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Cellular exhaustion is a dysfunction found in various adaptive immune cells. In chronic

settings, like cancer, antigen persistence and prolonged stimulation initiates the development

of T cell exhaustion. The exhausted T cell population is a distinct lineage consisting of

progenitor exhausted CD8+ T cells and terminally exhausted CD8+ T cells and is characterized

by an upregulation of inhibitory receptor frequencies and diminished effector functions. The

hypofunctionality of exhausted T cells prevents proper immunity and fails to eradicate the

tumor. Recent years have shown a growing interest in targeting T cell exhaustion, attempting to

reinvigorate effector functions, as a form of immunotherapy. Though beneficial responses have

been reported in clinical settings, patient responses are inconsistent.

Complementing the current biological understanding of T cell exhaustion and to advance

immunotherapeutic efforts, novel research using mathematical modeling offers valuable insight.

Constructing a foundational framework of an exhausted immune response to cancer provides an



alternative approach to understanding the tumor-immune system. Presented here is the construction

of a mathematical model detailing the development of progenitor and terminally exhausted CD8+

T cell populations in response to a growing tumor. Parameterization and simulation of this

model captures biological dynamics observed in experimental and clinical settings. Analysis and

conclusions of this model suggest population size and maintenance of progenitor exhausted CD8+

T cells should be a pillar of immunotherapy efforts.

Stemming from these conclusions, it was theorized that targeting exhausted CD4+ helper T

cells, which, under normal non-chronic conditions, contribute heavily to CD8+ T cell responses,

would be a new and effective approach for immunotherapy. To test this hypothesis, the previously

constructed model of CD8+ T cell exhaustion was expanded to incorporate CD4+ helper 1 T cells

as well as immunosuppressive regulatory T cells. Simulation and analysis of this expanded model

further emphasize the need to maintain progenitor exhausted CD8+ T cell numbers. Additionally,

model analysis also indicated that the functionality of CD4+ T cells, both regulatory and exhausted

CD4+ helper 1 T cells, played a crucial role in tumor persistence. From this work, research

regarding CD4+ T cell exhaustion is strongly encouraged. With a better understanding of

this dysfunction, CD4+ T cells may be a potentially effective target for future immunotherapy

strategies.
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Preface

This thesis contains the work of my original research, which has, in part, been published in

Reference [1]. The remaining research and analysis of this thesis is currently under review for

publication. The novel approach demonstrated in this thesis emphasizes the use of mathematics to

reinforce the current biological understanding of T cell exhaustion. Furthermore, the construction

and analysis of my proposed mathematical framework provides a guide for future research into T

cell exhaustion, specifically with immunotherapeutic efforts in mind.

While valiant efforts that target T cell exhaustion have been established to help treat cancer

patients, there is much work to be done. The mathematical modeling performed in this thesis

provides an alternative and complementary approach to streamlining future research and therapy

design.

My Ph.D. project begins with an extensive literature review in the biology of T cell

exhaustion. Following this in-depth understanding of the complex tumor-immune system, my

research consisted of original interpretation and translation into the language of mathematics. In

collaboration with the authors of Reference [2], I utilized experimental data to parameterize a

newly developed mathematical framework for T cell exhaustion. Analysis of this model reinforces

clinical observations and gives rise to key biological insights.

Using these conclusions, I postulated a new approach for future research and potential

immunotherapy strategies. To test this theory, I expanded the original framework and performed

several types of analysis. This thesis is the culmination of such work, highlighting the important
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conclusions derived from it, to help further advance future anticancer therapy.

Tyler N. Simmons

April 8th, 2024
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Chapter 1: Introduction

Host immunity against invading pathogens requires a collective effort, from large tissues,

like the skin, acting as a physical barrier to deter pathogen invasion [3, 4], to chemical messengers

traveling the body and binding to various cells and structures to elicit physiological changes

once invasion has already occurred [5, 6]. Through the various temporal and spatial scales, the

intricacies of the immune response are highly complex. Despite this complexity, the immune

response follows a general paradigm.

To start, innate immune cells, such as macrophages and dendritic cells, may reside in local

tissues, while others, like neutrophils, may circulate throughout the body [7, 8]. During this

surveillance, innate cells may encounter the invading pathogen or a cell infected by the pathogen.

Upon recognition, innate immune cells trigger an inflammatory response [9, 10]. Such a response

includes inflammatory cell proliferation to improve numbers, extracellular matrix (ECM) and

microenvironment manipulations to create a more immune-friendly landscape, and the release of

various inflammatory cytokines [11]. The myriad of cytokines trigger many different biochemical

pathways and thus a multitude of functional responses [12]. One class of cytokines includes

chemokines, molecules that establish chemical gradients and direct immune cell migration towards

the site of the infection [13]. While the inflammatory response initiates, innate immune cells will

simultaneously operate, clearing the pathogen from tissues and engulfing infected cells and debris
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via phagocytosis, limiting the spread of the infection [14, 15].

Arriving to the scene shortly after the inflammatory response are adaptive immune cells, like

CD4+ T cells and CD8+ T cells, both leukocyte subsets, each with their own specialized functions.

While innate immune cells recognize conserved antigen determinants and provide a baseline

defense against infections [16], adaptive immune cells are highly specific, only recognizing one

form of antigen peptide [17, 18]. Lymphocyte development produces many T cells, each with the

ability to recognize distinct antigens, thus providing the adaptive immune response with a large

repertoire to overcome the high individual specificity [19, 20]. The trade off with this selectivity

is the functional response. Though these cells are highly specific to their targets, their pathogen-

killing effectiveness is far superior to that of innate cells. Antigen-specific adaptive immune cells

recognize the antigen peptide presented by an innate cell after phagocytosis [21], upon which

they activate and undergo a minimal developmental program, identifiable by an expansion of

cell numbers and differentiation into effector cell phenotypes [22]. This activation occurs in the

lymph nodes and is followed by migration to the source of infection. They may also proliferate in

response to antigen on site, albeit very little, further growing their population size [23, 24]. This

collective growth in the adaptive immune cells marks the expansion phase [25].

When the number of these immune cells reach an appropriate size, the collective effort of

the innate and adaptive immune response will be sufficient to eradicate the invading pathogen and

all infected cells. Following pathogen clearance, the population sizes of the immune cells must

contract, through several potential mechanisms, back towards homeostatic levels to avoid adverse

immune-related events and potential tissue damage [26, 27]. Additionally, the inflammatory

setting created for optimal immunity must also resolve [28]. The restoration of immune cell

populations and the tissue environment are deemed the contraction phase. However, not all cells
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undergo such contraction. Some immune cells will differentiate into memory cells [29, 30], which

will circulate around the body waiting for invasion by the same pathogen, at which point these

memory cells will mount an efficient and fast response [31]. The development and dormancy of

memory cells mark the memory phase of the immune response. To visualize the three arms of the

adaptive immune response to acute infection, refer to Figure 1.1.

Figure 1.1: Schematic of the three phases of a typical immune response to acute infection. Each
phase highlights the changes in adaptive immune cell population size following changes in antigen
burden.

Though immune responses follow this general schematic, they are highly variable. The

inflammation environment created within the immune response may also vary despite having

similar clinically observable symptoms [32]. As infection can arise from bacteria and viruses

[33], both of which have evolved over time to develop varying functional capacities, the invading

pathogen itself may call for a unique response [34, 35]. Due to the multitude of possible bacteria
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and viruses that may enter the body, and the evolutionary traits they have acquired, there is a

range of potential responses and outcomes. Some infections are readily cleared by the immune

response while others have sufficient means to persist [36]. It is important to note that pathogen

persistence may not always depend exclusively on the evolutionary abilities of the pathogen. In

some instances, persistence of the antigenic load lies with dysfunctions in the immune system

[37].

In any event, if the pathogen endures, and the immune response is unable to clear the

infection, the immune response will persist. When the inflammatory response lingers, it may

evolve and adapt with time, establishing systemic and or chronic inflammation [38]. When the

pathogen remains, the available antigen-specific adaptive immune cells will undergo prolonged

stimulation and activation [39]. Ultimately, with chronic inflammation and over-activation of

antigen-specific T cells, the adaptive immune response will develop a hypo-functional status,

identified by dysfunctional T cells [40–42]. This form of cellular dysfunction is known as

exhaustion [43, 44].

Cellular exhaustion, more specifically T cell exhaustion, presents as a premature entrance

into the contraction phase. The use of the word ”premature” signifies that the immune cell

populations undergo a contraction to smaller numbers despite not effectively clearing the infection

[45]. However, despite entering the contraction phase, immune cell numbers will not fall back

to non-infected homeostatic levels, but rather will remain at intermediate levels. The physical

contraction of the T cell populations is not simply a result of clonal deletion. It is triggered

in part by other means which are detailed in Chapter 2. There are also diminishing functional

changes associated with the remaining T cells [46, 47]. With decreased population sizes and

less-effective functional abilities, the infection is now facing a suboptimal immune response. This
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hypo-functional exhausted immune response is incapable of eradicating the invading pathogen

and eliminating the infected cells, resulting in a continuation of the pathogen-immune battlefront

as well as the chronic conditions [43]. Another significant aspect of cellular exhaustion is that in

these settings, the transition and development of immunological memory never occurs, preventing

the addition of highly effective memory T cells [48].

Figure 1.2: Schematic of the altered T cell population dynamics in response to chronic
systems. Altered immune cell contraction and antigen persistence impairs the development
of immunological memory.

Although casually mentioned in years prior, the modern and accepted concept of the cellular

dysfunction known as exhaustion was first defined and characterized in murine models of chronic

lymphocytic choriomeningitis virus (LCMV) in the 1990’s [49–52] and later recognized in humans

[53, 54]. Eventually, it was discovered that T cell exhaustion was also experienced in cancer

[55–57]. Upon characterization, exhaustion has been extensively studied in both chronic infection
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and tumoral settings. As a result of this research, similarities and differences in exhaustion for

both chronic systems have been identified [58]. Although cellular exhaustion has been observed in

various immune cells, a majority of the current research and literature pertain to CD8+ cytotoxic T

lymphocytes (CTL) [47, 59], most likely because of their direct killing abilities. As a result of the

lack of research regarding exhaustion in other T cell types, exhaustion in non-CTL cells are not

fully defined or characterized.

T cell exhaustion is most commonly associated with human immunodeficiency virus (HIV),

hepatitis B virus (HBV), and hepatitis C virus (HCV) and in various cancers and malignancies,

especially in patients who fail to respond to certain treatments or develop resistance to it [60].

Understanding the role of T cell exhaustion, its causes and the functional abilities of these

dysfunctional cells, have been vital. From recent research and clinical trials, treatments have

been designed to target exhausted immune cells in attempt to restore their effectiveness or limit

further exhaustion, promoting infection clearance and tumor eradication [52, 59, 61–63]. However,

with current immunotherapy regiments, generally through broad inhibitory receptor blockades,

patient responses are inconsistent, especially in cancer, highlighting the many unknowns in this

dysfunction [64, 65]. In hopes of developing immunotherapeutic efforts with wider and more

durable responses, a great deal of future research will be needed to uncover the mechanisms of

cellular exhaustion and to prioritize key targets for intervention.

In recent years, mathematical modeling in immunological and oncological settings have been

used to complement biological research, providing additional perspectives and to help guide future

work [66–69]. It is especially true that the construction and subsequent analysis of mathematical

frameworks have proven beneficial in improving the understanding of various complex behaviors

and dynamics regarding cancer [70]. The applications of these mathematical models take on

6



a wide range, including, but not limited to, the fields of pharmacology, radiation therapy, and

chemotherapy [71–75]. In such cases, the use of mathematical modeling has helped implement

and predict potential therapies for certain cancers [76]. In others, models have helped optimize

treatment plans via drug dosages and delivery [77–79]. With mathematical modeling providing

useful biological insight, the use of mathematics in biological studies of cancer continues to

rapidly grow.

Despite the prevalence of mathematical modeling in biology, to my knowledge, there are

no novel and accurate mathematical models that detail the development and or the heterogeneity

of exhausted T cell populations and their functional response to cancer, excluding my recently

published work [1] and that of [80]. It is important to note that T cell exhaustion has made

appearances in previous mathematical models, though most of which only represented exhaustion

by a single term or through inaccurate portrayals. For example, an early publication, not long after

the formalization and recognition of T cell exhaustion, implements this dysfunction in response to

viral infections via the introduction of a CTL inhibition term, structured as an antigen-dependent

function [81]. Additionally, a master’s thesis about exhausted T cells during chronic infection was

published prior to the development and understanding of key biological underpinnings regarding

exhausted cell differentiation and is therefore outdated [82]. In the paper of [83], which used a

predator-prey model for the efficacy of chimeric antigen receptor T cell (CAR-T) therapy against a

solid tumor, exhaustion and other means of hypo-activation were grouped together in the model as

a single negative proliferation rate, representing a reduction in activated CAR-T cells. In contrast,

the work of [84] focuses specifically on the development of exhaustion in T cells. This research

created an in-depth network of biological pathways and regulatory interactions resulting in gene

expression signatures of exhausted T cells. Another model focusing on the gene expression for
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exhausted T cells includes the work of [85]. While these research articles provide many useful

insights into the development of exhaustion, it does not capture the functional abilities of exhausted

T cells nor their interactions with tumors and the microenvironment. Outside my own, which are

the topics of Chapters 3 and 4, the only other recently published paper that uses mathematical

modeling to highlight how exhausted T cells interact with tumors focused on functional effects via

specific cytokine production. The work of [80] modeled the cytokine production of T cells and

its impact on tumor cell cycle arrest as well as the impact on the degree and severity of cellular

exhaustion.

As cellular exhaustion continues to make appearances in mathematical immunology and

oncology, it is clear that developing a mathematical model for the emergence of dysfunctional

T cell populations and their overall functional effectiveness to combat tumors could act as

a complementary approach to understanding the dynamic relationship between cancer and

exhaustion. Additionally, analyzing a mathematical framework of cellular exhaustion could

indicate the aspects of this dysfunction that play the largest roles in mediating tumor persistence,

thereby providing insights into potential targets for future immunotherapy design. A novel

approach of this magnitude may also act as a foundation for a broad range of future mathematical

models detailing various biological systems in which cellular exhaustion plays a significant factor.

Presented here in this thesis are two novel mathematical frameworks of T cell exhaustion.

Using the available literature of T cell dysfunction in cancer settings, a mathematical model

for exhaustion in CD8+ T cells in response to a growing solid tumor is constructed. This

theoretical model is simulated and analyzed to develop biological conclusions. Using such

conclusions, this model is expanded to create a more holistic view of T cell exhaustion in the

tumor microenvironment (TME). Analysis of this expanded model is then used to prioritize future
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research and targets for immunotherapy design. Accompanying the model construction, simulation,

and analysis is a detailed account of the biological perspective, providing valuable context to

the chronic system of cancer, the role exhausted T cells play, and the mechanisms and dynamics

between the two.

This thesis is organized accordingly: Chapter 2 reviews the current biological understanding

of the tumor-immune microenvironment, T cell exhaustion, and the current methodologies of

immunotherapy efforts. Chapter 3 outlines the preliminary model construction for CD8+ T cell

exhaustion, its simulation, and finally its analysis. Chapter 4 details the expansion of the original

model to include exhaustion in CD4+ T cells along with immune regulation and additional cytokine-

mediated effects. Finally, Chapter 5 discusses conclusions of this work and its implications on

future research and immunotherapy.
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Chapter 2: Understanding T cell Exhaustion

Introduced in this chapter is the modern notion of T cell exhaustion. Section 2.1 outlines

the inflammatory tumor microenvironment and how it drives cellular dysfunction. Next, Section

2.2 recapitulates the qualities and characteristics of exhausted T cells, including phenotypic and

functional irregularities. Following is Section 2.3, which identifies the variation in exhaustion

between different cells and different conditions. Section 2.4 dives into the immunotherapeutic

techniques that target exhausted T cells and reviews patient responses to such regimes. Lastly,

Section 2.5 provides concluding remarks on the biological context of T cell exhaustion.

2.1 Drivers of Cellular Exhaustion

To understand T cell exhaustion, and the mechanisms in which this dysfunction initiates,

it is essential to understand the TME where this development takes place. In cancer, the

microenvironment is constantly evolving and plays an active role in tumor dynamics, contributing

to its progression and possibly to its metastatic behavior [86]. The environmental conditions

of the TME are highly variable depending on the type of cancer. However, among the varying

specifications are common constituents. The TME and all its components, directly and or indirectly

drive, reinforce, and propagate T cell exhaustion.

The bulk of the TME is often the ECM, making up a large portion of tumor mass, up to

10



60% [86]. Acting as the scaffolding of the microenvironment, this structural matrix consists

of collagens, glycoproteins, and other macromolecules with unique biophysical properties [87,

88]. The biophysical properties of the matrix itself, including topography, molecular density,

stiffness, rigidity, and tension, provide the foundation for mechanical functions [89]. The ECM is

constantly being reorganized by different local cells through binding to matrix proteins and exerting

mechanical forces, often via actomyosin contraction, to establish an ECM conformation more

conducive to particular functions [90]. Consequently, this external matrix plays an essential role

in intratumoral signaling and transport mechanisms, tumor metastases, as well as immunogenicity

[91, 92]. For example, increased hyaluronic acid in tumor ECM remodeling can cause a

corresponding rise in interstitial osmotic pressure, disrupting local vasculature and blood supply

to promote hypoxia [93]. This process will in turn utilize hypoxia-inducible factor 1α (HIF-1)

to stimulate lysyl oxidase activity and stiffen the ECM to promote tumor invasion and migration

[94, 95]. Tumor induced alterations of the ECM may also consist of enzymatic activity that further

increases the stiffness, creating a tumor-supporting structure favoring tumor progression over

immunogenicity [88]. Physical and chemical qualities of the ECM, like hypoxia and interstitial

fluid pressure, have been linked to cellular exhaustion as well as tumor resistance to treatment

[96, 97]. Manipulations of the ECM, and the various functions it coordinates with, are not only

induced by tumors as reorganization also stems from stromal cells and other inflammatory cells

[98].

Aside from the physical components of the TME, various cells types are often present.

A common feature of the TME are stromal cells, a heterogeneous population of connective

tissue cells including, but not limited to, fibroblasts, pericytes, and mesenchymal cells [99]. This

heterogeneous class of cells may be recruited to the TME from neighboring, non-cancerous stromal
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cells, immune cells, or by the tumor itself [100]. Stromal cells play important functions in normal

inflammatory responses. However, during wound healing and infection, tumors may hijack their

functions, transition them into tumor-associated stromal cells (TASC), and utilize them to promote

tumor expansion and immunosuppression [101]. TASCs have a myriad of functions, an important

one being the regulation of cancer stem cells (CSC) [102]. CSCs have an inherent capacity for self-

renewal and differentiation via a multitude of signal transduction pathways and can initiate tumor

formation [103]. Additionally, stromal cells, like cancer-associated fibroblasts (CAF), secrete

key cytokines and chemokines to inhibit the functional abilities of CTLs and natural killer cells

(NK) [100]. Key cytokines produced by stromal cells that inhibit T cells and promote exhaustion

include interleukin-10 (IL-10) and transforming growth factor-β (TGF-β) [104]. Although these

cytokines have been tied to the regulation of T cell exhaustion, the exact mechanisms are not well

understood. Stromal cells, and their wide array of functions, are therefore associated in all aspects

of cancer: initiation and development, possible metastasis, patient responses to treatment, and the

corresponding influences on immunity [105].

Along with physical structures and co-opted cells and their functions, inflammation plays

a large role in the local cancer environment [106]. Cancer, and its respective TME, have a

dynamic relationship with inflammation. It has been well documented that, mechanistically,

cancer can promote inflammation and inflammation can promote cancer [107, 108]. Generally

thought of as a response to invading pathogens and infections, inflammation also aids in tissue

repair, remodeling, and regeneration [109, 110]. Recognition of dangerous or harmful molecular

patterns and signatures of tumor cells by immune cells may trigger an inflammatory response [111].

Additionally, the initiation and growth of cancer may result in nearby tissue damage or cellular

stress, both of which may trigger inflammatory processes [112, 113]. The ensuing inflammation
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corresponds to the recruitment of inflammatory cells, part of which are innate and adaptive

immune cells [114, 115]. Inflammatory cells present during the inflammatory response include

macrophages, neutrophils, and various T cell subsets [116]. Activated inflammatory cells will

release concentrations of inflammatory cytokines to create physiological and functional changes,

like impact local vasculature, which may promote angiogenesis, and influence fibroblast migration

[115], to name a few. As tumor cells benefit from angiogenesis and can manipulate fibroblasts

and other such stromal cells, this inflammatory response can be corrupted to provide pro-tumoral

effects. Furthermore, it has been extensively studied and reported that inflammatory mechanisms

induced by cancer may have immunosuppressive effects and impacts on stromal cell functions

[108]. Inflammatory cells, cytokines, and other mediating factors induce transcriptional regulation

and gene expression programs of T cells to promote exhaustion [117]. Example mechanisms with

such effects include nuclear factor of activated T cell (NFAT) transcriptional changes via Notch

signaling and interleukin-6 (IL-6) influencing various pathways [118–120].

In general, upon recognition of tumor antigens or detection of the associated cellular and

tissue insults, the inflammatory response recruits inflammatory cells and produces inflammatory

cytokines to optimize the local environment for the immune response and tissue repair processes.

However, due to the hallmarks of cancer, tumor cells adapt, manipulate the microenvironment for

their benefit, deter and or suppress the intended immune response, and persist [121]. Constant

tumor burden reinforces the transition from inflammation to chronic inflammation, which further

impacts the functionality of immune cells [122–124].

Collectively, the ECM, the perverted stromal cells, and the chronic inflammatory setting

developed in the TME provide various mechanisms for the promotion of cancer and for

the suppression of the immune response [117]. A dominating suppression tactic is to drive
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cellular dysfunctions, specifically T cell exhaustion. For those afflicted with cancer, these

microenvironmental conditions result in tumor establishment and persistence, which leads to

long-term exposure to tumor antigen. This continuous stimulation drives the development of T cell

exhaustion [43, 125–127]. Although the exact mechanisms that translate continuous stimulation

with cellular exhaustion remain to be elucidated, recent studies have identified potential drivers,

pathways, and or markers that act as triggers for the development of this dysfunction.

One such driver is cellular metabolism. As a result of the chronic inflammation, the

manipulated ECM, and compromised stromal cell functions, T cells in the TME experience high

degrees of metabolic stress and hypoxia [128–131]. The combination of prolonged stimulation to

tumor antigen and the severe hypoxia drive T cell dysfunction that resembles exhaustion [132].

The metabolic stress imposed by hypoxia correlates with higher levels of reactive oxygen species

(ROS) and the development of exhausted-like T cells [97]. Cancer cells further promote metabolic

T cell stress via competition. Tumor cells use anaerobic glycolysis, limiting available glucose,

and inhibiting effector T cell functions [133, 134]. Immune cell functions are further hindered via

metabolite production of cancer cells, like kynurenine, which increases the expression of exhausted

T cell biomarkers [135]. Although the exact processes linking T cell metabolism with exhaustion

are unclear, it is evident that cancer cells utilize distinct metabolic pathways and elicit metabolic

changes in T cells, which correlate with exhausted-like impacts and effector dysfunction.

Another leading culprit driving T cell exhaustion is the high mobility group (HMG)-box

transcription factor, TOX. This transcription factor is thought to undergo regulation via calcineurin-

mediated signaling pathways which make use of NFAT proteins [136]. During acute infection, T

cells express this transcription factor at low transient levels [137]. In contrast, exhausted T cells

express TOX to a much higher degree. In fact, effector T cells and memory T cells are capable
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of forming and mounting a response without TOX expression while exhausted T cells cannot

[136]. During chronic settings, TOX expression by exhausted T cells increase and remain at high

levels [138]. The induction of TOX expression in T cells correlates with antigenic stimulation,

thus, prolonged activation of T cells by tumor antigen drives the upregulation of this transcription

factor and promotes T cell exhaustion [139]. TOX drives molecular and epigenetic exhausted T

cell programs at the expense of effector T cell epigenetic events [136, 140]. TOX is essential for

exhausted T cell phenotypes, specifically the frequency of key receptors, and other exhausted T cell

biomarkers and characteristics, as detailed in Section 2.2. In cancer systems, TOX accomplishes

this by binding to receptors in the cytoplasm and facilitating endocytic recycling programs to

maintain high receptor expressions [141]. While TOX has been associated with the development

of exhaustion in T cells, this transcription factor may just be one downstream target of the NFAT

transcription factor and may have potential implications for cancer immunotherapy [142], a topic

further detailed in Section 2.4.

