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Abstract

Immunotherapies and targeted therapies are emerging as promising methods of
treating cancer, with high response rates and low associated side effects when
compared with more traditional methods of cancer treatment. Across these
therapies, it has been found that high response rates are correlated with the
presence of specific biomarkers that may be cellular, protein-based, or genomic
in nature. Specifically, the discovery of cell-based biomarkers via the study of
patient biopsies and other related samples remains a key problem due to the
limited numbers of cells involved, and current methodologies that do not lend
themselves well to the discovery of novel cell subpopulations. In this thesis, we
investigate the use of various immunophenotypic and transcriptomic single-cell
assays to characterize tumor-infiltrating immune cells from mice exhibiting
differential responses to anti-PD-1 immunotherapy. Data analysis pipelines that
allow for the mining of this data for novel cell subpopulations are also discussed.
Based on our immunophenotypic analysis (multispectral image-based cytometry),
we have discovered subpopulations of CD8+ T cells harboring repertoires of
immunomodulatory receptors (GITR, CD44, LAG-3) that are enriched upon anti-
PD-1 treatment. We have also detected subpopulations of cells resembling B cells
and dendritic cells in mice known to show positive responses to anti-PD-1
immunotherapy. This immunophenotypic data was corroborated by single-cell
RNA-Seq data obtained via Seq-Well. By clustering the single-cell libraries
obtained according to gene signature scores, we identified distinct high-level
families of immune cells in specific tumor categories. Downstream differential
gene expression analyses on the T cells across tumor categories revealed
actionable targets that correlated with response to anti-PD-1 immunotherapy.

Thesis Supervisor: J. Christopher Love
Title: Associate Professor of Chemical Engineering
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1. Introduction

1.1 A brief history of cancer

Our understanding of cancer has changed greatly over the centuries. One

of the earliest Western theories for cancer treatment was put forward by

Hippocrates around 400 BCE, and it revolved around the concept maintaining

the balance between four central "humors" (blood, phlegm, yellow bile, and

black bile) that were hypothesized to exist inside every person. After the Middle

Ages, when prohibitions against autopsies were lifted, Stahl and Hoffman

proposed in the 1700s that cancer arose from fermenting and degenerating

lymph, which could be identified by abnormal density and pH levels. It was not

until the early 1800s that our modern view of cancer as being derived from

abnormal cells started to gain traction. In 1838, MOller and his student Virchow,

both German pathologists, showed that all cells in the body - including cancer

cells - derived from other existing cells in the body. Exactly how these abnormal

cancer cells first arose from existing cells remained a point of contention however:

prior to the early 1900s, there were theories proposing that they arose due to

chronic irritation, trauma, or through unknown contagions (Kardinal & Yarbro

1979; American Cancer Society 2017).

The modern view of cancer development began to solidify in the 20th

century, with initial investigations into the first known viral (Rous sarcoma virus) and

chemical (tobacco) carcinogens by Rous (1911), and Yamagiwa and Ichikawa

(1915) respectively. It was the discovery of DNA structure by Watson and Crick in

1953, however, that really galvanized the field of cancer research. Prior

observations that cancer could be caused by chemical carcinogens, radiation,

and viruses, and that it seemed to be hereditary were able to be explained in the

context of DNA. In this context, these various agents are able to cause damage

to the prevailing DNA structure, resulting in gene mutations that may result in

15



abnormal and rapidly-proliferating cancer cells; some of these gene mutations

are able to be passed down to future generations of offspring (Kardinal & Yarbro

1979; American Cancer Society 2017).
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1.2 Traditional cancer therapies

From this modern view of cancer, the first methods of treating this malady

started to take form in the mid-20th century. In line with the observation that

cancers typically consist of rapidly proliferating cells, these traditional methods of

cancer treatment, which are still used in various combinations today, typically aim

to eliminate these quickly-dividing cells before they have the chance to

metastasize and take foothold in other parts of the body. The most obvious

method of doing this is via surgical resection, which involves the direct removal

from the patient's body of as much of the tumor mass as possible, either entirely

or partially (tumor de-bulking). This method, however, is generally invasive, and

typically requires the combined administration of radiation therapy and/or

chemotherapy to remove any cancer cells that may have inadvertently be left

behind. In addition to this, surgery is not a viable treatment method for non-solid

cancers such as leukemia, as well as late-stage tumors that have already

managed to undergo metastasis (National Cancer Institute 2015; American

Cancer Society 2017).

