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Abstract

Immunotherapy offers new and promising treatments for many different types of

cancer, but the problem of how to practically regulate the immune response in a

way that allows it to fight cancer without overwhelming patients with potentially

fatal inflammatory toxicity has yet to be solved. This partly results from lingering

unanswered questions in immunology and partly results from the inevitable variability

between one patient and the next. Here we look specifically at Chimeric Antigen

Receptor (CAR)-T cell therapy, explore the mechanisms by which this living drug

grows and changes inside the body, and explore how and why this process differs so

dramatically between patients.

We develop two ordinary differential equation models – one which unifies sev-

eral currently conflicting theories on T cell differentiation pathways, and one which

serves as a framework for a Simulated Randomized Clinical Trial (SRCT) to evaluate

CAR-T cell therapy as a treatment for patients with leukemia. Our results provide a

plausible mechanistic explanation for the widely variable patient responses to CAR-T

cell therapy seen clinically, and suggest possible ways to improve patient outcomes,

even and especially when the patient population is highly heterogeneous. In partic-

ular, our results suggest that improvements in patient outcomes can be obtained by

reintroducing key characteristics of the endogenous T-cell response that are lost with

the dosing protocols currently being used in clinical trials. Our primary conclu-

sion is that single or (homogeneously) split dose protocols should be replaced with

protocols for achieving, during the initial stages of therapy, low serum concentrations

of effector CAR-T cells, followed by higher serum concentrations of effector CAR-T

cells as the tumor burden decreases, and finally substantial serum concentrations of

memory CAR-T cells at the end of the treatment period.
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Chapter 1

Introduction

Cancer is a devastating illness. Fortunately, however, recent studies using immunother-

apies, therapies which use the body’s own immune system to fight disease, are show-

ing tremendous promise in the treatment of cancer, and have even, in several cases,

led to ostensible cures. Some notable successes include the dendritic cell scaffolding

technology developed in the Mooney Lab at Harvard University [33], the EGFRvIII

vaccine developed by Celldex Therapeutics [12], the anti-CD19 CAR T cell therapies

currently in clinical trials at Moffitt Cancer Center [16], and the oncolytic poliovirus

for glioblastoma (GBM) developed in the Gromeier Lab here at Duke University

[23]. Each of these therapies enhances a specific part or parts of the body’s complex

immune response, which we will describe in detail later.

One major issue encountered with these therapies, though, is that, presently, they

are still wildly unpredictable. To an extent, unpredictability is expected in cancer

treatment, because different patients have inherently different cancer cell populations

with different genotype distributions. However, the degree of unpredictability in

immunotherapies is such that, in a group of patients receiving “equivalent” doses

of a particular drug, there are often some patients in whom cancer is undetected for

years afterward, some who see no change or toxicity at all, and some who develop fatal

inflammation [7, 17, 39, 40]. The unpredictability is so great that some studies even

report patient outcomes to be uncorrelated with the dose of the drug administered

[39].

There are several reasons for this unpredictability. Firstly, in many immunother-
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apies, the “drug” being given to patients is actually a living population of cells that

have been re-engineered to attack cancer. These cells differ from one patient to the

next, in efficacy, growth dynamics, and even the initial phenotype distribution of the

cells. Second, most patients will have undergone a variable number of chemotherapy

rounds before enrolling in an immunotherapy trial, and thus the patients in the study

generally have varying degrees of lymphopenia when the trial begins. Third, as with

any drug, the individual patient’s biochemistry causes additional unpredictability in

the expected outcome.

A limited number of mathematical models of the anti-tumor immune response

currently exist, and they fail to accurately characterize patient outcomes in im-

munotherapy for two primary reasons, which will be addressed here: (1) they are

based on outdated biological theories of immune cell characteristics and functionality

(described further in Chapter 4); and (2) they focus almost exclusively on the “av-

erage” patient, ignoring entirely the heterogeneity of any realistic patient population

(described further in Chapter 5).

Mathematical modeling is essential to advance this research because cancer is

complex, human immune systems have extremely complicated dynamics, and the

interactions of the two are increasingly more complex. The chapters that follow

are each about different aspects of the anti-tumor immune response. Therefore, the

biological background given in Chapter 2 is divided into corresponding subsections,

with some additional background given in the later chapters as needed.
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Chapter 2

Biological Background

The anti-tumor immune response begins when evidence of tumor cells, called anti-

gen, is recognized by specialized immune cells called dendritic cells (DCs). Upon

recognizing antigen, DCs undergo a slow maturation process which mobilizes them

and allows them to travel to local lymph nodes. There, they are able to activate

another specialized group of immune cells, called T cells, which, depending on their

phenotype, will eventually return to the tumor site to attack the tumor. Upon ar-

rival at the tumor site, cytotoxic T cells induce further lysis of tumor cells, releasing

more tumor antigen into the extracellular space, prompting further DC activation

and heightening the immune response [24]. This process is illustrated in Figure 2.1.

2.1 Dendritic Cell Activation

Tumor cell populations, despite their pathogenicity, are often able to evade attack by

the immune system. This is routinely the result of alterations in tumor cell proteins

involved in the processing or presentation of peptide fragments, called tumor-specific

or tumor-associated antigens (TSAs or TAAs, respectively) [13], that function as

identifiers of pathogens for the immune system. Fortunately, when a tumor cell

undergoes lysis, which can be induced, for example, by chemotherapeutic agents,

oncolytic viruses, or specialized cells of the immune system, it releases tumor cell

lysate, including antigen peptide fragments, into the extracellular space. Tumor cell

lysate can then be acquired by antigen presenting cells (APCs) [4], initiating the

immune response cascade.
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Figure 2.1: Schematic representation of the anti-tumor immune response.

There are several types of antigen presenting cells, of which dendritic cells are

perhaps the most important. Through a process known as cross-presentation, DCs

acquire antigen from the extracellular space and process it for presentation on major

histocompatibility complex (MHC) molecules on the cell membrane [43]. Once DCs

are exposed to a presentable antigen and become activated, they mature and travel to

regional lymph nodes to stimulate other immune cells called T cells [50]. Upon arrival

of mature DCs in the lymph nodes, antigen is either transferred to a population

of lymphoid-resident DCs for presentation or presented directly to näıve T cells,

initiating their activation through a process known as cross-priming [1]. Activated

T cells, described in detail in the following section, are then specialized to recognize

and destroy other tumor cells with the same specific alterations as those that released

the lysate.
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2.2 T Cell Differentiation

T cells, introduced above, are the primary immune cells which provide protection

against tumor cells. There are various types of T cells, all of which work and re-

produce in different ways. Understanding the differences in the dynamics of the

various T cell subpopulations is necessary for understanding efficacy and toxicity in

immunotherapy, so we will review them here.

T cells are classified by phenotype as either CD4+ helper T cells or CD8+ cyto-

toxic T cells. Both CD4+ and CD8+ T cells can then be further classified as näıve,

memory, or effector T cells, depending on the individual cell’s function and prolifer-

ative capacity [30]. For simplicity, in the present study we will focus primarily on

the distinction between näıve/memory (M) and effector (E) subtypes of T cells. We

note, however, that similar results to those presented here are also obtained if one

further distinguishes between CD4+ and CD8+ subtypes, as shown in our previous

study [26].

In general, näıve T cells (TN) are inactive and are not specifically primed to react

to a particular surface marker or antigen. Once activated by DCs, T cells become

primed to react to a specific antigen, undergo rapid proliferation, and differentiate

into either memory or effector T cells. Effector (TE) cells reside primarily in periph-

eral tissues and are characterized by having high cytotoxicity and decreased longevity.

Memory (TM) cells, or Memory Precursor Effector (TMPEC) cells, exhibit stem-cell-

like longevity and are further divided into two subtypes, central memory (TCM) cells,

which reside primarily in lymphoid tissue and have limited cytotoxicity, and effector

memory (TEM) cells, which reside primarily in peripheral tissues and have intermedi-

ate cytotoxicity [6, 11, 20, 30, 31]. Due in part to variation in classification procedures

between laboratories, the mechanisms by which these populations interconvert have
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become the subject of much “chicken or egg” type debate [3, 10, 19, 30, 31], discussed

in detail in Chapter 4.

2.3 CAR-T Cell Therapy in B-ALL

Chimeric Antigen Receptor (CAR)-T cell therapy is an experimental procedure in

which a subset of the patient’s T cells are collected, genetically modified to recognize

and attack cells expressing a designated surface marker, and then re-infused into the

patient [2]. It has proven successful in the treatment of multiple cancers, especially

in the treatment of leukemias and lymphomas. In Chapter 5, we analyze various

aspects of CAR-T cell therapy which contribute to its success or failure.