Exhaustion in T cells is mainly attenuated by antigen persistence but may also arise from

the culmination of other environmental factors, as described above. As the immune response

is a complex system reacting to antigens and various danger cues, there are many key cellular

players involved. Interactions, both direct and indirect, between cellular species make up the

effectiveness of this dynamic system. Correspondingly, intercellular interactions may influence

the dysfunctional status of the various T cell subsets. For example, CD4+ T cells are a leukocyte

subset that plays a pivotal role in host immunity. These immune cells help coordinate the adaptive

immune response through various mechanisms and are dominant contributors to the cytokine

milieu in the microenvironment [143, 144]. CD4+ T cells help mount and promote optimal

responses by other immune cells and can even exhibit direct killing abilities themselves, albeit
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to a small degree [145]. Unfortunately, CD4+ T cells have demonstrated the capacity to develop

exhausted-like characteristics [146, 147]. As CD4+ T cells sustain and coordinate the immune

response, dysfunction in this subset may promote exhaustion in other subsets, or at the very least,

be unable to deter exhaustion development [144, 148, 149]. Regulatory T cells, a subset of CD4+

T cells, have also been reported to facilitate T cell exhaustion via the production of IL-10 which

triggers transcriptional changes in other T cells [127, 150, 151].

Evidence of other non-stromal immune cells developing exhaustion has grown in recent

years. While exhaustion in these immune cell subsets have not been fully defined or characterized,

their functional impairment fails to promote optimal immune responses, thus perpetuating antigen

persistence and therefore the continuation of exhaustion. The variations of exhaustion in different

T cells is revisited in Section 2.3.

As we have seen, recent biological studies of T cell exhaustion have shed light on the drivers

of this dysfunction and have implicated a number of environmental and cellular mechanisms.

Along with the identification of the causes of T cell exhaustion, headway has been made on

elucidating the temporal scales of its development. T cell exhaustion has been described as a

progressive process and yet key time points are often used to mark important qualitative changes

in the immune response [152]. According to [153], the widely accepted modern paradigm for

the development of cellular exhaustion is on the timescale of around 5 days, meaning 5 days of

prolonged stimulation. The research of [154] and [155] supports this timeline, reporting evidence

of exhausted T cell biomarkers and characteristics developing within a few days. At this point,

the differentiation of naı̈ve T cells into exhausted T cells takes over, deepening the degree of

dysfunction until around 4 to 8 weeks, where the immune response is fully exhausted. There are

also proposed alternative paradigms for the development of this dysfunction. For example, the
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work of [156] presented findings that support an earlier decision for naı̈ve cell differentiation.

In response to advanced liver cancer or to melanoma metastases in the lungs, key biomarkers

for exhaustion in T cells were identified as early as 6 to 12 hours post tumor encounter. While

this proposed timeline for the development of exhaustion varies from the modern dogma, the

time-frame for which the immune response reaches full exhaustion remains the same, around 4 to

8 weeks.

2.2 Defining T cell Exhaustion

While much remains to be uncovered about the modalities and mechanisms driving T

cell exhaustion, certain aspects of exhaustion have already been well characterized. From RNA

sequencing and chromatin accessibility analysis to functional assays and flow cytometry, exhausted

T cell signatures have been elucidated and have helped the scientific community develop a

common definition and understanding of this dysfunction [2, 126, 157, 158]. This widely accepted

characterization of T cell exhaustion includes the heterogeneity and plasticity of the population,

metabolic irregularities, phenotypic signatures, and functional differences compared to normal

healthy T cells. It is important to reiterate that the majority of research regarding T cell exhaustion

refers to CD8+ T cells, thus this description defines exhaustion in CD8+ T cells and can only

be loosely used to define exhaustion in other immune cells. The definition, or lack thereof, for

exhaustion in other subsets is explored in further detail in Section 2.3. It is also important to

note that the differences between exhaustion during chronic infection and cancer have not been

fully established, thus, the definition of cellular exhaustion may be determined in one setting, yet

commonly applied to both. Broad application of this definition is supported by therapeutic results,
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a topic later discussed in Section 2.4.

2.2.1 Differentiation of Exhausted T cells

Until recently, it was assumed that T cell exhaustion was a dysfunctional state of effector

T cells in response to chronic infection or cancer [44]. It was thought that due to prolonged

stimulation and over-activation, T cells will differentiate further into an exhausted state. Another

approach postulates that T cell exhaustion is an evolutionary strategy for the immune system to

avoid autoimmunity or an adverse immune-related event resulting from constant T cell activation

and function [46, 144, 159]. By this theory, transitioning to an exhausted state would mitigate

the potential harm of a continuous immune reaction. However, this differentiation regime has

since been proven incorrect. T cell exhaustion is a distinct differentiation program separate from

functional effector T cells, creating a lineage of exhausted T cells directly from naı̈ve T cells

[160].

In this lineage, a series of differentiations occur, strengthening the degree of exhaustion in

each stage. Through this regime, with deepening levels of dysfunction, further alterations to T cell

profiles are observed, including surface phenotype, metabolic activity, and functional abilities. T

cell populations in each step of the differentiation process have been identified experimentally and

are labeled as distinct subsets [161]. The similarities and differences among the subsets of this

heterogeneous population introduce a level of complexity to this T cell dysfunction, one that will

be briefly touched upon further in Section 2.4.

Originating from naı̈ve T cells, this exhaustion process drives differentiation into memory

precursor effector cells (MPEC) [162]. MPECs are a cell state established by CD8+ T cells upon
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activation in the expansion phase [163, 164]. These cells have a higher proliferative capacity than

short-lived effector cells (SLEC), another cell state that provides immediate effector function. Cell

fate decisions have been linked to external cues such as inflammation and the cytokine milieu, both

of which are tied to the development of exhaustion [165]. During acute infection, the contraction

phase deletes the SLECs while the MPECs will differentiate further into memory T cells [166].

However, during chronic diseases, like cancer, with incomplete antigen clearance, the contraction

phase does not complete and the memory phase does not initiate. As a result, MPECs will not

differentiate into memory T cells and will instead develop into exhausted T cells.

The differences between cancer settings and acute infections drive this differentiation

divergence. In chronic settings, antigen persistence and prolonged stimulation drive MPEC

differentiation into a subset of exhausted cells called exhausted precursor I cells [2, 57, 167].

These precursor cells are often associated with intermediate levels of programmed cell death

protein-1 (PD-1) as well as the expression of the transcription factors T cell factor 1 (TCF1) and

Eomesodermin (Eomes) and the Ly108 glycoprotein [161]. These cells also exhibit low level

expression of the transcription factor T-bet, suggested to have an inverse relationship with Eomes,

both of which have collectively been linked to cell fate, among other functions [127, 168]. This

population of T cells resides in lymphoid tissues, a quality linked to the expression of CD69,

clusters of transmembrane C-Type lectin proteins [169]. Exhausted precursor I cells are capable

of cytokine production, including interleukins and interferon-γ (IFN-γ). These early exhausted T

cells are able to proliferate and replenish the T cell population to some degree, with little evidence

of cellular death. Lastly, exhausted precursor I cells contribute negligible levels of cytotoxicity

compared to other subsets [161].

Continuation of this regime drives development of exhaustion into exhausted precursor
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II cells. These cells continue to express intermediate levels of PD-1 and Ly108 but slightly

lower levels of Eomes and no CD69 expression [161]. Corresponding to the reduction of Eomes

expression, T-bet frequency begins to rise. The loss of CD69 expression provides exhausted

precursor II cells with accessibility to blood, thereby improving mobility [170]. As a result, these

cells are found circulating the body and migrating to the source of antigenic issues. Though not

drastically different from exhausted precursor I cells, this subset of exhausted T cells exhibit

diminished cytokine production and proliferative capacity. In addition, these cells have slightly

increased apoptotic rates and improved cytotoxicity [161].

Exhausted precursor II cells differentiate into intermediate/transitory exhausted T cells.

This population maintains a lack of CD69 expression and thus continues to circulate and migrate

through the body. PD-1 expression continues at intermediate levels. Eomes expression significantly

drops while T-bet frequencies significantly increase. Additionally, Ly108 is no longer expressed

[161]. Intermediate exhausted T cells can proliferate, to a lesser extent, and produce lower levels

of key cytokines. Similar to the differentiation of precursor I to precursor II exhausted T cells,

this population experiences higher rates of apoptosis and an improved granzyme-mediated killing

ability.

Finally, exhausted T cells complete this differentiation program by developing from the

intermediate/transitory subset into terminally exhausted T cells [171]. This final stage exhibits

the highest degree of exhaustion and is associated with the dysfunctional state of the immune

response during chronic infection and cancer. This state of exhaustion exhibits a resistance

to cellular reprogramming and reversibility [172]. PD-1 expression rises and is now at its

highest, as is the rate of cellular death, leading to relatively short life-spans [45, 140, 173–175].

Terminally exhausted T cells are demarcated with the lack of Ly108 and the re-emergence of
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CD69 and Eomes expression, which correlates with a drop in T-bet expression [161]. Following

the re-emergence of CD69, terminally exhausted T cells no longer travel through the body,

and remain at specific tissue locations. These T cells have little to no proliferative ability or

cytokine production, barring a few specific signaling molecules [2, 176]. However, as seen

through the development of exhaustion, subsequent T cell populations improve upon target

cytotoxicity. Following suit, terminally exhausted T cells possess the greatest killing ability

among the exhausted cell subsets [62]. Despite the improvement in cytotoxicity, tumor killing by

terminally exhausted T cells is still inadequate compared to functional T cells.

Figure 2.1: Depiction of the exhausted CD8+ T cell lineage, distinct from normal effector cell
differentiation experienced in non-chronic systems. The heterogeneous population of exhausted
CD8+ T cells originates in a similar pattern; naı̈ve T cells progressing into MPECs. With prolonged
stimulation, MPECs develop into exhausted precursor I CD8+ T cells, precursor II CD8+ T cells,
intermediate CD8+ T cells, and finally into terminally exhausted CD8+ T cells. Coloration of
each T cell represents the severity of exhaustion, with dark to light blue hues symbolizing the
diminishing functionality.

Using RNA sequencing and principal-component analysis (PCA), [161] highlighted distinct

transcriptional signatures for each exhausted T cell population while also identifying similarities

in gene upregulation among neighboring subsets. This work also identified epigenetic signatures

via chromatin accessibility measurements that may be associated with the functional alterations

experienced between transitions. Due to similar epigenetic and phenotypic states of exhausted T
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cell subsets, excluding terminally exhausted cells, early exhausted subsets exhibit plastic behavior

[45, 177]. Finally, we note that due to similarities among the first three populations of this

exhausted lineage, these states are often grouped together, a classification termed progenitor

exhausted T cells [2, 178, 179].

As evidenced, cellular exhaustion is not a single differentiated state of T cells, but rather a

progressive development of dysfunction. The plasticity and nonlinearity of T cells in the early

differentiated subsets speak to the complexity of this phenomenon. While distinct subsets have

been identified epigenetically, transcriptionally, and functionally, there is much work to be done

to better understand this process. In the lineage of exhausted T cells, key transcription factors

and proteins were detailed to provide insight into subset classifications. These examples were by

no means an exhaustive list and were meant to highlight the narrowed viewpoints in which this

heterogeneous population may be defined. Next, we detail additional proteins and receptors on the

cell surface that contribute to the identification of a typical exhausted T cell.

2.2.2 Phenotypic Signatures of Exhausted T cells

General trends in surface phenotypes and biomarkers provide a signature for the

identification of T cell exhaustion. One of the most recognizable qualities of exhausted T cells

is its upregulation of inhibitory receptors on the cell surface. There are several receptors that

experience an increased frequency in expression during T cell exhaustion, the most familiar being

PD-1 [180, 181]. This inhibitory receptor, and its two ligands PD-L1 and PD-L2, are associated

with co-inhibitory signaling pathways that regulate the immune response and maintain peripheral

tolerance [182, 183]. Mechanisms in which these end designs are accomplished include, but
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are not limited to, the promotion of regulatory T cell development and functionality as well as

alloreactive inhibition [184, 185]. Additionally, PD-1 inhibitory signaling antagonizes the protein

kinase B (AKT)/phosphoinositide 3-kinase (PI3K) metabolic pathway and inhibits other signalling

molecules involved with T cell activation and immune function, like zeta-chain-associated protein

kinase 70 (ZAP70) [186, 187]. Upregulation of this receptor begins upon T cell receptor (TCR)

stimulation, but higher expression levels are not maintained unless persistent antigen stimulation

occurs [188, 189]. PD-1 inhibition can occur in secondary lymphoid tissues from PD-L1/2

expressed on antigen presenting cells (APC), during migration, or at the site of antigen insult

from PD-L1/2 expression on tumor cells [190–192]. In the latter case, ligation may result in

tumor-specific T cell death [193, 194].

In recent years, research has linked various other inhibitory receptors with T cell

exhaustion in cancer, including cytotoxic T-lymphocyte-associated antigen 4 (CTLA-4), T cell

immunoglobulin and mucin domain 3 (Tim-3), lymphocyte-activation gene 3 (LAG3), CD160, B

and T lymphocyte attenuator (BTLA), and 2B4 [195]. CTLA-4 plays a major role in regulating

inflammation, reducing T cell functions, and improving the immunomodulatory functions of

regulatory T cells [196]. Upon TCR binding and T cell activation, CTLA-4 will translocate to

the membrane, where its high affinity for CD80/86 on APCs disrupts the co-stimulatory process

required for T cell effector functions [197]. Tim-3 is a transmembrane protein on immune and

inflammatory cells known most notably for its inhibition of cytokine production and suppression

of TCR signalling [198, 199]. Ligation of the inhibitory receptor LAG3 results in the delivery of

chemical signals that regulate various immune cell functions, including homeostasis, proliferation,

cytolytic activity, and more [200]. Other mechanisms leading to immune cell inhibition by LAG3,

though not fully understood, include relocalization within the membrane close to the TCR in the
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immunological sysnapse, where cross-linking and engagement may inhibit T cell activation [201].

CD160 is a glycophosphatidylinositol (GPI)-anchored surface membrane protein and has been

reported to play a role in diminishing cytokine production and cytotoxicity [202, 203]. BTLA has

been linked to alterations in cytokine production, like IFN-γ, in various cancers. However, due

to reports of contradictory effects in tumoral settings providing pro- and anti-immune-related

functions, BTLA’s role in exhaustion needs to be further studied [204]. Finally 2B4, a signaling

lymphocyte activation molecule (SLAM) family member, is suspected to play a role in the deletion

of antigen-specific T cells during exhaustion [205]. Similar to BTLA, the mechanisms and role of

2B4 in T cell exhaustion have not been fully elucidated and require further investigation.

Extensive gene expression profiles of exhausted T cells were compared to that of effector

T cells and memory T cells in the work of [51]. Expression profiles of exhausted cells were

also evaluated in [56, 206–208]. Additionally, biomarker regulation resulting from altered gene

expression within exhaustion has been reconfirmed in various other biological studies [209,

210]. Though quantitative differences in expression levels have been recorded for many genes,

Table 2.1 recapitulates the more commonly used markers for exhaustion identification and the

general modulations exhibited across this dysfunction. Additional biomarkers include intercellular

adhesion molecule 2 (ICAM2) and T cell immunoreceptor with Ig and ITIM domains (TIGIT),

where Ig and ITIM stand for immunoglobulin and immunoreceptor tyrosine-based inhibitory motif

respectively. By no means is this a complete genetic report on exhausted T cells. The functional

associations listed in Table 2.1 refer to the general functional mechanisms these genes play a role

in. The corresponding up or downregulation influences these functional mechanisms to promote a

state of dysfunction.
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2.2.3 Exhausted T cell Metabolism

Regardless of the subset of exhausted T cells and the degree of their dysfunction, these

cells are operational and thus require energy to fulfill certain functions. Usually, circulating

naı̈ve T cells are metabolically inactive and quiescent [220, 221]. Generally, naı̈ve T cells satisfy

energy demands via catabolic metabolism, breaking down glucose, amino acids, and fatty acids

to generate adenosine triphosphate (ATP) by means of oxidative phosphorylation and fatty acid

oxidation [222, 223]. Upon antigen encounter and TCR stimulation, immune cells enter a minimal

developmental program, differentiate, and acquire effector functions. Unsurprisingly, these

immune cells will need to undergo metabolic reprogramming so as to fulfill energy requirements

for such changes and functions. Part of this reprogramming includes anabolic metabolism and

glucose fermentation [224]. Primarily, activated T cells will undergo a metabolic switch to aerobic

glycolysis for ATP production despite the appropriate oxygen levels for oxidative phosphorylation,

a phenomenon known as the Warburg Effect [225]. Additionally, other metabolic signaling

cascades resulting from this TCR stimulation include extracellular signal-regulated kinases (ERK)-

mitogen-activated protein kinase (MAPK) pathways and activation of the PI3K-AKT-mammalian

target of rapamycin (mTOR) network [226–229]. These metabolic changes allow quick energy

production and maintenance of function performance.

In cancer settings, tumor cells also utilize specific metabolic processes, creating a level of

competition with immune cells for nutrients and resources [230, 231]. Though the metabolism

of exhausted T cells have not been explicitly defined, combating tumor cells in the competitive

microenvironment, and experiencing other exhaustion promoting factors, results in the impairment

of metabolic activities normally displayed in healthy active T cells [134]. Ultimately, this causes
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exhausted T cells to rely on pre-reprogrammed metabolic strategies, like oxidative phosphorylation

and fatty acid oxidation, for energy requirements [223]. While this form of energy production

results in larger quantities of ATP, the time required for such ATP yields makes this form of

metabolism, especially during rapid immune responses, inefficient.

2.2.4 Functional Capacities of Exhausted T cells

To review, exhausted T cells exhibit altered gene expression profiles, resulting in an

upregulation of inhibitory receptors, and the inhibitory pathways themselves. Gene profiles

of exhaustion also demonstrate a downregulation of transcription factors and other biomarkers

needed for effective immunity. Additionally, exhausted T cells do not undergo the usual metabolic

switch upon activation, thereby relying on inefficient methods for energy production. Collectively,

stronger inhibition and subpar metabolism of cellular exhaustion leads to a reduction of functional

abilities, hindering the immune response against cancer. This hypo-functional state of the immune

response is perhaps the most identifiable aspect of T cell exhaustion as it is a major cause for the

immune response’s inability to effectively clear the antigen and or tumor burden.

As detailed above, cellular exhaustion is not a differentiated state of effector T cells and

is in fact a developing process. Correspondingly, the functional capacities of T cells diminish

with an increased severity of exhaustion. During the progression of T cell exhaustion, there is

a hierarchical loss of functionality [44, 48, 232, 233]. The first function of T cells to decrease,

and eventually disappear, is the production of interleukin-2 (IL-2) [45, 46]. The IL-2 cytokine

has been associated with the regulation of metabolic and transcriptional programs involved in

homeostasis, differentiation, and cell fate [234, 235]. IL-2 also plays a critical role in promoting
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CD8+ T cell proliferation [236, 237]. Not surprisingly, following the loss of IL-2 production

is a diminishing capacity for proliferation [46, 48]. Exhausted T cells also exhibit particular

biomarkers that increase with later stages of this dysfunction and correlate with higher apoptotic

rates and physical deletion [51, 206, 238]. The physical deletion of these cells has been tied to

pro-apoptotic expression profiles and the inability to react to interleukin-7 (IL-7) and interleukin-

15 (IL-15), which normalize homeostasis [43, 239]. Collectively, with reduced proliferation and

higher physical deletion, these exhausted T cells exist at smaller populations sizes compared to a

typical immune response. This presents as an early entrance into the contraction phase despite

not actively undergoing the usual immune regulation seen in acute infection. Following the

progression of exhaustion, T cells continue to lose effector functions, including deficiencies in the

production of additional cytokines, such as IFN-γ and tumor necrosis factor-α (TNFα), as well as

chemokine production [48]. Though defects in the production of IFN-γ have been reported, the

production of this cytokine has exhibited a degree of resistance to inactivation [43].

As previously mentioned, progression through the exhausted T cell lineage exhibits an

increase in the cytotoxic ability. This is plausible, despite the general loss of functions in these

cells, as the early stages of exhaustion prioritize memory-like features, including the ability

to proliferate and self-renew and produce cytokines, rather than cytotoxicity like effector cells.

This prioritization in terminally exhausted T cells is evidenced by the expression and production

of cytotoxic mediators like perforin and granzyme B [2, 45, 240]. When released into the

immunological synapse, perforin will polymerize inside the target cell’s membrane, destabilizing

the cell locally and allowing passage of granzyme B into the cell, where it can cleave internal

structures and trigger apoptosis [241–244]. Even though the terminally exhausted T cell subset

has improved cytotoxicity compared to other exhausted subsets, its tumor-killing ability falls short
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of normal healthy CD8+ T cells.

The cytotoxicity of T cells results from degranulation, the granule exocytosis process that

releases cytotoxins, like perforin and granzyme B, into the immunological synapse [245, 246].

This process is achieved when the membranes of the secretory lysosomes, which house the

aforementioned cytotoxins, fuse to the membrane of the T cell, opening its compartment and

expelling its contents [247]. Due to exhausted T cells’ diminished cytotoxicity, one would imagine

that although terminally exhausted cells produce these cytotoxins, production occurs at smaller

quantities. Interestingly, experimental research has indicated that these cells produce similar

levels of production compared to their non-dysfunctional counterparts [2, 248]. On the other hand,

there is evidence that the degranulation process itself is affected by T cell exhaustion [127, 240].

Thus, while exhausted T cells may have the potential to kill tumor cells as effectively as normal

healthy CD8+ T cells, they cannot. Potential reasons for the lack of degranulation in exhausted T

cells include impairments in the cytoskeletal restructuring required for granule relocation. In the

work of [249], it was shown that epigenetic modulations to improve cytoskeletal networks in the

immunological synapse with cancer cells improved degranulation and tumor lysis. However, this

concept remains merely a theory without further investigation.

Though these cells are dysfunctional, exhausted T cells are still operational and can mount an

immunogenic response against cancer. Diminished functionality causes these immune operations

to work suboptimally, preventing tumor outgrowth but unable to fully clear the tumor burden [48,

239]. The ineffectiveness of this immune response leads to tumor persistence and the continuation

of an exhausted host defense system. In such an event, tumor cells and various immune cell

populations coexist. This coexistence represents a temporary tumor-immune stalemate [48, 57, 61].

Because of the constant tumor presence, with time, the many abilities and hallmarks of cancer may

29



lead to tumor evolution and escape, thus resulting in outgrowth away from the immune stalemate

[250].

Though the previous diminishing of effector functions have been lost in a hierarchical

fashion, total exhausted T cell functional changes cannot aptly be described as such. Despite a

continual loss of function, exhausted T cells do experience improvement in certain capabilities.

For example, in the work of [251], RNA sequencing was performed in several cancer patients

and demonstrated upregulated gene expression associated with cytoskeletal dynamics and cell

polarization, culminating in a positive correlation between faster cell motility and exhaustion.

However, it is important to note that this correlation may be, in part, due to the changing

microenvironment and not strictly as a result of developing T cell exhaustion.

To summarize, recent accounts of T cell exhaustion research have established a well

documented and accepted definition for this dysfunction. To start, cellular exhaustion is not

a hypo-functional differentiated state of effector T cells. On the contrary, T cells undergo a series

of differentiations, starting from naı̈ve T cells, and passing through various subsets, ending in

the dysfunctional terminally exhausted T cell population. Through this developmental lineage

of T cell exhaustion, there are transcriptional, epigenetic, metabolic, and functional alterations.

To simplify the individual changes to these cells, this heterogeneous exhausted T cell population

is characterized by an upregulation of inhibitory receptors and other biomarkers, metabolic

irregularities, and diminished effector functions.
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2.3 Variation Among T cell Exhaustion

Outside the scope of environmental manipulations, chronic inflammation, and the initiation

of immune cell dysfunction characterized by the qualities outlined in Section 2.2, the mechanisms

implored by cancer to develop T cell exhaustion vary compared to exhaustion caused by chronic

infection.

The general consensus about T cell exhaustion is one of hypo-functionality. Whatever

the driving force behind the development of this dysfunction, exhausted T cells express high

inhibition and therefore an ineffectiveness to combat the antigen load. Although the concept of

exhaustion may be generalized, this simplification ignores the complexity of this dysfunction,

an understanding of which may prove useful. The prolonged antigenic stimulation of T cells

initiates the development of T cell exhaustion [46, 51, 162, 207, 252]. However, T cell exhaustion

may develop differently depending on the cause of stimulation. While there are certainly many

overlapping similarities in signaling cascades and downstream effector molecules, the exact

mechanisms of T cell exhaustion during chronic infection are different from T cell exhaustion in

response to cancer [57, 58]. Additionally, T cell exhaustion may vary characteristically across the

many different immune cells [125, 253, 254]. Several factors control such variations.

To start, the antigen exposure, which persists and drives exhaustion in chronic infection, is

inherently different from cancer. During chronic infection, TCR engagement and signaling results

from stimulation by foreign antigen. Contrary to chronic infection, T cell activation in cancer

results from the TCR recognition of self-antigen and neoantigens [255–257]. The repertoire of

T cells directly relates to the thymic selection process and has been known to change with time

[258–261]. Although the TCR repertoire is large, the degree of T cell responsiveness and activation
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depends on the strength and affinities of ligation [255, 262, 263]. Clonal expansion during the

immune response to infections provide T cells with high sensitivities and stronger TCR binding

affinities [264]. However, despite diverse repertoires, TCR binding to tumor-associated antigens

generally occurs with low affinity [263]. There is also evidence to suggest that TCR binding

affinities influence cell fate and phenotype determination during T cell exhaustion [265, 266].

