patient profiles. While several therapies have
existed for several centuries, immunotherapy shows promise in recent years, entailing the
pharmaceutical harnessing of innate immune cell functions which may be hindered by
tumor cells. Indeed, various types of immunotherapy, such as ICIs, CAR T-cell therapy,
and many more, prove successful for particular cancer cases with their unique function
allowing for patient-specific treatment regimens.

The following chapter details system biology, the usage of mathematical and com-
putational tools to model and analyze biological systems. Systems biology can serve as a
powerful tool for understanding the dynamics that occur within tumor microenvironments,
taking into account the effects of tumor cells, endogenous immune cells and tissue, as well
as any sort of pharmaceutical intervention that may be applied. Given the complexity and
volume of variables within the human immune system, systems biology provides a safe and
cost-effective alternative to clinical trials as a means for the necessary development and
optimization of targeted or combination therapies. This will inevitably provide valuable
insight regarding personalized therapy, thus improving treatment outcomes for patients
with all sorts of cancer types and individual immune characteristics. Subsequent chapters
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discuss methodology and results of a particular project utilizing a previously established
systems biology network and virtual patient simulations to examine differences between
male and female patients in their response to nivolumab, an anti-PD-1 ICI. Finally, the
thesis concludes with a summary as well as a discussion of future directions regarding the
applications of systems biology to immunotherapy in cancer. Specifically, we will introduce
as a potential future work a mathematical model of cytokine release syndrome resulting
from CAR T-cell therapy and more future directions regarding the applications of systems
biology to immunotherapy in cancer.
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Chapter 2

Systems biology

2.1 Introduction

The human body is made up of many distinct systems that thrive off interactions between
and within one another, allowing for proper function and survival. Systems biology refers
to the study of the complex interactions and characteristics of components within these
systems and has gained traction in biological research since the beginning of the 21st
century [29]. Often defined as an interdisciplinary process, systems biology research often
employs mathematical and computational tools [30] to understand biological networks in
unexplored ways, leading to new discoveries and increased understanding regarding cellular
and molecular behaviour in a variety of contexts.

While several disciplines such as astronomy and economics have utilized systems the-
ory for hundreds of years [31], it was not until the 20th century that it was applied to
biological research. Instead, early biological investigation opted for a mechanistic reduc-
tionist approach stemming from the Cartesian idea that complicated circumstances can be
reduced to more manageable pieces, the analysis of which may be used to reassemble the
whole system via the behaviour of each individual piece [29]. Indeed, early 1900s scientists
understood biological organisms as complex machines with predetermined behaviours uni-
form across an entire species. Naturally, the mechanistic reductionist view had limitations
which ultimately led to scientific objection and a turn towards systems biology methods
as a preferred lens via which to study the natural and human sciences. During the early-
to-mid 1900s, then, several strides have been made to understand biological systems as a
hierarchy of organisation informed by communication and control networks.
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As of now, systems theory has contributed to fascinating progress within several areas
of biology such as molecular biology, ecology, genetics, and many more. This chapter will
provide a general overview of the concepts vital to systems biology as well as integration of
mathematics and data in systems-based methodology. Afterwards, applications to cancer
immunotherapy will be discussed so as to provide satisfactory background information
for subsequent chapters detailing specific implementation of systems biology to better
understand immunotherapy mechanisms in cancer patients.

2.2 Key concepts

Systems biology relies on several integral ideas in order to properly serve as a vehicle
of understanding for biological structures and their behaviours. A general overview of
the concepts of network theory, dynamics and control, and multiscale modeling will be
discussed below so as to supply ample context pertaining to systems biology methodology.

2.2.1 Network theory

Biological systems are studied through the lens of networks in which molecular components
such as cells and proteins are treated as nodes that are linked together directly or indirectly
via their interactions [32]. As such, systems biology utilizes network theory, which provides
a mathematical framework via graph theory. Specifically, a network is a type of graph in
which nodes and links possess individual attributes contributing to the overall behaviour
and function of the system. Various types of graphs, and thus networks, can exist; in
this study, the directed network is of particular interest. A directed network refers to a
network where the links, representing cellular interactions, are represented by arrows in
order to provide directional and type of interaction. Biological systems benefit from a
semantic approach [33] in which different types of arrows are used to indicate directed
relationships such as inhibition, enhancement, and cell killing, all present within a tumor
microenvironment for example. Such semantic links are exemplified in Figure 2.1 These
links may connect nodes to other nodes, or even to other links, indicating in this case
that the presence of a particular node may have consequences on a particular interaction
between two other nodes. Networks may be used to represent signalling or regulation, both
key functions within a biological system.
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Figure 2.1: pd53/HDM-2/p19/14 ARF feedback loop. Note that the arrowheads denote
positive stimulation, whereas the flat bars on the end of the links denote inhibition.

2.2.2 Dynamics and control

Another tenet of systems biology is control theory, an engineering and mathematical disci-
pline that allows for analysis of complex cellular and molecular dynamics via the principles
of regulation and feedback control [34]. Several biological networks involve feedback loops
in which the output of a particular system may affect that same system via amplification
(positive) or inhibition (negative). For example, the p53 regulation of the cell cycle and
apoptosis involves multiple feedback loops [35], one of which is illustrated in Figure 2.1
above. Here, oncogenes such as E2F-1, β-cananin, MYC, and RAS activate p53 via a
positive feedback loop leading to increased p19 or p14 ARF, which in turn inhibits HDM-2
ubiquitin ligase. Since HDM-2 inacivates p53, its inhibition via the feedback loop represents
an indirect promotion of p53 activation [36].

2.2.3 Multiscale modeling

Due to the inherent complexity of biological systems, multiscale modeling is required to
properly encapsulate their functions and behaviours. Such modeling takes into account
the array of temporal and spatial domains over which these systems operate, such as basic
amino acid substitutions and coordinated signalling cascades regulating hormone release
over the entire life of an organism [37]. From the amino acids that make up proteins
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that in turn contribute to cell structure and function, all the way to tissues and organs,
multiscale modeling can examine the hierarchical structures that comprise the human body
[38]. Indeed, while biological systems are not simply the sum of their parts, it is important
to take note of each level within biological organization as well as the interactions between
these levels that contribute to the organism as a whole.

2.3 Mathematical modeling

Mathematical interpretations of biological systems has proven invaluable to furthering the
understanding of dynamics and interactions within networks. With a vast array of methods
and application, mathematical models aid in the prediction of how biological systems may
behave under an endless array of conditions, thus cementing themselves as practical tools
in clinical and scientific work.

2.3.1 Differential equations

Employed in a wide range of contexts and fields, ordinary differential equations are powerful
devices for representing rate of change over time for all kinds of different variables. In
systems biology, biological interactions such as upregulation and inhibition are translated
into rate equations, allowing for modeling of each of the system’s components and thus the
system as a whole. These differential equations are commonly constructed using the law
of mass action, which states: the rate of a chemical reaction is proportional to the product
of the concentrations of the reactants [39]. Thus, for the following reaction

A → B

the rate of the reaction would be α1[A] where [A] is the concentration of A. Similarly, for
the reaction with two reactants rather than one:

X + Y → C

the rate of the reaction would be α2[X][Y ]. Naturally, the same logic applies for cases with
more reactants. In the case of repeated identical reactants, take the example

Z + Z → D

Here, the rate of reaction would be α3[Z]
2. The exponent on each reactant in the rate law

is known as the kinetic order of the reactant within the reaction; here, Z has kinetic order
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2 whereas in the above equations, A,X, and Y all have order 1. A reaction that occurs
without a explicit reactant would be a zero-order reaction, where the rate of the reaction
is constant.

In the above reactions, α1, α2 and α3 are proportionality constants. These constants,
known as rate constants, have dimensions dependent upon the number of reactants that
allow for the rate of reaction itself to be represented in concentration · time −1. Thus, α1

has units time −1, whereas α2 and α3 have units concentration −1 · time −1. For reactions
taking place in inconsistent environments, this rate constant would be replaced by an
effective rate constant, which further depends on any relevant factors that would affect the
reaction rate, such as the concentrations of enzymes for example. Overall, the law of mass
action is based on the idea that the probability that a reaction occurs is proportional to
the probability of the reactants interacting with one another.

Applying this reasoning, differential equations modeling biological systems may take
on a variety of different forms depending on the particular process or interaction they are
meant to represent. For the purposes of this thesis, we will describe the mathematical rep-
resentations of some common cellular functions. In particular, we will centre our discussion
around a cell population a and, in incremental fashion, devise an equation with terms for
each important cell process. Some notes will be made regarding modeling cytokine con-
centrations as they pertain to later chapters.

Proliferation and upregulation

An important part of cell biology is proliferation, the mechanism by which cells inde-
pendently sustain their population. To represent proliferation mathematically, a simple
differential equation suffices. Let a(t) be the population of cell a at time t. We have

d

dt
a(t) = αaa(t) (2.1)

Here, αa > 0 represents the rate at which a proliferates and has units time−1. Note that
cytokines are soluble molecules that do not proliferate and thus rely solely on secretion
from cells. Let i(t) represent the concentration of a cytokine i at time t, and suppose it is
secreted by a, then we have

d

dt
i(t) = αa−ia(t) (2.2)

where αa−i > 0 is the rate at which a cells produce the i cytokine and has the units
concentration · cells−1 · time−1.
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The complex nature of biological systems allow for several other entities, such as other
cells and cytokines, to contribute to the growth of any given cell population. These contri-
butions may not be represented by such simple terms and may employ the Hill function,
for example, to properly capture the dynamics of the upregulation process. Let b(t) be the
population of b at time t where b is a cell within the same system as a that upregulates
the proliferation of a. Then, we have

d

dt
a(t) = αaa(t) + αb−aa(t)

b(t)n

qb + b(t)n
(2.3)

Here, we added the second term to equation 2.1 in order to represent the above-described
upregulation by b on the proliferation of a. The term αb−a > 0 the b-dependent growth rate
of a with units time−1. Another new parameter, qb > 0, would be the half-maximal b cell
population for b-dependent proliferation of a, and often has the unit cells. Finally, n is an
empirical parameter that controls the shape and steepness of the function and is typically
fit to data. The simplest case is n = 1. Upregulation by a cytokine would look quite similar
with parameter units altered appropriately, usually with concentration in place of cells.
An example of upregulation by cytokines include IL12-facilitated proliferation of cytotoxic
T-cells [40]. As for cells, Th1-activated dendritic cells upregulate the differentiation of
naive CD8+ T-cells into cytotoxic T-cells [41], [42].

Decay and inhibition

In order to preserve a state of homeostasis, a cell population must experience natural
death; of course, as discussed in the previous chapter, uncontrolled cell proliferation is a
rather undesirable phenomenon. Cell death can be represented simply via a similar term
as that of proliferation. Adding this term to equation 2.3, we have

d

dt
a(t) = αaa(t) + αb−aa(t)

b(t)

qb + b(t)
− δaa(t) (2.4)

where δa > 0 is the rate at which a cells die with units time−1. This decay rate is related
to the half-life of the cell

δa =
ln 2

half-life

Cytokines also have a natural decay rate that behaves identically.