We focus on the treatment of B-Cell Acute Lymphocytic (or Lymphoblastic)

Leukemia (B-ALL) for two reasons. First, it is the most common childhood can-

cer [60]. Second, numerous hurdles often encountered in cancer research are absent

in B-ALL, making it easier to isolate and study key features of the underlying dis-

ease dynamics. Specifically, the liquid nature of leukemias (and other blood cancers)

allows drugs to interact with cancer cells quickly and without first having to diffuse

through soft tissue masses – an obstacle that often results in partial metabolism or

inactivation of drugs before they even reach the target tissue [53]. Further, B cells

express a surface marker, CD19, which is found exclusively on B cells and follicular

dendritic cells [59], and is rarely lost as B cell cancers progress [21]. This allows

CD19-targeted therapies, including CAR-T cell therapy, to distinguish and attack

cancer cells without directly harming the majority of healthy cells.

While CAR-T cell therapy has been remarkably successful, with multiple studies

reporting complete responses in roughly 90% of patients [17, 39, 56], it still has two

major drawbacks. Firstly, as mentioned eariler, patients respond unpredictably to the
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therapy and often experience broad inflammatory toxicity [7, 17, 39, 40] that appears

uncorrelated with the dose of CAR-T cells administered [39]. Second, patients who

initially respond well to the therapy often relapse [7, 8, 14, 39, 56], likely due to failed

survival of the CAR T-cells [7, 39]. For these reasons, additional research is needed

before the therapy can safely be used as a standard therapy in the clinic.

One of the reasons that patient responses to CAR-T cell therapy are difficult to

predict, in addition to inter-patient heterogeneity, is that the “drug” administered to

each patient is different. That is, since CAR-T cells are donor-derived, they differ,

from patient to patient, both in genotype and in the distribution of phenotypes of

CAR-T cells infused. As one might expcect, differences in the effector function and

in the proliferation capacities of the different T cell phenotypes can contribute dra-

matically to patient outcomes in CAR-T cell therapy. For example, both näıve and

memory T cells proliferate in response to lymphopenia [29, 44], which effectively mul-

tiplies the amount of “drug” administered to lymphopenic patients by an unknown

amount.

The most common life-threatening side effect of CAR-T cell therapy is Cytokine

Release Syndrome (CRS) [9, 17, 37, 39, 56], which causes a myriad of inflammatory

symptoms including fever, hypotension, hypoxia, pulmonary edema, neurological dis-

orders, and finally shutdown of multiple organ systems [9, 17, 37, 38, 56]. Several

molecular predictors for CRS risk have been reported to be useful in managing inflam-

matory toxicity from CAR-T cell therapy, including interferon (IFN)-γ, interleukin

(IL)-6, and C-reactive protein (CRP) [17, 34, 36, 37, 40, 56]. INF-γ is produced

directly by CAR-T cells in response to patient-derived tumor cells in vitro [34], and

for this reason we use IFN-γ as a primary marker for inflammatory toxicity in the

following chapters.

Inflammatory toxicity in CAR-T cell therapy is not only difficult to predict, for
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the reasons discussed above, but is also notoriously difficult to manage. Corticos-

teroid administration is routinely employed in severe cases [38], but this is thought

to contribute to disease progression and relapse by eradicating the majority of CAR-

T cells in circulation [17]. Further, inflammatory cytokine secretion by CAR-T cells

positively contributes to the efficacy of the therapy by mediating tumor cell lysis [52].

Thus, toxicity management in CAR-T cell therapy focuses on proactively regulating,

rather than eliminating, cytokine secretion, so that patients avoid overwhelming in-

flammation but can still benefit from potential long-term efficacy of the therapy.
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Chapter 3

Dendritic Cell Activation

Dendritic cell (DC) activation is a gradual process in which the characteristics, phys-

ical location, and overall functionality of individual cells slowly change over time.

The process begins when näıve dendritic cells in peripheral anatomical regions first

recognize antigen, and continues as they become mobile and travel to draining lymph

nodes. The non-binary nature of DC activation makes accurately reproducing data

from DC experiments with standard ODE models difficult, if not impossible, with-

out using a high number of discretized population subsets to approximate the ever-

changing cellular phenotype. However, with a high number of variables, one is then

faced with the problem of identifying parameters for each subset of the population –

parameters which are in general not available at this level of detail.

Here, we summarize a set of experiments on DC trafficking published by Tomura,

et al. [55], examine an age-structured PDE model for DC activation, and develop an

analytic method for explicitly determining functional parameters – namely, the age-

dependent poplulation growth rate and the initial age distribution of the populaiton

– from standard experimental data which reports only the total population size over

time.

The Tomura experiments observe the movement of DCs from one anatomical

region (the skin) to another (the draining lymph node) as the cells progress from

pre-DCs, to immature DCs, and finally to fully mobile mature DCs. The experiments

are set up such that, under steady state conditions, DCs in a given anatomical region

are “marked” by (roughly) instant and irreversible photoconversion, and the total

9



DC population size is then recorded in the skin and/or the draining lymph node

(LN). Here we let ρj(x, t) denote the density of the cell population in Experiment j,

at age x ≥ 0 and time t ≥ 0, and let ρ(x) denote the steady state age distribution of

the population. We take τ1 to be the age cut-off distinguishing pre-DCs from DCs,

τ2 to be the age at which DCs become mobile enough to leave the skin, and τ3 to

be the age at which DCs arrive at the draining LN, which implies of course that

0 < τ1 < τ2 < τ3.

In the first of the Tomura experiments (E1), cells are marked in the draining LN,

such that the initial distribution of photoconverted cells is

ρ1(0, x) = ρ(x) · I[τ3,∞)(x),

where I[a,b](x) is the indicator function on [a, b]. The total population of marked

dendritic cells, f1(t), is recorded over time in the draining LN (see Figure 3.1), such

that

f1(t) =

∫ ∞
τ3

ρ1(x, t)dx.

The data from the first Tomura experiment is reproduced in Figure 3.2.

10



Figure 3.1: Tomura Experimental Design.

All experiments begin with pre-DCs and DCs in steady state conditions. In Exper-
iment 1 (top), cells in the draining lymph node, i.e., on [τ3,∞), are instantaneously
photoconverted and the percentage of photoconverted cells remaining is recorded over
2 days. In Experiment 2 (bottom), cells are photoconverted in the skin, i.e., on [0, τ2],
and the amount of photoconverted cells present in both the skin and draining lymph
node is recorded.
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Figure 3.2: Marked DCs in the draining LN after local photoconversion.
Data recorded in the Tomura experiments is reproduced above (red dots), along with
the piecewise-smooth appoximation f1(t), shown here as a blue line. The data above
represent the percentage of photoconverted DCs remaining in the draining lymph
node over the 2 days following photoconversion of the lymph node.

In the second experiment (E2), cells are marked in the skin, such that the initial

distribution of photoconverted cells is

ρ2(0, x) = ρ(x) · I[0,τ2](x),

and the total number of dendritic cells is recorded in both the skin and the draining

lymph node, with

f2(t) =

∫ τ2

τ1

ρ2(x, t)dx,

and

f3(t) =

∫ ∞
τ3

ρ2(x, t)dx.

12



Figure 3.3: Marked DCs in the draining LN after peripheral photoconversion.
Data recorded in the Tomura experiments is reproduced above (red dots), along with
the piecewise-smooth appoximation f2(t), shown here as a blue line. The data above
represent the total number of photoconverted DCs remaining in the draining lymph
node over the 4 days following photoconversion of the lymph node.

The experimental design is illustrated in Figure 3.1, and the experimental data from

the second experiment is reproduced in Figures 3.3 and 3.4.

Ideally, we would like to recover the functional parameters γ(x) and ρ0(x) = ρ(x)

on [0,∞) from the experimental data obtained by Tomura, et al. [55], for use in

further modeling of DC dynamics under non-steady state conditions. In the following,

we are able to deduce these parameters on [τ3,∞), and to make some progress toward

determining γ and ρ on [0, τ3], as we will describe below.
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Figure 3.4: Marked DCs in the skin after local photoconversion.
Data recorded in the Tomura experiments is reproduced above (red dots), along with
the piecewise-smooth appoximation f3(t), shown here as a blue line. The data above
represent the percentage of photoconverted DCs remaining in the draining lymph
node over the 5 days following photoconversion of the lymph node.

Formally, the problem is stated as follows. Let ρ(x, t) denote the density of a

cell population, at age x ≥ 0 and time t ≥ 0, let ρ(x) denote the steady state age

distribution of the population, and finally let 0 < τ1 < τ2 < τ3. We are given that

under normal conditions the population grows and ages such that

(
∂

∂t
+

∂

∂x

)
ρ(t, x) = γ(x)ρ(t, x), (3.1)

ρ(t, 0) = a(t) for t > 0, (3.2)

ρ(0, x) = ρ0(x), (3.3)

where γ(x) and ρ(x) are unknown. It is further known that the total population,

14



f(t) =
∫∞
0
ρ(t, x)dx, is bounded and tends to zero in finite time, and the same is true

for f ′(t).