While antigen persistence is the defining quality that links exhaustion between chronic infection

and cancer, the exact mechanisms and biophysical properties may vary. How these variations, and

or similarities, result in exhaustive and dysfunctional regimes needs to be investigated further.

The evolution and acquired hallmarks of cancer present interesting and alternative paths

to T cell exhaustion. Cancer may shape the immune response by various regulatory networks,

including manipulations of inflammation and the microenvironment, central and or peripheral

tolerance, improper priming of tumor-specific T cells, and the promotion of immunosuppressive

cells, like regulatory T cells [45, 61]. Tumor cells are also responsible for creating other forms

of dysfunction in T cells, including anergy [267, 268]. Because costimulation is necessary

for optimal T cell activation, the lack of costimulatory molecules expressed by tumor cells

render immune cells anergic and dysfunctional [269, 270]. Cancer and the TME may also

promote T cell anergy indirectly through the use of immature myeloid-derived dendritic cells

(mDC), plasmacytoid dendritic cells (PDC), myeloid-derived suppressor cells (MDSC) and tumor-

associated macrophages (TAM) [271–274]. Such dynamics of cancer systems may delay the

recognition and activation by immune surveillance, thereby delaying the incidence of T cell

exhaustion. On the temporal scale, it is plausible that cancer-related dysfunctions, like anergy, may

dominate early during tumor development whereas dysfunction like exhaustion may play a larger

role during tumor progression [269]. Though this later-stage dysfunction may seem analogous to
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T cell exhaustion during chronic infection, exact mechanisms for cancer-related exhaustion may

vary.

One exhaustion mechanism utilized in cancer, and not during chronic infections, makes use

of NFAT5, an environmental sensor for osmotic conditions that promotes transcription programs

related to cell fate [58]. NFAT5 is a transcription factor that lacks the ability to interact and

form a complex with activator protein-1 (AP-1), unlike other members of its family [275, 276].

Calcineurin-dependent nuclear translocation of the AP-1 interacting NFAT family transcription

factors correlates with genetic expression of effector cells, while activation of NFAT5, lacking

AP-1, does not require calcineurin and upregulates the expression of exhausted-like genes [58,

119, 277]. TCR stimulation induces the expression of NFAT5 in both chronic infection and in

cancer, however, transcriptional programs that result in exhaustion require the hyperosmolarity of

the TME, thus specifically promoting T cell exhaustion only in cancer settings [278].

The possible differences in signaling mechanisms utilized by exhausted T cells in chronic

infection and cancer have not been explicitly and fully defined. Most similarities and differences

in these dysfunctional cells across the two chronic settings stem from sequencing analysis or

observational data from clinical trials and therapy studies involving murine models [2, 279, 280].

In any sense, progress has been made in characterizing the nuances of this dysfunction in CD8+

T cells. While the advancement in the understanding of CD8+ T cell exhaustion has grown

immensely, exhaustion in other immune cell subsets is severely understudied. There is evidence of

exhaustion, or exhaustion-like qualities and behaviors, in numerous other cell types, including

CD4+ T cells, regulatory T cells, NK cells, and even B cells [47, 281, 282].
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2.3.1 B cell Exhaustion

B cells play a crucial role via antibody production, which helps neutralize and mitigate

the spread of damage and mark cells as targets for phagocytosis and cell lysis [283–285].

While not fully understood, B cell exhaustion refers to the upregulation of inhibitory receptors,

unusual phenotypic expression patterns regarding cytokine and chemokine receptors and adhesion

molecules, as well as poor proliferative responses [286]. Most of the research on B cell exhaustion

revolves around chronic infections [287]. B cells have been reported to express marked levels

of PD-1, and the corresponding inhibition [282, 288]. Additionally, studies found that murine

models deficient of the PD-1 receptor developed lupus-like autoimmunity via autoreactive B cells

[289, 290], reinforcing the theory of exhaustion being an evolutionary process evolving to deter

autoimmunity.

A key identifying feature of an exhausted B cell in response to chronic infection is the loss

of complement receptor type 2 (CR2) expression, which binds to the virus to form a complex

and induce activation [291]. In addition to CR2, B cell exhaustion typically experiences altered

phenotypic signatures with respect to chemokine and inhibitory receptor frequencies, such as

leukocyte immunoglobulin-like receptors (LILR), among many others [286, 287, 292]. Such

irregular phenotypic signatures of B cells have also been linked to ligand-mediated apoptosis,

diminishing the overall effectiveness of the B cell response [293].

2.3.2 NK cell Exhaustion

Similar to B cells, exhaustion in NK cells have been identified and studied, though not

to the extent of CD8+ T cell populations. NK cells are innate immune cells that have similar
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functions to CTLs, combating both infection and cancer via cytolytic granules, albeit through non-

antigen-specific recognition [294–296]. The functions of NK cells rely on the surface phenotypes,

consisting of both activating and inhibitory receptors, where the balance of resulting signaling

cascades induce specific operations [297, 298]. As this balance is critical for the optimal functions

of NK cells, there are two mechanisms in which NK cells may become dysfunctional: weakened

activation signaling or enhanced inhibition signaling.

In response to chronic stimulation, experiments using flow cytometry have reported

dysfunctional NK cell expression signatures of inhibitory receptors that resemble exhausted

profiles of T cells [299]. Dysfunctional NK cells also present decreased frequencies of

lysosomal-associated membrane glycoprotein-1 (LAMP-1) and decreased cytokine production,

including IFN-γ and TNFα [298]. Diminished cytotoxic ability of NK cells have also been

reported for patients with cancer [281, 300, 301]. There are different subsets within the NK

cell class, with variations among phenotypes, epigenetic and transcriptional programs, and

exhausted-like qualities [286].

2.3.3 CD4+ T cell Exhaustion

Investigations into cellular exhaustion among CD4+ T cells have increased in recent years.

Despite its growing popularity, understanding CD4+ T cell exhaustion is in its infancy. Standard

differences among CD4+ and CD8+ T cells may contribute to discrepancies in characterizing and

defining dysfunction, like cellular exhaustion. For instance, biomarkers associated with CD8+ T

cell exhaustion, including Eomes, TCF1, and BTLA, are expressed at varying levels across other

subsets of T cells and across different settings [213, 216, 219, 302]. Specifically, in the case of
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BTLA, conventional CD4+ T cells have been reported to have higher expression profiles compared

to CD8+ T cells [303], reducing the identification of notable receptor upregulation associated with

exhaustion. While these markers may be useful at identifying exhaustion in CD8+ T cells, they

cannot reliably be used to identify dysfunction in CD4+ T cells.

Another challenge in defining CD4+ T cell exhaustion is its known plasticity. Developing

CD4+ T cells respond to a myriad of external signals and cues and, in turn, differentiate into a

particular CD4+ T cell subset [304]. Both signaling and differentiation impose an additional level

of complexity in understanding CD4+ T cell exhaustion. For instance, a major signaling factor is

the TCR-major histocompatibility complex (MHC) binding strength [305]. Ligand affinity for the

MHC class II on the APC with CD4+ TCRs dictate internal biochemical reactions and signaling

cascades resulting in differentiation. Unfortunately, the promiscuity of the MHC class II binding

motif deepens the network of reactions that occurs in given environments [306]. Correspondingly,

CD4+ T cells are capable of continuously differentiating in and out of different subsets, each with

different phenotypes and functions [307]. This fluidity makes the standardization of an exhaustion

profile extremely difficult.

Recent work, like [254], demonstrate exhausted-like phenotypes in CD4+ T cells. Such

phenotypes consist of an upregulation of inhibitory receptors, where frequency and stimulation

correlate with disease severity [308, 309]. Upregulated receptors include PD-1, CTLA-4, LAG3,

and TIGIT [253, 310–313]. Intermediate levels of PD-1 and TIGIT are expressed on circulating

CD4+ T cells, making the mere presence of these markers insufficient for the characterization of

exhaustion [314–316]. However, upon activation in cancer settings, the increase in these receptor

expressions are accompanied by the the expression of CTLA-4 and Tim-3 [254, 317]. Transcription

profiles and functional readouts of these CD4+ T cells in chronic systems parallel exhausted CD8+
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T cells [313]. Despite a notable upregulation for inhibitory receptors on potentially exhuasted

CD4+ T cells, the degree of upregulation lacks in comparison to that of CD8+ T cells. This

difference in severity suggests that CD8+ T cells exhibit exhaustion to higher degrees than CD4+

T cells [254, 306, 318–321].

Though there is certainly an overlap between the upregulated inhibitory receptors of

exhausted CD8+ T cells and exhausted-like CD4+ T cells, there are distinct differences. Correlating

with the usual upregulation of PD-1 and CTLA-4, CD4+ T cells increase the expression of

CD39 opposed to Tim-3 in CD8+ T cells [47]. CD4+ T cells that express high levels of PD-1

and upregulated levels of CD39 exhibit higher levels of TOX, a driving factor of exhaustion

[136, 139, 322]. These cells also exhibit diminished effector functions, including cytokine

production of IL-2, IFN-γ, and TNFα, mirroring that of the exhausted CD8+ T cell [254, 310,

317, 323, 324]. Aside from cytokine production, in chronic settings, these exhausted-like CD4+

T cells demonstrate reduced proliferation, cytotoxicity, splenic motility, and reduced memory

development [47, 144, 149, 325, 326].

Although an exhausted-like population of CD4+ T cells in response to chronic settings has

been identified, the level of heterogeneity of such dysfunctional cells remains unknown. It is

unclear whether exhausted-like CD4+ T cells are a differentiated state of dysfunction or if they

represent a singular subset of an exhausted lineage similar to CD8+ T cells. Some research has

suggested that CD4+ T cells with exhausted-like qualities resemble the final stage of CD8+ T cell

exhaustion [147]. However, this research is countered by their responsiveness to immunotherapy

treatments, a characteristic possessed by non-terminally exhausted CD8+ T cells [327]. This

concept is revisited in Section 2.4. Such results suggest a differentiation regime and a lineage

for CD4+ T cell exhaustion. Reports have also shown variations in the production of perforin
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and granzyme B, with higher levels being associated with cells exhibiting higher exhausted-like

characteristics [313], further suggesting an exhaustive program similar to CD8+ T cells.

One of the many subsets of CD4+ T cells are regulatory T cells. These T cells are denoted

by forkhead box P3 (FOXP3) expression profiles and for their anti-immune-related functions,

where they suppress the potentially harmful effects of other immune cells and contribute to

the maintenance of peripheral tolerance [328–330]. Coinciding with the prevention of adverse

immune-related events, this regulatory T cell role is essential for the prevention of autoimmunity

[331, 332]. Due to the immunosuppressive functions of regulatory T cells, they exhibit pro-

tumor impacts in the TME [333]. In cancer systems, the functions of regulatory T cells may be

hijacked and or manipulated to induce such immunosuppression, including, but not limited to, the

production of immunoregulatory cytokines, immune cell cytolysis via perforin and granzyme B,

and through metabolic perturbations [241, 330, 334].

As stated earlier, the complexities of CD4+ T cell dynamics complicates the understanding

of CD4+ T cell exhaustion, holding true for subsets like regulatory T cells. Diminished

immunosuppression and its subsequent effects on the advancement of cancer have been reported in

systems where regulatory T cells exhibit higher expression levels of PD-1 and LAG3, suggesting

exhausted-like dysfunction [185, 335, 336]. While there is still much to discern regarding

potentially exhausted regulatory T cells, this possibility plays an interesting role in immunotherapy

treatment plans. This consideration is discussed further in Section 2.4.

In all, cellular exhaustion occurs in response to chronic systems, where antigen persistence

leads to prolonged stimulation of cell receptors and over-activation. While this dysfunction

is generally marked by an upregulation of inhibitory receptors and diminished functionality,

differences in the chronic system that drives exhaustion may result in mechanistic and phenotypic
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variations of immune cell exhaustion. Exhaustion may also permeate across various cell types,

resulting in an overall dysfunctional immune response.

2.4 Targeting T cell Exhaustion for Cancer Therapy

The hypo-functionallity of T cells in chronic systems and disease, like cancer, pose ideal

targets for immunotherapy. The improved understanding of T cell exhaustion has provided

new avenues of approach for such therapy design and have had promising, though inconsistent,

results [337]. In T cell exhaustion, diminished effector functions are linked to metabolic

irregularities and the upregulation of inhibitory receptors. All of these detriments are the result of

prolonged stimulation by antigen. Thus, removing the antigen would, in principle, prevent further

continuation of this dysfunction. However, since this cannot be done, prevention of exhaustion is

unfeasible, and other methods to reverse cellular dysfunction should be explored. The reversal of

exhaustion requires the reinvigoration of effector functions, essentially restoring the functionality

of the immune response. The modern approach to immunotherapy practices that target exhausted

T cells is to alleviate the impacts of this dysfunction and promote proper immunity, either alone or

in combination with other treatments. Here, we discuss the immunotherapy research, treatment

plans, and limitations of targeting T cell exhaustion, in the context of cancer.

To start, cellular exhaustion has been associated with the ineffectiveness of previously

developed treatment options [63, 160]. For example, the recognition, and need for intervention to

reverse T cell exhaustion and its immunosuppressive impacts on various immunotherapy efforts,

like CAR-T cell therapy against cancer has become apparent [338–341]. CAR-T cells are T cells

that are isolated from patients and then re-introduced, with additional synthetic antigen-specific
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receptors, independent of MHC complexes, designed to redirect the immune response towards

the antigen of interest [342–344]. Commonly designed proteins on CAR-T cells are directed

towards antigens expressed on cancer cells, and have shown to mount effective immune responses

against certain solid tumors and hematological malignancies, including lymphomas, leukemia,

and myeloma [345–347]. Unfortunately, durable and beneficial responses are not guaranteed.

The exhaustion of CAR-T cells, which may originate from the various means detailed in Section

2.1, limits the effectiveness of this guided immune response [340, 341, 348–350]. Patients of

certain cancers, like leukemia, who are susceptible to relapse exhibit cancer-specific T cells

with exhausted characteristics whereas those who maintain long-term responses lack such T cell

qualities [339, 351, 352]. Gene editing technologies that knockout inhibitory receptors on CAR-T

cells have shown improved responses in some cancer settings [339, 353, 354]. It has become clear

that developing strategies that target and alleviate T cell exhaustion may in turn help optimize the

effectiveness of already established cancer treatments.

As evidenced by the various transcriptional and epigenetic programs resulting in the

upregulation of several inhibitory receptors and their pathways, cellular dysfunction during

T cell exhaustion can occur in different ways. Consequently, different targets may be utilized

during immunotherapy treatments in hopes of alleviating the inhibition and restoring proper

functionality. A common therapeutic intervention to relieve the effects of T cell exhaustion is

to antagonize and or block key inhibitory receptors, thereby reducing the degree of inhibition

experienced by the immune cell, an intervention known as immune checkpoint blockade (ICB)

[354–359]. ICB is accomplished by the administration, typically intravenously, of immune

checkpoint inhibitor (ICI) molecules, which are monoclonal antibodies that bind to inhibitory

receptors or their respective ligands required for stimulation [359–362]. Such ICB treatments
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have shown, though not consistently, positive effects in several cancers, like melanoma, renal

cell carcinoma, non-small-cell lung cancer, prostate cancer and more [357, 363–375]. Following

clinical trials, some ICB treatments have been approved by the Food and Drug Administration

(FDA) [358, 362, 376, 377].

One dominant form of ICB utilizes monoclonal antibodies that target the PD-1:PD-L1/2 axis

and has been given the term anti-PD-1. This receptor is a common target of ICB as its stimulation

results in the dampening of several immune cell functions and is associated with programmed

cell death [378, 379]. Additionally, the upregulation of this receptor is one of the most common

trademarks associated with T cell exhaustion, making it a strong candidate for immunotherapies

targeting such cells. ICB targeting the PD-1 receptor has yielded positive results in several cancers

[380–385]. There is also evidence of CAR-T cells engineered to produce anti-PD-1 persisting

longer in the TME and experiencing improved cytotoxicity against the tumor [386]. According

to the National Cancer Institute (NCI), one of the leading PD-1 checkpoint blockers is the drug

known as Nivolumab, where it is used alone or in combination with other treatment modalities

in cancer, including but not limited to, colorectal cancer, esophageal cancer, melanoma, and

squamous cell carcinoma in the head and neck. Another beneficial anti-PD-1 drug is known

as Pembrolizumab, showing positive results in several cancers, such as breast cancer, cervical

cancer, esophageal cancer, and melanoma [387–390]. Both antibody treatments target the PD-1

protein receptor on T cells. However, their specific structure and target domains, and therefor their

subsequent binding affinities and dissociation rates, vary [391, 392]. Nivolumab commonly binds

with the N-loop epitope of the PD-1 receptor while Pembrolizumab interacts with the C’D-loop

domain [393–395]. Though these drugs may target the same inhibitory receptor, these slight

variations may provide varying clinical results, and as such, the usage of these treatments follow
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guided clinical recommendations.

Another commonly targeted inhibitory receptor for ICB immunotherapy treatments against

T cell exhaustion is CTLA-4. Instead of diminishing the functions of activated T cells, like

PD-1, CTLA-4 regulates the activation process by dampening CD28 co-stimulatory signalling

[197, 396, 397]. The blockade of CTLA-4 is thought to reduce the threshold for activation of

low affinity tumor-specific T cells, mediating recruitment and proliferation [356, 398, 399].

Common anti-CTLA-4 pharmaceutical treatments that target this inhibitory receptor are

Ipilimumab and Tremelimumab [358, 400, 401]. Such ICBs have been used in both single and

combination therapies. Ipilimumab has shown effectiveness in patients with colorectal cancer,

hapatocellular carcinoma, melanoma, non-small-cell lung cancer, and more [380, 402–405].

Similarly, Tremelimumab has also shown efficacy in hepatocellular carcinoma and non-small-cell

lung cancer, and has also been investigated in cancers like malignant melanoma and in advanced

adenocarcinomas of the gastrointestinal tract [399, 406, 407]. These two anti-CTLA-4 monoclonal

antibodies share the same epitope for receptor binding, though differences in the complex stability

and the dissociation rates affect binding dynamics and the corresponding pharmacokinetics

[408]. The exact mechanisms and biophysical properties of each antibody that leads to different

outcomes in immunotherapy treatments remain to be fully elucidated and requires further study.

It is worth noting that the treatments described above do not comprise the entirety of

FDA approved ICB immunotherapies. There are other pharmacological drugs that target similar

inhibitory receptors and have shown positive results in various cancer settings [409, 410].

Additionally, in recent years, there have been clinical trials investigating the effectiveness of

targeting other inhibitory receptors commonly overexpressed on exhausted T cells, like LAG3 and

Tim-3 [200, 411–413]. The current understanding of such treatments lacks in comparison with the
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well established methods discussed above.

As alluded to earlier, the blockade of inhibitory receptors provides beneficial responses in

cancer patients receiving these immunotherapy protocols, either as a standalone monotherapy

or in combination. Though ICB monotherapy has demonstrated positive results in cancer,

tumor resistance may limit the effectiveness of such treatments [414–416]. To counteract

ICB monotherapy limitations, combination therapy provides an opportunity to address T cell

exhaustion on multiple fronts, improving functional capabilities of immune cells and restoring

immunotherapeutic efforts against resistant tumors [417, 418]. Clinical trials and experimental

studies continuously investigate the effectiveness of combining ICB immunotherapies, targeting

exhausted T cells via multiple inhibitory receptors to develop synergistic effects [419, 420]. For

example, in murine models, improved cytokine production was exhibited by tumor-infiltrating

CD8+ T cells in response to the combination treatment of monoclonal antibodies targeting PD-1

and CTLA-4 [382]. In human studies, clinical trials combining Nivolumab and Ipilimumab

showcased quicker tumor regression and or favorable and durable responses, compared to

monotherapies [381, 403, 421–424]. Targeting Tim-3 has also been shown to have synergistic

immunotherapy impacts when combined with other inhibitory receptor blockades and also with

protein kinase inhibitors in melanoma patients [425, 426]. The work of [420] created a database

using human and mouse expression profiles in response to ICB combination treatments, providing

an in depth interface to compare and analyze differential responses.

Though great progress has been made in immunotherapy efforts that target exhaustion, the

impacts of such interventions are not fully understood. The heterogeneity of T cells, in both healthy

and exhausted counterparts, and tumors make it difficult to effectively study and exploit intended

immunotherapy outcomes [279, 427, 428]. For example, not all subsets of exhausted T cells
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respond to ICB treatment [2, 160, 429, 430]. According to various studies, progenitor exhausted T

cells are capable of responding to ICB while terminally exhausted T cells do not [62, 431–433].

Patients experiencing durable responses exhibit a proliferative burst in progenitor exhausted T

cells as well as improved cytokine production [2, 42, 434, 435]. Despite the unresponsiveness of

terminally exhausted T cells, which are capable of tumor cell lysis, growing progenitor exhausted T

cell populations may differentiate and feed the terminal subset, providing improved tumor control

[161, 435]. CD8+ T cell responses to ICB vary from patient to patient and across different cancers,

further emphasizing the complexity and the many unknowns of exhausted systems [415, 436–438].

Recognition of the role CD4+ T cells play in mounting an immune response against cancer

has warranted the improvement and understanding of CD4+ T cell reactions to ICB treatment,

though not quite to the level of CD8+ T cells. While there is evidence of improved cytokine

production and proliferation, it is unclear to what extent this functionality originates from treatment

directly or by other indirect means [253, 439–441]. Despite an improved understanding of CD4+ T

cells during immunotherapy treatment, there are hurdles to overcome in order to improve the direct

impact on CD4+ T cell effectiveness against cancer. To start, the plasticity of CD4+ T cells, which

may provide new opportunities for ICB targeting and manipulation, also provides challenges in

isolating specific effects of immunotherapy regimes [442, 443]. Additionally, CD4+ T cell’s MHC

class II binding motif is rather promiscuous, responding to several different ligands [306, 444, 445].

Promiscuity of these CD4+ T cells may help broaden the application of immunotherapy treatments,

but, at the same time, complicate studies as it becomes difficult to isolate the mechanisms involved.

The lack of full understanding of CD4+ T cell exhaustion adds to the complexity of ICB

treatment in these leukocytes. Despite the uncertainties of this dysfunction in CD4+ T cells, it is

understood that these exhausted-like cells express similar inhibitory receptors on their surface,
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albeit in variable frequencies, compared to CD8+ T cells [253, 254, 310–313]. As such, it is

believed that CD4+ T cells are responding to ICB treatments. However, as mentioned earlier,

research suggests that these cells exhibit exhaustion to a lesser degree than CD8+ T cells [254,

306, 318–321]. Consequently, it is theorized that the resulting effects of ICB treatments on tumor

control mainly originates from CD8+ T cell impacts and only in part by the alleviation of CD4+ T

cell exhaustion [446, 447].

One question that remains at the forefront of CD4+ T cell exhaustion is its developmental

program. Touched upon earlier, it remains unclear if exhausted-like CD4+ T cells resemble a

terminal dysfunctional state or if they represent a single subset of an exhausted lineage, like CD8+

T cells. According to preliminary studies of exhausted-like CD4+ T cells during ICB treatment,

improved population numbers were observed, indicating a response to the monoclonal antibodies

[253, 327, 439–441]. A response to such treatments parallel the progenitor exhausted CD8+ T

cell response, suggesting a possible developmental lineage of exhausted CD4+ T cells.

We note that ICB treatment may prove to be a double-edged sword as it may unintentionally

alleviate the degree of dysfunction in exhausted-like regulatory T cells. Such results may

reinvigorate their immunosuppressive functions and possibly drive tumor resistance [448].

Another drawback, specifically dealing with the use of ICB combination therapy as opposed

to monotherapies, is the possibility for increased incidence of immune-related adverse events

[449, 450]. Such events represent toxicities or autoimmune-mediated pathology, whereby healthy

tissues are damaged and require additional intervention [438, 451–453]. Safety profiles for

various clinical trials dealing with single or combination therapies have been reported but need

to be evaluated closer for a better understanding of patient risk [422, 454]. Taken together,

the beneficial results of clinical trials emphasize the bright future of ICB combination therapy,
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however, present complexities in T cell exhaustion and immune-related adverse events stress that

this form of immunotherapy has room to improve and requires further insight [160].

In any case, due to the efficacy of ICB treatments, these methods have been considered in

combination with other non-immunotherapy cancer treatments. For instance, ICB combined with

chemotherapy in various cancer settings have been investigated and show encouraging results

[455–459]. Additionally, targeting inhibitory receptors on exhausted T cells has shown to help

improve radiation therapy in some instances of cancer and metastases [460–464]. Though there

have been beneficial responses to these combination therapies, therapy dosages and schedules,

including adjuvant/neoadjuvant ICB, need to be further explored for efficacy and safety. Standalone

chemotherapy and radiation therapy can be effective at the early stages of cancer but diminish

with advanced states [419, 465, 466]. These two forms of therapy involve DNA damage within

tumor cells, ultimately resulting in cell cycle arrest and/or cellular death [467–471]. Amplification

of these tumor intrinsic effects via other interventions can enhance tumor control [419]. However,

mutations and tumor evolution often lead to therapy resistance, in which case complementary

or supplementary therapies are required [472, 473]. With the developing effectiveness of ICB

treatment, reinvigoration of the immune response provides a secondary attack on cancer, one that

is independent of intrinsic tumor conditions.