In addition to upregulation, cell interaction may cause the inhibition of certain cell
processes. To illustrate this, let c be a cell population in the same system as a and b and
let c(t) be the population of c are time t. Suppose that c inhibits the proliferation of a.
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This can be added to equation 2.4 accordingly:

d

dt
a(t) =

(
αaa(t) + αb−aa(t)

b(t)

qb + b(t)

)(
rc

rc + c(t)

)
− δaa(t) (2.5)

Since the equation for the rate of change of a’s population is impacted by two terms for
proliferation, both of these terms are subjected to the inhibitory effects of c. The param-
eter rc is the half-maximal c population for c-dependent inhibition of the proliferation of
a and has the unit cells. If c were a cytokine rather than a cell, then the appropriate unit
would be concentration.

Differentiation

Many cell types undergo differentiation as an important part of their life cycle. Dif-
ferentiation describes the transformation from one cell type into another more specialized
type, often fit with particular functional abilities that serve the system in which it resides.
Suppose that d1 is a cell that differentiates into d2. Let αd1 > 0 and δd1 > 0 be the prolif-
eration and death rates for d1 and let αd2 > 0 and δd2 > 0 be the proliferation and death
rates for d2. Then, let d1 differentiate into d2 at a rate constant of β > 0 with the unit
time−1. Then, letting d1(t) and d2(t) be the respective populations of d1 and d2 at time t,
we have

d

dt
d1(t) = αd1d1(t)− βd1(t)− δd1d1(t) (2.6)

and
d

dt
d2(t) = αd2d2(t) + βd1(t)− δd2d2(t) (2.7)

As demonstrated in equations 2.6 and 2.7 above, the same differentiation term is applied
to both populations in opposite directions, as all differentiating d1 cells will decrease the d1
population and become d2 cells, increasing the d2 population by the same amount. Like any
other process, differentiation may be upregulated or inhibited by other cells or cytokines.

A differential-equations based model may include several cellular and molecular pop-
ulations with equations corresponding to interactions within a network. When paired
with initial conditions and numerical parameters, the model can be solved as a system of
equations, thus providing simulations of cell populations over a period of time.

2.3.2 Stochastic modeling

For smaller biological populations, the deterministic differential equation models fail to ac-
count for random fluctuations that naturally occur in the behaviours of cells and molecules
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[39]. As a result, stochastic modeling may be preferred to describe processes with random
elements in their dynamic progression. Discrete in nature, stochastic methods on their
own often do not track individual components over time, instead focusing on the entire
population [43]. That being said, individual agents may be accounted for in agent-based
modeling combined with a stochastic approach. Spatial homogeneity is also assumed.

2.3.3 Agent-based modeling

Agent-based modeling focuses on multiple agents with autonomy within a system of pre-
defined rules, which may be discrete, continuous, or both [44]. As a result, they serve as
a diverse tool to describe cellular populations, with potential for the implementation of
graphs, neural networks, ordinary differential equations, and/or logical statements. These
models directly target the agents via a bottom-up approach and provide a framework for
complex biological systems via their smaller individual components.

2.4 Data integration and analysis

In order for mathematical models and other systems biology methods to have any practical
bearing in biological and medical research, accurate experimental data must be effectively
integrated into any such study. Indeed, empirical data provides a numerical foundation for
systems biology results to be meaningful and realistic within its particular context. This
section will discuss the various types of data used in systems biology as well as the methods
by which they are implemented.

Omics technologies refer to those that that target data regarding domains in biology
ending in “omics’: genomics, proteomics, metabolics, transcriptomics, and many more
[45]. Including data ranging from gene expression profiling, to global protein analysis,
to metabolite collection and beyond, these techniques provide quantitative insights into
the dynamics and interactions present within biological environments, rendering them
instrumental to systems biology methodology. Often characterized by high-throughput
procedures, omics techonologies offer large amounts of high-quality data boasting several
advantages to traditional technologies, including ease of use, efficiency, and quick results.
However, limitations do exist across the wide range of omics technologies, which may be
alleviated via the usage of multiple types of these technologies to gather data from mul-
tiple sources [46]. Ultimately, omics technologies combined with systems biology supply
a holistic approach to biological studies, solidifying a comprehensive appreciation of the
mechanisms and functions under review.
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Understanding omics is vital for data integration, which refers to the analysis of all
omics layers in a biological system. Specifically, multiple data sets from various omics
technologies are gathered and collectively examined in order to build a joint model captur-
ing all datasets simultaneously [47]. These models use networks, as described in Section
2.2.1, to represent each omics level. Such organization is illustrated in Figure 2.2. Biolog-
ical networks comprise of three main classes: molecular interaction networks, which focus
on physical bonds among proteins and drugs, as well as reaction catalysis among enzymes;
functional association networks include genetic interactions and associations between genes
and diseases; and finally, functional and structural similarity networks regard hierarchical
relations and similarities in expression, structure, protein sequence, and side effects of
genes, proteins, and drugs. Models can further be divided based on the type of data they
integrate: homogeneous integration methods consist of one type of node (for example, just
proteins) linked in a variety of ways between several networks. Heterogeneous integration,
which, in line with many biological data, consists of several types of nodes linked by a wide
variety of interactions.

Several methods exist in order to integrate either homogeneous or heterogeneous data.
Early data integration refers to the combination of multiple datasets into one onto which
the model is built. Late data integration builds models for each data set which are then
amalgamated into one model for the entire system. Lastly, intermediate data integration
provides a increased accuracy of model prediction by combining data from the results of a
joint model [47]. Despite risking information loss and reduced performance, the first two
methods may be superior in certain circumstances [48].

Systems biology often employs statistical methods to analyze biological data resulting
in meaningful contributions to the overall scientific understanding of relevant systems. For
instance, clustering methods are often beneficial for the identifications of genes and in-
teractions that are responsible for particular biological phenomena [49]. Hierarchical and
k-means clustering are the most popular clustering methods due to computational simplic-
ity, although they are vulnerable to artificial separation. Dimension reduction techniques
such as principal component analysis may also be used to form pattern-based clusters.
There are also several tools available for the analysis of pathways and networks, allowing
for the grouping of biomarkers into pathways and reducing the complexity of the system.
These tools rely on enrichment analyses and pathway summary statistics to identify active
pathways along with important insights into their mechanisms. Enrichment analysis often
involves the identification of statistically significant differences in gene expression between
different conditions regarding, for example, health or treatment status, aiming to uncover
dynamics such as those related to drug response [50]. This is aided by gene ontology anal-
ysis, which makes use of a knowledgebase dedicated to unifying all gene and gene product
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Figure 2.2: A model of cellular information layers gathered from omics data.

attributes [51]. Statistical analysis of the high-throughput data used in these networks via
network inference techniques allows for the structure of the network itself to be examined.
This process is unfortunately not straightforward and relies on the acquisition of several
temporal data, which is frequently not collected for such experiments.

2.5 Applications to cancer immunotherapy

Among the everlasting efforts to develop and improve cancer treatments, systems biol-
ogy provides valuable insight to help inform clinical decisions. The complexities of the
immune system and its interactions with tumor microenvironments have been well repre-
sented through mathematical and computational means; the additional modelling of drug
dynamics allows for efficient examination of therapeutic effects in particular patients and
in-silico experimentation with differing treatment dosage plans. These applications of sys-
tems biology allow for future improvements in personalized therapy and safety for patients
receiving immunotherapy.
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2.5.1 Tumor microenvironment

The tumor microenvironment comprises several interactions and feedback loops involving
cytokines, hormones, enzymes, growth factors, and other molecules secreted and upregu-
lated by tumor cells [52]. Systems biology approaches effectively allow for proper analysis
of the heterogeneity and dynamic inconsistency within the microenvironment which may
be otherwise difficult to capture precisely with laboratory techniques. The more is under-
stood regarding the tumor microenvironment, the further the effects of treatment can be
studied in order to create optimal therapeutic options.

2.5.2 Immunotherapy mechanisms

Since immunotherapy exploits the functions of immune cells to combat tumors, several
complex interactions take place during its administration. Systems biology methods have
been used for decades now to aid in drug discovery and development by studying these
interactions [53]. For instance, omics platforms and data integration have been fruitful
in efforts to isolate and characterize tumor antigens which may serve as targets for any
potential immunotherapies. Examples include CD19, a tissue-specific antigen on B-cells,
which is targeted by some CAR T-cell therapies. These procedures have also aided in
increasing understanding of the molecular pathways associated with immune surveillance
of tumors, providing insight into the mechanisms which may be employed by a drug in
order to effectively eliminate its target.

2.5.3 Personalized therapy

An unfortunate obstacle to the development of safe, functional treatments is the innate
diversity among human immune systems. That is, what could cure one patient may just
kill another. In addition to providing general knowledge of tumor-immune interactions to
develop immunotherapies, systems biology methods have also lent a hand to the study
of precision medicine, which provides treatment plans based on individual patient factors
[54]. Using omics technologies, tumor gene-expression profiling has aided in the discovery
of particular biomarkers which can serve as predictive tools regarding a patient’s response
to a certain drug, thus informing an appropriate patient-specific treatment plan. Other
diagnostic markers such as peripheral whole blood or PBMC profiles may serve the same
purpose. This predictive knowledge can be incorporated into mathematical models in or-
der to run in-silico simulations of treatment regimens, providing a cost-effective alternative
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to clinical trials without risking the health of clinical trial subjects. Ultimately, systems
biology has promising potential to contribute to the development of personalized thera-
peutic interventions fit to each individual’s immune system, improving overall survival for
all patients.

2.6 Conclusions

The study of biology has experienced much reform over the past few centuries. The integra-
tion of mathematical, engineering, and computational approaches has helped broaden the
understanding of biological mechanisms with endless applications in health and medicine.
Built upon network theory and dynamics, systems biology has provided important tools
combined with high-throughput data to further the study of what goes on in biologi-
cal organisms. With notable involvement in the advancement of cancer immunotherapy,
systems biology method and omics techniques have yielded much understanding of the
immune interactions within the tumor microenvironment, thus assisting the development
of immunotherapies and especially personalized treatment plans. For example, a three-
compartment systems biology model of CAR T-cell immunotherapy was able to simulate
various dosage amounts and schedules, thus allowing for insight into how this drug may be
administered so as to most effectively treat cancer [55].

Subsequent chapters will focus on a particular project employing a systems biology
model to elucidate sex differences in response to the immune checkpoint inhibitor nivolumab.
Methods and results will be discussed along with the structure of the model. Following
this, the thesis will be concluded with a final discussion and an overview of future directions
regarding systems biology methods within the context of cancer immunotherapy.
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Chapter 3

Supplementary information for next
chapter

The next chapter of this thesis discusses a project using a systems biology model from
prior work [56], [57] to gauge sex differences in regards to the administration of nivolumab,
an immune checkpoint inhibitor (ICI), as well as recombinant IL12 combination therapy.
Before going into the details regarding the methodology and results of this project, we will
first provide in-depth information regarding the equations and parameters that inform this
model. The network as a whole will be discussed in the following chapter.