We are also given that the late-age portion of the population present at any given

time will age such that

(
∂

∂t
+

∂

∂x

)
ρ1(t, x) = γ(x)ρ1(t, x), (3.4)

ρ1(t, τ3) = 0 for t > 0, (3.5)

ρ1(0, x) = ρ(x) · Ix≥τ3(x), (3.6)

and the total mass of this population is known to be

f1(t) =

∫ ∞
τ3

ρ1(x, t)dx. (3.7)

Further, we are given that the younger, x < τ2, portion of the population present

at a fixed time will age such that

(
∂

∂t
+

∂

∂x

)
ρ2(t, x) = γ(x)ρ2(t, x), (3.8)

ρ2(t, 0) = 0 for t > 0, (3.9)

ρ2(0, x) = ρ(x) · Iτ1<x<τ2(x). (3.10)

The following partial masses are known for both the late-age population and a smaller

subset, τ1 < x < τ2, of the younger population:

15



f2(t) =

∫ ∞
τ3

ρ2(x, t)dx, (3.11)

and

f3(t) =

∫ τ2

τ1

ρ2(x, t)dx. (3.12)

Our objective is to explicity determine the functional parameters, γ(x) and ρ(x)

(up to a couple of constants), given f1(t), f2(t), and f3(t). In what follows, the

problem is broken down into three smaller problems (Theorems 1, 2, and a final

conjecture). We will now present the theorems and their proofs.

3.1 Theorems and Proofs

Theorem 1: Supoose the total mass, f(t), of a population satisfying (3.1) - (3.3) is

known, with f(t) ≥ 0 and f ′(t) < 0. If a(t) = 0 for t > 0 and ρ(x, 0) = ρ(x), then

ρ(x) = −f ′(x), and

γ(t) =
f

′′
(t)

f ′(t)
.

Proof of Theorem 1: Recall that if γ(x), ρ0(x) = ρ(x, 0), and a(t), are given, the

solution to (3.1) - (3.3) is well-known to be

ρ(t, x) =

 a(t− x) exp
(∫ x

0
γ(s)ds

)
0 ≤ x < t

ρ0(x− t) exp
(∫ x

x−t γ(s)ds
)

t ≤ x
(3.13)
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and the steady state solution is

ρ(x) = ρ(0) exp

(∫ x

0

γ(s)ds

)
. (3.14)

So, using (3.13),

f(t) =

∫ ∞
0

ρ(t, x)dx

=

∫ t

0

a(t− x) exp

(∫ x

0

γ(s)ds

)
dx+

∫ ∞
t

ρ0(x− t) exp

(∫ x

x−t
γ(s)ds

)
dx

= 0 +

∫ ∞
t

ρ0(x− t) exp

(∫ x

x−t
γ(s)ds

)
dx

= 0 +

∫ ∞
t

ρ(x− t) exp

(∫ x

x−t
γ(s)ds

)
dx

=

∫ ∞
t

ρ(0) exp

(∫ x−t

0

γ(s)ds

)
exp

(∫ x

x−t
γ(s)ds

)
dx

= ρ(0)

∫ ∞
t

exp

(∫ x

0

γ(s)ds

)
dx,

since a(t) = 0 and ρ0(x− t) = ρ(x− t) by assumption. Differentiating and applying

the Fundamental Theorem of Calculus, we have

f ′(t) = −ρ(0) exp

(∫ t

0

γ(s)ds

)
= −ρ(t).

So ρ(x) = −f ′(x). Further,

f ′′(t) = −ρ(0) exp

(∫ t

0

γ(s)ds

)
γ(t)

= −ρ(t)γ(t)

= f ′(t)γ(t).
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Dividing we have

γ(t) =
f

′′
(t)

f ′(t)
.

This completes the proof of Theorem 1.

Theorem 2: Suppose the total mass, f(t), of a population satisfying (3.1) - (3.3) is

known, with f(t) ≥ 0. If ρ(0, x) = ρ0(x) = 0, then

a(t) = L−1
(
L(f)

L(g)

)
(t),

where g(x) = exp
(∫ x

0
γ(s)ds

)
, L(·) denotes the Laplace transform, and L−1(·) de-

notes the inverse Laplace transform.

Proof of Theorem 2: Using (3.13) and recalling that ρ0(x) = 0 by assumption, we

have

f(t) =

∫ ∞
0

ρ(t, x)dx

=

∫ t

0

a(t− x) exp

(∫ x

0

γ(s)ds

)
dx+

∫ ∞
t

ρ0(x− t) exp

(∫ x

x−t
γ(s)ds

)
dx

=

∫ t

0

a(t− x) exp

(∫ x

0

γ(s)ds

)
dx+ 0

= (a ∗ g)(t),

where g(x) = exp
(∫ x

0
γ(s)ds

)
and a ∗ g denotes the convolution of a and g. Taking

the Laplace transform of each side we have

L(f)(s) = L(a ∗ g)(s)

= L(a)(s)L(g)(s).
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Rearranging and taking the inverse Laplace transform, we have

a(t) = L−1
(
L(f)

L(g)

)
(t),

where g(x) = exp
(∫ x

0
γ(s)ds

)
. This completes the proof of Theorem 2.

The next step in establishing the functional parameters associated with the To-

mura data is to prove the following conjecture, which is to be explored in future work.

Conjecture: Suppose the total mass, f(t), of a population within a specific age-

range is known, with f(t) ≥ 0, and that the population grows and ages such that

(
∂

∂t
+

∂

∂x

)
ρ(t, x) = γ(x)ρ(t, x), (3.15)

ρ(t, L) = b(t) for t > 0, (3.16)

ρ(0, x) = ρ(x), (3.17)

where f(t) = 0 for t > L. Then for 0 < x < L, γ(x) and ρ(x) can be uniquely and

explicitly written in terms of f(t) and b(t).

We now turn our discussion to the next piece of the anti-tumor immune response,

T cell differentiation.
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Chapter 4

T-Cell Differentiation

4.1 “Opposing” Models for T Cell Differentiation

Numerous pathways have been proposed to explain how homogeneous populations

of näıve T cells (TN), when exposed to various pathogens, develop into specialized,

heterogeneous populations, able to target, destroy, and remember pathogens for years

afterward. Understanding which of these suggested pathways most closely resembles

the true biology is critical to advancements in immunotherapy, especially in anti-

cancer therapy, where patient survival depends on our ability to carefully balance

drug efficacy and toxicity.

Here we will discuss three such theories: (1) Effector to Memory Differentiation,

(2) Memory to Effector Differentiation, and (3) Asymmetric Differentiation. The first

and oldest theory, “Effector to Memory Differentiation” is that in the early stages of

infection, näıve T cells, upon activation by DCs, first differentiate into effector cells,

and then, after the threat has been minimized, a small percentage of the effector cells

further differentiate into long-lived memory T cells, and the rest undergo programmed

cell death. This theory is based primarily on the following well-known facts: (i) in

the early stages of infection, the activated T cell population undergoes dramatic

expansion and is primarily composed of effector T cells, and (ii) after the infection

subsides, the T cell population declines and is primarily composed of memory T cells,

which survive indefinitely.

The second theory, “Memory to Effector Differentiation” is that näıve T cells,
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N E M

Figure 4.1: Effector to Memory Differentiation Hypothesis.

upon activation by DCs, first differentiate into memory cells, which have a stem-cell-

like phenotype, and can either further differentiate into effector cells if a threat is

present, or maintain the memory phenotype indefinitely until a threat is encountered

later in a secondary infection. This theory based on the fact that memory cells,

harvested from one host and transferred to another, can themselves develop into a

heterogeneous population of memory and effector cells, while effector cells cannot

[48].

N EM

Figure 4.2: Memory to Effector Differentiation Hypothesis.

The final theory that we will discuss here is the asymmetric differentiation hy-

pothesis. This theory somewhat resembles the “Memory to Effector Differentiation”

hypothesis, but supposes that näıve T cells, upon activation by DCs, undergo asym-

metric division, producing one memory daughter cell and one effector daughter cell.

The theory further supposes that memory cells can undergo similar stem-cell-like di-

visions upon further signaling from pathogens, producing one memory daughter cell

and one effector daughter cell. This theory is based on visual observation of näıve T

cells dividing asymmetrically into memory and effector cells [11, 22].

The following contains a discussion of various markers and naming conventions

commonly used in the field, and a brief review of key data leading to each of the

main theories for CD8+ T cell differentiation described above. We argue that, while

the theories discussed above indeed contradict one another, the original data leading

to each of the different conclusions does not in fact conflict. We then present a single
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Figure 4.3: Asymmetric Differentiation Hypothesis.

model which is consistent with all of the data from the opposing groups, on which

our work in the following chapter is based.