Aside from relieving inhibition by means of ICB treatment, exhausted T cells may be

targeted via other mechanisms for immunotherapeutic efforts. As T cell exhaustion correlates with

the TOX transcription factor, which is a leading culprit that drives and promotes this dysfunction,

TOX may prove to be a strong target for therapeutic interventions. In fact, tumor-infiltrating

lymphocytes (TIL) that were TOX knockdown reduced the expression of exhausted-related

inhibitory receptors and resulted in an increase in cytokine production, including IFN-γ and TNFα

46



[136, 474]. Additionally, targeting and depleting the Nr4a1 gene, which encodes the nuclear

receptor 4A1 protein responsible for regulating and impeding proliferation, metabolism, and

apoptosis, prevented exhaustion in CAR-T cells and enhanced the antitumor response of TILs

[340, 475–477]. Likewise, deletion of the Cbl-b gene encoding an E3 ubiquitin ligase that regulates

T cell function, using clustered regularly interspaced short palindromic repeats (CRISPR), was

reported to reduce PD-1 and Tim-3 expression on exhausted T cells and restore proper functionality,

like the production of IFN-γ and TNFα [340, 478–480]. There are also few studies that targeted

exhausted T cells epigenetically by means of chromatin and or DNA-modifying activity, though

much work is needed for a complete understanding [338, 481, 482].

Key environmental cytokines have been linked to the promotion or maintenance of T cell

exhaustion, thus, targeting these cytokines and preventing their corresponding stimulation and

response may be an attractive strategy. One such cytokine is TGF-β, which plays a role in

manipulating the TME and has been considered a biomarker for cancer [483–485]. Disruption of

TGF-β signaling has demonstrated enhanced T cell functionality through various mechanisms

[340, 486–488]. Other cytokines have been reported to have both immunosuppressive and immune-

promoting functions, like IL-10, and thus utilization in the form of cancer immunotherapy remains

a possibility [338]. Other than cytokines, immunotherapy strategies have begun targeting the TME

and inflammation to prevent the negative effects of T cell exhaustion. Targeting inflammation

to limit exhaustion is an interesting approach as inflammation has not only been tied to the

development of exhaustion but also to the limitations of other immunotherapy regimes [489].

As a consequence, targeting inflammation in combination to other treatments appears promising

[117]. Anti-inflammatory treatments administered in cancer settings include, but are not limited

to, Aspirin, Indomethacin, and Metformin [117, 490, 491].
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In all, the consideration and targeting of exhausted T cells to promote antitumor immune

responses have shown beneficial results in various cancers. Whether the exhausted T cell-targeted

treatment be a monotherapeutic effort or in combination with various immunotherapies and

radiation or chemotherapy, alleviation of T cell dysfunction appears to improve the effectiveness

of the immune response to cancer. Despite promising results, patient responses are inconsistent.

While the uniqueness of individual patients and cancers play a role in this inconsistency, T cell

exhaustion is also a key player.

2.5 Conclusion of Chapter 2

Cellular exhaustion is a dysfunction found in T cells, distinct from other forms of commonly

attributed dysfunction, like senescence or anergy. First discovered in the context of chronic

infection, T cell exhaustion has since been attributed to cancer settings, where it is, in part,

responsible for poor prognosis and incomplete patient responses. With growing recognition for

the role T cell exhaustion plays in cancer systems, recent years have experienced an ever-growing

rise in research. Using murine models and human clinical trials, a great deal of information about

T cell exhaustion has come to light.

It is now widely accepted that exhausted T cells arise in response to antigen persistence,

which leads to prolonged exposure and stimulation of the TCR. While the exact mechanisms that

translate the prolonged TCR stimulation to the development of dysfunctional T cells are not fully

elucidated, progress has been made to identify key players and contributors. The ECM in the TME

provides biophysical characteristics and environmental conditions conducive to the development

of this dysfunction. The myriad of cell species, like stromal cells, contribute to the external
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immunosuppressive signals received by the immune cells and are also capable of maintaining

the TME. It is also understood how, collectively, the environment and local cells promote an

inflammatory setting, reinforcing the susceptibility and maintenance of exhaustive programs.

With an appropriate landscape and constant tumor burden, T cells will dysfunctionally develop.

Developing exhausted T cells are correlated with metabolic irregularities and transcriptional

differences, mainly in the upregulation of TOX. Through various studies, these factors have been

identified as probable culprits in the mechanistic processes that initiate and drive exhaustion. In a

cyclic feedback loop, exhausted T cells are not able to eradicate the tumor, allowing for antigen

persistence and the continuation of T cell exhaustion.

Due to the complexities and variation of individual patients and tumors, defining T cell

exhaustion has had its challenges. Difficulties further arise from the observation that exhaustion

occurs in many different types of cells, each presenting uniquely. Despite these challenges,

T cell exhaustion has been broadly characterized. Following prolonged exposure to antigen

and the initiation of exhaustive programs, T cells undergo a series of metabolic, transcriptional,

epigenetic, and functional changes. While it was once thought that T cell exhaustion was a

differentiated state of effector T cells, it is now understood that this population is heterogeneous,

with distinct subsets exemplifying the severity of exhaustion and exhibiting varying levels of the

aforementioned alterations. Starting from MPECs, cells will develop into exhausted precursor

I cells, exhausted precursor II cells, intermediate and transitory exhausted cells, and finally into

terminally exhausted T cells. Corresponding with this progression, exhausted T cells alter their

surface phenotypes, generally through an upregulation of inhibitory receptors. Stemming from

metabolic irregularities and increased frequencies of inhibitory receptors and pathways, exhausted

T cells exhibit diminished functional abilities. Abilities, like proliferation and cytokine production,
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are lost in a stepwise manner as they progress through the exhaustive program. Despite a decrease

in these functions, differentiation in exhaustive regimes improves T cell cytotoxicity, though still

not to the level of normal healthy T cell counterparts. Collectively, the upregulated inhibitory

receptor biomarkers and the diminished functional capacities outline the common definition of T

cell exhaustion in chronic systems. Despite diminished abilities, exhausted T cells continue to

combat the tumor, resulting in the formation of a temporary tumor-immune stalemate.

As discussed earlier, T cell exhaustion has been observed in several different immune cells

and in various settings; chronic infection versus cancer. There is a great deal of overlap between

exhaustion during chronic infection and cancer, and so, research into one has proven useful with the

other. There are distinctions between both cases however, so setting-specific research yields more

beneficial results. As for cell type, most research into T cell exhaustion prioritizes CD8+ T cells.

As a consequence, the definition and characterization of this hypo-functional status in various

other cells is not fully understood. Due to the interconnected nature of the immune response,

each cell type plays a major role in combating cancer. Thus, it is important that exhaustion in

other cells be the focus of some research investigations moving forward in hopes of providing a

more thorough and holistic view of this dysfunction. Such a perspective will help improve our

understanding of cancer systems and will help improve immunotherapeutic efforts.

Thus far, targeting exhausted T cells as a form of immunotherapy has shown positive results.

Exhaustion has been tied to the ineffectiveness of previously established therapy programs such as

CAR-T cell therapy. Thus, by using monoclonal antibodies to block the upregulated inhibitory

receptors on exhausted CAR-T cells, functional abilities of CAR-T cells may be restored. This

blockade treatment as a standalone monotherapy has also proven effective in various cancer

settings. Improved results may be seen when combining therapies, where multiple inhibitory
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receptors are targeted simultaneously. The effectiveness of such ICB treatments have also been

demonstrated when combined with non-immunotherapeutic efforts, such as chemotherapy and

radiation therapy. Unfortunately, durable patient responses for those receiving ICB treatment,

as a monotherapy or in combination with another form of therapy, are inconsistent. A better

understanding of T cell exhaustion will help determine how to improve the effectiveness of such

treatments.
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Chapter 3: A Mathematical Framework for T cell Exhaustion

Mathematical modeling is an invaluable tool in the biological sciences and is the primary

focus of this chapter. First, Section 3.1 emphasizes the value in mathematical modeling for

biology, with details in both immunology and oncology. Following this accentuation, in Section

3.2, is the application of mathematical modeling to an exhausted immune setting. The details of

model construction and parameterization are further discussed. Model simulations and subsequent

analysis are provided in Section 3.3. Finally, biological insight and valuable conclusions drawn

from this practice are outlined in Section 3.4. A condensed version of this chapter has been

published in the Bulletin of Mathematical Biology [1] and has provided a foundation for additional

work, which is detailed in Chapter 4.

3.1 The Role of Mathematics in Immunology and Oncology

With more in-depth knowledge, advancing experimental techniques, and the use of modern

instruments and other revolutionary technologies in biological studies, there has been a significant

increase in data collection [492]. Correspondingly, the need for sufficient mathematical analysis

and computational power have dramatically increased. Mathematical efforts now play a role in

all areas of biological studies, from hypothesis and experiment construction to gathering and

interpreting research results from simulation and analysis. The rise in data output for biological
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research calls for a quantitative understanding of these systems, thus promotion of mathematics in

biology has been strongly encouraged [493]. Following, the prevalence of mathematical modeling

within biological studies has grown tremendously over the years and continues to rise as it becomes

newly integrated in various scientific fields and niche topics.

Various modeling methodologies have been constructed to capture biological systems,

including top-down models that are derived from general biological concepts and data and are

then specified further, bottom-up models that combine specifically defined biological functions to

create a holistic viewpoint, and middle-out models, which contains variations of the two [494].

Regardless of the approach, mathematical modeling in the biological sciences tends to follow

a general pipeline, akin to the scientific method [495]. Mathematical models are created for

biological settings where better understanding of properties and complexities, which have not

been fully investigated, may prove beneficial to the scientific community. Results and data from

experimentation, biological studies, and clinical trials, are used to parameterize and calibrate

these models. Models are then simulated and analyzed through various means to substantiate or

reject any preconceived hypotheses, and or may promote the guidance of future work. As the

mathematical approach works in unison with biological research, new developments and data

may update mathematical frameworks, cyclically feeding into each other for the advancement

of research [496]. To fully capture the nature of complex biology, like immunological and or

oncological systems, mathematical modeling often draws from additional fields, such as physics,

to aid in model development and analysis [497–499].

In immunological and oncological settings, there are various styles of mathematical models

utilized, a prominent form being differential equations [500]. Such models describe state variable

changes as functions dependent on their interactions within the system. In the cases of immunology
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and oncology, state variables in these models can take on various forms, from different cellular

species to distinct molecules and molecular complexes [501–503]. Additionally, there are many

classifications and specifications for mathematical modeling, each providing unique and beneficial

conclusions. Some immunological and oncological models may be considered mechanistic, where

the structure of the mathematical model is derived from the underlying biological mechanisms,

like regulatory processes, governing system interactions [504, 505]. On the contrary, if the

model’s origins stem from biological patterns resulting from such mechanisms, and not from the

mechanisms themselves, the model is deemed phenomenological [506]. Deterministic versus

probabilistic models are another distinction with important implications [507, 508]. Deterministic

models utilize specified parameters, thus, given initial conditions, simulations will provide robust

outputs [509, 510]. This form of modeling is useful in various settings, like immunological

systems, where it provides a framework for the immune response and the behaviors of key players

within. Oppositely, probabilistic models incorporate probabilities into parameter values and or

stochastic noise, meaning that each simulation provides differential results [510, 511]. Such

models are useful in oncological settings, among many others, as they may capture and highlight

the variation seen across patient responses.

Overall, mathematical modeling of biological systems offers an alternative perspective

to traditional research, complementing the efforts of biological studies [66–69]. Utilization of

mathematics in biology may help reinforce current understandings or even help guide future

research [512]. The benefits of mathematics in biology may be general, but their implications

are vast. This concept is well documented in all areas of biology, including, but not limited

to, immunology, cancer biology, pharmacology, as well as radiation and chemotherapy [70–

75, 513]. Mathematical methods spanning these fields contribute to the understanding of such
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systems on multiple levels, from molecular events within single cells to population dynamics

and across space and time [514]. The benefits of such applications include therapy predictions,

optimization of therapy administration and implementation, and more [76–79, 499]. For example,

modeling of disease pathology and pharmacological interactions of patients can lead to an improved

comprehension of tumor evolution and its responsiveness to different therapeutic regimes, which

may guide personalized precision medicine [515].

3.2 A Mathematical Model for T cell Exhaustion

To improve the efforts of immunotherapy treatments, specifically those targeting T cell

exhaustion, it is paramount that this dysfunction be further understood. It is crucial to gain insight

in the dynamics of these exhausted T cells, at both the cellular and population level. Capturing the

dynamics of an exhausted immune response against cancer may help identify potential targets for

intervention that mediate tumor regression. Valuable insight into such a system can narrow down

the complex interactions that take place, providing concentrations to guide future research and

immunotherapy design. Such insights may be determined via mathematical modeling.

While the use of mathematical modeling to highlight and understand the immune response

in cancer has been well established [69, 508, 516–518], to date, there are few models that deal

with the T cell exhaustion phenomenon. As discussed earlier in Chapter 1, few publications

incorporate this dysfunction into their mathematical framework, and of those that do, most treat

this dysfunction as a general means of T cell inactivation. Even fewer, if any, consider the

heterogeneity of this dysfunction. Constructing a mathematical model designed to showcase the

development of exhausted T cell subsets and their functional interactions within the TME will offer
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a complementary perspective to biological studies of exhaustion in cancer. Such mathematical

work can recapitulate the biological understanding of this dysfunctional system and can be probed

and analyzed to provide biological conclusions with the potential to advance immunotherapy

strategies. The novelty of such a mathematical model for T cell exhaustion against cancer may also

establish a foundational framework for future mathematical immunology and oncology research.

3.2.1 Cellular Exhaustion Model Construction

With little to no previously developed mathematical models focusing on cellular exhaustion,

the constructions of such a model will require translating the biological research into mathematics.

Since cellular exhaustion plays a major role in the immune response to chronic infections and in

cancer, and because there is overlap between exhaustion in these two settings [104], previously

established models for acute infection can act as a solid basis for model construction. Recent

models that may be of interest and use include those by [519] and [520] which focus on immune

cell localization and cell fate during acute infections, as well as [521] which highlights lytic

interactions during infection. As the present study revolves around the immune response to tumors,

it is essential to build off cancer-based models, like the model of tumor growth under the presence

of CD8+ T cells and NK cells by [522] and a model that evaluated tumor dynamics under immune

regulated conditions developed by [523].

The model presented here captures the overall dynamics of different cell populations and

molecular concentrations to track the progression of exhaustion in CD8+ T cells and how these

dysfunctional T cells interact with the tumor mass. To capture population dynamics, a mechanistic

and deterministic model of ordinary differential equations (ODE) was developed, highlighting
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the key interactions between cellular species. This model is provided below along with brief

descriptions of the individual terms within each equation. Key underlying assumptions for this

model are also addressed.

Ṅ(t) = αN(1− N

Tc

)︸ ︷︷ ︸
Logistic Growth

−h(
λkNK + λENE

N +K + E + 1
)︸ ︷︷ ︸

Cytotoxic Death

(3.1a)

K̇(t) = hPK︸ ︷︷ ︸
Proliferation

− δkK︸︷︷︸
Cell Death

(3.1b)

Ḃ(t) = 2msBN︸ ︷︷ ︸
Supply of Activated cells

+ hPB︸ ︷︷ ︸
Proliferation

− rEB︸︷︷︸
Differentiation

− δBB︸︷︷︸
Cell Death

(3.1c)

Ė(t) = rEB︸︷︷︸
Differentiation

− δEE︸︷︷︸
Cell Death

(3.1d)

Ṗ (t) = ρKK + ρBB︸ ︷︷ ︸
Production

−hP (K +B)︸ ︷︷ ︸
Uptake

− δPP︸︷︷︸
Cytokine Decay

, (3.1e)

Each compartment within the model represents a different species interacting in the tumor-

immune environment. There are four cellular populations, N(t), K(t), B(t), and E(t), as well as one

key cytokine, P(t), present throughout the cellular interactions, all of which act as the model’s

state variables. The non-tumoral species exist as concentrations while the tumor is represented as

a volume. The state variables in this model are detailed in Table 3.1.

The first equation, Equation 3.1a, indicates the dynamics of tumor growth. Although the

tumor-immune interface is complex, involving a myriad of cell types, chemical messengers,

environmental features, and more, this model is a simplified representation, highlighting specific

interactions that govern the tumor-immune stalemate exhibited during cellular exhaustion. In the

immediate microenvironment, tumor cells compete against immune cells and local tissue for space,
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Table 3.1: State variables representing the five species within Model 3.1. Population sizes
and concentrations of each non-tumor-related variable are represented in thousands of cells or
molecules per cubic millimeter.

State Variable Description

N(t) Tumor volume (mm3)
K(t) Residual healthy CD8+ T cell population
B(t) Progenitor exhausted CD8+ T cell population
E(t) Terminally exhausted CD8+ T cell population
P(t) IL-2 cytokine concentration

metabolites, nutrients, etc. While the type and location of tumors often influence its abilities to

out-compete these nearby cells, tumor uniqueness was ignored. We assume that, in general, the

solid tumor will successfully out-compete these additional cell types, resulting in tumor growth.

This growth may be modeled in various ways, an already accepted form being logistic growth

[508, 522, 524, 525]. In order to assume a solid tumor growing logistically, it must be assumed

that there is a carrying capacity for the tumor burden.

The continual growth of the tumor must reach a capacity brought about by an external

factor. In the cancer microenvironment, a common external factor implicated in this capacity

includes the angiogenic capabilities of the tumor. To accurately model the tumor-associated

vasculature that influences the tumor’s carrying capacity, incorporation of epithelial cells and

key cytokine players like vascular endothelial growth factor (VEGF) and TNFα, to name a few,

are required [526–528]. While modeling such specifications may be more biologically accurate,

their negligible interactions with the immune cells directly acting with the tumor and forming the

tumor-immune stalemate suggest that this level of detail is not needed. To compensate, we ignore

these additional cells and cytokines and assume the tumor-associated vasculature supports tumor
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growth to a physical predetermined size. We also assume that this vasculature does not allow for

possible malignant transformations, confining the model to a single solid tumor interacting with

the adaptive immune system. This predetermined size comes from previously published works

(Section 3.2.2).

Additionally, through a variety of methodologies, tumor cells have been reported to influence

the physical environment to support tumor growth and spread. This includes indirect use of TAMs

and CAFs. Reconstructions of the extracellular matrix and environment to create an ideal space for

tumor growth consists of several components and additional cell types and chemical messengers.

Similar to the previously mentioned tumor-associated vasculature, this incorporation into the

model will increase complexity while having little to no impact on the immune cell dynamics

involved in the progression of exhaustion or the interactions with the tumor. The spatial concepts

of tumor growth and the biophysical environment are thus ignored in favor of specifying a physical

volume to act as a carrying capacity.

Counteracting tumor growth, cellular death limits the total volume of the tumor burden.

Tumor cells die as a result of the tumor-immune interactions. When effector CD8+ T cells

penetrate the tumor, whether they be normal or exhausted, cytotoxic abilities allow the immune

cells to lyse tumor cells. These killing terms are derived from cellular saturation-based dynamics,

an accepted structure previously described in literature [523, 529–532]. By saturating with respect

to tumor burden and immune populations, this term for cytotoxicity is able to capture dynamics

for tumor growth and regression. Because progenitor exhausted CD8+ T cells have little to no

cytotoxic effects on tumors, the only two methods of death considered come from interactions

with healthy effector CD8+ T cells and terminally exhausted CD8+ T cells.

Equation 3.1b considers the normal healthy effector CD8+ cytotoxic T cell population,
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K(t). These cells consist of the immune cells that have already penetrated the tumor prior to

the development of exhaustion. When exhaustion initiates, it is assumed that naı̈ve T cells no

longer supply the healthy CD8+ T cell population and instead differentiate into dysfunctional cells

(Figure 2.1), thus there is no influx. However, these cells are effector cells that can replicate via

IL-2 induced proliferation in accordance with the law of mass action [523, 533, 534]. Aside from

proliferation, this population may change depending on healthy CD8+ T cell death rates. Death

can occur via activation induced cell death, apoptosis, or by other means [535, 536]. These forms

of cellular death are grouped together in the second term within the equation.

Equation 3.1c marks the changing population of progenitor exhausted CD8+ T cells, B(t).

When exhaustion develops due to prolonged stimulation, naı̈ve cells enter a minimal developmental

program and then differentiate into progenitor exhausted CD8+ T cells (Figure 2.1). Similar to

proliferation, this supply of progenitor exhausted CD8+ T cells follows the law of mass action,

though dependent on the tumor cell population. The first term includes the naı̈ve cell supply

rate and the number of divisions required for completion of the minimal developmental program,

resulting in the supply of differentiated progenitor exhausted CD8+ T cells. These cells also

undergo IL-2-dependent proliferation, encapsulated by the second term. Progenitor exhausted

CD8+ T cells can also continue to differentiate into the terminally exhausted CD8+ T cell

subset, whose population dynamics are represented by the following equation in Model 3.1. This

differentiation occurs at a linear rate as specified in Section 3.2.2. Lastly, progenitor exhausted

CD8+ T cells are subject to cell death much like the normal CD8+ T cell population.

Equation 3.1d represents the terminally exhausted CD8+ T cell population, E(t), introduced

into the system via differentiation from the progenitor exhausted CD8+ T cell subset. Terminally

exhausted cells are short-lived, dying not too long after being fully differentiated. The
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differentiation that contributes to terminally exhausted CD8+ T cell growth and the death of these

cells are shown in the first and second terms respectively. These cells have little to no proliferative

ability thus no additional terms are needed.

Finally, Equation 3.1e accounts for the concentration of IL-2 in the system, P(t). This

cytokine is essential for the proliferation of healthy CD8+ T cells as well as progenitor exhausted

CD8+ T cells. IL-2 is produced by effector CD8+ T cells and by progenitor exhausted CD8+ T

cells in this system. Terminally exhausted CD8+ T cells produce negligible amounts, thus, it is

ignored. Once this cytokine has been produced and secreted, it may leave the system in one of two

ways; uptake by the same two immune cell populations as it is used for proliferation, or by natural

decay. These two cytokine fates are represented by the third and fourth terms respectively.

3.2.2 Parameter Estimation

Model 3.1 consists of several compartments, each with individual parameters highlighting

compartment dynamics. Some of these parameters have accepted values within recent literature

while others have been estimated in immunological models. These values, both accepted and

estimated, generally relate to terms within equations dealing with normal CD8+ effector T cells

and the IL-2 cytokine. New parameters dealing with the exhausted cells in Equations 3.1a, 3.1c,

3.1d, and 3.1e within Model 3.1 need to be estimated using new data as there are no previous

population-based models dealing with cellular exhaustion. In some instances, estimates for normal

healthy effector cells may suffice. The data used for tumor growth and exhausted cell parameter

estimation comes from the work of [2]. Estimates have been obtained from a variety of sources,

from both murine and human model studies, as well as from studies for infections and tumors.
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Although this project’s parameter estimation pulls from a variety of sources, the estimation

process was used to determine a single individual value to be used in simulations, rather than a

distribution of values for each parameter, hence establishing a deterministic model. Table 3.2

provides a description of each parameter. Accompanying this table is the general process behind

parameter estimation. Note that in such general descriptions, the parameter unit ”k” represents

thousands. Table 3.3 summarizes the value of each parameter along with the source of value

determination.

Table 3.2: Descriptions for the parameters within the equations of Model 3.1.

Parameter Description

α Tumor growth rate
Tc Tumor carrying capacity
λK Tumor-healthy CD8+ T cell lysis parameter
λE Tumor-terminally exhausted CD8+ T cell lysis parameter
h Magnifier for physical interactions
δK Healthy CD8+ T cell death rate
δB Progenitor exhausted CD8+ T cell death rate
δE Terminally exhausted CD8+ T cell death rate
δP IL-2 decay rate
m Number of progenitor exhausted CD8+ T cell divisions
sB Naı̈ve cell activation and supply rate for progenitor exhausted CD8+ T cells
rE Differentiation rate into terminally exhausted CD8+ T cells
ρK IL-2 production rate of healthy CD8+ T cells
ρB IL-2 production rate of progenitor exhausted CD8+ T cells

Tumor Growth

The tumor growth rate, α, was determined via estimation from the data provided by [2].

OVA-expressing B16.F10 melanoma tumor volumes (mm3) were taken for 18 days in murine
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models. Due to the duration of these measurements, the tumor data fits the exponential growth seen

in the early stages of tumor progression. To fit a logistic curve to this exponential data, a tumor

carrying capacity is needed. In previous mathematical immunological models with logistic tumor

growth, this parameter takes on a wide range of values. For this model, the carrying capacity, Tc,

was chosen to match the average tumor carrying capacity from the scramble control set data from

the tumor measurements used in the mathematical model of [523]. This carrying capacity was

set as 4.4725x103. From this data, along with the tumor volume measurements of [2], parameter

estimation using nonlinear least squares regression provides the tumor growth rate, α, with the

value of 0.3 day−1.