3.1 Equations

3.1.1 Modeling nivolumab administration

In order to capture the dynamics of nivolumab treatment within a patient’s immune sys-
tem, several equations were created with the aim of capturing tumoral response in an
ex vivo experimental setup. With a system of 15 coupled ordinary differential equations
mathematically describing nivolumab administration and another 5 pertaining specifically
to recombinant IL12 dynamics, a system is built comprising of immunotherapy drugs, can-
cer cells, and immune cells. Immune cell proliferation in these equations is assumed to
represent mitosis, with both proliferation and death rates proporitonal to the population
of the respective cellular species.
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1. Time evolution of naive helper (CD4+) T-cell population:

dTN4

dt
= n4TN4 −

(
d1−12TN4

[IL− 12]

qdIL12 + [IL− 12]

+ d1−IFNTN4
[IFNγ]

qIFN−1 + [IFNγ]

)(
s1

s1 + [PD − 1 : PD − L1]

)
−

(
d2TN4

[IL− 4]

qdIL4 + [IL− 4]

)(
s2

s2 + [PD − 1 : PD − L1]

) (3.1)

Net proliferation of TN4 cells is illustrated by the first term, in line with the discussion
of differential equation representations of cellular processes in the preceding chapter.
The second term describes the differentiation of TN4 cells into Th1 cells in the presence
of IL-12 [58], while the third term described the same process in the presence of IFNγ
[59]. These differentiation processes are inhibited by the PD-1:PD-L1 complex [60]–
[62], as indicated by the multiplicative factor applied to terms 2 and 3. The fourth
and final term describes the differentiation of TN4 cells into Th2 cells in the presence
of IL-4 [58], [59], which is also inhibited by the PD-1:PD-L1 complex [60]–[62].

2. Time evolution of type 1 helper T-cell population:

dTh1

dt
= n1Th1 +

(
d1−12TN4

[IL− 12]

qdIL12 + [IL− 12]
+

d1−IFNTN4
[IFNγ]

qIFN−1 + [IFNγ]

)(
s1

s1 + [PD − 1 : PD − L1]

) (3.2)

The first term describes the net proliferation of Th1 cells. The remaining terms,
similarly to terms 2 and 3 in Equation (3.1) describe the increase in the Th1 cell
population due to the differentiation of TN4 cells into Th1 cells in the presence of
IL-12 [58] (term 2) and IFNγ [59] (term 3), which is inhibited by the PD-1:PD-L1
complex [60]–[62].

3. Time evolution of type 2 helper T-cell population:

dTh2

dt
=

(
g2Th2 + g2−4Th2

[IL− 4]

qgIL4 + [IL− 4]

)(
rIFN

rIFN + [IFNγ]

)
+

(
d2TN4

[IL− 4]

qdIL4 + [IL− 4]

)(
s2

s2 + [PD − 1 : PD − L1]

)
− δ2Th2 (3.3)

The first term describes the proliferation of Th2 cells, with the second term denoting
upregulation by IL-4 [58], [59]. This proliferation is also inhibited by IFNγ [63] as
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seen by the inhibition factor that is applied to the first two terms. The third term
describes the increase in Th2 population resulting from the differentiation of TN4 cells
into Th2 cells in the presence of IL-4 [58], [59], which is inhibited by the PD-1:PD-L1
[60]–[62] complex. The final term describes naturally occurring death of the Th2

cells.

4. Time evolution of naive cytotoxic (CD8+) T-cell population:

dTN8

dt
= n8TN8 − dcTN8

(
Th1

q1 + Th1

)(
sC

sC + [PD − 1 : PD − L1]

)
(3.4)

The first term describes the net proliferation of TN8 cells. The second term describes
the process of TN8 cells differentiating into Tc cells, as motivated by the company of
Th1 cells[41], [42]. This is also inhibited by the PD-1:PD-L1 complex [60]–[62].

5. Time evolution of cytotoxic (CD8+) T-cell population:

dTc

dt
= ncTc + gc−12Tc

[IL− 12]

qgIL12 + [IL− 12]
+ dcTN8

(
Th1

q1 + Th1

)(
sc

sc + [PD − 1 : PD − L1]

)
(3.5)

The first term describes the net proliferation of Tc cells. This process is upregu-
lated by IL-12 [40], as demonstrated by the second term. The third term describes
the increase in the Tc cell population that occurs when the TN8 cells differentiate
into Tc cells, which in turn happens in the presence of Th1-activated dendritic cells
(DCs )[41], [42]. Finally, this differentiation process is inhibited by the PD-1:PD-L1
complex [60]–[62].

6. Time evolution of cancer cell population:

dC

dt
= nCanC − kcCTc (3.6)

The first term describes the net proliferation of cancer cells. The second term de-
scribes the killing of cancer cells by Tc cells, which can occur via mechanisms such
as granzyme/perforin-induced apoptosis [60], [64].

7. Time evolution of IFNγ concentration:

d[IFNγ]

dt
= p1−IFNTh1

(
rIL4

rIL4 + [IL− 4]

)(
rIL6

rIL6 + [IL− 6]

)
+ pc−IFNTc − δIFN [IFNγ]

(3.7)
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The first term describes the secretion of IFNγ by Th1 cells [58], [59], [63], which is
inhibited by IL-4 [65] and IL-6 [59]. The second term describes the secretion of IFNγ
by Tc cells [60], and the third term describes the natural decay of IFNγ.

8. Time evolution of IL-4 concentration:

d[IL− 4]

dt
= p2−4Th2 + p2−4−6Th2

(
[IL− 6]

qIL6 + [IL− 6]

)
− δIL4[IL− 4] (3.8)

The first term describes the IL-4 secreted by Th2 cells [58], [59], [63]. The second
term describes the additional secretion of IL-4 by Th2 cells in the company of IL-6
[59], [66]. The third term describes the natural decay of IL-4.

9. Time evolution of IL-6 concentration:

d[IL− 6]

dt
= p2−6Th2 + pCan−6C − δIL6[IL− 6] (3.9)

The first term describes the secretion of IL-6 by Th2 cells [63]. The second term
describes the production of IL-6 by ntigen presenting cells,[59], [67] which is assumed
to be directly proportional to the number of cancer cells (term 2). The third term
describes the natural decay of IL-6.

10. Time evolution of IL-12 concentration:

d[IL− 12]

dt
= pCan−12C + p1−12Th1 − δIL12[IL− 12] (3.10)

The first term describes the production of IL-12 by DCs, which is also assumed to be
directly proportional to the number of cancer cells [67]. The second term describes
the further production of IL-12 by Th1-activated DCs [68]. The third term describes
the natural decay of IL-12.

11. PD-1 concentration and its time evolution:

[PD − 1] = ρ

(
Th1 + Th2 + Tc

)
(3.11)

d[PD − 1]

dt
= ρ

(
dTh1

dt
+

dTh2

dt
+

dTc

dt

)
− β+[PD − 1][PD − L1] + β−[PD − 1 : PD − L1]

− α+[PD − 1][A] + α−[A : PD − 1] (3.12)
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All activated T-cells, i.e. Th1, Th2, and Tc, express PD-1 [60], [62], so the total
concentration of PD-1 is proportional to the sum of the T-cell populations, as in-
dicated by Equation (3.11). For simplification purposes, we assume that the same
amount of PD-1 is expressed evenly on all types of T-cells, thus allowing for equal
proportionality constants for each T-cell population.

Equation (3.12) describes the time evolution of PD-1. The first three terms describe
the change in the PD-1 levels due to changing Th1, Th2, and Tc populations, re-
spectively. The fourth term describes the binding of PD-1 to PD-L1 to form the
PD-1:PD-L1 complex, while the fifth term describes the dissociation of this complex
[60]. Similarly,the fifth term described the binding of PD-1 to Nivolumab and the
sixth term describes its dissociation [62].

12. PD-L1 concentration and its time evolution:

[PD − L1] = λ

(
Th1 + Th2 + Tc + C

)
+ λCan−IFNC

(
[IFNγ]

qIFN−PDL1 + [IFNγ]

)
(3.13)

d[PD − L1]

dt
= λ

(
dTh1

dt
+

dTh2

dt
+

dTc

dt
+

dC

dt

)
+ λCan−IFN

dC

dt

(
[IFNγ]

qIFN−PDL1 + [IFNγ]

)
− β+[PD − 1][PD − L1] + β−[PD − 1 : PD − L1] (3.14)

Like PD-1, PD-L1 is also expressed on all activated T cells, i.e. Th1, Th2, Tc [60],
[61]. It is also expressed on cancer cells [60]–[62], leaving the total concentration of
PD-L1 proportional, in part, to the sum of the T-cell and cancer cell populations, as
indicated by the first four terms in Equation (3.13). We make the same simplifying
assumption as before that the PD-L1 expression is evenly distributed across all types
of cells. Furthermore, the expression of PD-L1 by cancer cells specifically experiences
upregulation by IFNγ [60]–[62], which is illustrated by a factor on the fifth term in
Equation (3.13).

The time evolution of PD-L1 is described by Equation (3.14).As such, the first five
terms describe the change in PD-L1 levels that occur due to changing T-cell and
cancer cell populations, owing to the aforementioned proportionality. We simplify the
model by assuming that the proteins reach their steady state values instantaneously
with respect to the time scale of the changes in cell populations (i.e. the cell division

rate) so that d[IFNγ]
dt

≈ 0. The seventh term describes the binding of PD-1 to PD-L1,
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while the dissociation of the resulting PD-1:PD-L1 complex [60] is described by the
seventh term.

13. Time evolution of PD-1:PD-L1 complex concentration:

d[PD − 1 : PD − L1]

dt
= β+[PD − 1][PD − L1]− β−[PD − 1 : PD − L1] (3.15)

The first term describes the formation of the PD-1:PD-L1 complex via the binding
of PD-1 to PD-L1, and the second term describes the dissociation of this complex
[60].

14. Time evolution of free Nivolumab concentration:

d[A]

dt
= Ã(t)− α+[A][PD − 1] + α−[A : PD − 1]− δA[A] (3.16)

The first term describes the administration of Nivolumab into the system, which
can be time-dependent in certain treatment schedules. The second term describes
the binding of PD-1 to Nivolumab, thus forming the Nivolumab:PD-1 complex, and
the third term describes the dissociation of this complex [62]. We assume that the
dissociation constant Kα ≡ α−/α+ ≪ Kβ ≡ β−/β+ so that Nivolumab has a higher
binding affinity for PD-1 than that of PD-L1, allowing the drug to displace PD-L1
from the PD-1:PD-L1 complex, dismantling it. In simulations, we assume that the
rate of association of PD-1 is equivalent for Nivolumab and PD-L1, i.e. α+ = β+,
which ends up removing a kinetic parameter from the system, as will be seen in
the next section. The fourth term in the equation describes the natural decay of
Nivolumab.

15. Time evolution of Nivolumab:PD-1 complex concentration:

d[A : PD − 1]

dt
= α+[A][PD − 1]− α−[A : PD − 1] (3.17)

The first term describes the binding of Nivolumab with PD-1 to form the Nivolumab:PD-
1 complex, and the second term describes its dissociation [62].

3.1.2 Modeling recombinant IL12 administration

Logically, the administration of recombinant IL-12 should ideally increase the total IL-12
concentration in the system, directly affecting the time evolution of the populations of
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naive helper (CD4+) T-cells, type 1 helper T-cells, and CD8+ cytotoxic T-cells. These
effects are described by the following five equations. All other equations remain identical
to those presented above in the preceding section.

1. We assume that the initial recombinant IL-12 dose experiences natural decay. Hence,
the time evolution of recombinant IL-12, [R− IL12], may be described by:

d[R− IL12]

dt
= −δR−IL12[R− IL12], (3.18)

where the decay rate is taken to correspond to a drug half-life of 30 hours [69].

2. We then define the total IL-12 concentration, [T − IL12], as:

[T − IL12] = [R− IL12] + [IL− 12], (3.19)

where the time evolution of [IL− 12] is given in Equation 3.10 of Section 3.1.