Both radiation therapy and chemotherapy aid in clearing cancer cells by

using two different methods to impair the normal process of DNA replication

during cell division. Here, radiation therapy involves using high-energy radiation

such as X-rays or gamma rays to achieve this. This radiation can be delivered to

a localized area of the body via an external beam, or via brachytherapy, which

involves implanting a solid source of radiation in close proximity to the tumor to

be eliminated. Certain cancers like thyroid, bone, and prostate cancers however,

may require systemic radiation therapy, which involves infusing a patient's

bloodstream with radiopharmaceuticals such as iodine-131. Regardless of the

method in which it is introduced to the body, radiation exerts its anti-cancer

function by causing extensive DNA damage in cancer tissue. This DNA damage

interferes with the ability of cancer cells to divide and may also cause cellular

17



death due to abnormal mitotic behavior (National Cancer Institute 2015;

American Cancer Society 2017).

Chemotherapy, on the other hand, interferes with the various processes

involved in typical DNA replication via the administration of defined cocktails of

chemical compounds. The key classes of chemotherapies include alkylating

agents, anti-metabolites, anti-microtubule agents, topoisomerase inhibitors, and

antibiotics. Alkylating agents function by cross-linking DNA and inducing an

apoptotic program in response to this DNA damage. Anti-metabolites can either

function by directly inhibiting key enzymes involved in DNA synthesis, or by acting

as altered nucleotides that, when incorporated in DNA, can result in DNA

damage and subsequent apoptosis. Anti-microtubule agents function by

preventing the formation and/or disassembly of microtubules during mitosis, while

topoisomerase inhibitors function by inhibiting the normal unwinding of the DNA

helix structure prior to DNA replication. Lastly, antibiotics are able to block cell

division by inducing DNA damage via various mechanisms, including alkylation,

intercalation, and free radical generation (National Cancer Institute 2015;

American Cancer Society 2017).

Because both radiation therapy and chemotherapy generally involve the

inhibition of the normal process of DNA replication, rapidly proliferating cells such

as cancer cells are in theory, their primary targets. That being said, many types of

normal cells found in the body also have high rates of cell division and may be

sensitive to the administration of radiation therapy (primarily with systemic

radiation therapy) and/or chemotherapy: these include hair follicles, the cells

within the bone marrow, and the cells lining the digestive tract. Thus, both these

traditional cancer therapies are typically associated with adverse side effects

such as hair loss, lowered blood cell counts, anemia, and the onset of various



auto-immune disease (Chabner & Roberts 2005; Lind 2008; DeVita & Chu 2008;

Curiel 2012).
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1.3 Targeted therapy & cancer immunotherapy

The traditional cancer therapies outlined above generally offer a one-size-

fits-all approach to treating a given cancer. They may also lead to serious side

effects due to their lack of specificity: both therapies function by targeting and

killing rapidly-proliferating cells, a considerable percentage of which may include

normal cells. In recent years, two related approaches in overcoming this problem

have gained considerable traction: targeted therapy and cancer

immunotherapy.

Targeted therapy functions on the basis of a heightened resolution in the

identification of cancer cells versus normal cells in a patient's body. Unlike both

radiation therapy and chemotherapy that target rapidly-proliferating cells,

targeted therapy drugs only target specific proteins that are expressed only on

cancer cells. In this context, cancer cells, by definition, harbor various mutations

in their DNA that differentiate them from normal cells. These differences may be

unique cancer-specific mutations, or may involve the duplication of specific

genetic loci that may result in the overexpression of certain proteins. It is these

genetic aberrations and the proteins that they encode for that allow cancer cells

to grow and divide in an uncontrolled manner. These may include proteins

involved in the regulation of the cell cycle, or the induction of local angiogenesis,

for example. Targeted therapy drugs, which typically consist of small molecule

inhibitors or monoclonal antibodies, are designed to interact specifically with

proteins like these and to prevent their downstream effects. Examples of targeted

therapy drugs include rituximab (anti-CD20 antibody, targeting B cells, used in

non-Hodgkin lymphoma), bevacizumab (anti-VEGF antibody, targeting the

angiogenic factor vascular endothelial growth factor, used in colon cancer,

breast cancer, and non-small cell lung cancer), and erlotinib (a tyrosine-kinase

inhibitor, targeting epidermal growth factor receptor (EGFR), used in non-small

cell lung cancer). Because of the heightened specificity of targeted therapy

20



drugs, they have a much lower risk of serious side effects than both radiation

therapy and chemotherapy (Vasekar et al. 2014; National Cancer Institute 2015;

American Cancer Society 2017).