Cell Supply

During acute infections, naı̈ve T cells circulate the lymphatic and circulatory systems. When

these cells encounter cognate antigen, there is activation and a subsequent entering of the minimal

developmental program before differentiating into full-fledged effector cells, either as CD4+ helper

T cells or CD8+ cytotoxic T cells. In cancer settings, there is over-stimulation and over-activation

of the T cell, thus, while the bulk of the previously mentioned T cell fate remains intact, prolonged

stimulation results in the differentiation regime being slightly altered, promoting the development

of exhausted CD8+ T cells rather than normal effector T cells. For this model, we assume that the

supply rate of progenitor exhausted CD8+ T cells is equal to the supply rate of effector CD8+ T

cells estimated from previous studies. This assumption stems from the notion that in cancer, the

naı̈ve cell supply remains unchanged, and that the over-stimulation simply redirects the T cell fate

towards exhaustion. Previously, using approximate naı̈ve T cell turnover data from [537], which

uses a human HIV-1 infection model, [519] estimates the value of active naı̈ve T cell supply to be
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0.0012 thousand cells per microliter per day. Following this estimation, the parameter sB, which

in this model represents the supply rate of the progenitor exhausted CD8+ T cells, is estimated to

be 0.0012 k/day.

Development

Upon activation, T cells undergo a minimal developmental program to expand their

population; a program consisting of cellular divisions. It is important to note that this form of

expansion is different from cellular proliferation that occurs upon restimulation. While there

are arguments suggesting that the minimal developmental program may be time-dependent, the

constructed model of this study uses a parameter to define a set number of divisions rather than

time. The parameter defining the number of divisions within the minimal developmental program

for T cells, m, was chosen to be 7, matching that of [519], which was previously taken from [22]

who observed a minimum of 7− 10 divisions for T cells in such a program.

Cell Death

While progenitor exhausted CD8+ T cells may exhibit similar phenotypes to that of naı̈ve

T cells, they are a differentiated cell type. Following the general progression to effector cells, it

is assumed that these newly differentiated progenitor exhausted CD8+ T cells would naturally

die at greater rates than naı̈ve T cells. According to [519], who references the data of [537] and

[538], it was estimated that naı̈ve T cells naturally die at a rate 0.03 k/day while fully developed

effector CD8+ cytotoxic T cells die at a rate of 0.4 k/day. This death is generally brought on by

apoptosis. The early stages of this process of naturally programmed cell death are correlated with

the expression of Annexin V [539]. [2] data shows that 41% of progenitor exhausted CD8+ T cells
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express Annexin V while 72% of terminally exhausted CD8+ T cells present this biomarker. With

this, we assume progenitor exhausted CD8+ T cells die at a similar rate of 0.41 k/day. Additionally,

it is estimated that terminally exhausted CD8+ T cells die at a rate of 0.72 k/day. It is important to

note that this estimate for natural death of terminally exhausted CD8+ T cells is much larger than

that of the normal healthy effector cells. This appears plausible as terminally exhausted CD8+

T cells have a shorter life span than normal effector cells, contributed in part by an increase of

inhibitory receptors on their surface, like PD-1, which has also been linked to apoptotic rates

[193, 194].

Differentiation

Spanning 21 days after tumor challenge, [2] measured the frequency of progenitor

exhausted and terminally exhausted CD8+ T cells. This data appears to represent the

conversion/differentiation of progenitor exhausted CD8+ T cells into the terminally exhausted

CD8+ T cell subset. Fitting of this data shows that the progenitor exhausted CD8+ T cell

frequency decayed exponentially at a rate of 0.251 k/day while the terminally exhausted CD8+ T

cells appeared to increase linearly at a rate of 5.42% per day. The differences in these growth

patterns may reflect the death rates of each subset. To avoid over-complication and to account for

the different lifespans between progenitor exhausted and terminally exhausted CD8+ T cells, the

differentiation parameter, rE , was chosen to be linear, matching that of the terminally exhausted

CD8+ T cell.

Cytotoxicity

Killing abilities of the tumor-immune interactions are often represented in terms of saturation,

capable of handling tumor growth and destruction. Like the tumor lysis parameter of [523], which
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was used to define CD8+ T cell cytotoxicity in murine models challenged with B16 tumors, this

model expresses the cytotoxic killing of tumor cells by healthy CD8+ T cells and exhausted CD8+

T cells via sigmoidal saturation. In the tumor environment, with the development of exhaustion,

tumor killing can occur on several fronts. The remaining healthy CD8+ T cells that have already

infiltrated the tumor may function as normal effector cells, killing with a lysis parameter λK . The

model of [523] used a variety of values for this parameter. For this present study, the value of 0.111

mm3/k/day, which falls within the range of [523], was selected. The cytotoxic ability of CD8+

T cells correlate with the degranulation and secretion of perforin and granzyme B. In [2], which

also observed B16 tumors in murine models, it was reported that approximately 80% of terminally

exhausted CD8+ T cells produce granzyme B for cytotoxicity. While progenitor exhausted CD8+

T cells have been recorded to produce this cytotoxin, their effect on tumor lysis has been reported

to be negligible. Thus, for this model, the additional killing term incorporated into Equation 3.1a

comes from the terminally exhausted CD8+ T cells with λE estimated to be 0.0888 mm3/k/day,

80% of the normal effector cell counterpart’s lysis parameter.

Magnification factor

For various biological processes present within Model 3.1, the physical interactions are not

singular. For example, an individual immune cell is capable of killing multiple tumor cells. To

handle the sequential killing of tumor cells by immune cytotxicity, this cytotoxic death term is

multiplied by the parameter h, which acts as an amplifying factor when greater than 1. In the

present study, h was fixed to the value of 10, coinciding with the parameter value used in [523].

This magnification can also be found in the proliferation terms of healthy CD8+ T cells and the

progenitor exhausted CD8+ T cells to indicate the degree of progeny production. The parameter h
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also makes an appearance in the IL-2 uptake by the same two populations.

Cytokine Production

According to [540], immune cells can undergo a base level of IL-2 production upon

activation, with the exception of the largest cytokine contributor, the CD4+ helper T cells, which

produce much more. In previously published models [520, 523, 541], IL-2 production rates of

CD8+ T cells were estimated to be 1.0 k/day. However, from [542], it has been reported that it

is rare for more than 50% of activated immune cells to produce IL-2. If taken together, it can

be interpreted that for previous models, 50% of the population of activated cytokine-producing

immune cells produced double the IL-2, i.e. 2.0 k/day, to create a total population producing at a

rate of 1.0 k/day. Data provided by [2] indicates that the frequency of IL-2 producing progenitor

exhausted CD8+ T cells was 18%, thus the rate of cytokine production for the total population of

progenitor exhausted CD8+ T cells, ρB , was estimated to be 0.36 k/day, to account for the double

IL-2 productivity. Additionally, terminally exhausted CD8+ T cells produce negligible amounts of

this cytokine, thus no need for incorporation into this model, nor any parameter estimation. It

is also worth noting that extracellular IL-2 decays linearly at a rate of 5.5 k/day, as estimated

by [543]. While these cell types have been reported to produce other cytokines needed for the

immune response, additional cytokine concentrations are not being considered in the present

study.
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Table 3.3: Summary of Model 3.1 parameter values and their respective sources used for value
determination. Here, the parameter unit ”k” represents thousands.

Parameter Value Source

α 0.3 day−1 Estimated
Tc 4, 472.5 mm3 [523]
λK 0.111 mm3/k/day [523]
λE 0.0888 mm3/k/day Estimated
h 10 Fixed
δK 0.4 k/day [519]
δB 0.41 k/day Estimated
δE 0.72 k/day Estimated
δP 5.5 k/day [543]
m 7 [519]
sB 0.0012 k/day Estimated
rE 0.0542 k/day Estimated
ρK 1 k/day [519, 520, 523]
ρB 0.36 k/day Estimated

3.3 Model Simulation and Analysis

Implementation of Model 3.1 with the parameter values from Table 3.3 are shown in Figure

3.1. This simulation was performed by MATLAB’s ode45 function to solve non-stiff differential

equations. For this system, we see that the growing tumor provides prolonged T cell stimulation

and subsequent development of cellular exhaustion. We also note that variations in initial tumor

size may only adjust the time span of system dynamics, not the dynamics themselves. Thus, as

the tumor grows, the population of progenitor exhausted and terminally exhausted CD8+ T cells

increase. Any preexisting healthy effector cells eventually leaves the system via cell death. The

IL-2 cytokine remains in the system at low levels as it is both produced and utilized by progenitor

exhausted CD8+ T cells and lingering healthy effector CD8+ T cells. Despite IL-2-dependent

proliferation by normal effector cells, the low levels of this cytokine and lack of additional system
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supply/input are not sufficiently adequate to surpass the normal rate of healthy CD8+ T cell

death, which explains why this population diminishes over time. Eventually, with large enough

population sizes of the exhausted cell compartments, a tumor-immune stalemate was reached.

In this system, the tumor volume reaches its peak of 3, 589.03 mm3 around day 38. Soon

after, in response to the growing exhausted cell populations, the tumor diminishes, eventually

reaching the stalemate at an approximate volume of 3, 150.57 mm3. The remaining populations

also plateau during this stalemate, forming the coexistent steady-state. This steady-state is defined

in the next section.

3.3.1 Steady-states and Stability Analysis

An important qualitative behavior of coupled ODEs, like Model 3.1, is the potential

convergence to a steady-state, where state variables remain consistent through the continuation of

time. The number of equilibrium for a given system depends on specified parameters and model

structures [500]. Mathematically, these steady-states may be defined and characterized according

to their stability [544]. The stability of such states represents the attraction for the system to settle

into described behaviors [500]. Biologically, these steady-states represent qualitative behaviors

of the real-world system. However, mathematically defined steady-states may or may not be

biologically feasible, thus, interpretation of system dynamics and behavior is essential. Stability

analysis of various steady-states in a dynamical system offer insight into system properties and

behavior within a parameter space and can be very useful in prediction making [544–547]. This

type of analysis stems from parameter and state variable conditions defined by critical points of

the dynamic system.
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Figure 3.1: Framework dynamics simulating an 80 day span during the development of cellular
exhaustion. Dynamics capture overall growth and or temporal development of a solid tumor,
healthy effector CD8+ T cells, progenitor exhausted CD8+ T cells, terminally exhausted CD8+ T
cells, and the IL-2 cytokine.
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For this non-linear dynamical system of cellular exhaustion (Model 3.1), there are several

states that can be mathematically defined for which the system compartments reach equilibrium.

These defined states can be expressed in terms of the parameters outlined in Table 3.3. However,

each steady-state solution contains a set of conditions for parameter values and or the relationship to

other parameter values for which the corresponding species is not only defined but also biologically

valid. One such condition stems from the assumption that each species within the model must

be non-negative. However, due to parameter values contradicting certain conditions required for

such states, several steady-states are ignored. The remaining biologically significant steady-states

consist of the trivial solution, a conditional boundary solution, and a solution for which all species

coexist.

Biologically, the trivial steady-state is irrelevant as it is not only indicative of a cancer-free

system, but also of an immune-free system.

For the conditional boundary state, the system is representative of a non-trivial and non-

tumor bearing model. Without a tumor present, there is no input of progenitor exhausted CD8+ T

cells and thus no terminally exhausted immune cells. In biological terms, this is appropriate as the

absence of a tumor means there is no active antigen responsible for prolonged T cell stimulation

and therefore no subsequent development of cellular exhaustion. Although there is no tumor,

existing CD8+ cytotoxic lymphocytes are present in the system. As healthy effector CD8+ T

cells contribute to IL-2 production for proliferative capacities, this cytokine will also exist in this

steady-state. The remaining two populations of preexisting CTLs and IL-2 may exist as part of a

feed-forward loop in the normal immune surveillance system. If we consider the healthy CTL

population at a steady-state, we know:
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K̇(t) = hPK − δKK = 0. (3.2)

From here, we can see that regardless of the value of the CTL population K, this compartment

can reach equilibrium when:

P ∗ =
δK
h
. (3.3)

Next, we can use this newly defined value for the cytokine concentration to solve for the

effector population by substituting it into the IL-2 compartment, whose dynamics no longer

depends on progenitor exhausted CD8+ T cells due to their absence.

Ṗ (t) = ρKK − hPK − δPP = 0, (3.4)

K(ρK − hP ) = δPP, (3.5)

K =
δPP

(ρK − hP )
, (3.6)

K∗ =
δP δK

h(ρK − δK)
. (3.7)

At this boundary steady-state, the normal healthy lymphocytes produce IL-2 to be utilized in

a feedback loop, with cytokine-dependent proliferation maintaining its population size. As these

populations are defined by parameter values specified for the model, calculations provided explicit

population sizes. In this boundary steady-state, the healthy normal effector cell population resides

at a value of 0.367 k/mm3 while the IL-2 cytokine concentration remains at 0.04 k/mm3.

The most interesting of the steady-states is the coexistent state. To recapitulate the system
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dynamics leading to the coexistent steady-state, the initial exponential growth of the tumor is

accompanied by the growth of the progenitor exhausted CD8+ T cell population. Additionally,

as the progenitor exhausted CD8+ T cell population grows, continued differentiation causes a

subsequent increase in the terminally exhausted CD8+ T population. Any preexisting healthy

CD8+ effector cells will either undergo cytokine-dependent proliferation or die. According to the

biological implications of cytokine production and sequestration, the IL-2 cytokine will remain

at extremely low levels within the system. Simply put, the cytokines produced into the system

are almost immediately removed via natural decay or via cellular uptake during the cytokine-

dependent proliferation. As the dynamics of the normal healthy effector CD8+ CTLs depend on

the IL-2 concentration, it can be expected that this population also remains extremely low. When

considering the other parameter values of effector cell dynamics (physical interaction magnifier

and cellular death rate), the population of CTLs tends toward 0, without fully being eliminated.

As this population shrinks towards 0, the IL-2 concentration can be reevaluated, giving:

Ṗ (t) = ρBB − hPB − δPP. (3.8)

During a potential steady-state, this concentration will not change, thus we have:

Ṗ (t) = ρBB − hPB − δPP = 0, (3.9)

i.e., δPP = (ρB − hP )B. (3.10)

In this system, it is assumed that each state variable coexists, thereby meaning each

population value is positive. Following the positivity of δP , we see that in order for this expression
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to be true,

ρB − hP > 0, (3.11)

Consequently, a new condition is now imposed:

Theorem 3.1 Provided positive parameter values, a steady-state of coexistence can only be

achieved upon satisfaction of the following condition for the cytokine concentration:

P <
ρB
h
. (3.12)

Thus, during the tumor-immune steady-state, the population of healthy CD8+ effector cells

tends toward 0 and the IL-2 cytokine approaches the value defined by parameters in Equation

3.12; a value of 0.036 k/mm3 (after substituting parameter values from Table 3.3). Despite the

near elimination of the normal effector cell population, the increase in terminally exhausted CD8+

T cells compensate for tumor lysis.

As a result of the increased exhausted cell populations, the tumor never reaches its carrying

capacity. Instead, the terminally exhausted CD8+ T cell population passes a threshold and can

begin to shrink the tumor. However, as a consequence of cellular exhaustion, these immune

cells do not possess the capabilities to fully eliminate the tumor, resulting in a stalemate. This

tumor-immune stalemate represents the coexistent steady-state. In this model, the tumor-immune

stalemate is reached around day 60. As previously discussed, this stalemate occurs when the tumor

shrinks towards a volume of 3, 150.57 mm3. At this stalemate, with the healthy effector CD8+ T

cell population and the IL-2 cytokine concentration values defined, steady-state population values
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of the remaining cellular species may be determined. Starting with progenitor exhausted CD8+ T

cells:

Ḃ(t) = 2msBN + hPB − rEB − δBB = 0. (3.13)

B =
2msBN

rE + δB − ρB
. (3.14)

Here, the progenitor exhausted CD8+ T cell population at the coexistent steady-state is a

function of the tumor, N. Equation 3.14 also implies:

Theorem 3.2 In the presence of a tumor, provided positive parameter values, the existence of

progenitor exhausted CD8+ T cells at equilibrium depends on the satisfaction of the following

relationship between parameters:

rE + δB − ρB > 0. (3.15)

Based on parameter values specified in Table 3.3, Equation 3.15 is satisfied. Additionally,

as the terminally exhausted CD8+ T cells are directly related to the progenitor exhausted CD8+ T

cells, E too can be written as a function of N, under the same condition described in Theorem 3.2.

Ė(t) = rEB − δEE = 0. (3.16)

E =
rEB

δE
=

2msBrEN

δE(rE + δB − ρB)
. (3.17)

Finally, at equilibrium,
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Ṅ(t) = αN(1− N

Tc

)− h(
λkNK + λENE

N +K + E + 1
) = 0. (3.18)

As the normal healthy CTL population tends to 0 and the terminally exhausted CD8+ T cell

group is a function of N, the resulting tumor equation can be expressed as a quadratic function

whose coefficients consist of parameter values.

[
−α

Tc

− 2mαsBrE
TcδE(rE + δB − ρB)

]N2 + [α− α

Tc

+
2msBrE(α− hλE)

δE(rE + δB − ρB)
]N + α = 0. (3.19)

Solving Equation 3.19 for N, using MATLAB’s fsolve function, provides the tumor size at

the coexistent steady-state of the system, a value of 3, 150.57 mm3. With this value determined,

it is then possible to explicitly define the two exhausted T cell populations, which are functions

of the tumor. The steady-state population sizes for each non-tumor species within this model, as

functions of the tumor and parameters, are summarized below. Additionally, the population sizes

at this steady-state were also calculated and provided in 3.4.

K∗ → 0, (3.20a)

B∗ =
2msBN

rE + δB − ρB
, (3.20b)

E∗ =
2msBrEN

δE(rE + δB − ρB)
, (3.20c)

P ∗ → ρB
h
. (3.20d)
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Table 3.4: Numerical values for the state variables (tumor volume and immune cell/cytokine
concentrations) of Model 3.1, at the stalemate steady-state. The parameter unit ”k” represents
thousands. The healthy CD8+ T cell concentration at this steady-state is negligible.

State Variable Volume/Concentrations

N∗ 3, 150.57 mm3

K∗ 0
B∗ 4, 644.22 k/mm3

E∗ 349.61 k/mm3

P∗ 0.036 k/mm3

To evaluate the stability of this coexistent steady-state, the corresponding Jacobian matrix,

representing a linear approximation of Model 3.1, whose elements are the partial derivatives of

state variables with respect to each other, was analyzed. The Jacobian matrix was calculated

analytically and analyzed computationally. Below is the Jacobian matrix for the nonlinear system

of coupled ODEs representing cellular exhaustion in CD8+ cytotoxic T cells in response to a

growing solid tumor. For simplicity, all parameters and state variables remain arbitrary in this 5x5

matrix.



X1 X2 0 X3 0

0 hP − δK 0 0 hK

2msB 0 hP − rE − δB 0 hB

0 0 rE −δE 0

0 ρK − hP ρB − hP 0 h(K +B)− δP



For organizational purposes, three elements of the Jacobian matrix are represented as
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variables. These variables are defined as:

X1 = α(1− 2N

Tc

)− h
(λKK + λEE)(N +K + E + 1)−N(λKK + λEE)

(N +K + E + 1)2
, (3.21a)

X2 = −hN
(λK)(N +K + E + 1)− (λKK + λEE)

(N +K + E + 1)2
, (3.21b)

X3 = −hN
(λE)(N +K + E + 1)− (λKK + λEE)

(N +K + E + 1)2
. (3.21c)

The eigenvalues of the Jacobian matrix at the coexistent steady-state solution were

calculated using MATLAB’s eig function. These eigenvalues are shown in Table 3.5.

Table 3.5: Eigenvalues of the Jacobian matrix for the mathematical framework of CD8+ T cell
exhaustion at the tumor-immune stalemate.

Eigenvalue

−0.11002 + 0.09720i
−0.11002− 0.09720i
−0.73570 + 0i
−46447.72809 + 0i
−0.04 + 0i

Since the real parts of the eigenvalues of the Jacobian matrix are negative, this particular

steady-state is asymptotically stable. This suggests that with small perturbations to the system,

tumor growth or tumor control would resume (depending on the perturbation), driving the tumor-

immune system back towards the localized stalemate. Due to the presence of complex conjugates

within these eigenvalues, the system experiences oscillatory behavior surrounding this stalemate.

These oscillations are the result of a nonlinear dynamical system. Oscillations are also influenced
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by physical interactions between species. This impact is mentioned in further detail in the Section

3.4.

Together, this model highlights the development of cellular exhaustion in CD8+ T cells

in response to solid tumors. Following the development and progression of exhaustion in this

system, the immune cells reach a localized stalemate with the tumor. This stalemate is a stable

fixed point and is capable of handling slight perturbations. The lack of bifurcations within this

model suggests that there are no parameters capable of destabilizing the localized stalemate after

having undergone slight changes. Targeting certain parameters as a form of external influence or

therapeutic effort will require differences large enough to overcome the stability of this stalemate.

3.3.2 Sensitivity Analysis

As the parameters within this model represent key features of immune cells in the tumor-

immune environment, their respective values help dictate overall dynamics. In recent years,

there has been a large push for immunotherapeutic efforts to target such features of these

exhausted immune cells. The goal of these efforts are to improve immune cell capabilities

so as to effectively reduce and or eliminate the tumor. Naturally, these features of the immune

cells operate differently, biologically or chemically, thus their impact on tumor dynamics vary. To

improve future immunotherapy regimes, it is important to understand which aspects of exhausted

immune cells contribute the most, directly or indirectly, to tumor control, thereby effectively

prioritizing immunological features to target.

Sensitivity analysis is a mathematical tool, often used to study model behaviors, that

evaluates the change in model output according to small perturbations in parameter values [546,
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548]. For dynamic biological systems, whether parameter variations are small or large (local or

global sensitivities respectively), this analysis helps describe the robustness of biological responses

[549]. Understanding model sensitivities is essential for determining which parameters have the

largest influence on system behavior, thus, for biological applications, such insight helps guide

decision-making, therapy targets, and or optimization methods.

By performing a univariate local sensitivity analysis on selected parameters within Model

3.1, the impact of each parameter on the tumor-immune stalemate may be evaluated. For such

analysis, the parameters revolving around the exhausted cell compartments have been selected.

These parameters include the terminally exhausted CD8+ T cell lysis parameter, λE , the terminally

exhausted CD8+ T cell differentiation rate, rE , the progenitor exhausted and terminally exhausted

CD8+ T cell death rates, δB and δE respectively, and finally the cytokine production rate of

progenitor exhausted CD8+ T cells, ρB . It is important to note that these exhausted cell parameters

were estimated (Section 3.2.2). As a result, this sensitivity analysis reflects how this model system

reacts to perturbations away from the current estimated value. As the study into cellular exhaustion

continues, new data may be incorporated to further aid in parameter estimation, which will require

subsequent analysis to address potential shifts in system sensitivities.

Independently, tumor volumes at day 100 were examined following perturbations of the

selected parameters. The difference between the newly perturbed tumor volume and the original

tumor size determined by the model were calculated. As each parameter represents a different

aspect of the immune cell, cross comparisons are difficult. To eliminate these difficulties,

normalizing the change in tumoral dynamics by the magnitude of the perturbation provides

a single non-dimensional measurement, the sensitivity coefficient:
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SeCo =
N −Np

| Perturbation |
, (3.22)

Here, Np denotes the tumor volume after the individual parameter has been perturbed while

N specifies the tumor volume sprouting from the original parameter values set in Table 3.3.

Depending on the parameter and the direction of the parameter perturbation, the resulting

tumoral dynamics may promote tumor growth or tumor reduction. For example, a slight increase

in the terminally exhausted CD8+ T cell lysis parameter results in a smaller tumor volume while a

slight increase in the exhausted cell death rates will result in tumor growth. To keep comparisons

consistent, the sensitivity coefficient was calculated using a parameter perturbation of 10% that

corresponds to tumor regression. The sensitivity coefficients are provided in Table 3.6.

Table 3.6: Sensitivity coefficients for Model 3.1 parameters, specifically those for exhausted CD8+
T cells.

Parameter Sensitivity Coefficient

λE 1.22x103

δB 6.74x103

δE 1.20x103

rE 4.98x102

ρB 5.52x103

When considering a 10% perturbation, the parameter that had the largest impact on tumor

shrinkage was the progenitor exhausted CD8+ T cell death rate, δB . The next parameter for which

the cellular exhaustion model was most sensitive to was the IL-2 cytokine production rate by

progenitor exhausted CD8+ T cells, ρB . These two parameters are large players in the maintenance
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of the progenitor exhausted CD8+ T cell population. Taken together, this suggests that the size

of this compartment is crucial for tumor-immune interactions. This idea is further supported by

several immunotherapy studies regarding PD-1 blockade. This inhibitory receptor has been linked

to both cytokine production and cell death. Blocking this inhibitory receptor partially restored

effector function, increasing IL-2 production and decreasing the rate of cell death. As a result of

this blockade, the progenitor exhausted CD8+ T cell populations in these studies grew, providing

beneficial results in some patients [2, 42, 434, 435, 550, 551].