Then all instances of IL-12 concentration in the equations for the naive helper (CD4+)
T-cells, type 1 helper T-cells, and CD8+ cytotoxic T-cells are replaced by the total
IL-12 concentration, resulting in the following equations:

3. Time evolution of naive helper (CD4+) T-cell population:

dTN4

dt
= n4TN4 −

(
d1−12TN4

[T − IL12]

qdIL12 + [T − IL12]
(3.20)

+ d1−IFNTN4
[IFNγ]

qIFN−1 + [IFNγ]

)(
s1

s1 + [PD − 1 : PD − L1]

)
−

(
d2TN4

[IL− 4]

qdIL4 + [IL− 4]

)(
s2

s2 + [PD − 1 : PD − L1]

)
(3.21)

4. Time evolution of type 1 helper T-cell population:

dTh1

dt
= n1Th1 +

(
d1−12TN4

[T − IL12]

qdIL12
(3.22)

+ [T − IL12] + d1−IFNTN4
[IFNγ]

qIFN−1 + [IFNγ]

)(
s1

s1 + [PD − 1 : PD − L1]

)
(3.23)
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5. Time evolution of cytotoxic (CD8+) T-cell population:

dTc

dt
= ncTc + gc−12Tc

[T − IL12]

qgIL12 + [T − IL12]
+ dcTN8

(
Th1

q1 + Th1

)(
sc

sc + [PD − 1 : PD − L1]

)
.

(3.24)

3.2 Parameters

As shown in the previously displayed equations, this mathematical model relies on several
parameters. We provide a description for each of the 47 relevant kinetic parameters in the
following table.

Table 3.1: Description of the kinetic parameters in the mathematical model

Name Description

n4 Net proliferation rate of TN4 cells

n8 Net proliferation rate of TN8 cells

n1 Net proliferation rate of Th1 cells

nc IL12-independent net proliferation rate of Tc cells

nCan Net proliferation rate of cancer cells

g2 IL4-independent growth rate of Th2 cells

g2−4 IL4-dependent growth rate of Th2 cells

gc−12 IL12-dependent growth rate of Tc cells

δ2 Death rate of Th2 cells

d1−IFN IFNγ-dependent differentiation rate of TN4 cells into Th1 cells

d1−12 IL12-dependent differentiation rate of TN4 cells into Th1 cells

d2 IL4-dependent differentiation rate of TN4 cells into Th2 cells

dc Rate of differentiation of TN8 cells into Tc cells
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kc Rate of cancer cell killing by Tc cells

p1−IFN Rate of production of IFNγ by Th1 cells

p2−4−6 IL6-dependent production of IL-4 by Th2 cells

pCan−6 Rate of production of IL-6 by antigen presenting cells (assumed proportional to
the number of cancer cells)

pCan−12 Rate of production of IL-12 by DCs (assumed proportional to the number of
cancer cells)

δIFN Decay rate of IFNγ

δIL4 Decay rate of IL-4

δIL6 Decay rate of IL-6

δIL12 Decay rate of IL-12

δA Decay rate of Nivolumab

q1 Half-maximal Th1 cell population for TN8 differentiation into Tc cells

qIFN−1 Half-maximal IFNγ concentration for IFNγ-dependent differentiation of TN4 cells
into Th1 cells

qIFN−PDL1 Half-maximal IFNγ concentration for IFNγ-dependent PD-L1 expression by can-
cer cells

qgIL4 Half-maximal IL-4 concentration for IL4-dependent proliferation of Th2 cell

qdIL4 Half-maximal IL-4 concentration for IL4-dependent differentiation of TN4 cells
into Th2 cells

qIL6 Half-maximal IL-6 concentration for IL6-dependent production of IL-4 by Th2

cells

qdIL12 Half-maximal IL-12 concentration for IL12-dependent differentiation of TN4 cells
into Th1 cells

qgIL12 Half-maximal IL-12 concentration for IL12-dependent proliferation of Tc cells

rIFN Half-maximal IFNγ concentration for IFNγ-dependent inhibition of Th2 prolifer-
ation
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rIL4 Half-maximal IL-4 concentration for IL4-dependent inhibition of IFNγ production
by Th1 cell

rIL6 Half-maximal IL-6 concentration for IL6-dependent inhibition of IFNγ production
by Th1 cells

ρ Per-cell expression level of PD-1

λ Per-cell expression level of PD-L1

λCan−IFN IFNγ-dependent PD-L1 expression per cancer cell

β+ Rate of association of PD-1 and PD-L1

β− Rate of dissociation of PD-1:PD-L1 complex

α− Rate of dissociation of Nivolumab:PD-1 complex

s1 Half-maximal PD-1:PD-L1 concentration for inhibition of TN4 differentiation into
Th1 cells

s2 Half-maximal PD-1:PD-L1 concentration for inhibition of TN4 differentiation into
Th2 cell

sc Half-maximal PD-1:PD-L1 concentration for inhibition of TN8 differentiation into
Tc cells

p1−12 Rate of IL-12 production by Th1 cells

p2−4 Rate of IL6-independent production of IL-4 by Th2 cells

p2−6 Rate of IL-6 production by Th2 cells

pc−IFN Rate of IFNγ production by Tc cells

We display the numerical values of the parameters and initial conditions for protein
levels and relative T-cell populations in the following Table 3.2. Average patient data
is represented by the “Nominal value” column and the parameter units can be seen in
the “Units” column. Note that the unit “min” denotes a timescale of minutes in an
abbreviated form. We also present ranges in the “Range” column for each parameter with
the purpose of searching the parameter space with Matlab’s genetic algorithm to match
the average patient data. For protein levels and T-cell fractions, the ranges were set by
the minimum and maximum experimentally measured values from all patient data. All of
these ranges were used during global sensitivity analysis. Additionally, these ranges were
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used to simulate virtual patient data for male populations subjected to a 3-day nivolumab
treatment schedule. Note that female populations were generated with some of these ranges
altered by applying random factors to each end of the range; this is further explained in the
following chapter. When using the genetic algorithm to match the average patient data,
the T-cell fractions were set to the average of all patients without treatment while protein
levels were sampled from a range set within one standard deviation of the average value.

Table 3.2: Values and ranges of the kinetic parameters, initial protein levels, and initial
T-cell populations used for virtual patient simulation and local/global sensitivity analysis

Parameter Nominal value Range Units Reference

n4 2.9× 10−2 ln(2)/20− ln(2) day−1 estimated
from [63],
[65]

n8 8.2× 10−3 ln(2)/20− ln(2) day−1 estimated
from [63],
[65]

n1 7.7× 10−3 ln(2)/20− ln(2) day−1 estimated
from [63],
[65]

nc 8.3× 10−3 ln(2)/20− ln(2) day−1 estimated
from [63],
[65]

nCan 6.9× 10−2 ln(2)/100− ln(2)/5 day−1 estimated

g2 3.7× 10−2 ln(2)/20− ln(2) day−1 estimated
from [63],
[65]

g2−4 3.9× 10−2 ln(2)/20− ln(2) day−1 estimated
from [63],
[65]

gc−12 3.8× 10−2 ln(2)/20− ln(2) day−1 estimated
from [63],
[65]
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δ2 1.2× 10−2 ln(2)/60− ln(2)/7 day−1 estimated
from [63],
[65]

d1−IFN 7.4× 10−2 ln(2)/20− ln(2) day−1 estimated
from [70]

d1−12 7.4× 10−2 ln(2)/20− ln(2) day−1 estimated
from [70]

d2 3.6× 10−2 ln(2)/20− ln(2) day−1 estimated
from [70]

dc 3.7× 10−2 ln(2)/20− ln(2) day−1 estimated
from [70]

kc 3.6× 10−4 10−8 − 10−2 Tc cell
−1· day−1 estimated

p1−IFN 8.9× 10−4 6.5× 10−4 − 1.7× 10−2 pg/mL

Th1 cell · day
estimated

p2−4−6 3.9× 10−4 1.4× 10−7 − 1.4× 10−2 pg/mL

Th2 cell · day
estimated

pCan−6 8.9× 10−3 7.2× 10−3 − 7.2× 10−1 pg/mL

cancer cell · day
estimated

pCan−12 1.3× 10−6 8.3× 10−7 − 9.7× 10−6 pg/mL

cancer cell · day
estimated
from [71]

δIFN 7.0× 10−4 ln(2)/1000− ln(2)/60 min−1 estimated
from [65]

δIL4 7.7× 10−4 ln(2)/1000− ln(2)/60 min−1 estimated
from [65]

δIL6 7.0× 10−4 ln(2)/1000− ln(2)/60 min−1 estimated
from [65]

δIL12 4.8× 10−4 ln(2)/1440− ln(2)/600 min−1 estimated
from [71]

δA 4.7× 10−2 ln(2)/15− ln(2)/10 day−1 estimated
from [71]

q1 1.7× 102 1− 105 Th1 cells estimated
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qIFN−1 8.6× 10−1 10−3 − 102 [IFNγ] (pg/mL) estimated

qIFN−PDL1 4.1× 10−1 10−3 − 102 [IFNγ] (pg/mL) estimated

qgIL4 1.8 10−3 − 103 [IL− 4] (pg/mL) estimated

qdIL4 2.4× 10−2 10−3 − 103 [IL− 4] (pg/mL) estimated

qIL6 1.5× 102 102 − 104 [IL− 6] (pg/mL) estimated

qdIL12 5.0× 10−2 10−3 − 102 [IL− 12] (pg/mL) estimated

qgIL12 2.0 10−3 − 102 [IL− 12] (pg/mL) estimated

rIFN 2.0× 10−1 10−3 − 102 [IFNγ] (pg/mL) estimated

rIL4 3.3 10−1 − 103 [IL− 4] (pg/mL) estimated

rIL6 1.6× 102 102 − 104 [IL− 6] (pg/mL) estimated

ρ 7.7× 10−2 10−6 − 101 (pg/mL)/T-cell estimated
from [71]

λ 1.0× 101 10−6 − 101 (pg/mL)/cell estimated
from [71]

λCan−IFN 9.1× 10−4 10−10 − 10−1 (pg/mL)/cancer cell estimated
from [71]

β+ 9.8× 10−4 1.4× 10−4 − 1.4× 10−1
(
(pg/mL) · day

)−1
estimated

β− 2.5 1.4− 1.4× 102 day−1 estimated

α− 1.5× 10−3 1.4× 10−3 − 1.4× 10−1
(
(pg/mL) · day

)−1
estimated

s1 4.5× 10−3 10−3 − 105
[PD − 1 : PD − L1]

(pg/mL)
estimated

s2 9.6× 10−1 10−3 − 105
[PD − 1 : PD − L1]

(pg/mL)
estimated

sc 2.2 10−3 − 105
[PD − 1 : PD − L1]

(pg/mL)
estimated

p1−12 2.4× 10−2 see text
pg/mL

Th2 cell · day
–

p2−4 3.1× 10−3 see text
pg/mL

Th2 cell · day
–
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p2−6 3.9× 101 see text
pg/mL

Tc cell · day
–

pc−IFN 3.8× 10−5 see text
pg/mL

Tc cell · day
–

Protein Nominal value Range Units Reference

IFNγ 0.38 0.18 − 482.31 pg/mL patient data

IL-12 1.76 1.82 − 11.44 pg/mL patient data

IL-6 7626.67 149.15 − 35884.0 pg/mL patient data

IL-4 0.62 0.10 − 61.37 pg/mL patient data

Cell fraction Nominal value Range Units Reference

Cancer fraction 0.30 0.1 − 0.9* – estimated

TN8 fraction 0.65 0.21−0.97 – patient data

Tc fraction 0.10 0.0−0.59 – patient data

CD4+ fraction 0.25 0.01−0.69** – patient data

Th1 fraction 2.0× 10−3 0 − 0.99 – estimated

Th2 fraction 7.9× 10−3 0 − 0.99*** – estimated

*We assume that the tumor consists of a population of cancer cells and a population of
immune cells. Then, corresponding to the nominal values given in Table 3, 81% of the
tumor is cancer cells and the remaining 19% is the total immune cell population.
**The total immune cell population consists of naive CD8+ T-cells (TN8), CD8+ cytotoxic
T-cells (Tc), and a population of CD4+ cells, so we always impose the constraint (TN8
fraction + Tc fraction + CD4+ fraction) = 1.
***The CD4+ fraction is further subdivided, being comprised of naive helper CD4+ T-
cells (TN4), type 1 helper T-cells (Th1) and type 2 helper T-cells (Th2. As a result, impose
the constraint (Th1 fraction + Th2 fraction + TN4 fraction) = 1 at all times.