Immunotherapy is essentially a class of targeted therapy that considers the

targeting of the immune system rather than the cancer cells: it is broadly defined

by the National Cancer Institute as a type of biological therapy that uses

substances to stimulate or suppress the immune system to help the body fight

cancer, infection, and other diseases. In general, the various cancer

immunotherapies function by re-programming the patient's own immune system

to eliminate cancer cells. For instance, a common method employed by cancer

cells to avoid detection and subsequent elimination by the immune system is via

the expression of various immune checkpoint proteins that are able to interact

with cognate proteins expressed by T cells. These interactions activate various

"immune checkpoint" signaling axes that dampen T cell effector function and

allow cancer cells to evade elimination. It is noted that these immune

checkpoints are typically important in regulating immune responses following

clearance of an infection, and have been co-opted and dysregulated by tumors

as a key immune resistance mechanism. With this understanding, the

administration of monoclonal antibodies specific to these immune checkpoint

proteins should prevent the downstream activation of these immunosuppressive

signaling axes and allow the T cells to exert their normal effector function.

Immunotherapies that work under this paradigm have already been approved

by the US Food and Drug Administration (FDA) for use in patients, and include the

anti-CTLA-4 antibody, ipilimumab (Yervoy* Bristol Myers Squibb), and the anti-PD-

1 antibody, pembrolizumab (Keytruda", Merck & Co., Inc., Kenilworth, NJ USA)

(Barber et al. 2006; Kittai et al. 2014; Robert et al. 2014). Another

immunotherapeutic intervention is adoptive T cell transfer, which involves isolating

tumor-infiltrating T cells from a patient, performing in vitro activation or genetic
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enhancements (to form Chimeric Antigen Receptor (CAR) T cells), and then re-

introducing these modified T cells back into the patient (Dudley et al. 2002; Zhao

et al. 2010). This concept has also been used to prime other immune cell types

such as antigen presenting cells (APCs), as in the immunostimulatory therapeutic

vaccine for prostate cancer, Sipuleucel-T (Provenge", Valeant Pharmaceuticals)

(Dawson & Roesch 2014).

In short, both targeted therapy and immunotherapy function by

modulating immune cell-cancer cell interactions within a typically

immunosuppressive tumor microenvironment. These modulations involve highly

specific small molecule drugs or monoclonal antibodies that are able to bind to

their targets, block any anomalous cell signaling pathways at play, and drive the

system towards cancer cell clearance (Schreiber et al. 2011; Curiel 2012; Prado-

Garcia et al. 2012; Restifo et al. 2012).
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1.4 Predictive biomarkers for therapeutic response

The many targeted therapies and immunotherapies that have been

developed in recent years have led to improved survival and in some cases, near

complete tumor regression. These improved response metrics however, are

typically entirely dependent on the presence of specific biomarkers in the patient.

The classic example of this is the dichotomy in responses observed in non-small

cell lung cancer patients when treated with the EGFR-targeting tyrosine-kinase

inhibitors, erlotinib or gefitinib. Various studies have shown that the quality of

response towards these targeted therapies in the context of non-small lung

cancer correlates significantly with the presence of activating mutations in the

EGFR gene (amplification/polysomy) and/or correspondingly high EGFR protein

expression (Cappuzzo et al. 2005; Varella-Garcia 2006; Jackman et al. 2009; Ren

et al. 2015) .Specifically, the mean objective response rate towards gefitinib has

been reported to be 36% in patients with the aforementioned EGFR-related

characteristics, versus only 3% in patients without. This dependency was also

observed when considering the time to disease progression (9.0 months versus 2.5

months) as well as overall survival rates (18.7 months versus 7.0 months) (Cappuzzo

et al. 2005). Because of these strong correlations, EGFR mutation status is now a

key factor in deciding to assign a given non-small cell lung cancer patient to a

therapeutic plan involving EGFR-targeting tyrosine-kinase inhibitors.