Furthermore, the third most influential exhausted cell parameter in this model was the

terminally exhausted CD8+ T cell-tumor lysis parameter. This parameter represents the direct

killing of tumor cells that lead to diminished tumor volumes. Although this parameter is directly

responsible for the intended shrinkage of the tumor volume, its sensitivity coefficient falling short

of the parameters that maintain the progenitor exhausted CD8+ T cell population leads to an

interesting conclusion. Since the progenitor exhausted CD8+ T cell population differentiates into

the terminally exhausted CD8+ T cell population, which kills the tumor cells, it appears that the

number of cells outweighs the cytotoxic capabilities of the individual cell. Thus, to improve tumor

killing abilities of the exhausted immune response, the priority should be to increase the number

of cytotoxic T cells, mainly the progenitor exhausted CD8+ T cells as they can contribute to the

maintenance of its own population as well as to the growth of the terminally exhausted CD8+ T

cells. Although the results of this analysis suggest that increasing population size will help combat

the tumor, this concept is a double edged sword. This idea is revisited in Section 3.4.

As briefly discussed, the perturbation of each parameter can have important implications for

the overall model. Depending on the parameter, an increase or decrease in value may result in

either tumor growth or tumor regression. Additionally, the size of the parameter perturbation
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may also influence the degree of such tumor growth/regression. To evaluate the intensity of

each perturbation and its overall impact on tumoral dynamics, sensitivity coefficients were

also calculated for perturbations of 10%, 20%, and 30% in both directions. Due to the overall

stability of this cellular exhaustion model, resulting changes in tumor volume do not fluctuate

too greatly from one perturbation to the next. These measurements are provided below in Table 3.7.

Table 3.7: Spectrum of sensitivity coefficients corresponding to exhausted CD8+ T cell parameter
perturbations ranging from −30% to +30%. Negative coefficients indicate tumor growth while
positive values represent tumor regression.

Parameter −30% −20% −10% +10% +20% +30%

λE −3.67x103 −2.44x103 −1.22x103 1.22x103 2.43x103 3.64x103

δB 2.92x104 2.92x104 6.74x103 −3.20x103 −5.07x103 −6.30x103

δE 4.47x103 2.67x103 1.20x103 −1.01x103 −1.86x103 −2.60x103

rE −1.90x103 −1.19x103 −5.58x102 4.98x102 9.45x102 1.35x103

ρB −5.90x103 −4.69x103 −2.90x103 5.52x103 2.92x104 2.92x104

If the tumor shrunk after the parameter perturbation, the sensitivity coefficient would be

positive. If the tumor grew as a result of the direction of the perturbation, the coefficient would

be negative. Overall, the magnitude refers to the size of the impact while the sign refers to the

direction of tumoral dynamics. The ranges of these sensitivity coefficients for the exhausted

cell parameters are fairly consistent. Slight variations in the orders of magnitude suggest that

seeking simple changes in a given parameter adds a relatively small benefit to potential outcomes,

further supporting the stability of the stalemate. Large enough perturbations beyond an unknown

threshold may be able to disengage from this stalemate, however this concept lies beyond the

scope of the current work.
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3.4 Conclusion of Chapter 3

Cellular exhaustion is a phenomenon observed in immune cells when fighting off cancer,

resulting in a hindrance of their functional capabilities. Consequently, diminished immune-related

abilities result in a localized stalemate between the immune cells and the tumor. Targeting

cellular exhaustion as a form of immunotherapy has been a relatively new, but growing field,

with promising results. To date, there are few, if any, accurate mathematical representations of

exhaustion development and heterogeneity. The mathematical framework presented here was

originally formatted to be a system of delay differential equations to accurately portray the time

needed for certain biological processes, including the minimal developmental program of activated

T cells and for cell proliferation. Preliminary simulations of the delay differential equations

showed similar dynamics to that of the ordinary differential equation system proposed in this

chapter, with one being slightly shifted in time compared to the other. To simplify the model

representation and the ensuing analysis, the current model representing the same system via

coupled ordinary differential equations was utilized instead of incorporating the biological time

delays. Regardless, the model proposed here serves as a preliminary mathematical framework

highlighting the major components of this phenomenon during the tumor-immune interactions.

The mathematical modeling and subsequent analysis of this system provides a complementary

approach to better understand this biological process. Additionally, this framework serves as a

solid foundation for continued work in modeling cellular exhaustion. Evaluation of the current

model and its limits, as well as model expansion into more accurate depictions of the biological

systems, will provide insight into the usefulness of targeting this phenomenon for immunotherapy

purposes.
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In this model, the magnifying parameter that amplifies the effects of physical interactions, h,

plays an important role in the dynamics. For example, increasing this parameter value means that

the IL-2-dependent proliferation of progenitor exhausted CD8+ T cells would result in increased

progeny, thus faster immune cell population growth. However, this increased magnifier also results

in increased reactions between the tumor and the cytotoxic abilities of the normal effector CD8+ T

cells and the terminally exhausted CD8+ T cells. As a result, the tumor shrinks, although only

temporary. Tumor shrinkage then results in decreased T cell activation as there is less stimulation

of the TCR by the tumor antigen, leading to decreased inputs of newly recruited progenitor

exhausted CD8+ T cells, allowing the tumor growth to resume. Overall, the combined results of

an increased magnifier for physical interactions displayed an oscillatory behavior of tumor growth.

Over time, as the system appears to stabilize, the oscillations caused by this parameter decrease in

amplitude, as depicted below in Figure 3.2.

Sensitivity analysis of this model established a ranking of the strengths of the different

aspects of cellular exhaustion, mainly their functional abilities. A major takeaway from this

analysis was the importance of the progenitor exhausted CD8+ T cell population size. The larger

this population, the larger the beneficial impact on the tumor. However, prioritizing this aspect

and targeting the improvement of this population size may prove troublesome. Increasing the

progenitor exhausted CD8+ T cell population requires strained resource allocation. The physical

space and energy demands needed for sustained increases in this immune cell population will

need to be considered and monitored in order to avoid unintended consequences. There is also

the issue of autoimmunity. There are theories suggesting that exhaustion develops in order to

avoid autoimmunity as a result of the high sustained normal effector cell presence. It is unclear

whether increased exhausted immune cells would result in the same fate, given their diminished
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Figure 3.2: Parameter values for the magnification for physical interactions drives oscillatory
behavior of model dynamics. Shown is an exemplary case, h = 20, where an increase in parameter
value results in large oscillations for species populations over time. Oscillation magnitude
diminishes as the tumor-immune stalemate steady-state is reached.
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functionality. Further research will be needed.

Additionally, the larger the population of progenitor exhausted CD8+ T cells, the larger the

probability for another phenomenon known as cytokine release syndrome, or cytokine storm. Not

attributed to this model, it is well understood that these immune cells produce other cytokines

outside of IL-2, one of which being IL-10 whose increased concentrations have been reported

to have both antitumor and exhaustion promoting effects [151]. In general, a large influx of

extracellular cytokines may lead to detrimental impacts [552]. Excess inflammatory signals may

exaggerate the many functions of different cells [553]. This syndrome varies in degree, ranging

from mild symptoms like fever, fatigue, and more, to more severe forms, such as organ failure [554].

Due to the diminished production of cytokines by exhausted cells, the likelihood of developing

cytokine release syndrome while under exhaustion remains unknown. While the sensitivity

analysis provides validation and or useful insight into potential targets for immunotherapy, further

testing should continue to avoid the risk of the cytokine storm.

This model serves as a preliminary mathematical framework for analyzing and understanding

the development, progression, and functional abilities of exhausted cells in response to solid tumors.

This foundational model may evolve as the research into cellular exhaustion continues. Future

improvements may incorporate additional cell types, like CD4+ helper T cells and regulatory T

cells, as well as additional cytokine tracking, to represent a more holistic view of the tumor-immune

interactions. Parameter estimation will also be more accurate as the research into exhaustion

in humans continues. Additional models may be derived from this current model, emphasizing

certain aspects of exhaustion such as cell lineage initiation and differentiation stemming from

the TOX transcription factor, as it has been identified as a major culprit in the development of

cellular exhaustion. Thus, modeling how exhaustion starts at the transcriptional level may provide
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useful insight for methods of prevention and or the limiting of dysfunction. In all, this framework

for cellular exhaustion in tumor bearing models acts as a foundation for which future model

construction and analysis will help identify how targeting exhaustion may be a useful endeavor for

immunotherapeutic efforts.
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Chapter 4: An Expanded Model of T cell Exhaustion

The construction, simulation, and analysis of Model 3.1 in Chapter 3 led to interesting

conclusions and priorities for the reversal of T cell exhaustion for improved tumor control. From

these insights, Model 3.1 was expanded, providing a more holistic view of T cell exhaustion in

response to a solid tumor. Section 4.1 discusses the new additions to Model 3.1, touching upon

the reasoning and benefits of additional cellular species and cytokines being incorporated. Section

4.2 details the construction of this expansion and the corresponding parameterization. Simulation

results and analysis are provided in Section 4.3. Elaborations of drawn conclusions from Section

4.3 and their guidance of immunotherapy research moving forward are provided in Section 4.4. A

condensed version of this chapter is currently under review for publication.

4.1 Biological Expansion of Model 3.1

As discussed in Chapter 2, the TME is home to various types of cells and signaling chemicals,

creating a complex network of interactions. Some interactions affect multiple cell types and may

suppress the immune response by initiating and promoting immune cell dysfunction, such as

exhaustion. CD8+ T cell exhaustion is deeply embedded in this network, working alongside other

facets of immunity for suboptimal tumor control. It is evident that improving immunotherapeutic

efforts that target exhausted CD8+ T cells will require a deeper understanding of this complex
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network. To fully understand the exhaustive immune response to tumors, other aspects must be

considered. Additional cells worth consideration in these exhausted settings are CD4+ T cells,

which are prominent players in immunity and have also been reported to exhibit exhausted-like

qualities. To understand the role these cells play during the exhausted immune response to cancer,

it is first crucial to understand their normal functional capacities.

CD4+ T cells are a specialized type of lymphocyte largely responsible for coordinating the

adaptive immune response to infections and disease [143]. These cells are functionally different

from CD8+ T lymphocytes and through unique gene expression programs, have a differentiating

array of protein clusters on their surface [555, 556]. There are many cellular subsets within

CD4+ T cells and so their functions and their surface phenotypes vary greatly depending on

their respective classification. The most common subtypes of CD4+ T cells include helper 1 T

cells, helper 2 T cells, helper 17 T cells, and regulatory T cells [557]. There is also phenotypic

evidence of hybrid CD4+ T cells, exhibiting qualities of multiple subsets simultaneously [306].

Helper 1 cells generally coordinate immune cell functions in both the innate and adaptive immune

responses by producing cytokines like IL-2 [540], TNFα, and IFN-γ [558]. Helper 2 cells are

most often associated with tissue repair and the regulation of allergic reactions [559]. Helper 17

T cells contribute to the protection of cells from inflammation and autoimmune effects as well

as extracellular bacteria [560]. Regulatory T cells are responsible for suppressing immune cell

functions as well as regulating population size and controlling immune cell deletion. These cells

also help prevent autoimmunity and other adverse immune-related events [331].

In general, CD4+ T cells provide a myriad of functions helping orchestrate proper and

efficient immunity. In tumoral settings, through increased cytokine production, CD4+ T cells

modulate the tumor microenvironment. One such environmental impact includes cytokine-
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mediated influence on angiogenesis and vasculature. CD4+ T cells also provide key collaborative

functions for the innate immune response. These cells can promote phagocyte functions and

recruit neutrophils [47]. Additionally, CD4+ T cells may promote dendritic cell activation of CD8+

T cells [561], promote gene expression programs designed for improved effector functions, and

promote appropriate CTL differentiation [562]. Through chemical messengers, these functions

help establish appropriate antitumor responses by CD8+ T cells. Helped CD8+ T cells express

chemokine receptors, like CXCR4, which aid in tumor penetration/infiltration. Unhelped CD8+ T

cells may fail to expand in numbers, creating difficulties forming an effective immune response

[563]. It is also argued that the helping by CD4+ T cells aids the costimulation process of CD8+ T

cells, required for T cell priming and activation for their respective antitumor effects. In all, these

functions of CD4+ T cells are essential for optimizing the CD8+ T cell response.

Specifically in cancer, a majority of the CD4+ T cell functions operate indirectly. Cancer

cells typically express very few class II MHCs which are required for CD4+ T cell engagement

and activation. To compensate, CD4+ T cells rely heavily on interpreting environmental signals

or recognizing tumor antigen on myeloid cells for function initiation [562]. While CD4+ T cells

do exhibit a degree of tumor cytotoxicity, the extent of tumor cell killing is limited by the lack of

direct MHC class II expression.

Aside from the pro-immunogenic functions of some CD4+ T cells, there are functions that

operate against antitumor responses. Helper 2 T cells exhibit functions that lower the frequency

of antigen presentation on MHCs by APCs, thus lowering immune cell activation and antitumor

responses [47]. As the main functions of regulatory T cells are to contribute to the regulation and

suppression of the immune response to maintain peripheral tolerance and prevent autoimmunity,

their functions seem to play a dominant role in the immune response. This dominance, which
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tends to favor tumor advancement, is accomplished collectively through multiple mechanisms

including the release of immunoregulatory cytokines, granzyme and perforin-mediated immune

cell cytolysis [241], guidance of APC maturation, and through metabolic perturbations [330].

Due to a great deal of CD4+ helper T cell functions influencing the antitumor impacts of both

innate and adaptive immune cells, there has been growing interest in using these cells as a form

of immunotherapy against cancer. For certain CD4+ T cell subsets, increased presence of these

cells in patients has been correlated with increased tumor infiltration and better prognosis [306].

Currently, there are clinical trials designed to target CD4+ T cells, but these trials are still in their

early phases [564, 565]. There are experiments that also target exhaustion in combination with

other forms of CD4+ T cell immunotherapy, like the work of [566]. In this clinical trial, patients

received treatment designed to induce regulatory T cell death via over-activation and phenotypic

instability. However, functional evidence led this group to theorize that cellular exhaustion played

a vital role. Combining this treatment with anti-PD-1 therapy improved patient responses, further

supporting the need for further investigation into targeting exhaustion for immunotherapy purposes.

With the important immunological functions provided by CD4+ T cells, consideration of

this cell type into a mathematical model highlighting cellular exhaustion in response to cancer is

essential. As it is well known that CD4+ helper T cells are large contributors to the cytokine milieu

in the tumor microenvironment and aid optimal CD8+ T cell responses, CD4+ T cells would play

a large role in maintaining the different subsets of exhausted CD8+ T cells, which, according to

Section 3.3, would have the largest impact on tumor control. Expanding Model 3.1 to incorporate

CD4+ T cells and their chemical signaling/coordination could provide an avenue for dissecting

the influence this population has in such a system. The importance of CD4+ T cell functions and

the evidence of an exhausted-like form of dysfunction stress the need for further understanding.
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Incorporating CD4+ T cells, while also considering their potential for exhaustion, does not only

provide a more holistic view of tumor-immune interactions but may also provide an opportunity

for a new specified target for future immunotherapy efforts as restoring the functionality of these

cells may help improve the capabilities of the immune response when fighting cancer.

4.2 An Expanded Mathematical Model of Cellular Exhaustion

Previously, in Chapter 3, a system of ordinary differential equations that follows the

development of two exhausted CD8+ T cell populations in response to a growing solid tumor

was detailed [1]. Model 3.1 highlighted a logistically growing tumor that experienced cell

lysis from CD8+ cytotoxic T cells via a saturation-based killing regime. Though there was

an initial population of healthy CD8+ T cells, T cell recruitment and activation was tumor-

dependent and led to the development of early differentiated exhausted CD8+ T cells, referred

to as progenitor exhausted CD8+ T cells. This population was capable of proliferation and IL-2

cytokine production. The IL-2 concentration was also evaluated through model simulations as

it contributes to proliferative capacities of these T cells. Progenitor exhausted CD8+ T cells

differentiated into terminally exhausted CD8+ T cells, where proliferation and cytokine production

were lost as the level of cytotoxicity improved. Based on simulation and analyses of this framework,

a stable tumor-immune stalemate was reached. Sensitivity analysis also indicated that population

size maintenance of the early differentiated exhausted CD8+ T cell subsets played a more dominant

role in tumor volume compared to the population size of terminally exhausted CD8+ T cells or

their individual tumor killing abilities.

The model of [1] (Model 3.1) is expanded by incorporating equations that detail the dynamics
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of healthy, pre-existing CD4+ helper T cells as well as the development of a new exhausted CD4+

helper T cell population. As this expanded model wants to evaluate the antitumor impact of these

exhausted adaptive immune cells, we focus on helper 1 type cells rather than helper 2, helper 17,

or other subsets, whose functions are generally beyond antitumor responses. Clearly, the sole

addition of new immune cells capable of promoting cytotoxic T cell population growth and that

are capable of their own level of direct cytotoxicity would promote deviations from the previously

studied tumor-immune stalemate and promote tumor eradication. To outline a more biologically

accurate system, CD4+ T cell plasticity must not be fully ignored. To negate the clear tumor

eradication, this new model incorporates the possibility of CD4+ T cells developing into regulatory

T cells, responsible for the regulation of other immune cell populations. Lastly, CD4+ T cells

are responsible for the production of several other cytokines, each with their own impacts in the

cancer microenvironments. A commonly detected and studied cytokine in such systems includes

IFN-γ. Thus, the IFN-γ concentration in the exhausted tumor-bearing system is monitored in this

expanded model. This cytokine’s pro-immune and pro-tumoral effects considered in this model

are provided below.

4.2.1 Expanded Model Construction

Collectively, this expanded model of cellular exhaustion considers multiple adaptive

immune cells, exhausted immune populations, and key immune-related cytokine concentrations in

response to a non-malignant solid tumor. The cellular species and cytokine concentrations in this

system represent this expanded model’s state variables, outlined in Table 4.1. Similar to Model

3.1, the expanded model is a system of mechanistic ODEs, highlighting the dynamics of the
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exhausted immune response to cancer. These coupled equations are shown below in Model 4.1.

Table 4.1: State variables representing the nine species within the expanded model of T cell
exhaustion. Population sizes and concentrations of each non-tumor-related variable are represented
in thousands of cells or molecules per cubic millimeter.

State Variable Description

N(t) Tumor volume (mm3)
H(t) Residual healthy CD4+ helper 1 T cells
H’(t) Exhausted CD4+ helper 1 T cells
R(t) Regulatory T cells
K(t) Residual healthy CD8+ T cell population
B(t) Progenitor exhausted CD8+ T cell population
E(t) Terminally exhausted CD8+ T cell population
I2(t) IL-2 cytokine concentration
Iγ(t) IFN-γ cytokine concentration

95
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The first equation in 4.1 outlines tumor growth and destruction, with tumor volume denoted

as N(t). Here, the tumor is growing logistically, similar to Model 3.1. The second term in Equation

4.1a represents tumor cell death via immune cell cytotoxicity. This death term corresponds to a

saturation-based killing regime from residual healthy CD8+ CTLs, terminally exhausted CD8+ T

cells, and in part by residual healthy and exhausted CD4+ helper 1 T cells. This form of immune

cell cytotoxicity has been adapted from the previous model to incorporate the effects of the newly

added CD4+ T cells. The final term, which will be detailed further within this section, represents

tumor necrosis.

Equation 4.1b highlights the dynamics of residual healthy CD4+ helper 1 T cells, H(t),

that have already infiltrated the TME prior to the development of cellular exhaustion. These

cells are capable of tumor-dependent proliferation, represented by the first term. The use of a

saturation structured proliferation term was chosen for CD4+ helper 1 T cells, whose proliferation

is independent of IL-2, because this structure may imitate acquired immune resistance [523, 533].

The second term accounts for the CD4+ T cell plasticity, where CD4+ helper 1 T cells leave

this population by differentiating into another CD4+ subset, R(t), whose dynamics will be soon

discussed. Regulation of these cells are also considered and will be detailed shortly. These cells

also undergo apoptosis and other forms of cell death and are grouped together into the final death

term.

Equation 4.1c depicts the exhausted CD4+ helper 1 T cell population, H’(t). While

exhaustion in this population is not fully defined, it is assumed that these cells develop from

naı̈ve T cells, much like progenitor exhausted CD8+ T cells. To avoid the uncertainty that is the

exhausted CD4+ T cell lineage, this model assumes one population to encapsulate all exhausted

helper 1 T cells. Thus, the first term represents the recruitment, progression through the minimal
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developmental program, and activation of these exhausted CD4+ T cells. Like their normal,

healthy CD4+ T cell counterparts, these exhausted immune cells undergo tumor-dependent and

IL-2-independent proliferation. Since CD4+ T cell plasticity in exhaustion is unknown, there is no

differentiation term added to this equation. This exhausted CD4+ helper 1 T cell population also

experiences regulation and cell death, outlined by the final two terms.

Upon adding in the CD4+ helper 1 T cells, both pre-existing healthy cells and exhausted

cells, model simulations indicated a disappearing tumor volume, as expected (Figure 4.1). As

previously stated, to avoid the obvious tumor eradication due to additional immune cells, regulatory

T cells were incorporated into the system. Equation 4.1d highlights the dynamics of this immune

cell population, R(t). The first term represents the plasticity of CD4+ T cells, in this case, the

differentiation from the healthy CD4+ helper 1 T cell population into regulatory T cells. The

following term shows the well documented IL-2-dependent proliferation of regulatory T cells,

similar to CD8+ T cells [567]. This structure for regulatory T cell proliferation has been adapted

from previous immunological models [523]. The final term in this equation represents regulatory

T cell death.

The addition of regulatory T cells plays a substantial role. The regulation of other immune

cells in this model by regulatory T cells is dependent on physical interactions. These interactions

resulted in the deletion of immune cells. Within the equations for the other immune cell

populations, this interaction was amplified by a kinetic coefficient, acting like the magnifier

for physical interactions parameter, h, in Model 3.1. This structure for immune cell regulation

has been utilized in other immunological models [520, 523]. This regulation prevents immune

cell populations from reaching appropriate sizes needed to limit the logistic growth of the tumor.

Without regulatory T cells, the tumor is quickly eradicated. With regulatory T cells, the tumor
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Figure 4.1: Antitumor functions of additional healthy and exhausted CD4+ helper 1 T cells in the
expansion of Model 3.1 results in tumor eradication.

growth outweighs the cytotoxic effects of the regulated immune cell populations and reaches its

carrying capacity.

To compensate for this discrepancy, and to formulate a relative tumor-immune stalemate

seen in experiments and clinical settings, an additional term was added to the dynamic tumor

equation. In some mathematical models of tumor growth and or tumor-immune interactions, tumor

death was incorporated [568–570]. Tumor cell death has been reported through several means,

including necrosis, apoptosis, and through cytokine-initiated death. The addition of this death

term helps stabilize the tumor volume, preventing tumor saturation or tumor eradication, thus

maintaining a tumor burden that helps promote the continuation of cellular exhaustion.

Equations 4.1e, 4.1f, and 4.1g represent the healthy pre-existing CD8+ T cells, K(t),

progenitor exhausted CD8+ T cells, B(t), and the terminally exhausted CD8+ T cells, E(t),

99



respectively. The terms of these equations mirror that from the model of [1], which was previously

described in Chapter 3. However, with the incorporation of regulatory T cells into the exhausted

biological system, terms were added to each of these three equations to showcase immune cell

regulation.

Equation 4.1h refers to the concentration of IL-2 in the TME, originally represented as

P(t) in Model 3.1 but now shown as I2(t). This cytokine is produced by healthy CD4+ T cells,

their exhausted counterparts, healthy CD8+ T cells, and progenitor exhausted CD8+ T cells.

Sequestration of this cytokine by regulatory T cells, healthy CD8+ T cells, and progenitor

exhausted CD8+ T cells for IL-2-dependent proliferation are also considered. Finally, IL-2 decays

naturally in the microenvironment, captured by the final term.

Lastly, Equation 4.1i represents the concentration of IFN-γ found in the exhausted system,

Iγ(t). Much like IL-2, this cytokine is produced by the same four immune cells. However,

sequestration of this cytokine does not occur for proliferative feedback loops in immune cell

populations. This chemical messenger is taken up by all the immune cells, with the exception of

the terminally exhausted CD8+ T cell, as well as by tumor cells. Interactions with this cytokine

cause the promotion of distinct cellular functions and events. To start, this cytokine enhances

the activation of immune cells [571]. IFN-γ also promotes CD4+ T cell death rates [572]. IFN-

γ can provide other anti-immune and pro-tumoral effects as well. This cytokine hinders the

proliferative abilities of certain immune cell populations and diminishes the degree of natural

tumor necrosis/death [570, 573]. These promotional or diminishing effects of IFN-γ are spread

throughout Model 4.1 reflecting their impacts on the various cellular functions and events. Lastly,

IFN-γ is subject to natural decay, shown by the final term in equation 4.1i.

Taken together, Model 4.1 highlights the biological processes of exhausted cells that occur
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in chronic settings like cancer. A visual representation of these processes and cellular interactions

are provided below in Figure 4.2.