Parameters 44-47 do not have a specified range as they were calculated at the begin-
ning of each simulation under the assumption of initial steady state protein levels (Equa-
tions (3.7)-(3.10)) using the initial T-cell population values, along with the constraint that
all parameters are non-negative. Thus for local and global sensitivity analysis, it was
necessary to re-calculate parameters 44-47 for each simulation.

39



In order to ensure Nivolumab’s increased binding affinity for PD-1 compared to that of
PD-L1, we imposed the additional constraint stating that parameter 40 < 0.1 parameter
39 for each simulation.

Furthermore, we note that the PD-1 and PD-L1 concentrations were initialized for
each simulation according to Equations (3.11) and (3.13), respectively, with the initial cell
populations and relevant protein level. In an initial analysis, we used an increased upper
bound for the net proliferation rate of cancer cells, parameter 5. This occasionally resulted
in nonphysical growth of the cancer population over the three day treatment window in
cases of non-response. When this happened, the model output was most sensitive to
parameters controlling the CD8+ cytotoxic T-cell population and its efficiency at killing
the cancer cells. Important notes regarding fraction parameters are situated below the
table.
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Chapter 4

Sex-related differences in the immune
system drive differential responses to
anti-PD-1 immunotherapy

4.1 Introduction

Immune checkpoint inhibitors (ICIs) have been a promising avenue for cancer immunother-
apy in the last few decades. Designed with high affinity for specific membrane-bound re-
ceptors, such as PD-1, PDL-1, or CTLA-4 [72], such antibodies block mechanisms that
enable cancer cells to evade the anti-tumor activity of T-cells, which in principle, enables
the immune system to recognize and kill the malignant cells. Similar to other immunother-
apies, the clinical success of ICIs varies greatly among patients and is unpredictable [73],
[74], which reflects the impact of patient-specific variability in immune response on treat-
ment success. Immunotherapies targeting the PD-1/PDL-1 pathway have surpassed the
10% response rate ceiling typically associated with other immunotherapies [75], though
they are subject to limitations imposed by a patient’s specific immune system and tumor
microenvironment. Consequently, it is imperative to investigate how variability in the
immune system can influence treatment response to better predict therapeutic outcomes
for the average patient and to develop strategies for identifying which patients are good
candidates for immunotherapy.

Pre-clinical studies and clinical trials using live human subjects are crucial for the
development and refinement of dosing regimens for pharmaceutical interventions. However,
they are expensive and time consuming to conduct, and they do not necessarily provide
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insight into the range of responses that can be exhibited due to patient-specific variability.
Systems biology is a cost-effective approach that enables the integration of experimental
data with computational and mathematical modeling, allowing for in-depth analysis of the
complex interactions that can drive variability in a biological system and lead to differences
in treatment response. This is particularly important for the study of how variability in the
immune system can affect response to anti-tumor therapies, given the complexity of the
immune system resulting from both positive and negative feedback loops between different
cell subtypes and signaling molecules.

One major variable in anticancer immunity is sex hormones [76], which exert regulatory
effects on both the cancer and immune cell populations [77]. Indeed, sex hormone receptors
are over-expressed in many different cancer types, leading to the misregulation of several
pathways related to growth and development. In breast tissue, for example, sex steroids
sustain the stem cell population (in normal and malignant cells) [78] and they play a key role
in the epithelial-mesenchymal transition (EMT) that leads to metastasis and invasion [79].
While the data is limited, it points to estrogen receptor β (ERβ) and progesterone receptor
(PR) isoforms as the key drivers of these effects, while the role of androgen receptors (AR)
remains uncertain [78]. In contrast, in prostate cancer, it is generally accepted that tumor
growth is promoted by AR and inhibited by ERβ, though emerging data suggests that
ERβ may have dual effects [80]. In immune cells, estrogen induces Th2 response and T-
cell homing, while androgens, such as testosterone, augment the Th1 response and the
activation of CD8+ T-cells, leading to increased production of anti-inflammatory cytokine
IL-10 [81]. In our previous work [56], [57], we found significant sex-related differences in
patient-derived distributions of cytokine levels and immune cell populations, under both
treatment and control conditions. Given the breadth and complexity of these differential
regulatory effects, systems biology provides the optimal approach to study how sex-related
differences in the immune system drive response dynamics for cancer immunotherapy.

Here we extend our previously-developed systems biology model for anti-PD1 im-
munotherapy [56], [57], to examine how sex-specific differences in the immune system
contribute to variability in the response to treatment. Model simulations are consistent
with previous clinical results[82], [83], which showed that, on average, biological male
cancer patients experience more favourable outcomes than female patients in response to
anti-PD1 immunotherapy. Indeed, due to known basal immune variations between sexes
[84] as well as historical exclusion of females from clinical trials [85], it is unsurprising that
therapies developed with the male immune system in mind appear to prove less effective
in the female population. Thus, results from this in-silico study strengthen the demand
for research into the particular immune characteristics that influence the treatment re-
sponse gap between males and females, which can further inform systems biology-based
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and clinical studies aiming to rectify it.

This chapter is outlined as follows. In Section 4.2.1, we describe the development of the
mathematical model and simulated treatment protocols for both anti-PD-1 immunotherapy
alone and in combination with recombinant IL12. We detail the integration of established
immune cell interactions with ex-vivo data sampled from a cohort of patients with head
and neck squamous cell carcinoma. To this end, we first outline the literature review that
was conducted to understand the known differences in the immune system between males
and females. Then, in Section 4.2.2 we describe how these differences were incorporated
into the mathematical model by changing key model parameters. We further describe how
parameter sets representing “male” and “female” virtual patients were generated via Latin
hypercube sampling. Afterwards, we provide greater detail for the simulation of combina-
tion therapy with recombinant IL12 in Section 4.2.3. Following simulations of anti-PD-1
immunotherapy, sex differences among the patient populations in the basal immune system
are discussed in Section 4.3.1 and in Section 4.3.2, we assess the efficacy of the treatment as
the percentage of the virtual populations that responded favorably to treatment for both
male and female virtual populations. In Section 4.3.3, we further investigate the differences
between male and female virtual populations in response to combination therapy with anti-
PD-1 immunotherapy and recombinant IL12. Finally, in Section 4.4, we conclude with a
discussion of the results of the study and their implications for developing personalized
approaches to immunotherapy.

4.2 Methods

4.2.1 Systems biology approach

In previous work [56], [57], we developed a multi-scale network describing the interactions
between key immune cell subtypes and cytokines that are relevant to immunotherapies
targeting PD1 receptors. This mathematical model was parameterized using a combination
of literature data and temporal measurements of T-cell populations and cytokine secretion
observed in a live ex-vivo human system obtained from biopsies of patients with head
and neck squamous cell carcinoma (HNSCC). The mathematical model is comprised of
17 coupled ordinary differential equations and a total of 47 kinetic parameters. These
equations were solved using the MATLAB ode15s solver (R2024a). Described by the
pathway shown in Figure 4.1, with five key T cell populations and four cytokines that
are critical to the differentiation and activation of T helper cells, the model was used to
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simulate a 72 hour treatment protocol in which 132 µg/mL of nivolumab was administered
at t = 0 h, t = 24 h, and t = 48 h with drug washout between each dose.

Patient parameter sets were generated using Latin hypercube sampling (LHS), with
bounds supported by the literature, where possible, and the ex-vivo data. Following
nivolumab treatment simulation, each patient parameter set was given a “Class” value
of 1 or 0, respectively, indicating response or nonresponse to the therapy. The Class of
the patient parameter set was determined empirically by comparing the number of cancer
cells after the three day dosing schedule to the number of cancer cells after three days of
no treatment. Specifically, the treatment was considered a success if the number of cancer
cells on day three with treatment was less than the number of cancer cells after three days
with no treatment, meaning that the treatment had slowed the tumor growth; in this case
the given patient parameter set was deemed a responder. We note that patient parameter
sets which experienced cancer regression after 3 days of no treatment were excluded from
this analysis so as to avoid inflation of response rates within a patient population. It is con-
ceivable that, within the responder Class, there may be several subsets of response types.
For example, some parameter sets might lead to a partial response, where the treatment
minimally slows the tumor growth compared to the untreated case. For other parameter
sets, there may be a more complete response, where the treatment actually causes cancer
cell regression. As a result, it is important to note that many patients deemed responders
may still have an increased cancer cell count after treatment compared to before.

Creating virtual patient populations consisting of several hundred or thousands of pa-
tients enabled the examination of how variability in immune parameters affect the response
to therapy. The assessment of the overall efficacy of the therapy for a particular population
was performed by calculating the proportion of responders among the patients; this was
referred to as the response rate of the given nivolumab therapeutic session.

4.2.2 Generating male and female virtual patient populations

For several years, researchers have explored the differences and similarities between the
male and female human immune systems. Notably, differences in T-cell populations and
function [86], [87], as well as cytokine production [88]–[90], have been reported between the
sexes. Furthermore, clinical data has revealed that 55% of males have an inverted CD4:CD8
ratio (i.e. < 1) as opposed to just 44% of females [91]. As another example, female lung
cancer patients have, on average, a higher serum sPD-1 level of 105.3 pg/mL, compared to
75.17 pg/mL in their male counterparts [88]. To ensure that sex-specific differences were
properly reflected in the model, data and knowledge from the literature were carefully
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Figure 4.1: Molecular pathway for the previously established systems biology model used
in this study. It displays interactions between immune cell populations of CD4+ TH0, TH1,
and TH2 cells, CD8+ naive and cytotoxic T-cells, cytokines IL4, IL6, IL12, and IFNγ,
dendritic cells, cancer cells, and PD-1 and PD-L1.
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compared with model parameters, enabling the identification of parameters that are likely
to be sex-specific and could be leveraged to capture expected differences between male and
female patients. The sex-specific differences captured by the model, along with the specific
parameters that were altered to capture these differences, are summarized in Table 4.1.