A solid understanding of key biomarkers such as these can help physicians

match patients to targeted therapies or immunotherapies that would statistically

provide the best outcome. That being said, there is still a dearth of knowledge

around many of these targeted therapies and immunotherapies. In particular,

immune checkpoint inhibitors are a key class of immunotherapy where

biomarkers have remained elusive. In this context, immune checkpoint inhibitors

such as ipilimumab and pembrolizumab have demonstrated exceptionally high

rates of robust responses in a number of otherwise refractory cancers, such as
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melanoma and renal cell carcinoma. As we have seen with the EGFR-targeting

tyrosine-kinase inhibitors however, these excellent response metrics, are not

universally observed across all patients. It is logical to conclude that this

dichotomy in patient responses can once again be attributed to the presence of

specific biomarkers. Despite much research into potential biomarkers though,

(including soluble serum proteins, tumor-associated receptor expression patterns,

and host genomic factors), there are still no validated biomarkers that can reliably

inform the quality of response towards these immune checkpoint inhibitors

(Spencer et al. 2016).
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1.5 Single-cell technologies for biomarker identification

In general, identifying reliable biomarkers in immunotherapy has been a

challenge largely due to an incomplete understanding of the actual mechanisms

of action of the various immunotherapies. To elaborate, immunotherapy by

definition, functions by modulating the direct interaction between immune cells

and cancer cells within a complex tumor microenvironment (Spencer et al. 2016).

This is in stark contrast with the tyrosine-kinase inhibitors we have considered, for

example - these operate under a known mechanism of action: inhibiting signal

transduction cascades within cancer cells without any direct involvement from

other cells within the surrounding tumor microenvironment. Understanding the

mechanisms of action for immunotherapies is not as simple, as it is necessary to

consider a network of interactions between tumor-infiltrating immune cells

(monocytes, neutrophils, dendritic cells, T cells, B cells, eosinophils, basophils, mast

cells, natural killer cells), as well as with cancer cells and adjacent stromal cells.

Complicating these considerations is the fact that these interactions are

spatiotemporally dynamic, and that the cell types mentioned above are likely to

be heterogeneous populations (Spencer et al. 2016).

Two sources of potential biomarkers that have been and are currently

being researched extensively include peripheral blood (secreted serum-soluble

proteins, specific immune cell subpopulations, and circulating tumor DNA) and

actual tumor samples (specific tumor-infiltrating immune cells, tumor-specific

protein expression, and genomic and transcriptomic signatures) (Spencer et al.

2016). In considering these sources of data, it can be argued that the

identification of potential biomarkers should not rely solely on bulk measurements

due to the inherent complexity and heterogeneity of the cellular players and their

interactions. In this context, bulk measurements are essentially "low resolution

averages" for a given system that might not actually be biologically relevant. For

instance, one can imagine attempting to investigate the expression of a given
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protein on tumor cells as a possible biomarker. By treating all tumor cells as a

uniform bulk sample, one might falsely conclude from measurements that each

tumor cell harbors the same moderate level of the protein, rather than what may

actually be a range of distinct tumor cell subpopulations, each with markedly

different protein expression levels, some high and some low. In short, ignoring the

inherent cellular and genomic heterogeneity in these samples can confound the

interpretation of potential biomarker levels, and of patient responses to specific

therapies (Heath et al. 2016).

The cellular, genomic, and transcriptomic complexity and heterogeneity of

a tumor can be properly analyzed for potential biomarkers using a variety of

single-cell technologies. These include methods such as fluorescence in situ

hybridization, flow cytometry, and enzyme-linked immunospot (ELISPOT) assays,

and single-cell genomic and transcriptomic sequencing. The rise of these

techniques has resulted in a marked increase in the quantity of biological data

being generated, so-called "big data". This has necessitated concomitant

advancements in the field of bioinformatics, improving our computational

capabilities to accept, analyze, visualize, and interpret these large data sets

(Ehrenberg et al. 2003). One can imagine leveraging a variety of these single-cell

techniques on tumor samples to aid in biomarker discovery in the context of

immunotherapy. However, the literature remains relatively sparse on this front. In

investigating biomarkers for differential response towards anti-PD-1

immunotherapy, for example, most studies have utilized methods such as

immunohistochemistry that are restricted by the total number of cell surface

markers that are able to be simultaneously assessed; and these have also mainly

focused on linking PD-1 and/or PD-L1 expression (on both immune and cancer

cell compartments) with therapeutic response instead of casting a wider net

(Taube et al. 2014). A more recent study investigating the same problem

employed multi-parameter flow cytometry and found that response showed

26



some correlation with the levels of an exhausted CD8+ T cell subpopulation

(Daud et al. 2016), but again, the supervised nature of flow cytometry-based data

analysis precluded the discovery of any novel cell subpopulations.