4.2 Naming Conventions

It is plausible that the controversy between the different theories on T cell differentia-

tion pathways has developed due to an inconsistency in the language used to describe

the different phenotypes. That is, the terms “memory” and “effector” are primarily

functional descriptions of T cell subsets. Effector T cells are cells which are able

to induce lysis in pathogenic cells, while memory T cells are cells which are able to

persist for long times after an infection has passed, while still maintaining specificity

to the original antigen which led to the activation of the T cell. However, in practice

the number of T cells functioning in a certain way is difficult to measure. Rather,

one measures the number of cells which express a given surface marker believed to

be correlated with a particular function. Unfortunately, there are numerous markers

correlated with both the memory and effector phenotypes, which are neither mutu-

ally exclusive nor universally expressed on cells with a given function. Further, cells

which contain one memory marker may not contain other memory markers, and the

same is true of effector cells. Therefore, because different labs use different markers

to define memory and effector cell populations, they frequently arrive at conflicting

conclusions about the various phenotypes.
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For the sake of clarity in our discussion of the data, in the following we will futher

break down the memory and effector populations into the following subsets: central

memory (TCM), effector memory (TEM), early effector (TEE), and short-lived effector

(TSLE), which we will define based on the surface marker definitions shown in Table

4.2.

We remark that while the expression profiles in Table 4.2 do not represent an

exhaustive list of possible phenotypes (as this would require an encoding with a di-

mension equivalent to the number of known surface markers), the expression profiles

listed are sufficient to fully distinguish the populations discussed below. We further

remark that various intermediates are indeed known to exist, which will not be con-

sidered here, including, at least, TSCM cells, mentioned above, and also intermediate

memory (TIM) cells [57].

Table 4.1: Typical surface marker characterizations of CD8+ T cells.

CD44 CD62L CCR7 KLRG-1 CD127 CD11a
L-Selectin IL-7Rα LFA-1

TN low high low
TM high low high high

Sub-type
TCM high high high high high
TEM high low low high high

TE high low low low high
Sub-type
TEE high low low low low high
TSLE high low low high low high

Restricting our focus to the subtypes characterized in Table 4.2, there exist thou-

sands of possible combinations of subtype conversion pathways which satisfy the

following conditions: (1) the TN subtype has no inward-directed paths (based on the

widely agreed upon view that activated T cells do not revert to a näıve phenotype

after sufficient encounters with antigen presenting cells); and (2) the remaining four
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subtypes each have at least one inward-directed path. A schematic representation of

the possible pathways is shown in Figure 4.4.

TSLETEE

TN

TCM TEM

Figure 4.4: Schematic representation of all possible paths for interconversion of T
cell phenotypes assuming initial activation of TN cells is irreversible.

The aim of the remainder of our discussion is to establish the possibility of consis-

tency of the predominant biological data presented in support of the opposing views

discussed above, by considering the existence of a subset of the pathways in Fig-

ure 4.4 which is consistent with the literature. We argue that our inclusion of only

a subset of possible T cell phenotypes is justifiable given that (a) the existence of

non-terminal phenotypes does not preclude identification of interconversion pathways

between phenotypes, and (b) the existence of unidentified terminal phenotypes corre-

sponds to irreversible loss of T cells from the total subset of populations considered,

which already is an inherent possibility due to the potential for loss of a particular

lineage as a result of cell death.

4.3 Summary of Key Data

Chang et al., 2007 [11]: Asymmetric division of TN to TEE and TCM .

We first consider the 2007 Chang et al. study [11] in which labeled, näıve T cells were

stained with carboxyfluorescein diacetate succinimidyl ester (CFSE), and adoptively
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transferred into wild-type mice infected with Listeria monocytogenes. Cells were

sorted via flow cytometry, wherein activated T cells undergoing or having under-

gone their first division were identified by their relative concentrations of CFSE and

subsequently directly visualized using confocal microscopy. Polarization of surface

markers was observed in greater than 90% of premitotic cells, and this polarization

was identified to be dependent on the location of the immune synapse, i.e., to be

dependent on which side of the cell interacted with the activating DC. The proxi-

mal and distal daughter cells which were produced after first division were identified

to be CD62L−CD44hiIL-7Rα− and CD62L+CD44int, respectively. Distal daughters

were further observed to have IL-7Rα mRNA concentrations approximately seven

fold higher than proximal daughters. The phenotype observed in the distal daughter

is consistent with that of a TCM cell, and that observed in the proximal daughter is

consistent with either a TEE or TSLE cell. Further, because a cell which expresses

no KLGR-1 must first express intermediate levels of KLRG-1 before expressing high

levels, by necessity of the intermediate value, it is natural to conclude that the prox-

imal daughter arising from the first division after activation of a näıve T cell is

appropriately classified as a TEE cell (this, of course, is consistent with the naming

convention).

Sarkar et al., 2008 [48]: Terminal differentiation of TSLE.

We next consider a 2008 study by Sarkar et al. [48] in which both KLRG-1− and

KLRG-1+ cells were transferred to donor mice. In the former case, almost 20% of the

donor cells survived 40 days after transfer, whereas in the latter case less than 2% of

donor cells persisted (we note that in this study, in particular, a large percentage of

cells existed near the boundary distinguishing KLRG-1+ and KLRG-1−). This indi-

cates that cells expressing high amounts of KLRG-1, namely TSLE cells, are likely a
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terminally differentiated population.

Plumlee et al., 2015 [45]: Existence of a path, possibly indirect, from TEE to TEM

and from TEE to TSLE.

Further, in a 2015 study by Plumlee et al. [45], CD11ahiKLRG-1−CD127− popu-

lations, identified as TEE cells, were purified from virally infected donor mice and

transferred to recipient mice which either were or were not previously infected. Donor

cells recovered six days after transfer consisted of both CD11ahiKLRG-1+CD127−

cells (TSLE), and CD11ahiKLRG-1−CD127+ (TM) cells. However, the percentage of

CD11ahiKLRG-1+CD127− cells recovered from virally infected recipients was signifi-

cantly greater than the number recovered from uninfected recipients. Combining the

information from [48] and [45], we conclude that TEE cells can give rise to both TM

cells and TSLE cells.

Graef et al., 2014 [22]: Non-existence of a path, direct or indirect, from TEM to TCM ,

existence of a path from TEM to TSLE, and existence of a path from TCM to TEM

and TSLE.

Lastly, in a 2014 study by Graef et al. in which single CD62L− T cells from LM-

OVA infected hosts were identified via flow cytometry at least 100 days post infection

and isolated. The low CD62L expression in conjunction with the persistence of this

population 100 days after primary infection is consistent with the TEM phenotype.

Isolated T cells were then adoptively transferred into recipients receiving intravenous

injections of LM-OVA. Peripheral blood T cells were isolated from recipients eight

days post infection and transfer and subsequently sorted by CD44 and CD62L ex-

pression. Less than one percent of recovered cells were observed to be CD62L+. This

indicates that the lineage of TEM cells is restricted to CD62L− phenotypes, and hence
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no path exists by which TEM cells may convert to TCM cells. We remark that in this

study significant portions of isolated host cells were found to have intermediate con-

centrations of CD62L, which may account for the fraction of a percent of recovered

cells exhibiting a TCM cells phenotype.

In summary, the literature reviewed here establishes the following:

1. Asymmetric division of TN to TEE and TCM ,

2. Terminal differentiation of TSLE,

3. Existence of a path, possibly indirect, from TEE to TCM and from TEE to

TSLE,

4. Non-existence of a path, direct or indirect, from TEM to TCM ,

5. Existence of a path, possibly indirect, from TEM to TSLE, and

6. Existence of a path, possibly indirect, from TCM to TEM and TSLE.

For completeness, we also note the otherwise well-known:

7. Existence of paths, either direct or indirect, from TN to each of TCM , TEM ,

TEE, and TSLE.

The model shown in Figure 4.5 is consistent with all of the data reviewed here

and with (1)-(7). It remains only to show that this model also gives rise to the system

dynamics which prompted the classical “Effector to Memory Differentiation” theory

– that the T cell response to pathogens begins with a large expansion of effector

cells and concludes with a small memory cell population. This we will show with a

mathematical simulation below.
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TSLETEE

TN

TCM TEM

Figure 4.5: Schematic representation of proposed integrative model for T cell dif-
ferentiation.