To efficiently generate sex-specific patient parameter sets for further simulation and
analysis, we built on the results from prior work [56], [57], where a global sensitivity
analysis identified the model parameters that most highly impact the treatment response
rate. Specifically, we cross-referenced the most sensitive model parameters with those
that are expected to exhibit sex-specific differences, Table 4.1, to pinpoint a subset of
parameters, Ω, that were both influential on the model response rate and sex-specific. We
then altered the sampling ranges for this subset of parameters to generate sex-specific
parameter sets, representing male and female virtual patient populations, such that the
difference in response rates between the virtual populations was similar to what is observed
clinically. In particular, parameter sets generated via Latin hypercube sampling using the
nominal parameter ranges, see Supplementary Table 3 [57], were taken to represent the
male virtual populations. The goal was then to alter the sampling ranges appropriately to
generate female virtual populations that exhibited ≈ 10− 15% lower response rate, while
keeping the parameters within biologically-relevant ranges [82], [83]

This was accomplished as follows. First, the sampling range for each parameter in
Table 4.1 was individually subjected to a significant increase with respect to its nominal
range, a virtual population of 1000 was generated via LHS, and the change in the response
rate, relative to the nominal sampling range, was noted. Next, the sampling range for each
parameter in Table 4.1 was individually subjected to a significant decrease with respect
to its nominal range, and the response rate of the corresponding virtual population was
noted. This was repeated for each individual parameter in the Table 4.1. In addition, the
analysis was repeated for different factors applied to the sampling ranges, with the aim of
identifying the degree that each sampling range must be altered to produce a significant
change in the response rate compared to the nominal sampling range (i.e. virtual male
population), as well as the directionality of the change. We observed that an increase or
decrease by a factor of 50, that is, either a multiplication or a division of the nominal
parameter sample range by 50, proved sufficient in providing insight into the sensitivities
of kinetic parameters. For example, a 50-fold increase in the sampling range for the net
proliferation rate of TH1 cells, while keeping all other parameter sampling ranges unaltered,
led to a response rate that was roughly 19% lower than the virtual male population.

Due to the different natures of the parameters, not all of the parameters in Table 4.1
could simply be altered by multiplying or dividing their sampling ranged by 50. Specifically,
some of the parameters correspond to a fraction of a total number of cells, and thus are

46



Table 4.1: Sex-specific differences in basal immune system reported in the literature and
associated model parameter(s) that were modified to capture the respective sex difference

Sex difference
Associated parameter(s) name (descrip-
tion)

Reference

Increased IFNγ production by
CD4+ T cells in females

p1−IFN (rate of production of IFNγ by Th1

cells)
[87]

Higher activated and proliferating
CD4+ T cells in females

n4 (net proliferation rate of TN4) [86]

Higher activated and proliferating
CD8+ T cells in females

n8 (net proliferation rate of TN8), nc (IL12-
independent net proliferation rate of Tc cells)

[86]

Higher PD-1 expression on CD4+
T cells in females

ρ (per-cell expression level of PD-1) [88]

Higher PD-1 expression on CD8+
T cells in males

ρ (per-cell expression level of PD-1) [90]

High PD-L1 expression more likely
on female tumors than male

λ (per-cell expression level of PD-L1),
λCan−IFN (IFNγ-dependent PD-L1 expression
per cancer cell)

[89]

Increased Th2 functions in females
p2−4 (rate of IL6-independent production of
IL4 by Th2 cells), p2−6 (rate of IL6 produc-
tion by Th2 cells)

[86]

Increased Th1 functions in males n1 (net proliferation rate of TH1 cells) [86]

Higher IFNγ production by CD8+
in females

pcIFN (rate of IFNγ production by Tc) cells [90]

Increased CD8+ cytotoxic activity
in females

dc (rate of differentiation of TN8 cells into Tc

cells)
[86]

Higher CD4:CD8 ratio in females
Tc fraction (fraction of T cells that are cyto-
toxic)*, TN8 fraction (fraction of T cells that
are CD8+ naive)*

[91]

defined as a value between 0 and 1. For this case, the sampling range was increased by
raising just the lower bound of the sampling range to be arbitrarily close to the upper

47



bound. Similarly, the sampling range was decreased for such parameters by lowering the
upper bound of the sampling range to be arbitrarily close to the lower bound. For example,
for any given fractional parameter, let l be the nominal lower bound from which it is
sampled and u be the nominal upper bound such that 0 ≤ l < u ≤ 1. If we wanted to
sample from a new range that is the bottom 10% of the original range, the lower and upper
bounds of the new range, denoted lb and ub, would be calculated as follows:

lb = l

ub = 0.1× u
(4.1)

Similarly, a new range [lt, ut] where 0 ≤ lt < ut ≤ 1 indicating the upper 10% of the
nominal range [l, u] would be defined by:

lt = u− 0.1× (u− l)

ut = u
(4.2)

As the lower and upper 10% of a range was deemed sufficiently dramatic for a single-
parameter sensitivity analysis, the LHS bounds of the fraction parameters were each sub-
jected to changes detailed in equations 4.1 and 4.2, seeking the aforementioned 10 - 15%
effect on response rate.

Parameters that satisfied the required effect on the response rate when altered dramat-
ically in accordance to their given parameter type were then deemed suitable for inclusion
in the subset Ω, designating them as both sex-specific and pivotal to the response rate.
With Ω cemented, the generation of female patient sets could begin. Unfortunately, little
empirical data exists in the literature that can be used to identify distinct ranges of kinetic
parameters for male and female virtual patients with a high degree of confidence. Non-
identifiability in the model structure further compounds this limitation. Consequently,
the approach used in this work focused on generating pseudo-random parameter sets that
could accurately recapitulate the difference in response rate to anti-PD-1 immunotherapy
that is observed between male and female patients in clinic [82]. To this end, the patient
parameter sets that were obtained by sampling the ranges reported in Ref. [57] were taken
to represent virtual male patients, and female virtual patient populations were obtained
by altering the sampling ranges for the parameters in Ω. To accomplish this, a randomly
generated factor was generated for both LHS bounds of each and every sex-specific param-
eter. Every one of these factors was used to either multiply or divide its particular bound
for all parameters simulaneously, depending on the directionality of the sex difference. Due
to the general absence of knowledge regarding particular ratios between the parameters in
the male and female immune system, the random factors were kept within minimal ranges
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such as to not overstate the sex differences. While prior experimentation with individual
parameter sensitivity used relatively large factors to induce significant change in response
rate, altering multiple parameters together allows for an arrival to the desired effect via
much more modest adjustments, with random factors not exceeding 3.0.

For example, let parameters x, y ∈ Ω be sex-specific parameters such that the female
immune system exhibits higher x values and lower y values compared to males. Let 0 ≤
lx < ux be the nominal (male) lower and upper LHS bounds for x, and 0 ≤ ly < uy be the
nominal lower and upper LHS bounds for y. Supposing the random factor to be applied
to the parameters must be between m and n such that 1 < m < n and m,n ∈ R, the
female LHS bounds for x and y are determined using the rand() function in MATLAB
[92]. When given an input i ∈ R, rand(i) will output a random number between 0 and i.
Thus, a random number between m and n would be

m+ rand(n−m) (4.3)

Then, the lower and upper LHS bounds for x, denoted by lxf and uxf respectively, would
both be calculated by multiplying their male counterpart by said random factor as repre-
sented by the equation below.

lxf = (m+ rand(n−m))× l

uxf = (m+ rand(n−m))× u
(4.4)

Conversely, since y represents a parameter with decreased values in females compared
to males, the new LHS bounds lyf and uyf would instead be calculated by dividing the
equivalent nominal bounds by a randomly generated factor, as illustrated by the following
equation.

lyf =
1

(m+ rand(n−m))
× l

uyf =
1

(m+ rand(n−m))
× u

(4.5)

We note that the rand() function was run for each bound of every parameter individually,
generating a unique output every time. Thus it should be noted that the factors multiplying
l and u to create lxf .uxf , lyf , and uyf are all distinct from one another.

Finally, female patient populations were generated by applying the changes described
above to every upper and lower LHS bound associated with a parameter in the subset
Ω, with each bound impacted in accordance to the sex difference described in Table 4.1
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by a unique randomly generated factor. All randomly generated factors were limited to
the same bounds for every kinetic parameter in a given population. Due to uncertainty
regarding specific female parameter values in relation to the nominal (male) parameter set,
multiple female populations were generated using six ranges in which the random factor for
alteration of kinetic parameters would be generated. In order of decreasing modesty, these
ranges include 1.0-2.0, 1.1-2.5, 1.1-3.0, 2.0-2.5, 2.0-3.0, and 2.5-3.0. Each of these ranges
were able to produce favourable results in regards to the 10-15% difference in response rate.
Furthermore, fraction parameters were also altered in various fashions to further increase
the range of intensity by which the female parameters differ from male. Consisting of just
the CD8+ naive T-cell fraction (TN8) and the CD8+ cytotoxic T-cell fraction (Tc), the
fraction parameters experience alterations limiting both parameters to the bottom 80%
of their respective nominal sampling ranges, and then both to the bottom 50%. Further
extreme effects were experimented with by only applying lowered ranges to the CD8+
naive % since literature appears to suggest lower response rate in females, starting with
the bottom 50%, then the bottom 10%, and finally the bottom 5% of the nominal sampling
range. Altogether, a total of 30 female populations of 1000 patients each were generated
for this analysis, as well as one male (defined with unaltered parameter sampling ranges)
population of 1000 patients, one male population of 50,000 patients, and one “very” female
population of 50,000 using the most extreme alterations on the fraction and the kinetic
parameters.

4.2.3 Simulating recombinant IL12 + nivolumab combination
therapy

The administration of recombinant IL12 (RIL12) may be an ideal accompaniment to
nivolumab in a combination therapy with the aim of increasing efficacy. As a result,
we focused our analysis on patients who were classified as nonresponders in simulations
of nivolumab treatment alone, examining the rate of conversion of nonresponders into re-
sponders following in-silico doses of RIL12 combination therapy. Thus, our investigation
depended on the virtually generated populations of patients who had undergone a typical
nivolumab treatment regimen, specifically the Class identifier indicating each patient as a
responder or nonresponder.

From there, all nonresponders identified via the aforementioned Class were extracted for
examination and compiled in ascending order of the final cancer cell count after the 72 hr
nivolumab treatment protocol. That is, the nonresponders were organized according to how
close they were to responding to nivolumab and thus how likely they would be to respond

50



to the combination therapy. The top 100 nonresponders from this ordered list were then
selected to undergo combination therapy simulations. Nearly identical to the nivolumab
simulations, the combination therapy simulations included a dose of RIL12 administered
prior to the first dose of nivolumab. After applying the combination treatment to each
of the top 100 nonresponders, the percentage of those who responded to the combination
treatment was calculated; this value was treated as a conversion rate from nonresponders
to responders and gauged the efficacy of combination therapy with RIL12 on the patient
population. Conversions were treated similarly in this analysis as response in the nivolumab
monotherapy analysis, in that response to combination therapy was defined by a decreased
rate of cancer cell growth compared to an untreated case. In this regard, RIL12 combination
treatment simulations included a simulation for each patient in which they went an amount
of time with no treatment whatsoever; this time was the same as the total treatment
time for the combination therapy and thus depended on the administration time. The
final cancer cell count was recorded and used for Class determinations where the ratio of
the number of cancer cells after treatment to the number of cancer cells after the same
timeframe with no treatment was compared to 0.995.