In considering the above studies, we argue that there are two main

impediments to future attempts at applying various single-cell technologies to

probe for potential biomarkers for immunotherapeutic response, cellular or

otherwise. First, the limited numbers of viable immune cells that can be isolated

from clinical tumor samples makes applying many of these single-cell

technologies challenging, even when possible. This limitation becomes more

apparent when we consider how the staging of a cancer is typically performed

in the clinic prior to the administration of treatment. This typically involves

obtaining a sample of the patient's tumor via a fine needle aspiration biopsy

(FNAB). It has been reported that for breast and thyroid tumors, the percentages

of these FNAB samples with insufficient cells for modern clinical diagnostic

methods (<5 x 105) are 16.7% and 18% respectively, with higher percentages

reported for less experienced FNAB performers (Rajer & Kmet 2005). Second, the

supervised nature of the data analysis pipeline associated with flow cytometry

and similar technologies (involving gating to define pre-determine immune cell

sub-compartments) does not lend itself well to the discovery of novel immune cell

subpopulations defined by non-canonical repertoires of surface markers.
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1.6 The nanowell plafform

To overcome the limitations mentioned in the previous section, we propose

the use of the nanowell platform previously developed in the Love Lab (Love et

al. 2006). Based on the nanowell platform, various single-assays have been

developed over the years for the quantitation of secretion (via a process called

microengraving) (Love et al. 2006; Han et al. 2010; Han et al. 2012), single-cell

killing by CD8+ and natural killer cells (Varadarajan et al. 2011; Yamanaka, Szeto,

et al. 2012), and the isolation of single circulating tumor cells for downstream

sequencing (Adalsteinsson & Love 2014). These assays are modular in nature in

that they can be combined to provide multiple perspectives on single-cell

behavior. Furthermore, the nanowell platform is able to deal with very low

numbers of cells: here, each nanowell array is typically able to comfortably

accommodate for about 105 single cells, with any excess cells analyzable on

separate nanowell arrays. This again is amenable for analyzing samples such as

FNABs or tumor-infiltrating immune cells from smaller biopsies, which are

characterized by low numbers of cells.

Recently, two distinct methods have been developed in the lab to provide

more insight into the single cells loaded onto a nanowell array. The first of these is

Multispectral Image-based Cytometry (MuSIC), which involves the careful

selection of fluorescent channels and optimization of microscope channels to

allow for the imaging of up to 16 fluorescent channels. This deep

immunophenotyping data allows for a finer classification of single cells in samples

which are limited in cell number (Gierahn et al. 2016). The second method is Seq-

Well, which allows single-cell RNA-Seq to be performed on the cells loaded on a

nanowell array. Briefly, Seq-Well utilizes nanowell arrays to achieve co-

confinement of single cells and barcoded mRNA capture beads. A semi-

permeable membrane is applied to the nanowell array that allows for the buffer

exchanges required to generate cDNA libraries while preventing the loaded cells
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and beads from escaping into the bulk solution. Post-reverse transcription, the

beads are removed and cDNA amplification is performed. Involved single-cell

RNA-Seq data analysis pipelines are then executed to deconvolve and visualize

the data (Gierahn et al. 2017).

In short, utilizing the nanowell platform and developing relevant

unsupervised data analysis pipelines to understand the large amounts of single-

cell data generated may provide a viable method of cellular biomarker

discovery in samples which are limited in cell number.
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1.7 Specific aims & outline of dissertation

The bulk of this dissertation will describe the development and application

of a single-cell immunophenotypic and transcriptomic-based experimental and

data analysis pipeline on tumor-infiltrating immune cells in the context of a mouse

model for cancer progression under the effects of anti-programmed cell death

protein 1 (anti-PD-1), an antibody against a key immune checkpoint protein. This

pipeline has enabled us to obtain an unprecedented view into the effects of this

aPD-1 immunotherapy, and has proven to be an important hypothesis-

generating tool that may ultimately aid in uncovering biomarkers that may be

used for patient stratification.

Chapter 2 will first outline some early experimental work performed into

adapting a single-cell assay for measuring single-cell killing by CD8+ T cells in the

context of an unrelated immunotherapy, a bispecific redirecting antibody based

on anti-CD3 and anti-carcinoembryonic antigen.

In Chapter 3, the focus will shift towards the aforementioned

immunophenotypic analyses of tumor-infiltrating immune cells isolated from

mouse tumors exhibiting differential responses towards anti-PD-1 immunotherapy.

Included in this chapter will be the development of analytical methods to

interpret and visualize these large single-cell data sets obtained from MuSIC, and

how to garner new insights from the collected information.