4.4 Mathematical Model for T Cell Differentiation

4.4.1 Model Development

For this chapter we developed an ODE model, which assumes the existence of a non-

specific pathogen, P , which is assumed to be correlated both with inflammation and

activation of T cells by DCs. We assume that the pathogen grows exponentially in

the absence of immune suppression, and that both TSLE and TEM cells induce lysis

of the pathogen (or pathogenic cells) upon interacting with them. These dynamics

are described in Equation 4.1:

dP

dt︸︷︷︸
Pathogen

net growth rate

= rpP︸︷︷︸
exponential growth

− dpP (TEM + TSLE) .︸ ︷︷ ︸
T-cell

mediated lysis

(4.1)

The näıve cell population (TN) is assumed to be produced by the bone marrow at

a constant rate, to undergo first-order decay, and to be activated non-linearly upon

indirect interaction with the pathogen (via DCs), as described in Equation 4.2:
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dTN
dt︸ ︷︷ ︸

Näıve T cells
net growth rate

= pn︸︷︷︸
natural production

− an

(
P 2

k2p + P 2

)
TN︸ ︷︷ ︸

activation

− dnP.︸ ︷︷ ︸
natural
decay

(4.2)

The early effector population (TEE) is assumed to be produced as a result of

asymmetric division of TN cells, and to differentiate either to short lived effector

(TSLE) cells, upon further interaction with the pathogen, or to central memory (TCM),

in the absence of continued interaction with the pathogen, as shown in Equation 4.3:

dTEE
dt︸ ︷︷ ︸

Early Eff.
T cell net

growth rate

= an

(
P 2

k2p + P 2

)
TN︸ ︷︷ ︸

TN activation

− amTEE

(
1− P 2

k2p + P 2

)
︸ ︷︷ ︸

Memory
Differentiation

− aeTEE

(
P 2

k2p + P 2

)
.︸ ︷︷ ︸

Effector
Differentiation

(4.3)

The TCM population differentiates either from TEE or TN cells, as described above,

persists indefinitely, and differentiates to the effector memory (TEM) phenotype upon

further interaction with the pathogen, as described by Equation 4.4:

dTCM
dt︸ ︷︷ ︸

Cental memory
T cell net

growth rate

= amTEE

(
1− P 2

k2p + P 2

)
︸ ︷︷ ︸

Memory
differentiation

from TEE cells

+ amTN

(
P 2

k2p + P 2

)
︸ ︷︷ ︸

Memory
differentiation
from TN cells

− amTCM

(
P 2

k2p + P 2

)
︸ ︷︷ ︸

Memory
differentiation
to TEM cells

.

(4.4)

The TEM population differentiates from TCM cells, as described above, and sub-

sequently differentiates into TSLE cells, as described by Equation 4.5:
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dTEM
dt︸ ︷︷ ︸

Eff. Memory
T cell net

growth rate

= amTCM

(
P 2

k2p + P 2

)
︸ ︷︷ ︸

Memory
differentiation

from TCM cells

− aeTEM︸ ︷︷ ︸
effector

differentiation

. (4.5)

Finally, the TSLE cell population is produced by differentiation from either TEE

or TEM cells. This differentiation is assumed to be division linked [32], resulting in

approximately 28 daughter TSLE cells from each precursor TEE or TEM cell. These

dynamics are represented by Equation 4.6:

dTSLE
dt︸ ︷︷ ︸

Effector
T cell net

growth rate

= ae2
8TEE

(
P 2

k2p + P 2

)
︸ ︷︷ ︸

Effector
differentiation

from TEE cells

+ ae2
8TEM︸ ︷︷ ︸

Effector
differentiation

from TEM cells

− deTSLE︸ ︷︷ ︸
natural
decay

. (4.6)

The parameters used in this model are shown in Table 4.2, and are taken to be

consistent with those used (and described in detail) in Chapter 5.
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Table 4.2: T Cell Differentiation Parameters

Initial Conditions

Value Units
P (0) 50 cells

µL

TN(0) 2000 cells
µL

TEE(0) 0 cells
µL

TCM(0) 0 cells
µL

TEM(0) 0 cells
µL

TSLE(0) 0 cells
µL

Constants

rp 0.135 1
d

dp 3.6·10−4 µL
cells·d

pn 11 cells
µL·d

an 0.3425 1
d

kp 110 cells2

µL2

dn 0.0055 1
d

am 2.74 1
d

ae 0.3425 1
d

de 4.3 1
d

4.4.2 Results

The output of the model described above, Equations (4.1)-(4.6), with the initial con-

ditions given in Table 4.2, is shown in Figure 4.6. The effector (E) population is

represented by TSLE cells in the model, and the memory (M) population is repre-

sented by the TCM cells. We note no significant difference is observed whatsoever

if the effector population is chosen to consist of TSLE cells and TEM cells, or if the

memory population is chosen to consist of TCM cells and TEM cells, due to the tran-

sience of the TEE and TEM phenotypes. For this reason, in the following chapter, we
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Figure 4.6: Model Simulation of T Cell Differentiation.

have chosen to consider only two subtypes of activated T cells– effector and memory.

Indeed, the results in Figure 4.6 resemble the well-known dynamics of the T

cell response to pathogens – a large and early expansion of the effector phenotype,

a decline of effector-type cells after clearance of the pathogen, and a persistence

of long-lived, memory-type cells following infection. We conclude that, while the

original models discussed are in conflict, the data which led to each of the different

theories is in fact all consistent with the model presented here. A simplification of

this model is therefore used in the following chapter.
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Chapter 5

Simulated RCT: CAR-T Cell Therapy

In this chapter, we develop a Simulated Randomized Control Trial (SRCT) in order

to (1) increase general understanding of why inter-patient variation is able to give rise

to the entire spectrum of patient responses seen clinically in CAR-T cell therapy, and

(2) identify treatment protocols that have a higher likelihood of success in a variable

patient population. A major criticism of simulation studies is that they often fail

to capture inter-patient heterogeneity, and their predictions are thus limited to the

possible responses of a single “average” patient to a given therapy, even though in

clinical trials it is impossible to eliminate inter-patient heterogeneity to this extent.

Here, in order to create a more realistic, clinically relevant study, all simulated trials

have been carried out on a randomly generated, heterogeneous patient population,

described in detail below.

Our results demonstrate, in a mechanistic way, how small differences between pa-

tients can result in dramatically different outcomes in CAR-T cell therapy, and also

suggest potential ways to improve current protocols, reduce toxicity, and increase sus-

tained responses in patients overall. Incidentally, the adaptations to current protocols

suggested here distinctly resemble the endogenous T-cell response to pathogens, par-

ticularly in ways that are disrupted when CAR T-cells are administered according

to the single or split-dose treatment protocols currently being used. The following

contains a discussion about how the model was developed, an overview of technical

methods employed, and finally a detailed discussion of our results and conclusions.
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5.1 Methods

We first performed a literature review to establish key interaction pathways between

CAR T cells, tumor burden, and toxicity, in a heterogeneous patient population.This

interaction framework was then encoded in a system of Ordinary Differential Equa-

tions, (5.1)-(5.5), and used as the foundation of our simulation study. We then

identified, for each cell population and interaction type, spectrums of patient-specific

parameters (such as the initial tumor burden and percentage of memory-type CAR-

T cells infused) which encompass the breadth of the clinically relevant population

(see Tables 5.3 and 5.3) and randomly generated a heterogeneous simulated popula-

tion accordingly. Finally, simulated RCTs were performed with the generated patient

population, and results were assessed to identify key contributors to patient outcomes

(Figure 5.1).

Identify key interactions between variables.

Develop ODE Model.

Identify relevant parameter spectrum.

Generate randomized patient population.

Run Simulated RCT.

Identify key contributors to patient outcomes.

Figure 5.1: Workflow Diagram for Simulated RCTs
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5.1.1 Model Development

Interactions between Tumor Cells, CAR-T Cells, and Inflammation

The interactions between tumor burden, CAR-T cell phenotype, and inflammation,

shown in Figure 5.2, are complex and contain multiple feedback loops and multiple

time scales. Typically, shortly after the first infusion, CAR-T cells begin to encounter

CD19+ B cells (cancerous or not), and, in response to the B cells, secrete vari-

ous inflammatory cytokines, in particular IFN−γ [34], as well as perforin/granzyme

molecules which initiate tumor cell lysis. This simultaneously causes the serum in-

flammatory cytokine concentration to rise (rapidly) and the tumor burden to de-

cline (relatively slowly). The increase in circulating inflammatory cytokines upreg-

ulates differentiation of memory cells into effector cells [45], producing 2n effector

cell progeny per memory cell precursor. Concurrently, the increase in differentiation

slowly depletes the memory cell population, and as the tumor burden declines, so

does the signal for memory cell differentiation. The effector cell population then

declines as well, due to the short-lived nature of effector cells and the lack of influx

from differentiation. As a result, the tumor burden then increases again, increasing

the signal for differentiation.

This cycle continues until the memory cell population is effectively depleted.

Long-term responses of the tumor cell population are greatly diminished (relative to

initial responses) due to this limited persistence of the memory cell population. Some

measures, described later, are taken to precondition patients so that their memory

CAR-T cells expand rapidly upon initial injection, but whether the initial expansion

of the CAR+ T cell population will be significant enough to cause the tumor burden
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Table 5.1: Model Variables

Variable Abbr.

B Cells B
Inflammation I

CAR+ Näıve and/or Memory T Cells M
CAR+ Effector T Cells E
CAR− CD19− Lymphocytes L

to decline, whether the CAR-T cells will persist for any significant amount of time,

and whether the initial rise in inflammation will stay low enough for the patient to

avoid severe toxicity, all vary unpredictably between patients [7, 8, 14, 17, 39, 40, 56].