Figure 4.2: Visualization of the biological processes governing Model 4.1. Each process has been
broken down and represented in an isolated and simple depiction. Model components not shown
include tumor growth and cellular death/cytokine decay.

4.2.2 Parameter Estimation

The model presented here expands the mathematical framework established in Chapter 3. In

doing so, this model introduces a variety of new parameters referring to CD4+ T cell dynamics

and their functions as well as parameters relating to the concentration of IFN-γ and its immune-

related functions. Additionally, as described above, new terms for tumor death and immune cell

population regulation have been added to preexisting compartments dealing with tumor volume

and CD8+ T cells from the original model. Outside of the introduction of new model parameters,
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few changes to previous model parameterization have been made. Newly introduced or altered

variables are presented individually below. Table 4.2 details all parameter values and the source

for value determination. It is also important to reiterate that throughout this section, the unit ”k”

refers to thousands.

T cell Lysis Parameters

The lysis parameter for the healthy CD8+ T cells, λK , in the original model of [1] was

chosen from a set of parameters used by [523]. For this current model, this parameter value was

set to the average of the lysis parameters in [523], a value of 0.0979 mm3/k/day. The methodology

for determining the terminally exhausted CD8+ T cell lysis parameter, λE , remained the same

from our previous work, which was dependent on the normal effector cell lysis parameter. This

results in a terminally exhausted T cell lysis parameter of 0.07832 mm3/k/day. Although the

lack of MHC class II epitopes on cancer cells limit the cytotoxicity of CD4+ helper 1 T cells,

tumor cell lysis can still occur. Incorporation into this model’s saturation based killing regime

requires a lysis parameter for these immune cells, both the normal healthy CD4+ helper 1 T

cells, λH , as well as their exhausted counterparts, λH′ . In the mathematical model of [570], the

CD8+ T cell lysis parameter was proportional to the CD4+ T cell lysis parameter, specifically

by a factor of five. From this, we extrapolate that the healthy CD4+ helper 1 T cell has a lysis

parameter of 0.01958 mm3/k/day, one fifth of the healthy CD8+ T cell. As there is evidence of

CD4+ T cells exhibiting cellular exhaustion to a lesser degree when compared to CD8+ T cells,

the methodology for determining λH′ must be slightly different than that used for λE . Here, we

assume that this cytotoxicity parameter operates at an efficiency between normal healthy CD4+ T

cells and the value determined by applying the methods used for the terminally exhausted CD8+ T
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cell lysis parameter to the healthy CD4+ T cell parameter. Taking the midpoint of this range of

lysis parameters provides λH′ with a value of 0.017622 mm3/k/day.

Tumor Cell Death

As previously mentioned, tumor cells may die through a number of mechanisms, including

necrosis, apoptosis, and cytokine-mediated death. Taken into consideration, this model has one

parameter to indicate a tumor cell death rate/diminishing of tumor volume, δN . As shown in

Figure 4.3, tumor volume decreases linearly with an increasing rate of necrosis until a δN value is

reached where the combination of this death term and the immune-related killing overcome the

tumor’s logistic growth, resulting in distorted system dynamics and eventual tumor eradication. To

avoid these complications, and to maintain some small level of tumor volume shrinkage, a value

of 0.1 mm3/day was selected. It is important to keep this parameter in the model because without

it, the regulatory T cells would help the tumor grow without end.

CD4+ T cell Recruitment and Activation

The structure of CD4+ T cell recruitment and activation mirrors that of the CD8+ T cells.

Incoming CD4+ T cells are supplied from naı̈ve T cells at a rate of sH′ and this influx is related

the size of the tumor. Similar to the assumptions made in Model 3.1 for developing CD8+ T cell

populations, we assume that any incoming T cell will develop as an exhausted, hypo-functional T

cell. Thus, this recruitment term is specific for the exhausted CD4+ T cell population, H’(t). Aside

from a directional change in cell fate, we assume that in these chronic settings, the magnitude of

naı̈ve cell supply rates are unaffected. This means that we can estimate the parameter sH′ to be

0.0018 k/day, a value estimated in the immunological model of [520], referencing [537], [543],
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Figure 4.3: Tumor volume decaying with increasing values of δN , representing the rate of tumor
necrosis. For sufficiently large parameter values, tumor eradication is achieved.

and [541]. As part of the activation process, T cells undergo a minimal developmental program.

In such a program, incoming T cells will divide a number of times to reach a larger population

size in attempts to control antigen presence. These cell divisions are modeled in this term through

the use of parameter mH′ . This value is estimated to be 2, matching that of the model previously

discussed by [520], whose estimation stems from [22] as well as [574].

Proliferation Coefficients

In Model 3.1, CD8+ T cells underwent cytokine-dependent proliferation, which was

amplified by a fixed parameter, h. This parameter accounted for the progeny resulting from

a series of proliferations. With the incorporation of additional immune cells, these proliferation

mechanisms must also experience amplification via a similar parameter to adjust for future progeny.
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However, not all immune cells proliferate at equal levels. Consequently, the parameter h is no

longer fixed in these proliferative terms and is specified to each immune cell population. As this

parameter deals with immune cell proliferation, we turn to the literature to identify biomarkers

that correlate with proliferative abilities. It has been well established and utilized that antigen

Kiel 67 (Ki-67) antibody staining recognizes and identifies proliferating cells [575]. In [576],

approximately 40% of healthy CD8+ T cells expressed this Ki-67 biomarker. If we set this

expression level to the amplification parameter from the previous cellular exhaustion framework

outlined in Chapter 3, h, we then have a specific proliferation coefficient for healthy CD8+ T

cells in our current model, hK , being equal to 10. From this parameter, the other immune cell

proliferation coefficients can be derived by comparing Ki-67 expression levels. From the work

of [2], 39% of progenitor exhausted CD8+ T cells expressed Ki-67. Relating this biomarker

frequency with the standard set by hK , we conclude the proliferative coefficient of progenitor

exhausted CD8+ T cells, hB, to be 9.75. According to [577], who tested Ki-67 expression in

stimulated CD4+ T cells in peripheral blood, a median frequency of 21.7% was reported. From

this percentage, we estimate the proliferation coefficient of healthy CD4+ helper 1 T cells, hH , to

be 5.425. Similar to the calculation of λH′ , the proliferative coefficient of exhausted CD4+ T cells,

hH′ was set to 5.357, the midpoint of the range of values between their healthy counterparts and

that of a CD4+ T cell that experiences the same degree of exhaustion as CD8+ T cells. The research

of [578] showed that approximately 14% of regulatory T cells expressed the Ki-67 biomarker,

providing an estimation for its respective proliferative coefficient, hR, of 3.5.

CD4+ T cell Differentiation

As described earlier, CD4+ T cell plasticity must not be fully ignored. Incorporating
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regulatory T cells into this model requires an accounting of CD4+ T cell differentiation. A

differentiation rate from healthy CD4+ helper 1 T cells into regulatory T cells, rR, was chosen to

be 0.02 k/day. This value comes from the models of [520] and [579]. While part of CD4+ T cell

plasticity, the reverse differentiation of regulatory T cells into helper 1 T cells is ignored. Though

there is evidence of regulatory T cells with exhausted characteristics, this plasticity among CD4+

T cells in an exhausted setting is severely understudied. Therefore, for this mathematical model,

the influx of regulatory T cells is dependent upon healthy CD4+ T cell differentiation as well as

its own proliferative ability.

CD4+ T cell Death rates

As the work by [520] tackles the functional abilities of CD4+ helper T cells and regulatory

T cells, it also provides key estimates for the death rates of these cellular populations δH and δR

respectively. Despite different functions, these populations are both subsets of CD4+ T cells. As

a result, these parameters share the same value representing CD4+ T cell death and have both

been set to 0.23 k/day. For this framework, we assume that exhausted CD4+ helper T cells exhibit

increased death rates compared to healthy CD4+ T cells, mirroring CD8+ T cells. However,

because exhaustion is not fully defined in CD4+ T cells, it is not known whether this increase in T

cell death rates would be similar to the increase seen from healthy CD8+ T cells to progenitor

exhausted CD8+ T cells, the increase from healthy CD8+ T cells to terminally exhausted CD8+ T

cells, or neither. As stated earlier, exhausted CD4+ T cells have responded to checkpoint blockade

therapy, like that of the progenitor exhausted CD8+ T cells. Additionally, there is evidence that

CD4+ T cells do not experience exhaustion to the same degree as CD8+ T cells. Taking this into

consideration, the death rate for exhausted CD4+ helper 1 T cells, δH′ was estimated to be 0.23575
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k/day, resembling the death rate ratio of CD8+ T cells to progenitor exhausted CD8+ T cells.

Cytokine Production

CD4+ helper 1 T cells are large contributors to the cytokine concentrations in the immediate

microenvironment during the immune response. In this cancer bearing system of Model 4.1, CD4+

helper 1 T cells continue to produce large amounts of key cytokines, including IL-2 and IFN-γ.

In the immunological model of [520], sourced from [541], the IL-2 production rate of healthy

CD4+ helper T cells, ρH was set to 10 k/day. The work of [254] researched the IL-2 production

by both healthy and exhausted-like CD4+ T cells. This paper showed that normal CD4+ helper

1 T cells produced approximately 1500 pg/mL, while an exhausted-like CD4+ T cell population

produced about 200− 250 pg/mL. Using this ratio and the set value of ρH , we estimate the IL-2

production rate of exhausted CD4+ helper 1 T cells, ρH′ , to be 1.66 k/day. We do not consider

IL-2 production by regulatory T cells as this population produces negligible amounts if any in

such systems [567].

Aside from IL-2, this mathematical model for T cell exhaustion considers the impacts of IFN-

γ on immune cell functions. To keep track of this cytokine’s concentration in the microenvironment,

production rates by different immune cells must be estimated. This cytokine is produced by healthy

CD4+ helper 1 T cells, exhausted CD4+ helper 1 T cells, healthy CD8+ T cells, and progenitor

exhausted CD8+ T cells, µH , µH′ , µK , µB respectively. By the work of [254], healthy CD4+ helper

T cells produced approximately 300 pg/mL, one fifth of their IL-2 production. Consequently,

we estimate µH to be one fifth of ρH , a value of 2 k/day. Additionally, [254] measured the

IFN-γ production of exhausted CD4+ helper 1 T cells to be around 80 pg/mL, thus giving µH′ an

estimated value of 0.533 k/day. Based on the model of [520], IL-2 production by healthy CD8+
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T cells was one tenth of healthy CD4+ helper 1 T cells. If we assume a similar scale for other

cytokines, like IFN-γ, we estimate µK to be 0.2 k/day. For µB , this value was scaled to match the

ratio of ρK to ρB, providing us with a value of 0.072 k/day.

IFN-γ Decay

According to [580], the half-life of IFN-γ is between 1 and 2 minutes, compared to IL-2’s

half life of 3 minutes [581]. If we assume the midpoint half-life for IFN-γ, then we can extrapolate

that this cytokine decays twice as fast as IL-2. Using the decay rate of IL-2 from [1], we estimate

that IFN-γ has a natural decay rate, δIγ , of 11 k/day.

Coefficient of IFN-γ Functions

As IFN-γ has both pro-immune and pro-tumor functions, the concentration of this cytokine

has an interesting effect on the system. It is not apparent which IFN-γ function dominates

compared to others, thus the parameter coefficient that acts as a factor amplifying such functions,

hγ , is modeled the same throughout the system. Incorporating this cytokine and many of its

immune-related functions alters the dynamics of immune cell populations but not the qualitative

behavior of the system. For example, tumor volume does not significantly change when the

parameter hγ ranges from 0 to 100. However, spanning this range of parameter values, it is

observed that the immune cell population changes are a bit more dynamic. As hγ increases, the

oscillatory behavior of immune cell populations diminishes in frequency, shown in Figure 4.4. As

the overall behavior of the system remains intact, the parameter hγ was fixed to the value of 10 to

maintain the dynamics of immune populations to some extent.
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Figure 4.4: Immune cells within Model 4.1 experience altered dynamics when the magnifier for
IFN-γ functions, hγ , varies. Dynamical changes are exemplified in the provided cases of the
exhausted CD4+ helper 1 T cell population. Populations, in thousands per mm3, are provided for
four different values of hγ .
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4.3 Expanded Model Simulation and Analysis

Model 4.1 with the specified parameters from Table 4.2 was simulated and analyzed using

MATLAB. The initial conditions for this simulation reflect a small tumor of 1 mm3 encountering

immune surveillance. Healthy T cells, both CD4+ and CD8+, exist in the tumor microenvironment

at arbitrarily low initial levels of 0.008 thousand cells and 0.005 thousand cells, respectively.

According to [582], the midpoint value of baseline regulatory T cell measurements was roughly

13.65% of CD4+ T cells. Correspondingly, the initial population size of regulatory T cells was

set to 0.0011 thousand cells. Prior to the start of this immune response, there were no previously

exhausted T cells, nor any cytokine production. Thus, the initial condition for each of these state

variables was 0. With these initial conditions, simulation times were set to 100 days, sufficiently

large enough to observe the overall dynamics of the system. As described by Figure 4.5, growth

of the tumor volume matches the logistic nature set by the model. The tumor in this system

reaches its peak and appears to plateau at a volume of 2, 973.9 mm3. This plateauing resembles the

tumor-immune stalemate seen in exhausted immune settings. In the current model’s simulation,

there is no decrease in tumor volume after reaching its peak size, unlike the results of Model 3.1

simulations in Chapter 3. The current model’s incorporation of additional CD4+ helper 1 T cell

help, regulatory T cell induced immune regulation, and both the pro- and anti-immune-related

effects of IFN-γ collectively negate this slight dynamic behavior between peak and stalemate

tumor volume.

Prior to the development of cellular exhaustion, pre-existing populations of healthy immune

cells, both CD4+ helper 1 and CD8+ T cells, reside in the tumor microenvironment. The dynamics

of these populations through the development of this dysfunction are provided below in Figure

112



Figure 4.5: Simulated growth of a solid tumor, over the span of 100 days, coinciding with the
development of an exhausted immune response. Tumor burden is measured as a volume in mm3.

4.6. Both populations experience an initial boost in cell counts due to their proliferative abilities.

CD4+ helper 1 T cells proliferate in response to the growing tumor. CD8+ T cells proliferate in

response to the increase in IL-2, derived from the currently present immune cells. However, as

time continues, the plasticity of CD4+ T cells allows for the conversion into regulatory T cells. The

regulation by these cells plays a dominant immunosuppressive role in this system. Consequently,

these healthy immune cell populations shrink to extremely small sizes, making their functions

and effectiveness negligible. The quick rise and fall of these populations highlight the strength of

regulatory T cell functions. It is important to note that because this system models immune cell

dynamics during the development of exhaustion, there is no new influx of normal healthy immune

cells. Thus, as long as the regulation by regulatory T cells outweighs the proliferative potential of

these healthy immune cells, these populations will diminish to almost non-existent sizes.
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Figure 4.6: Simulated population dynamics for healthy CD4+ helper 1 T cells and healthy CD8+
cytotoxic T cells, over the span of 100 days, in response to a growing tumor and the development
of exhausted T cell counterparts. Cellular concentrations are measured in thousands of cells per
mm3.

Regulatory T cells enter the system through healthy CD4+ helper 1 T cell differentiation.

As the healthy CD4+ T cell population spikes, so does the regulatory T cell population. When the

healthy CD4+ population diminishes to such a small quantity, the regulatory T cell differentiation

also becomes negligible. As a result, the influx is unable to compete with cell death and thus the

population begins to shrink. However, unlike CD4+ helper 1 T cells, regulatory T cells proliferate

in response to IL-2 concentrations. This cytokine experiences dynamic variations in concentration

as it is both produced and consumed by immune cell populations, all of which vary throughout

the simulation. Consequently, the IL-2-dependent proliferation of regulatory T cells causes this

immune cell population to fluctuate, experiencing periods of expansion and shrinkage. These

dynamics are highlighted below in Figure 4.7. Though the regulatory T cell population undergoes

oscillations, this population experiences overall growth until around day 60. At this point the size
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of the regulatory T cell population remains fairly consistent, at about 668.7 cells per mm3. This

consistency arises at roughly the same time as the plateauing of the tumor volume.

Figure 4.7: Simulated population dynamics for regulatory T cells, over the span of 100 days, in the
presence of a growing tumor and exhausted T cell populations. Regulatory T cell concentration is
measured in thousands of cells per mm3.

Despite the presence of regulatory T cells and the ensuing immune cell regulation, exhausted

immune cell populations develop to an appropriate size to form the tumor-immune stalemate.

Exhausted CD4+ helper 1 T cells experience a few brief sequences of growth and decay, ending

around day 20. At this point, the exhausted CD4+ helper 1 T cell population grows dramatically,

eventually leveling off at 13.3 thousand cells per mm3 around day 60, a similar time-frame to

regulatory T cells (Figure 4.8). The early variations in population size may reflect the early

dynamical behavior of the IFN-γ concentration, which plays a part in CD4+ T cell removal

(Equation 4.1c). The dynamics of this cytokine will be described shortly. Immune regulation may
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also keep these oscillations, and therefore the population, relatively low. The later behavior of

exhausted CD4+ helper 1 T cell growth resembles the logistic growth of tumor volume, largely

in part because this immune cell population proliferates with respect to the tumor burden. This

suggests that cytokine-mediated immune cell death plays a more influential role when population

sizes are small compared to T cell activation and proliferative capacities when the tumor has been

established.

Figure 4.8: Simulated population dynamics for exhausted CD4+ helper 1 T cells, over the span
of 100 days, in response to a growing tumor. Exhausted CD4+ helper 1 T cell concentration is
measured in thousands of cells per mm3.

Along with the rise of an exhausted CD4+ helper 1 T cell population, this immune system

sees growing populations of the two subsets of exhausted CD8+ T cells. Exhausted progenitor

CD8+ T cells experience an initial proliferative burst followed by a quick decrease, much like

the exhausted CD4+ helper 1 T cells. This is most likely due to the temporary existence of
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healthy CD4+ and CD8+ T cells as they are large contributors to the IL-2 concentration, which

is used for progenitor exhausted CD8+ T cell proliferation. Unlike exhausted CD4+ helper 1

T cells, progenitor exhausted CD8+ T cells do not appear to undergo as strong of population

size oscillations following the initial spike. This is likely because CD8+ T cells maintain a

higher level of cell death regardless of the IFN-γ concentration. The rate of progenitor exhausted

CD8+ T cell death and the regulatory T cell regulation keep this population low until the tumor

volume increases. With the increasing tumor volume, the recruitment and activation of progenitor

exhausted CD8+ T cells take over, increasing this population size until eventually leveling off at

70.5 thousand cells per mm3, also around day 60.

The terminally exhausted subset of CD8+ T cells arise through a constant rate of

differentiation from progenitor exhausted CD8+ T cells. Naturally, the dynamics of this population

mirror that of progenitor exhausted CD8+ T cells, the main difference being the amplitude.

Terminally exhausted CD8+ T cells undergo the same population behavior but remain at a fraction

of the size of progenitor exhausted CD8+ T cells. The initial spike of the terminally exhausted

CD8+ T cell population appears to be larger relative to the stalemate population size of 515.6 cells

per mm3 compared to progenitor exhausted CD8+ T cells. The dynamics of both exhausted CD8+

subsets are shown in Figure 4.9.

During the initial phases of the simulation, populations of healthy CD4+ helper 1 T cells

and CD8+ cytotoxic T cells experience a proliferative burst. As these cells are large producers

of IL-2, the concentration of this cytokine increases. However, following the increase in healthy

CD4+ T cell population, differentiation results in an increase in the regulatory T cell population.

This population utilizes IL-2 for proliferation and also regulates the healthy CD4+ and CD8+

T cells, resulting in a reduction of the IL-2 concentration. As time continues, the development
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Figure 4.9: Simulated population dynamics for progenitor and terminally exhausted CD8+ T cells,
over the span of 100 days, in response to a growing tumor. Exhausted CD8+ T cell concentrations
are measured in thousands of cells per mm3.

of the exhausted cell populations correlates with a new source of IL-2, albeit not as strong a

source as the non-exhausted counterparts. Continuation of the simulation highlights the interplay

between exhausted immune cell production of IL-2, how regulation may hinder this process, and

this cytokine’s sequestration for proliferation. These dynamics result in fluctuations of rising and

falling concentrations, as shown in Figure 4.10. Eventually, these fluctuations subside and the

concentration of IL-2 in the system settles to 66.2 molecules per mm3.

Described in Figure 4.11, the IFN-γ cytokine also experiences fluctuations in concentrations

as it is produced by the same immune cells as IL-2. There is an initial spike of IFN-γ in the

system following in suit with the proliferative burst of normal healthy immune cells. When these

cells disappear from the system, the IFN-γ concentration falls. Before fully being eliminated, this

cytokine experiences a small rise in secretion, most likely correlating with the rise in exhausted
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Figure 4.10: Simulated concentration dynamics for the IL-2 cytokine, over the span of 100 days,
in the tumor-exhausted immune cell system. Cytokine concentration is measured in thousands of
molecules per mm3.
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immune cell populations, which produce a fraction of the amount compared to the healthy

counterparts. This concentration quickly stabilizes to a very small level. The lack of fluctuations

compared to IL-2 stems from its utilization in the system. IFN-γ is taken up by most cellular

species in the model due to its wide variety of functions. Consequently, any IFN-γ produced into

the system is quickly taken up. Thus, this cytokine remains at very low concentrations of 0.4

molecules per mm3 throughout the remainder of the simulation.

Figure 4.11: Simulated concentration dynamics for the IFN-γ cytokine, over the span of 100 days,
in the tumor-exhausted immune cell system. Cytokine concentration is measured in thousands of
molecules per mm3.

In all, this model simulation highlights the developing exhausted immune cell populations

in response to a growing solid tumor. As the tumor grows, pre-existing immune cells produce

cytokines and proliferate before falling to negligible sizes. Over time, regulatory T cells, exhausted

CD4+ helper 1 T cells, and exhausted CD8+ T cells develop, providing immune-related effector
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functions. The relationships between regulatory T cells and the reduced functionality of exhausted

immune cells results in dynamic system behavior. Eventually, the exhausted immune cell

populations will reach a critical size where their functions are sufficient enough to form a tumor-

immune stalemate. In this stalemate, the tumor, the different immune cell species, and the two

cytokines coexist.

4.3.1 Stability Analysis of the Expanded Model Stalemate

Analysis of the mathematical model presented here was completed using MATLAB, where

Newton’s method, with a resolution of 10−9, was used to evaluate the steady-state of this

framework, representing the tumor-immune stalemate. The values of each species at this stalemate

steady-state are provided below in Table 4.3. The population sizes for healthy immune cells

were extremely small and negligible, thus rounded to 0. For some state variable populations,

the steady-state size presented below appears larger than depicted in the previous figures. This

suggests a slow convergence to the coexistent steady state.

To determine the stability of the stalemate steady-state of Model 4.1, the analytically

determined Jacobian matrix, provided below, must be analyzed. For this 9x9 Jacobian matrix,

elements are defined by state variables and or parameters. To enhance the readability of this

Jacobian, certain elements are further detailed outside of the matrix.
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Table 4.3: Numerical values for the state variables (tumor volume and immune cell/cytokine
concentrations) of Model 4.1, at the stalemate steady-state. Here, the parameter unit ”k” represents
thousands. Healthy CD4+ and CD8+ T cell concentrations at this steady-state are negligible.