4.3 Results

4.3.1 Sex-specific differences in basal immune system

Following the sensitivity analysis described in Section 4.2.2, a total of nine parameters
were determined to be both sex-specific and influential on the response rate and thus com-
prise the subset Ω. Evidently, some parameters from Table 4.1, such as p1−IFN and p2−4,
were deemed insufficiently sensitive via sensitivity analysis and thus excluded from Ω and
therefore the sex-based parameter changes. In Figure 4.2, we plot the distribution of these
parameters for populations of 1000 male and 1000 female virtual patients. As indicated in
the boxplots in Figure 4.2, both the average value and range of each parameter are distinct
between male and female virtual populations, and they follow the trends reported in the
literature. For example, the parameters n4 and n8, representing proliferation of CD4+
and CD8+ naive T-cells respectively, are higher in value in the female virtual population
than the male, which is consistent with higher CD4+ and CD8+ T-cell female activity
[84]. Similarly, higher CD8+ cytotoxic activity [86] is captured in female virtual patients
compared to male virtual patients via increased values of parameters nc and dc in females,
which are, respectively, the IL12-independent proliferation rate of cytotoxic T-cells and
the rate of differentiation of CD8+ naive T-cells into cytotoxic T-cells. The CD4:CD8
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ratio has also been reported to be higher in female patients than male patients [84]. This
difference is captured in simulated patients by enforcing lower fractions of TN8 and Tc
cells at baseline in female patients, which together comprise the fraction of T-cells that
are CD8+ as opposed to CD4+. Finally, the per-cell expression of PD-1 and PD-L1 in
male and female virtual patients follows the trends observed in literature. Specifically, high
PD-L1 expression is observed more frequently in tumors originating from female patients
[89], which is consistent with the trends for λ in Figure 4.2. On the other hand, while
the expression of PD-1 is generally higher on female CD4+ T-cells [88] and male CD8+
T-cells [90], the dominance of CD4+ and CD8+ T-cell activity in females, as discussed
above, leads to a small overall increase in ρ, the per-cell PD-1 expression, in female virtual
patients.

4.3.2 Sex-specific responses to nivolumab

The response rates to the 72-hour nivolumab treatment protocol were recorded for one
male and 30 female virtual populations, each comprised of 1000 patients, for a sex-based
comparison. In general, female populations that were generated with the distributions of
parameters depicted in Figure 4.2 proved less responsive to the male population, which
showed a response rate of approximately 56% in simulations. In this work, the response
rate was defined as the percentage of the total virtual population that was flagged as a
responder to the 72-hour nivolumab treatment protocol. As displayed in Figure 4.3, female
populations with minimal changes to the sampling ranges for parameters in Ω exhibited
a fairly large decrease in response to nivolumab, thus appearing to uphold the male bias
in immunotherapy response as reported in the literature [82], [83]. Female populations
generated with more extreme differences the sex-specific parameters Ω exhibited even larger
decreases in the response rate, with some populations having response rates as much as
20% lower than the male virtual population.

As discussed in Section 4.2.1, we distinguished responders from nonresponders by com-
paring the ratio of the number of cancer cells after the 3 day nivolumab treatment schedule
to the number of cancer cells after 3 days of no treatment. In this sense, we are allow-
ing patients to be deemed responders as long as the treatment sufficiently slows the rate
at which the cancer cell population increases over time, and does not take into account
whether or not the cancer actually regressed. This phenomenon is visualized in Figure 4.4
where histograms were created of the ratio of the number of cancer cells after the 3-day
nivolumab treatment to the initial number of cancer cells. In both male and female popu-
lations of approximately 1000 patients, it is quite clear that for most of the patients who
were determined to have responded to the treatment (particularly seen in Figures 4.4A and
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Figure 4.2: Box plots demonstrating the differences between male (blue) and female (red)
virtual patients for each parameter in the subset Ω. The male virtual patient population
was comprised of 1000 patients with parameters generated via Latin hypercube sampling of
parameters from the ranges summarized in Supplementary Table 3 [57] The female virtual
patient population was comprised of 1000 patients generated via Latin hypercube sampling
of parameters, with the ranges of the parameters in Ω altered to represent the ranges
expected for female patients. Specifically, parameters that do not represent a fractional
cell count were multiplied by a random number between 1.1-2.0, generated individually for
each parameter; while the naive and cytotoxic CD8+ T-cell fractions were limited to the
bottom 50% of the sampling range used for male patients. For parameters ρ and λ, the
log (base 10) of the parameter values are depicted.

4.4C), this ratio was above 1, indicating an overall increase in the cancer cell population
following treatment. It is thus important to note that under a stricter responder definition
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Figure 4.3: Difference in response rate for several female virtual patient populations (A-
E) compared to the reference male population. All female populations were generated
by multiplying the lower and upper bounds of the sampling ranges for each non-fraction
sex-specific kinetic parameter in Ω by random factors in the range [1.1,2.0]. The different
populations were generated by sampling the initial naive CD8+ T cell and CD8+ cytotoxic
T cell populations from different ranges. Specifically, population A was generated with the
CD8+ naive % and CD8+ cytotoxic % both confined to the bottom 80% of their LHS
bounds. Population B features the same parameters further confined to the bottom 50%
of the LHS bounds. For populations C, D, and E, only the CD8+ naive %LHS range
was lowered to the bottom 50%, 10%, and 5% respectively whilst the CD8+ cytotoxic %
remained unaltered as in the male population.

demanding regression of the cancer cell count after treatment, the response rates previously
indicated would likely be much lower. Indeed, populations of 1000 male and 1000 female
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(specifically as described in Figure 4.2) patients exhibited response rates of 13% and 11%
respectively when generated using this definition of the responder in which the ratio of the
number of cancer cells after treatment to the initial number of cancer cells must not exceed
0.995.
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Figure 4.4: Histograms of the ratio of cancer population after treatment vs initial cancer
cell count - just putting these here for now. A: male responders, B: male nonresponders,
C: female responders, D: female nonresponders. Female population was generated with
sex-related alteration factors in the range [1.1, 2.0] with naive and cytotoxic T-cell frac-
tions limited to the bottom 50% of the original range. Both male and female populations
comprise of approximately 1500 patients each.
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4.3.3 Success of simulated recombinant IL12-nivolumab combi-
nation therapy depends on patient sex

We previously found [57] that combination treatment with recombinant IL12 (RIL12) ad-
ministered prior to anti-PD1 immunotherapy could improve the response rate compared
to anti-PD1 immunotherapy alone. Here we analyzed whether male and female virtual
patient populations exhibit different responses to this combination treatment and whether
the optimal sequencing of the drugs depends on patient sex. In an attempt to capture
a high degree of patient variability, during this analysis we generated large populations
of 50,000 virtual patients for each sex. Due to a general lack of knowledge regarding the
impact of patient sex on the efficacy of recombinant IL12, we sought to exaggerate the sex-
specific differences between the male and female patient populations. To this end, during
the analysis, the nominal parameter ranges were used to generate the male population; to
generate the female population, the lower and upper bounds for sampling the sex-specific
kinetic parameters in Ω were scaled by random factors in the range [2.5,3.0], and the TN8
fraction sampling range was restricted to the bottom 5% of its nominal range. We note that
the male and female populations used for this analysis exhibited response rates of 54.69%
and 33.08% respectively in regards to the 3-day nivolumab monotherapy treatment sched-
ule. With the female response rate approximately 21% lower than the male response rate,
these larger simulations align well the results discussed in Figure 4.3, indicating that both
larger and smaller population sample sizes provide grounds for a cohesive study across
both mono- and combination therapy analyses.

After both populations of patients were generated via Latin hypercube sampling, they
were subjected to several combination treatment scenarios to elucidate the impact of the
duration of pre-treatment with recombinant IL12 on the nivolumab treatment response.
In the simulations, a dose of 10 pg/mL RIL12 was administered for different pre-treatment
windows before nivolumab administration, and the results for both patient populations
suggested the increase in efficacy is approximately proportional to the length of the pre-
treatment window, see Figure 4.5. Indeed, while the treatment managed to convert about
50% of males and almost 60% of females when administered at the same time as nivolumab,
these figures rose to about 60% and 70% respectively when RIL12 was administered 24
hours prior to nivolumab.

These results appear to suggest that female patients may benefit from RIL12-nivolumab
combination therapy moreso than their male counterparts. Moreover, the results are further
supported by examining the temporal evolution of cancer cell counts in male and female
patients during the combination treatment, which are depicted in Figure 4.6. In this
figure, blue curves correspond to patients who converted to responders, while red curves
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correspond to those who did not. The plots indicate that an apparent lack of conversion to
responders pairs with generally milder decreases in cancer cell counts, as observed within
the male population. In contrast, the female populations showed a much higher proportion
of nonresponders converted into responders, which paired with a generally larger decline
in cancer cell counts.
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Figure 4.5: Recombinant IL12 simulations for male (M) and female (F) patient populations
with administration times up to 24h prior to nivolumab. A: RIL12 dose of 0 pg/mL. B:
RIL12 dose of 10 pg/mL. Conversion rate refers to the percentage of nonresponders to
nivolumab alone who converted to responders following the addition of simulated RIL12 to
the treatment schedule. Male patient results are denoted by the blue line, female patient
results are denoted by the red line.

To precisely isolate and understand the effect of recombinant IL12 on the system,
simulations were performed with a dose of 0 pg/mL RIL12 at the same administration
times as in the preceding analysis. In other words, the system was left to evolve in the
absence of drug for a fixed pre-treatment window prior to the administration of nivolumab
treatment. The percentages of non-responders that were converted into responders are
plotted in Figure 4.5A, comparing the effects of what is essentially a delay in nivolumab
treatment on male and female patient populations. Interestingly, this time delay appeared
to have a slightly positive effect on the conversion rate of non-responders to responders in
both sexes, with females again experiencing the higher benefit. Comparing to figure 4B,
which displays the results of 10 pg/mL RIL12 at the same time points for the same male
and female populations, it seems that a small number of the non-responders who converted
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into responders with combination therapy may have also experienced a decreased cancer
cell growth rate by postponing nivolumab monotherapy administration. This may be due
to complex dynamics involving T-cell proliferation and the time evolution of cancer cells.
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Figure 4.6: Simulated patient cancer cell counts in response to recombinant IL12 ad-
ministered 24 hours prior to nivolumab. Graph A represents cancer cell count in a virtual
population of 50,000 male patients and graph B represents represents the same for a virtual
population of 50,000 female patients. In both graphs, the blue curves represent nonrespon-
ders who had successfully converted to responders with the combination treatment, while
the red curves represents nonresponders who did not demonstrate improvement with the
addition of RIl12. Notice the increased presence of blue lines curving downward in the
female population, indicating cancer cell regression. Notice also the lower average initial
cancer cell populations in the female population than the male population.

4.4 Discussion

Systems biology methods provide a safe and effective avenue for exploring the potential
mechanisms that drive or inhibit favorable patient response to cancer treatments, including
targeted immunotherapies. While a mathematical framework may not manage to fully cap-
ture the intricacies of the human immune system, its representation of the major immune
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processes and interactions between several cell subtypes and signaling molecules allows for
discrete analysis of a treatment’s effects, and the identification of macroscopic parameter
ranges that are most conducive to treatment response. With this knowledge, it may be pos-
sible to recommend a patient-specific therapy and to parameterize a model by examining
an individual patient’s specific tumor-immune microenvironment, e.g. via tumor biopsy,
to ultimately optimize individual patient treatment protocols.