The goal of our work here is to provide a mechanistic explanation for this variation.

The abbreviations used for the different cell populations, etc., in the model are

shown in Table 5.1.

Figure 5.2: Schematic representation of key dynamics in CAR-T cell therapy.
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Tumor Growth and Death

Due to the CD19-specificity of the CAR, i.e., because CAR-T cells attack all cells

expressing the CD19 surface marker, cancerous and non-cancerous B cells are sim-

ulated as a single population (B). For simplicity, the B-cell population is simulated

using the logistic model, and tumor cell death due to CAR-T cell-mediated lysis is

simulated using mass-action kinetics. The net rate of change (in cells ·µL−1 · h−1) in

patients’ absolute B-cell counts is therefore approximated by the following equation:

dB

dt︸︷︷︸
B cell

net growth rate

= rbB

(
1− L

k

)
︸ ︷︷ ︸

logistic growth

− dbBE ,︸ ︷︷ ︸
CAR-T cell

mediated lysis

(5.1)

where L is the total lymphocyte count1 (in cells/µL) at time t, and the carrying

capacity (k), fractional B cell growth rate (rb), and lytic rate constant (db) are patient-

specific parameters. See Section 5.1.4 for further discussion on determining patient

parameters.)

Inflammation

The inflammatory cytokine (I) dynamics simulated in this study are based on IFN-γ.

Therefore, the cytokine concentration is modeled to account for a small (possibly

negligible) amount of naturally produced cytokines, as well as secretion of inflam-

matory cytokines by CAR-T cells when interacting with tumor cells. IFN-γ decay

is modeled using first order kinetics consistent with half-life studies performed by

[47, 51]; we remark however that similar results are obtained using higher order dy-

namics to model cytokine decay. The rate of change in the inflammatory cytokine

1L = B + E +M + L
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concentration is thus represented by the following ODE:

dI

dt︸︷︷︸
net rate of

change in IFN-γ

= pi,1 + pi,2B(E +M)︸ ︷︷ ︸
production & secretion

− diI,︸ ︷︷ ︸
first order

decay

(5.2)

where the endogenous production rate (pi,1), CAR-T cell secretion rate (pi,2), and

decay rate (di) are patient-specific parameters (see Section 5.1.4).

Effector CAR-T Cells

The effector CAR-T cell population (E) is modeled to be short-lived, decay according

to first order kinetics, and grow due to memory CAR-T cell differentiation, as dis-

cussed in Chapter 4. Differentiation is modeled to be a division-linked [11, 27, 49, 63],

inflammatory cytokine-mediated process [30], during which cells undergo an average

of 7-10 divisions, dividing approximately once every 6-16 hours2 [32, 46], such that 2n

effector cells are produced from a single memory cell. The differentiation rate is as-

sumed to increase when memory cells encounter their cognate antigen, and to depend

on the overall inflammatory state – such that memory cells differentiate more rapidly

when the concentration of inflammatory cytokines is high. The serum concentration

of effector CAR-T cells is thus represented by the following ODE:

dE

dt︸︷︷︸
eff. CAR-T

cell net
growth rate

= 2naM

(
I2

h2i + I2

)(
B

hb +B

)(
1− L

k

)
︸ ︷︷ ︸

cellular differentiation

− deE ,︸ ︷︷ ︸
first order
cell death

(5.3)

2Reynaldi et al. report doubling times of 8.9h - 11.2h, which is equivalent to an average division
time between 12.8h - 16.2h.
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where the activation rate (a), the average number of differentiation-linked cellular

divisions (n), the effector CAR-T cell death rate (de) and the Hill constants hi and

hb are patient specific-parameters (see Section 5.1.4). The Hill functions in Equation

(5.3) are included to ensure the rate of cellular differentiation in the simulation re-

mains bounded, i.e., that regardless of the level of inflammation or number of B-cell

encounters, a certain amount of time is still required in order for a memory cell to

fully differentiate. The square in the inflammatory Hill function is included to better

approximate the time delay seen clinically between CAR-T cell infusion and peak

toxicity. Finally, the (1− L/k) term is included to ensure, in the usual logistic way,

that cells cannot multiply beyond the carrying capacity.

Memory CAR-T cells

Näıve CAR+ T cells differ from endogenous näıve T cells because the presence of

the CAR renders them a priori antigen-specific [15]. For this reason, and due to

the similar differentiation and homeostatic proliferation patterns of the näıve and

memory T cells, the simulation models näıve and memory CAR-T cells together as

a single “memory ” (M) population.

The memory CAR-T cell population is modeled to be long-lived and undergo

homeostatic division in response to lymphopenia. Differentiation of the memory cell

population is modeled as in Equation (5.3), described above, and allows for a single

memory cell to produce 2n effector cells through successive divisions. The serum

concentration of CAR+ Memory T cells is thus represented by the following ODE:
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dM

dt︸︷︷︸
mem. CAR-T

cell net
growth rate

= rmM

(
1− L

k∗

)+

︸ ︷︷ ︸
homeostatic

division

− aM

(
I2

h2i + I2

)(
B

hb +B

)(
1− L

k

)
,︸ ︷︷ ︸

cellular differentiation

(5.4)

where L/k∗ is the ratio of the current lymphocyte count to the normal lymphocyte

count, and (1− L/k∗)+ is a measure of the severity of the lymphopenia on a scale

from 0 to 1. The normal lymphocyte count (k∗) and homeostatic division rate (rm)

are patient-specific parameters (see Section 5.1.4). The “+” exponent in Equation

(5.4) denotes the“positive part” of the quantity in parentheses. This ensures that

lymphopenia-induced homeostatic proliferation does not occur in the absence of lym-

phopenia.

Other endogenous lymphocytes

The CAR− CD19− lymphocyte population (L) is simulated in order to account for the

effects of lymphodepletion on CAR-T cell proliferation and overal patient outcomes in

CAR-T cell therapy. Recovery of the lymphocyte population after lymphodepletion is

assumed to be driven primarily by lymphopenia-induced homeostatic proliferation,

as reported by [29], while long-term maintenance of the lymphocyte population is

accounted for by a smaller rate of lymphocyte production in the bone marrow. The

endogenous lymphocyte population is therefore modeled using the following ODE:

dL

dt︸︷︷︸
net growth rate
of endogenous
lymphocytes

= p`︸︷︷︸
baseline

production

+ r`L

(
1− L

k∗

)+

︸ ︷︷ ︸
homeostatic
proliferation

− d`L ,︸ ︷︷ ︸
first order
cell death

(5.5)
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where the baseline production rate (p`), homeostatic division rate (r`), and average

death rate (d`) are patient-specific parameters (see Section 5.1.4).
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Model Equations

dB

dt︸︷︷︸
B cell

net growth rate

= rbB

(
1− L

k

)
︸ ︷︷ ︸

logistic growth

− dbBE︸ ︷︷ ︸
CAR-T cell

mediated lysis

(5.1)

dI

dt︸︷︷︸
net rate of

change in IFN-γ

= pi,1 + pi,2B(E +M)︸ ︷︷ ︸
production & secretion

− diI︸︷︷︸
first order

decay

(5.2)
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h2i + I2

)(
B
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k

)
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− deE︸ ︷︷ ︸
first order
cell death
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5.1.2 RCT Study Design

The most commonly used protocols in published RCTs for CAR-T cell therapy are

either single or (homogeneously) split-dose protocols, administered over 1-3 days,

with or without lymphoablative chemotherapy given prior to CAR-T cell infusions

[14, 17, 37, 39, 56]. Each of these trials reports high response rates, severe toxicity, as

described above, and a significant incidence of relapse, and patient outcomes remain

highly variable and difficult to predict.

Both interpatient heterogeneity and the protocol used for CAR-T cell adminis-

tration are known to be important factors in determining patient outcomes. Notably,

toxicity is more frequently reported to correlate with patients’ initial tumor burdens

than with the dose of CAR-T cells administered [17, 37, 39, 56], and remission times,

along with CAR-T cell expansion and persistence, are reported to increase with

administration of preconditioning chemotherapy [56], perhaps due to lymphopenia-

induced proliferation of CAR-T cells in the initial days after infusion. Some studies

in Chronic Lymphocytic Leukemia (CLL) report that the nature of the chemotherapy

used for preconditioning may be important, favoring a chemotherapy to which the B

cell aplasia is responsive [15].