State Variable Volume/Concentrations

N∗ 2, 972.6 mm3

H∗ 0
H’∗ 15.087 k/mm3

R∗ 0.5902 k/mm3

K∗ 0
B∗ 80.143 k/mm3

E∗ 0.6559 k/mm3

I∗2 0.0663 k/mm3

I∗γ 0.0004 k/mm3
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J(1, 1) = α(1− 2N

Tc

)− (
h

1 + hγIγ
)(
λHH + λH′H ′ + λKK + λEE

N +H +H ′ +K + E + 1
)

× (1− N

N +H +H ′ +K + E + 1
)− δN

1 + hγIγ
(4.1a)

J(1, 2) =
hN((N +H +H ′ +K + E + 1)(λH)− (λHH + λH′H ′ + λKK + λEE))

(1 + hγIγ)(N +H +H ′ +K + E + 1)2
(4.1b)

J(1, 3) =
hN((N +H +H ′ +K + E + 1)(λH′)− (λHH + λH′H ′ + λKK + λEE))

(1 + hγIγ)(N +H +H ′ +K + E + 1)2
(4.1c)

J(1, 5) =
hN((N +H +H ′ +K + E + 1)(λK)− (λHH + λH′H ′ + λKK + λEE))

(1 + hγIγ)(N +H +H ′ +K + E + 1)2
(4.1d)

J(1, 7) =
hN((N +H +H ′ +K + E + 1)(λE)− (λHH + λH′H ′ + λKK + λEE))

(1 + hγIγ)(N +H +H ′ +K + E + 1)2
(4.1e)

J(1, 9) =
hγδNN

(1 + hγIγ)2
+

hhγ(λHH + λH′H ′ + λKK + λEE)N

(1 + hγIγ)2(N +H +H ′ +K + E + 1)
(4.1f)

J(2, 1) =
hHH

(1 + hγIγ)(N +H + 1)
− hHNH

(1 + hγIγ)(N +H + 1)2
(4.1g)

J(2, 2) =
hHN

(1 + hγIγ)(N +H + 1)
− hHNH

(1 + hγIγ)(N +H + 1)2
− rR

− hR− (1 + hγIγ)δH (4.1h)

J(2, 9) = − hγhHNH

(1 + hγIγ)2(N +H + 1)
(4.1i)

J(3, 1) = (1 + hγIγ)2
mH′sH′ +

hH′H ′

(1 + hγIγ)(N +H ′ + 1)
− hH′NH ′

(1 + hγIγ)(N +H ′ + 1)2
(4.1j)

J(3, 3) =
hH′N

(1 + hγIγ)(N +H ′ + 1)
− hH′NH ′

(1 + hγIγ)(N +H ′ + 1)2

− hR− (1 + hγIγ)δH′ (4.1k)

J(3, 9) = hγ2
mH′sH′N − hγhH′H ′N

(1 + hγIγ)2(N +H ′ + 1)
− hγδH′H ′ (4.1l)
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J(4, 4) =
hRI2

1 + hγIγ
− (1 + hγIγ)δR (4.1m)

J(4, 9) = −hγδRR− hγhRI2R

(1 + hγIγ)2
(4.1n)

J(5, 5) =
hKI2

1 + hγIγ
− hR− δK (4.1o)

J(6, 6) =
hBI2

1 + hγIγ
− rE − hR− δB (4.1p)

J(6, 9) = hγ2
mBsBN − hγhBBI2

(1 + hγIγ)2
(4.1q)

J(9, 9) = −h(N +H +H ′ +R +K +B)− δIγ (4.1r)

The eigenvalues of the Jacobian matrix for this coupled ODE system were evaluated at

the stalemate steady-state defined by the values in Table 4.3. Although the Jacobian was found

analytically, the eigenvalues were computationally evaluated using MATLAB’s eig function. Each

of the nine eigenvalues, provided in Table 4.4, have negative real components, indicating that this

system is asymptotically stable. These complex eigenvalues, symbolized by eigenvalues with

non-zero imaginary components, suggest oscillatory behavior around this stable steady-state. The

presence of a complex conjugate pair, where two eigenvalues have identical real parts but opposite

imaginary parts, indicates that with the progression of time, the dynamic trajectories of the system

spiral inwards towards the equilibrium, otherwise known as a spiral sink.

Biologically, this asymptotically stable system indicates that the exhausted immune cells

will continue to combat the tumor, preventing outgrowth without promoting tumor eradication.

This constant tumor burden then furthers the continuation of cellular exhaustion in the immune

response, creating a feedback loop. Divergence from this feedback loop will be further discussed
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in Section 4.4.

Table 4.4: Eigenvalues of the Jacobian matrix for the expanded model of T cell exhaustion at the
tumor-immune stalemate.

Eigenvalue

−30695.15 + 0.0i
−812.5384 + 0.0i
−6.624060 + 0.0i
−6.096219 + 0.0i
−0.372734 + 0.7706i
−0.372734− 0.7706i
−0.789952 + 0.0i
−0.199472 + 0.0i
−5.642132 + 0.0i

4.3.2 Expanded Model Sensitivity Analysis

Using MATLAB, sensitivity analysis of each parameter with respect to the tumor-immune

stalemate steady-state was calculated. Unscaled sensitivity coefficients were calculated in

MATLAB by using numerical differentiation through finite differences. A typical scaling

factor applied to such sensitivities stems from the range of values for a given parameter space.

Unfortunately, as biological research into exhaustion, especially in CD4+ T cell exhaustion,

is limited, parameter values within this model do not have specified ranges, thus no scaling

can occur. Other forms of sensitivity scaling utilize the magnitude of the parameter value. As

most parameters in this model are of the same order of magnitude, this type of scaling was also

dismissed. The primary focus of this project is to understand cellular exhaustion and how it

may be utilized to improve therapeutic efforts. Thus, certain parameter sensitivities outside this
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scope will be temporarily ignored. Table 4.5 shows the magnitude of the top exhausted-related

parameters for which Model 4.1 is most sensitive towards.

Table 4.5: Unscaled sensitivity coefficients for model 4.1 parameters, specifically those for
exhausted T cells.

Parameter Sensitivity Coefficient

sB 8.9901x103

λH′ 6.625x102

ρB 3.639x101

rE 3.538x101

µB 3.284x101

λE 2.567x101

mB 7.468
ρH′ 6.880

From the previous model’s analysis [1], provided in Chapter 3, the most influential

components of the model were the parameters that dealt with the promotion and maintenance

of the progenitor exhausted CD8+ T cell population. For the expanded model presented here, a

similar trend is observed. Two of the top parameters, mB and sB, which was the most influential

parameter, are directly related to the influx of the progenitor exhausted CD8+ T cell population.

Additionally, ρB, which further drives the IL-2-dependent proliferation of progenitor exhausted

CD8+ T cells and therefore the maintenance of this population, was once again significant.

The presence of these parameters in the top sensitivities reinforces the importance of this T

cell subset in this tumor-immune system. Additionally, the differentiation rate of progenitor to

terminally exhausted CD8+ T cells was once again important. Progenitor exhausted CD8+ T cells

can proliferate to improve numbers but may also differentiate to improve cytotoxicity and the
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direct killing of tumors. This reiterates the idea of why the progenitor exhausted CD8+ T cell

populations is essential. Aside from the IL-2 production of progenitor exhausted CD8+ T cells,

the IFN-γ production, µB , also played a large role. IFN-γ has many pro- and anti-immune-related

effects. As progenitor exhausted CD8+ T cells are the most abundant cell type in this system,

this population’s production of IFN-γ would have a large impact, both for immunosuppressive

purposes and for antitumor effects.

Some of the largest sensitivity coefficients calculated for parameters in Model 4.1 were λH′

and ρH′ , referring to the tumor lysis parameter and IL-2 production rate of exhausted CD4+ helper

1 T cells respectively. Outside of progenitor exhausted CD8+ T cells, exhausted CD4+ helper 1

T cells were the most abundant cellular population in the system. Correspondingly, any tumor

killing abilities would provide helpful aid to the establishment of the tumor-immune stalemate. As

these population levels are larger than terminally exhausted CD8+ T cells, the corresponding lysis

parameter sensitivity is also larger in comparison. While λH′ contributes directly to tumor control,

ρH′ aids the prevention of tumor outgrowth indirectly by promoting the CD8+ T cell response. The

production of IL-2 by exhausted CD4+ helper 1 T cells promotes the proliferation and population

maintenance of progenitor exhausted CD8+ T cells, which in turn has strong impacts on the tumor

burden and the development of the tumor-immune stalemate. Model sensitivity to the cytokine

production of exhausted CD4+ T cells appears plausible as this function is one of the primary

responsibilities of CD4+ T cells required for proper immunity.

Taken together, the functionality of exhausted CD4+ helper 1 T cells plays a large role

in the tumor-immune environment. These populations are abundant in the TME, thus, their

functional capacities effect the system deeply. Though these cells may exhibit low levels of

tumor cytotoxicity, especially in comparison to CD8+ T cells, their population size at the tumor
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site compensates. Additionally, exhausted CD4+ helper 1 T cells, like their non-dysfunctional

counterparts during acute infections, are large contributors to the cytokine milieu within the TME.

Consequently, exhausted CD4+ helper 1 T cells are responsible for the chemical signaling that

promotes and enhances the exhausted CD8+ T cell response to cancer.

4.4 Conclusion of Chapter 4

Described in this chapter is a mathematical framework for the development of cellular

exhaustion in response to a solid tumor. Exhaustion in this model initiates in both CD4+ helper 1 T

cells as well as CD8+ cytotoxic T cells. Collectively these T cells coordinate an immune response

against the tumor. Due to the hypo-functionality of these exhausted T cells, and the presence

of regulatory T cells providing immunosuppressive functions, tumor eradication is incomplete

and a tumor-immune stalemate is reached. Analysis of this model indicates that this stalemate

is stable, representing a constant battle between the tumor and immune system. Unfortunately,

the proliferative nature and constant turnover within tumors create an opportunity for cancer

evolution. This evolution may allow tumors to develop new abilities for immunosuppression,

microenvironmental manipulations, and tissue invasion and metastasis [61]. For obvious reasons,

immunotherapy regimes that target exhausted immune cells should attempt to alleviate this

dysfunction and reinvigorate normal healthy effector capabilities, tipping the scales away from

this stalemate toward clearance, prior to tumor evolution and outgrowth.

As the biological system described by this mathematical framework models a form of cellular

dysfunction, it is important to understand which parameters play the largest roles. Addressing the

parameters for which the model is most sensitive will, in turn, allow us to address the components
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of the biological system that strengthen the level of cellular dysfunction. Ranking the biological

aspects that contribute to the hypo-functionality of exhausted immune cells against cancer will

provide a prioritization of sorts. As the goal of many immunotherapy schemes is to alleviate the

level of cellular dysfunction, targeting these parameters for which the model is most sensitive, and

the functions they are involved in, will be an interesting avenue of approach for future therapy

design.

Targeting inhibitory receptors on exhausted T cells has provided evidence for immunotherapy

strategies to promote the development of the progenitor exhausted CD8+ T cell population. The

maintenance of this population impacting tumor volume and the tumor-immune stalemate is

supported by the results of clinical trials. In different immunotherapy studies, though patient

responses were inconsistent, patients who positively responded to treatment experienced a

proliferative burst of progenitor exhausted CD8+ T cells [2, 42, 434, 435]. The mathematical model

presented here further supports this notion as several parameters regarding progenitor exhausted

CD8+ T cell population size were amongst the top parameter sensitivities. The inconsistent results

during clinical trials emphasizes the holes in our understanding of T cell exhaustion. Further

studying the components of this process may be of value for improving therapy regimes. For

example, further investigating the proliferative capacities of these cells and how exhaustion impacts

this process on a molecular level could provide key insights to expanding this population size to

appropriate levels capable of handling tumor burden.

To help fill in the gaps in our understanding of cellular exhaustion and improve therapeutic

efforts, the model presented here narrows the scope of additional future exhaustion-based

immunotherapy research. As shown by the sensitivity analysis, functional abilities of exhausted

CD4+ helper 1 T cells can provide important contributions to the development of the tumor-
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immune stalemate. It is important to note that this analysis results from current parameter

estimation and is subject to change if model parameterization also changes. In any case, as similar

results highlighting progenitor exhausted CD8+ T cell population size have been reinforced by

clinical observations, the sensitivity of exhausted CD4+ helper 1 T cells must be considered.

Per such analysis, targeting CD4+ T cell exhaustion may be an interesting approach to improve

immunotherapeutic efforts. To target these cells, the primary focus of future research should be to

identify and characterize exhaustion in CD4+ T cells. As mentioned in Section 2.3.3, this type of

dysfunction is not well defined in these cells. A better understanding of exhaustion would provide

more detailed insights into how such exhaustion may be addressed.

While there is evidence that exhausted CD4+ helper 1 T cells may respond to ICB therapy,

it is believed that ICB responses are primarily derived from CD8+ T cell relief [446, 447].

Targeting exhausted CD8+ T cells may continue to provide beneficial results for some patients but

directly targeting exhausted CD4+ T cells may serve as another schematic for immunotherapy.

Additionally, improving the direct targeting and alleviation of dysfunction in exhausted CD4+

helper 1 T cells may also provide synergistic effects when complemented with exhausted CD8+ T

cell reinvigoration.

Furthermore, it has already been observed that prolonged stimulation under suboptimal

conditions results in the development of cellular exhaustion in CD8+ T cells. These conditions

needed for the development of an appropriate immune response are, in part, reliant on the presence

and functionality of CD4+ T cells. When CD4+ T cells are unavailable, the severity of CD8+ T

cell exhaustion is enhanced [148]. The development of CD4+ T cell exhaustion may be a potential

cause for these inadequate conditions, further promoting cellular exhaustion in CD8+ T cells.

Thus, understanding and targeting CD4+ T cell exhaustion could not only improve the CD4+ T
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cell role in the immune response, but could also help decrease the level of exhaustion for the

cytotoxic CD8+ T cells.

Although this model analysis is intended to evaluate how exhausted T cells may impact

tumor burden, it is important to consider the non-exhausted parameters. Outside of the tumor

growth rate, α, for which the expanded model was highly sensitive towards, some important non-

exhausted-related parameters with high sensitivities include the cellular death rate of regulatory

T cells, δR, and the proliferative capacity of regulatory T cells, hR. These regulatory T cell

parameters are strong factors in immune cell population maintenance. Clearly, understanding

how immune regulation and regulatory T cells behave in exhausted settings requires further

investigation.

The current lack of knowledge in CD4+ T cell exhaustion provides potential roadblocks

for immunotherapy designs that target such immune cells. For example, there is evidence of

exhaustion in regulatory T cells. The origin of these exhausted cells and the scope of their

functional abilities remain unknown. It is plausible that reducing CD4+ T cell exhaustion will

relieve regulatory T cells of their dysfunction, thus improving their immunosuppressive effects

[399]. As this immune regulation plays a dominant role in Model 4.1, investigation of exhaustion

in this subset is recommended. One area of focus could be the origin of regulatory T cells as the

plasticity of CD4+ T cells may not be the only developmental program resulting in their formation.

Regulatory T cells may also arise from the thymus. These two classifications, periphery induced

regulatory T cells and thymus derived natural regulatory T cells, function similarly and are hard

to distinguish phenotypically [330]. Despite this challenge, investigation of this dysfunction in

these classifications may show different variations of exhaustion, which may help elucidate key

insights into the foundation and development of this phenomenon. In all, it is clear that the role of
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regulatory T cells in exhausted immune settings must be further studied.

A better definition and understanding of exhaustion in CD4+ T cells will elucidate the

effectiveness of targeting these cells. Understanding the similarities and differences between

exhaustion in the many CD4+ T cell subsets would be a great step in forming specific therapeutic

strategies. Clearly defined similarities and differences in exhaustion may be the key to targeting

the pro-immune functions of T cells without reinvigorating the anti-immune-related effects.

The concentration of IFN-γ in the system was also shown to play an important role. As

shown in Model 4.1, IFN-γ impacted many cellular functions and influenced the system in

several ways. As the role of IFN-γ has sometimes been reported to have contradictory functions

in literature, this cytokine needs to be further studied to determine its usefulness in different

immunotherapy strategies. According to [583], IL-2 may also provide contradictory functions

in CD8+ T cells. Clarifications on this cytokine’s functions must also be studied further for

implications in immunotherapy usage.

While the analysis performed on Model 4.1 has provided useful insight and direction for

future research, additional analysis and alterations not reported here were considered. Preliminary

bifurcation analysis was performed to determine if perturbations to parameter values, representing

key biological functions, could result in qualitative changes in system behavior. This analysis was

performed on individual parameters. For some parameters, perturbations had slight impacts on

state variable concentrations and the tumor volume at the tumor-immune stalemate, though no

qualitative system changes. Additionally, the incorporation of stochastic noise into this expanded

model was considered with the goal of replicating potential variations in system dynamics,

representative of the variations seen in patient responses in clinical settings. However, due to the

magnitude of population concentrations and the tumor volume, stochastic noise was diluted and
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showed little impact. Probabilistic parameter spaces for this model may be an interesting approach

to develop a level of stochasticity that highlights variations in system behavior. However, this lies

beyond the capabilities of this current model as further research into cellular exhaustion will be

needed for such incorporation.

With a better biological understanding of cellular exhaustion, for CD4+ and CD8+ T cells,

Model 4.1 may be updated and become a more accurate depiction of this dysfunctional system.

For example, research suggests that the cytotoxic capabilities of these exhausted immune cells

may be less dependent on the cytotoxic chemicals produced (perforin and granzyme B) and relate

more to cytoskeletal dynamics. Cytoskeletal polarization and rearrangement are essential during T

cell activation [584]. Exhausted immune cells may produce similar levels of these cytotoxins but

physically cannot release them due to exhaustion’s impacts on the cell’s cytoskeletal rearrangement

and the ensuing degranulation process. Understanding how exhaustion impacts the immune cell’s

cytoskeleton and its biophysical properties may, in turn, rework the parameterization of tumor

lysis within the current model. A cytoskeletal perspective offers an avenue for future work with

interesting conclusions.

Model 4.1 may also be fine-tuned with a better understanding of cell population sizes during

exhaustion. In normal conditions or in different immunological settings, different ratios of immune

cells, mainly between regulatory T cells and CD4+ helper 1 T cells or CD8+ cytotoxic T cells, have

been reported [582, 585]. The ratios of populations in this model’s simulation are slightly different

than those reported in different immunological settings. As this model deals with exhaustion, it

makes sense that cellular ratios will not match exactly. However, further research into these ratios

during exhaustion in response to cancer may help either support the current model structure and

parameterization, or determine if modifications need to be made.
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Future branching model construction may also now veer away from system dynamics

and focus on smaller scales, outlining specific molecular pathways and the resulting functions.

Successful modeling of such molecular pathways will introduce specific targets for specific

functions, thereby creating targets for therapy treatments that have niche outcomes rather than

generic or broad-based approaches. Possible pathways include proliferation of T cells in the

microenvironment, differentiation processes, cytotoxic degranulation, and more.

In conclusion, the expanded mathematical model described here and its subsequent analysis

suggests that researching and defining CD4+ T cell exhaustion should be an additional approach

for improving immunotherapy strategies. A better understanding of this dysfunction will help

guide research projects to identify and treat CD4+ T cell exhaustion. Treating these exhausted

cells, as monotherapies or in combination with other treatments, may have large impacts in tumor-

immune dynamics, thus improving the likelihood of beneficial responses. Targeting exhausted

CD4+ T cells may be an exciting alternative avenue of immunotherapy, however, it is obvious that

further investigation is required.
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Chapter 5: Overall Conclusions

This thesis provides a focused look at the immune cell dysfunction known as cellular

exhaustion, ranging from causes and development to clinical interventions for therapy. Although

the evolutionary justification for the suboptimal functionality of exhausted immune cells is

still debated, observations support the notion that this dysfunction is an intentional defense

mechanism to avoid autoimmunity and other adverse immune-related events [46, 144, 159, 289,

290]. While several cellular and environmental mechanisms may influence this phenomenon,

cellular exhaustion occurs in response to prolonged stimulation and over-activation by persistent

antigen exposure [2, 40–42, 46, 48, 57, 132, 139, 167]. Such exposure leading to cellular

exhaustion was first observed in murine models of LCMV and later attributed to human cases of

chronic infection and cancer [49–56].

While the exact mechanisms translating prolonged TCR stimulation with reduced effector

functions have not been fully elucidated, recent years have dramatically improved the recognition

and characterization of these cells. Currently, it is understood that exhausted T cells are not a single

differentiated state of effector cells, but rather a heterogeneous lineage of cells that dysfunctionally

develop [2, 57, 160, 161, 167]. Later stages of this developmental process correlate with higher

degrees of exhaustion. These exhausted T cells are characterized by transcriptional and epigenetic

programs that result in altered metabolic behavior and phenotypes dominated by an upregulation
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of inhibitory receptors, most notably PD-1 [51, 56, 127, 180–183, 196, 207, 208]. Culminating

from these alterations are diminished effector functions, such as cytokine production, proliferation,

and cytotoxicity [2, 44, 46, 48, 161, 232, 233]. Exhausted T cells are operational despite their

hypo-functional status. Thus, in cancer settings, tumor-immune interactions continue, attempting

to prevent cancer outgrowth while being unable to fully clear the tumor. As a result, a localized

and temporary tumor-immune stalemate is reached [48, 57, 61, 239].

To tip the scales away from this tumor-immune stalemate and promote tumor clearance,

T cell exhaustion has become a popular target for immunotherapy treatments. ICB treatments,

approved by the FDA, antagonize and block a specified inhibitory receptor on these dysfunctional

cells, alleviating an intracellular inhibitory pathway, and restoring proper effector functions

[354–359, 362, 376, 377]. Such treatments have been utilized as a form of monotherapy or in

combination with other ICB treatments targeting different inhibitory receptors and with other

forms of therapy like CAR-T, radiation, or chemotherapy [340, 417–420, 455–464, 475–477].

The targeting of exhausted immune cells for immunotherapy purposes has shown beneficial results

in various cancers, though patient responses are inconsistent [64, 65, 357, 363–375]. Variable

responses highlight the many unknowns and uncertainties regarding T cell exhaustion. It therefor

evident that to improve patient outcomes, research into this dysfunction must continue.

In addition to an in-depth accounting of the current understanding of T cell exhaustion,

this thesis demonstrates how the use of mathematical modeling may act as a complementary

approach to better understand this biological system. Presented in this work is an original and

foundational mathematical framework that recapitulates the heterogeneity and functionality of

exhausted CD8+ T cells in response to a growing solid tumor. Chapter 3 details the construction of

this framework, where model structure and parameterization is derived from a variety of sources
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and data (Section 3.2). Analysis of this model indicates that the formed tumor-immune stalemate

is a stable steady-state, capable of handling slight perturbations to the system (Section 3.3.2).

Conclusions drawn from the sensitivity analysis of Model 3.1 indicate that population size plays a

larger role in tumor volume compared to the functional abilities of the individual cell (Section

3.3.2). More precisely, maintaining an appropriate abundance of progenitor exhausted CD8+ T

cells supersedes the quality of the terminally exhausted CD8+ T cell cytotoxicity responsible for

direct tumor lysis. This conclusion reinforces patient outcomes of clinical trials, where those who

experienced durable responses saw a proliferative burst and improved numbers in the progenitor

exhausted CD8+ T cell subset [2, 42, 434, 435, 550, 551].

Stemming from these results, and when combined with the observation that additional

immune cells experience exhausted-like dysfunction, it was theorized that an expansion of this

mathematical framework may elucidate key targets for immunotherapy regimes. Of the various

cell types to exhibit exhausted-like qualities, CD4+ T cells possess several abilities to improve the

overall immune response against cancer, one of which being the promotion and maintenance of the

CD8+ T cell population. As the analysis of Model 3.1 suggests that this population maintenance is

an essential aspect of the immune response to cancer, CD4+ T cells must also play a comparable

role. This role in the immune response, and when paired with other antitumor effects of CD4+ T

cells, may provide a strong opportunity and novel approach when targeting T cell exhaustion for

better tumor control. Thus, the incorporation of such cells into the mathematical model of T cell

exhaustion will provide a novel, more detailed and holistic perspective of this system and may

identify a new target for therapy research and treatment designs.

Chapter 4 of this thesis outlines such an expansion. Section 4.2 provides the modifications

made to the established framework of cellular exhaustion, including the incorporation of both
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healthy and exhausted CD4+ helper 1 T cells, immunosuppressive regulatory T cells, and the

IFN-γ cytokine. Collectively, the addition of these immune cells and cytokines creates a more

holistic viewpoint of an exhausted setting in response to cancer. Analysis of this model maintains

a stable tumor-immune stalemate (Section 4.3.1). The sensitivity analysis of this newly expanded

model in Section 4.3.2 also maintains the importance of the population size of the progenitor

exhausted CD8+ T cells. Interestingly, supporting the theory of CD4+ T cell exhaustion playing an

important role, the sensitivity analysis of Model 4.1 showcased influential exhausted parameters

within the system relating to exhausted CD4+ helper 1 T cell functions, mainly cytotoxicity and

cytokine production. While the cytotoxicity of these cells directly relates to tumor control, the

cytokine production indirectly relates to the population size of progenitor exhausted CD8+ T cells.

Therefore, it is posited that reinvigorating the exhausted CD4+ helper 1 T cell functions may yield

improved responses in tumor control.

As the results and analysis of the mathematical models presented in this thesis suggest,

targeting exhaustion in CD4+ T cells may be a beneficial strategy for future immunotherapies,

either as a form of monotherapy or in combination with other modalities. However, CD4+ T

cell exhaustion is currently not well understood. In preparation of designing future therapy

strategies targeting these cells, research into CD4+ T cell exhaustion must expand. Concepts of

interest include the potential heterogeneity and developmental lineage of these cells, differences in

exhausted-like phenotypes across the many subsets, and the particular mechanisms behind specific

functions. Research into the limitations or drawbacks of such interventions must also be evaluated

to deter adverse immune-related events and maintain patient safety. With continued biological

research, mathematical modeling of an exhausted system may also progress, collectively working

to enhance immunotherapy treatments. Together, the work of this thesis strongly encourages an
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improvement in the understanding of CD4+ T cell exhaustion, which may provide insights into

how these cells may be targeted more effectively and may therefore improve patient responses

against cancer.
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Matthew E. Pipkin, Susan Togher, Vigo Heissmeyer, Yi Chen Zhang, Shane Crotty,
Edward D. Lamperti, K. Mark Ansel, Thorsten R. Mempel, Harri Lähdesmäki, Patrick G.
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and IL-2 loss of cytomegalovirus- specific T cells correlates with viremia and reversible
functional anergy. American Journal of Transplantation: Official Journal of the American
Society of Transplantation and the American Society of Transplant Surgeons, 8(7):1486–
1497, July 2008. ISSN 1600-6143. doi: 10.1111/j.1600-6143.2008.02279.x.
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