With the help of experimental calibration and literature-based data, systems biology
models can populate a significant patient cohort for large-scale analysis of specific patient
subgroups. This study focused on examining the effect of sex-specific immune differences
on the response to nivolumab, an anti-PD1 immune checkpoint inhibitor. Thus, large
populations reflecting male and female HNSCC patients were generated in order to produce
meaningful insight on the difference in treatment response between the sexes and the origin
of these differences. Such insight may prove useful for improving treatment outcome for all
patients, and particularly for females, who tend to exhibit a lower response rate to cancer
immunotherapy [82], [83].

In this work, a thorough literature review was conducted to better understand the dif-
ferences in the immune system between male and female patients and to recapitulate these
differences in the systems biology model. Contextually-relevant parameters were then sub-
jected to a sensitivity analysis to identify a subset of nine parameters Ω that ultimately
served to differentiate between male and female patients during the generation of virtual
populations. Due to limited data in the literature that could be used to quantify the
distinct ranges of individual kinetic parameters that are appropriate for male and female
patients, we took the nominal ranges that were previously reported [57] to represent the
sampling ranges for male virtual patients. We then updated the sampling ranges of the
sex-specific parameters Ω as appropriate to generate representative female virtual patients
that led to sex-specific differences in the immune cell populations that are consistent with
those reported in the literature. In simulations of nivolumab treatment, female virtual
patient populations were consistently less responsive to treatment than the male popula-
tion, with the response rates decreasing as parameter sampling ranges were adjusted in
the direction of “female” extremes. This suggests that, as consistent with the literature,
female patients exhibit lower response to nivolumab than their male counterparts. Indeed,
certain sex-specific characteristics described in Table 4.1 may reasonably lead to decreased
response rate when placed within the context of the network in Figure 4.1. For instance,
higher PD-L1 and PD-1 expression in females leads to increased effects of the PD-L:PD-L1
complex, providing increased inhibition of T-cell activities. Furthermore, decreased CD8+
T-cell differentiation combined with a lower basal fraction of CD8+ naive T-cells (which is
further exacerbated by increased CD4+ T-cell proliferation) negatively impacts cytotoxic
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functions that help kill cancer cells. Patients who do not respond to nivolumab monother-
apy may benefit from combination therapy with, e.g. recombinant IL12, with the latter
administered prior to nivolumab to boost the overall response to treatment. During this
analysis, one large male population and one large female patient population were gener-
ated to examine the sex-specific differences in response to the combination therapy, where
the female population was generated by sampling from more extreme parameter ranges
than for the nivolumab monotherapy. This enabled the consideration of a high degree of
patient variability in the tumor-immune microenvironment. Subjecting both populations
to several simulated treatment scenarios comprised of a 10 pg/mL dose of RIL12 given at
a specific time (ranging between 0 and 24 hours) prior to nivolumab treatment revealed an
apparent larger benefit for female non-responders than male non-responders, with a much
higher percentage of females converted into responders due to RIL12. These results may
provide rationale for future research, perhaps in a clinical setting, into the combination of
RIL12 with nivolumab in patients who do not respond to nivolumab alone. However, given
the extremity of the female virtual patient population parameters and the limited litera-
ture information available, it remains to be tested whether female patients receive higher
benefit from RIL12 pre-treatment than male patients. Nevertheless, in simulations, both
sexes exhibited more favourable treatment outcomes when the RIL12 was dosed further in
advance of the start of the nivolumab treatment schedule.

Interestingly, when simulating an RIL12 dose of 0 pg/mL, which effectively serves to
delay nivolumab treatment in the ex vivo setting, similar trends were observed in simula-
tions; particularly, a few patients of each sex appeared to experience a benefit from a delay
in treatment. These counterintuitive results may have arisen due to time related changes
in particular parameters which somehow naturally managed to provide a defense against a
higher cancer cell count after several hours of growth. Further analysis is required to under-
stand this phenomenon, involving the scrutinizing of the time evolutions of every immune
cell population involved in the model. With slightly more female patients experiencing a
positive effect from delay than men, the results of the 10 pg/mL RIL12 may be inflated
due to the suggested notion that the natural immune processes affecting cell counts and
protein concentrations over time before introducing pharmaceutical intervention may serve
to better the treatment outcome. This inflation is minimal, however, as only a select few
patients out of 100 of each sex experienced a benefit form delayed nivolumab treatment.

While some interesting results have arisen in this study, it is important to note that
there are several limitations to the work. For example, the lack of quantitative data that
was available in the literature to accurately parameterize sex-specific differences in the
model parameters meant that we had to change the parameters by trial-and-error and look
at their downstream effect on the immune landscape and response to treatment. Given
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that the model may be non-identifiable, it is possible that several distinct parameter sets
can lead to similar response to treatment; and it is not straightforward to definitively
state whether the sampling ranges used for female patients are in a biologically-relevant
range. As such, the results comparing response to both the nivolumab treatment schedule
as well as the combination therapy with recombinant IL12 may be misleading. This issue
may partially be overcome by the collection and analysis of tumor biopsies for a larger
cohort of male and female patients, under both control and treatment conditions. On that
note, it is important to point out that the data that was collected to parameterize the
sampling ranges for the male patient populations consisted of tumor biopsies from just 50
HNSCC patients. Therefore, the variability in the measured data may not be reflective
of the total degree of variability in the tumor-immune microenvironment exhibited by pa-
tients. Finally, to remain tractable, several simplifications were made in the mathematical
model, such as assumptions that PD-1 and PD-L1 are expressed uniformly across all T-
cell populations and that all proteins achieve steady state values instantly. Therefore, the
mathematical model does not capture the full complexities of the immune processes and
immuno-modulatory effects of treatment. Further expansion of the model to an in vivo
setting, which includes drug distribution and pharmacokinetics would be warranted before
any clinical decisions are made based on the results of the simulations.

As demonstrated by this study, systems biology approaches are generalizable to other
contexts and can be used to provide valuable insights into the immunomodulatory effects
of a variety of treatments, and for other patient populations. For example, future studies
can be performed in a similar fashion to increase the understanding of nivolumab’s efficacy
among patients of different age groups, perhaps taking into account additional underlying
immune conditions that may affect the response to treatment. Moreover, the results of
this work have paved a path to better understand the immune characteristics associated
with female patients’ apparent resistance to treatment when compared to males, which
may inform the advent of targeted combination treatments and/or alternative treatment
schedules that can help increase treatment efficacy for females. Additionally, the results of
the recombinant IL12 simulations provide rationale for future clinical investigations into
the impact of timing during combination treatment administration. While this analysis
focused strictly on the efficacy of the treatment in treating cancer cells, future endeavors
may analyze other model components such as cytokines and T-cell counts to gauge any
information regarding the safety of these treatments; while the tumor may be eradicated,
patients may experience dangerous side effects due to cytokine population imbalances and
other issues. It would thus be a fruitful examination to look at any particularly risk-
inducing parameter values after the simulation of treatment in order to inform therapeutic
methods that can boast both efficacy and safety.
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Chapter 5

Conclusion

5.1 Summary

Through this thesis, we examined the application of a systems biology model in the
study of sex differences in patient response to the anti-PD-1 immune checkpoint inhibitor
nivolumab. Indeed, due to known sex imbalances regarding participation in clinical trials,
it is important to understand why certain treatments may affect a certain sex differently
and what steps may be taken in the future to alleviate any inequalities. Following the
discussion of relevant information regarding cancer biology and systems biology, a detailed
description of model equations and parameters provided the context needed in order to
understand the mechanisms by which the model in question functioned within the study.
Specifically, this model was used in conjunction with immune sex differences reported in
the literature to generate several sex-specific patient populations. These populations were
then subjected to a three-day nivolumab treatment schedule and those who did not respond
were further subjected to simulated combination therapy where a dose of recombinant IL12
was given up to 24 hours prior to the same three day nivolumab treatment schedule. In-
teresting results suggesting differences between male and female response to both of these
treatment options arose.

Analysis of over 30 different patient populations representing several variations of fe-
male immune systems indicated a distinct male bias in regards to response to nivolumab,
appearing to indicate that male patients have a higher chance at responding to the treat-
ment in comparison to their female counterparts. These results appear to echo sentiments
drawn from clinical studies [82] that males tend to experience better therapeutic outcomes
following administration of several types of immunotherapy. With little to no sex-related
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analysis in the literature of patient response to combination therapy with recombinant
IL12, results regarding this treatment plan used exaggerated female immune characteris-
tics to compare the rate at which nonresponders to nivolumab alone were able to respond
to the additional dosage of recombinant IL12. Conservative conclusions from the com-
parison between male and female patient populations in this regard to the combination
therapy indicate increased benefit for female patients than male. Further examination
on particular model parameters influencing these differences is necessary to increase un-
derstanding of the dynamics behind sex-influenced treatment response. Indeed, several
limitations impacted the study; lack of quantitative data appropriate for the model hin-
dered the accuracy of our representations of the immune profile of each sex. Additionally,
the biological dynamics within the immune system and tumor microenvironment are far
more complicated than may be represented mathematically. Nevertheless, these results
may be useful in future work to develop a more diverse array of treatment options allowing
for personalized treatment options and thus better outcomes for all kinds of patients.

5.2 Future directions

The complexity and diversity within the immune system allows for all sorts of treatment
options employing various cell types in various therapeutic approaches. As such, the pos-
sibilities are endless for the usage of systems biology methods in further understanding
these treatments and aiding in the development of new strategies to increase efficacy in
our fight against cancer. Here, we will introduce a particularly fascinating direction in
which systems biology methods much like the ones used in Chapter 4 relating to CAR
T-cell therapy. As described in Section 1.4.2, CAR T-cell therapy involves endogenous T-
cells that were extracted and engineered with chimeric antigen receptors (CARs) to target
particular antigens present on tumor cells and then administered into the body to fight
the cancer. In recent years, studies have begun to focus on particular subtypes of T-cell
populations, such as CD4+ and CD8+ T-cells, being fitted with CARs and the therapeutic
ramifications of each subtype. One potential ramification worth looking into is cytokine
release syndrome (CRS), an unfortunate side effect of CAR T-cell therapy during which
inflammatory cytokine populations become unbalanced, resulting in uncontrolled inflam-
matory responses in patients leading to illness and potential death. Naturally, such a side
effect is undesirable in the effort to cure one’s cancer, so research must be done to devise
safer CAR T-cell treatment options while maintaining efficacy. We present a pathway be-
low indicating interactions between CAR T-cells, endogenous immune cells, cancer cells,
and key inflammatory cytokines, with CAR T-cells divided into CAR4 (CAR CD4+) and
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CAR8 (CAR CD8+) T-cells.

Figure 5.1: Network illustrating interactions between CAR8 and CAR4 cells (blue), key
inflammatory cytokines (yellow), endogenous immune cells (purple), and cancer cells (red).
Pointed arrowheads indicate upregulation while flat arrowheads indicate inhibition.

By representing the interactions illustrated in Figure 5.1, differential equations can be
used to form a mathematical model capable of simulating various CAR T-cell treatment
protocols, including experimenting with different CAR4:CAR8 ratios. Results of such sim-
ulations can reveal potential risks and benefits associated with different therapeutic plans,
offering insight into how this treatment may be developed and administered to patients
offering similar or increased anti-tumor activity while reducing the risk of CRS. These
insights may also be valuable towards developing personalized therapy. The availability of
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in-silico experimentation in this case is particularly valuable as it provides the opportunity
for the meaningful data to be collected to inform future drug development without the
physical risks associated with in-vivo clinical trials.
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