Various other ways to improve patient outcomes have been suggested, including

decreasing the overall dose inversely according to the size of the initial tumor burden

[56], and administering multiple small doses of CAR-T cells over time [34]. However,

delaying doses of CAR-T cell therapy may also be problematic. In a recent study

by Turtle et al., 5 of 32 patients who relapsed were administered a second dose of

CAR-T cells 1-4 months after their initial CAR-T cell infusion, and all 5 of these

patients had reduced expansion and shorter persistence of CAR-T cells due to an

anti-CAR immune response [56].
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The simulated RCT is designed to compare the common treatment protocols

discussed above, a control, and four new protocols, shown in Table 5.2. Three dose

levels (DLs) were assessed in addition to the control group, 3.3x106 cells/kg (DL1),

6.7x106 cells/kg (DL2), and 10x106 cells/kg (DL3)3, with the full dose either given

in a single infusion or split over multiple days. The CAR-T cell dosing schedule for

each group is shown in Table 5.2. Each infusion was delivered intravenously over

30 minutes, as in [37]. The initial infusion was begun at time zero, and all patients

were monitored for an initial response period of 30 days following the first infusion.

Responders were followed for five years or until the time of relapse (see Section 5.1.3

for outcome definitions).

5.1.3 Patient Outcomes Assessments

Responses were classified based on efficacy and toxicity independently. Efficacy-

response types were determined based on tumor burden as follows. Complete re-

sponses (CR) are recorded for patients with either: (1) greater than 95% declines in

absolute B-cell counts on day 30 compared to day 0; or (2) B-cell frequencies within

(or below) the normal range4 30 days after CAR-T cell infusion. Partial responses

(PR) were recorded for patients who did not have a CR and whose absolute B cell

count on day 30 had declined at least 10% relative to day 0. Stable disease (SD)

is recorded for patients who did not have a PR or CR and whose absolute B cell

count on day 30 had not increased more than 50% relative to day 0. Progressive

disease (PD) was recorded for the remaining patients, i.e., those whose B cell count

3DLs indicate total numbers of CAR-T cells infused, regardless of phenotype distribution, which
varies between patients. E.g., a patient receiving DL3 in two equal doses, whose CAR-T cells are
40% memory-type, receives 2× 106 memory CAR-T cells/kg and 3× 106 effector CAR-T cells/kg
at each of the two infusions.

4Less than 25.8% of total lymphocytes [41].
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Table 5.2: Study Design
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had increased more than 50% on day 30 relative to day 0. The time of relapse (TR)

is defined for responders (patients with PRs/CRs) as the first time, after day 30,

at which either the tumor burden surpasses its original size, or the B-cell frequency

increases beyond the normal range.5

Toxicity-response types were determined based on peak IFN−γ concentrations as

follows. Severe toxicity (ST) was recorded for patients whose IFN-γ concentration

exceeded 450 pg/mL during the initial response period. Limited or no toxicity (LT)

is recorded for patients whose peak IFN-γ concentration recorded during the initial

response period6 was below 450 pg/mL. Statistical correlations were assessed using

simple regression analysis.

5.1.4 Generation of Patient Population

The SRCT uses a randomly-generated heterogenous patient population with 50 pa-

tients per study group. Each patient is assigned a unique numerical value for every

patient-specific parameter included in the ODEs above (Table 5.4), as well as a unique

set of values for initial tumor burden, endogenous lymphocyte count, IFN-γ concen-

tration, and percentage of effector vs. memory CAR-T cells generated prior to the

start of therapy (Table 5.3).

Reasonable values for patient-specific parameters as reported in the literature

and are shown in Tables 5.3 and 5.4. To generate patient-specific parameters, the

broadest range of reported values was first determined for each parameter. The

5TR is calculated from the time of the first CAR-T cell infusion; thus, all responders necessarily
have a TR of at least 30 days.

6IFN-γ concentrations are recorded every 8 hours. It is therefore possible, due to the short half-life
of IFN-γ, that some patients experience cytokine elevations between measurement times which
are significantly higher than the peak value recorded. This could lead to discrepancies between
cytokine elevations and the severity of inflammatory symptoms.
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Table 5.3: Patient-Specific Parameters (Initial Conidtions)

Min. Reported Val. Max. Reported Value Units Ref(
Study Population

Minimum

) (
Study Population

Maximum

)

Initial Values

Initial B-cell count (B0) 0 (0) 1,109 cells
µL

[8]

64 1297 cells
µL

[58]

133 1619 (2024) cells
µL

[41]

Initial IFN-γ concentration (I0) 4 16 (20) pg
mL

[35]

0.08 (0.06) 0.23 pg
mL

[25]

Initial CD19−CAR− lymphocyte count (L0) 222 (167) 2035 cells
µL

[8]

1614(.892) 8001(.898) (8981) cells
µL

[41]

minimum and maximum values of the parameter ranges sampled were then taken

to be 25% less than the smallest and greater than the largest reported value for

each parameter (with the exception of percentages, which were allowed to vary 25%

of what is logically possible above the highest reported value). Parameters sets for

each patient were then randomly generated from uniform distributions within these

ranges. (We note that similar results were found using a normal distribution and

excluding patients with negative parameters values).

The following conditions are further imposed on generated parameter sets in order

to ensure clinical and biological relevance:

1. The tumor (B-cell) growth rate is positive: rb > 0.

2. Initial and normal lymphocyte counts are less than the carrying capacity: L0 +

B0 < k and k∗ < k.

3. Patients’ CD19−CAR− lymphocyte counts are at or below baseline prior to

CAR-T cell infusion: L0 < p`/d`.
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4. Patients in the study have cancer, i.e., develop abnormally high B-cell counts

in the absence of therapeutic intervention:
k − p`/d`

k
< 0.258.

Table 5.4: Patient-Specific Parameters (Rate Constants)

Min. Reported Val. Max. Reported Value Units Ref(
Study Population

Minimum

) (
Study Population

Maximum

)

Constants

B-cell fractional growth rate (rb) −0.012(24)−1 (0) 0.273(24)−1 (0.0142) 1
h

[28]

CAR+ Memory cell division rate (rm) (18.8 · 24)−1 (0.0017) (2.26 · 24)−1 (0.023) 1
h

[62]

(lymphopenia-induced)

CD19−CAR− Memory cell division rate (r`) (18.8 · 24)−1 (0.0017) (2.26 · 24)−1 (0.023) 1
h

[62]

(lymphopenia-induced)

Normal lymphocyte count (k) 1614 8001 cells
µL

[41]

1170 4898 cells
µL

[58]

1000 (750) 9500 (11875) cells
µL

[42]

Carrying capacity (k∗) 5000 8900 cells
µL

[54]

4000 (3000) 11000 (13750) cells
µL

[5]

CAR+ Effector cell death rate (de) 0.6(24)−1 (0.019) 4.3(24)−1 (0.22) 1
h

[46]

CD19−CAR− lymphocyte death rate (d`) (642 · 24)−1 (4.87x10−5) (107 · 24)−1 (4.87x10−4) 1
h

[18]

IFN-γ decay rate (di) ln 2(2.9)−1 (0.18) ln 2(1.9)−1 1
h

[51]

ln 2(1.5)−1 ln 2(.5)−1 (1.73) 1
h

[47]

CAR+ Effector progeny per memory cell (2n) 27 (96) 210 (1280) [none] [32]

Baseline IFN-γ production rate (p∗i,1) I0 · d2 I0 · d2 pg
mL·h

IFN-γ secretion rate (p∗∗i,2) .00008 (0.00006) .00042 (0.000525) pg·µL2

mL·cells2·h [61]

Cancer cell lysis rate (d∗∗b ) .000006 (0.0000045) .000025 (0.0000188) µL
cells·h [61]

CAR-T cell differentiation rate (a) 1
10n

1
6n

(
0.21
n

)
1
h

[32]
ln 2
11.3n

(
0.046

n

)
ln 2
8.9n

1
h

[46]

Conc. of ... inducing half-maximal CAR-T cell activation

...IFN-γ (hi) 125 (93.75) 250(312.5) pg
mL

[estimated]
...B cells (hb) 1000 (750) 3000 (3750) pg

mL
[estimated]

∗Each patient’s pre-treatment level of IFN-γ is taken to be their baseline.
∗∗Range values calculated from summary data in indicated references.

5.1.5 Software

Simulations were done in MATLAB R2018a using ode45.
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5.2 Results

5.2.1 SRCT patient outcomes span the entire spectrum of

possible results.

A selection of individual patient outcomes during the initial response period is shown

in Figure 5.3. Outcomes include complete response (a,e), partial response (b,f),

stable (c,g) or progressive disease (d,h). Patients in each response group experienced

either limited (a-d) or severe toxicity (e-h), independent of the dosage of CAR-T cells

administered. This demonstrates that reasonable inter-patient variability is sufficient

to give rise to all possible outcomes in simulated single-dose trials.
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Figure 5.3: Individual patient outcomes during the initial response period.
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5.2.2 Toxicity is correlated with initial tumor burden but

not with CAR-T cell dose.

Figure 5.4(a,c) shows the lack of correlation between the total dose of CAR-T cells

infused and the maximum toxicity experienced by each patient in the first 30 days af-

ter the infusion, consistent with clinical results observed by [7, 17, 37, 39, 56]. Figure

5.4(b,d) shows the statistically significant correlation between patients’ initial tumor

burden and the maximum toxicity experienced by each patient in the first 30 days

following CAR-T cell infusion, consistent with the clinical results observed by [39].
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Figure 5.4: Simulated Clinical Data.

Maximum toxicity over 30 days after CAR T Cell administrations in relation to (a)
Initial CAR T Cell Dose and (b) Initial Tumor Burden.
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5.2.3 Mathematical analysis identifies patient subgroup who

may not be ideal candidates for therapy.

From Equation (5.2), we see that inflammation will increase as long as

diI < pi,1 + pi,2B(E +M). (5.6)

Hence, to maintain the inflammatory cytokine concentration below a maximum tol-

erable threshold, Imax, it suffices to keep the CAR-T cell population bounded such

that:

E +M <
1

pi,2B
(diImax − pi,1) ≤

(
di

pi,2B

)
Imax. (5.7)

Further, for patients with very low tumor burdens, the tumor growth rate is essen-

tially exponential, such that

B′ = B(rb − dbE). (5.8)

Hence the tumor load decreases whenever

E >
rb
db
. (5.9)

Hence the therapy is both safe and effective whenever

rb
db

+M < E +M <

(
di

pi,2B

)
Imax. (5.10)
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On the other hand, if Bmin represents the minimum threshold for detection of B cells,

and if

rb
db
>

(
di
pi,2

)(
Imax
Bmin

)
, (5.11)

then Equations (5.7) and (5.9) are, for all practical purposes, incompatible. That

is, if the patient-specific parameters rb, db, di, and pi,2 satisfy Equation (5.11), it

is likely that over the course of therapy either the tumor burden will not decline

or inflammatory toxicity will increase beyond the maximum tolerable threshold, or

both, indicating that patients who fall into this category may not be ideal candidates

for CAR-T cell therapy. Of course, a decline in tumor burden may not be the only

reasonable measure of success. For example, at times it may be desirable to, at the

least, decrease the rate at which the tumor is growing. We note that while some of

these parameters may be difficult to measure, at least reasonable ranges have been

reported (see Table 5.4). In any case, further studies are still needed to determine

practical ways to identify patients satisfying constraints such as this.

Figure 5.5: Simulated Clinical Data: Characteristic Patient Response over 30 days
after Effector-only CAR-T Cell administration.
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5.2.4 Lack of memory cells in CAR- T cell infusions de-

creases overall toxicity but results in earlier relapse.

Given that T cells secrete inflammatory cytokines in response to their cognate anti-

gen, we also evaluated the correlation between the maximum inflammation expe-

rienced by patients with the multiplicative product of individual patients’ tumor

burdens and the initial dose of CAR T cells administered. A correlation was found

to exist if the CAR T cell dose administered contained only effector CAR T cells,

but not if the dose administered contained memory CAR T cells. We next evaluated

overall outcomes in response to effector-only CAR T cell administration. We found

that, while patients experienced much less toxicity on average, responses were so

transient that almost no patients had durable responses 30 days after the infusion

when memory CAR T cells were not administered (Figure 5.5).

5.3 Discussion

Of course, not all of the parameters used in this study can be effectively measured.

Our goal here is not to attempt unrealistically to predict precisely what each patient’s

outcome will be in CAR-T cell therapy, but rather to explain the mechanistic basis

for the observed heterogeneity of responses, and perhaps to develop a tool which can

be used to establish a range of possible outcomes for a given patient, by narrowing

the population generated according to what can be measured for each patient.

Our intention with the results presented above and discussed below was to be

inclusive with respect to the patient population. That is, the spectrum of patient-

specific parameters allowed was chosen to be broader than what may be generally

considered realistic, both in terms of the upper and lower bounds allowed for each
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parameter and also the specific parameter pairs or sets included. We argue that the

error incurred as a result of this decision is similar in a sense to the error incurred

by choosing wide surgical margins when excising a tumor. By choosing a larger

than necessary parameter spectrum, we are less likely to have missed any potential

parameter sets that should have been included, but we may also have also been overly

cautious. The conclusions discussed below have been made with this in mind. That is,

we make no conclusions about what the optimal treatment schedule should necessarily

be but rather make qualitative conclusions about what the optimal treatment strategy

should not be in order to be safe and effective in all possible patients. Further,

this technique also ensures that our conclusions do not rely on precise choices of

parameters to which the model may be particularly sensitive.

We remark further that the full spectrum of patient outcomes seen clinically is

contained within the patient spectrum of patient outcomes seen in the Simulated

RCT (Figure 5.3). Nonetheless, despite the broad range of parameters considered,

our population-level results, including the existence of a correlation between toxicity

and tumor burden, and lack of correlation between toxicity and dose (Figure 5.4), are

consistent with those reported clinically in single-dose trials in which both memory

and effector CAR T cells were administered simultaneously.

While the above result–the lack of correlation between the dose of the therapy

administered to patients and the resulting toxicity that develops–may seem surpris-

ing, note that this is not the case if the initial dose contains only effector cells. This

is likely due to uncertainty in the degree to which the memory cell population will

expand. That is, while the number of divisions a memory cell undergoes before being

fully differentiated varies only slightly from one person to the next, this results in

massive differences in the number of effector cells produced from a single memory

cell (i.e., while seven versus nine divisions may not seems like a very large difference,
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there is quite a large difference in 27 compared to 29 effector cells). Further, the

potential expansion of memory cells is in many cases sufficient to render the amount

of effector cells initially administered virtually negligible.

The initial tumor burden, on the other hand, contributes in multiple ways to

the severity of inflammatory toxicity that develops. The tumor burden contributes,

firstly, to the degree of expansion of the memory cell population, and secondly, to the

frequency of encounters between tumor cells and CAR T cells that prompt secretion

of inflammatory cytokines. Since resulting toxicity can be more easily predicted

in effector-only CAR T cell therapy, we next explored the difference in therapeutic

benefit between effector-only therapy and standard (combined memory and effector)

CAR T cell therapy. We found that while effector-only therapy does lead to lower

toxicity, it also decreases the duration of the response. This is due to the fact that

effector T cells are short lived, and without either repeated administration of effector

cells or a population of memory cells to eventually differentiate into effector cells, the

effector cell population cannot persist.

In summary we see that: (1) it is necessary to administer memory cells in order

to prevent relapse, and (2) it is inherently difficult to predict the level of toxicity that

will result from administering memory cells to patients with large tumor burdens. If,

however, one first administers effector CAR T cells, in such a way that the multi-

plicative product of the initial effector CAR T cell dose and the initial tumor product

is maintained below a given threshold–in order to prevent inflammation from rising

too high–until the tumor burden has significantly decreased, and then subsequently

administers memory CAR T cells, one both avoids both unpredictable toxicity and

maintains the possibility of having a sustained response.

We would be remiss not to note that, in fact, the strategy suggested here is remark-

ably similar to the T cell dynamics seen in the endogenous response to pathogens–the
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T cell population begins with primarily the effector phenotype, the population of

T cells increases as the pathogen concentration decreases, then once the pathogen

concentration and the level of inflammation have sufficiently decreased, the T cell

population is comprised primarily of memory cells. One might conjecture that the

endogenous reponse perhaps evolved in this way becuase of a need for our immune

systems to function in a population with widely varying genotypes, such as the one

we have considered here. We leave this question for the reader.
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Chapter 6

Conclusion

In the previous chapters, we developed models for three major pieces of the anti-

tumor immune response: (1) dendritic cell activation, (2) T cell differentiation, and

(3) the interaction between T cells and tumor cells. In Chapter 3, we presented

a method for determining age-related parameters for dendritic cell birth and death

rates under certain experimental conditions. Presently, the method only determines

these parameters for the older portion of the population due to certain gaps in the

experimental data available. Future work in this area will focus on developing a

patch which will allow us to approximate these parameters for the entire population

despite incompleteness of the data. In Chapter 4, a model for T cell differentiation was

developed which classifies cytotoxic T cells into five different subtypes and therefore

is able to maintain consistency with cross-laboratory experimental data generally

viewed as conflicting. In Chapter 5, we developed and presented results from a

Simulated Randomized Controlled Trial on CAR-T cell therapy for B-ALL.

These results indicate that current protocols, which administer one or two homo-

geneous doses of CAR-T cells, should be replaced with protocols aimed at reproducing

certain major characteristics of the endogenous T cell response to pathogens. Specif-

ically, protocols should aim to achieve low serum concentrations of effector cells when

the tumor burden is high, high serum concentrations of effector cells when the tu-

mor burden is moderate, and high serum concentrations of memory cells when the

tumor burden is low. How to achieve this result remains unclear, in part because

patients present with varying tumor burdens, which will necessarily require that they
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have different treatment protocols. Future work will focus, firstly, on developing a

straightforward algorithm for determining protocols more suitable for individual pa-

tients, and secondly on combining the results of the three models presented here in

order to assess the impact of the endogeneous immune response on both the tumor

cell population and on the CAR-T cell population.
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