Chapter 4 will extend the work performed in Chapter 3 but from a

transcriptomic perspective. There will be a focus on Seq-Well experiments on

these tumor-infiltrating immune cells to generate single-cell RNA-Seq data, as well

as an elaboration into the data analysis pipelines explored and developed to

mine the data for potential transcriptome-level biomarkers.
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Chapter 5 will form a conclusion for this dissertation, and will outline future

directions for the techniques developed as part of this thesis. While the

experimental and data analysis pipelines developed as part of this thesis are

largely applied very specifically to a mouse model for cancer progression in the

context of an anti-PD-1 immunotherapy, we are confident that the techniques

here will be readily applicable to almost any other cancer - or other disease -

model of interest.
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2. Redirection of cytolysis in CD8+ T cells treated with
a bispecific redirecting antibody

2.1 Background

The nanowell platform enables us to investigate how cells interact with

each other at the single-celllevel. By controlling the loading density of mixed cell

populations on a given nanowell device, wells containing different combinations

of different cell types can be achieved. The ability to do this is of great utility in

investigating phenomena such as the formation of the immunological synapse in

CD8+ T cell or natural killer (NK) cell-mediated killing, or the interactions between

antigen-presenting cells and T cells. Unlike other single-cell technologies, the

nanowell platform allows for the direct visualization of the cells involved, and the

scoring of various single-cell level metrics such as cell-cell contact time and cell

motility that would be otherwise impossible. These metrics, and their correlations

with NK cell-mediated killing have previously been investigated using the

nanowell platform (Yamanaka, Berger, et al. 2012). In this chapter, I will describe

the adaptation of the nanowell platform as part of a collaboration with the

Wittrup Lab at MIT to study the redirection of CD8+ T cell-mediated killing with a

novel bispecific redirecting antibody. From a clinical perspective, one can

imagine the redirection of cytolytic behavior to target and eliminate tumor cells

being of great utility in the treatment of various cancers.
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2.2 Materials & Methods

2.2.1 Nanowell array fabrication

Arrays of polydimethylsiloxane (PDMS) nanowells were prepared by

injecting the elastomer (10:1 base:catalyst ratio degassed for 1 hour, Sylgard 184

Silicone Elastomer Kit, Dow Corning) into custom-built molds and curing the filled

molds at 80 °C for at least 2 hours. These arrays are 1 mm thick and are attached

directly to a 3" x 1" glass slide. Each of these arrays contain 46 x 15 blocks that

each contain an 11 x 11 array of 50 pm cubic nanowells, for a total of 83,490

nanowells. After fabrication, the nanowell arrays can be stored indefinitely with

the nanowell-containing side protected by cellophane tape. Prior to use, each

nanowell array was oxygen plasma-treated for about 2 minutes (Plasma Cleaner

PDC-32G, Harrick Plasma) for sterilization and to make the surface hydrophilic.

Cells of interest were then loaded onto the nanowell array at the desired loading

density by pipetting a given cell suspension directly onto the nanowell array.

Typical loading densities to maximize single-cell occupancy are -200,000 cells, as

it has been reported that nanowell occupancy obeys a quasi-Poisson distribution

(Han et al. 2010). In our investigations into cell-cell interactions, the loading

densities were typically increased to increase the number of co-loaded nanowells.

Cells were allowed to settle in the wells for about 5 minutes, and then excess cells

on the surface of the array are removed by washing with appropriate cell culture

media.

2.2.2 Automated microscopy

An automated inverted fluorescence microscope (Axio Observer.Z1 Carl

Zeiss Microscopy LLC) was used for epifluorescence and transmitted-light bright

field microscopy. The microscope was equipped with a halogen lamp (HAL100)

for bright field K6hler illumination, a shutter (SmartShutter, IQ35-SA, Sutter

Instrument Company) for fast switching between bright field and fluorescence

imaging modes, a wavelength switcher (Lambda DG-4/OF30 UHS, Sutter
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Instrument Company) for fluorescent illumination, and four separate excitation

filters (FF01-387/11-25, FF02-485/20-25, FFO-560/25-25, FFO1-650/13-25, Semrock

Inc.) to control the output excitation channels. To select the emission channels, a

10-position filter wheel (LB10-NW, Sutter Instrument Company) was used in

combination with single-band pass emission filters (FF01-440/40-25, FF01-525/39-25,

FF01-607/36-26, FF02-684/24-25, Semrock Inc.; 3RDOO-720, 3RD770-850, Omega

Optical Inc.). A 10x objective lens (Objective EC Plan-Neofluar 10x/0.3 Phi M27,

N.A.: 0.3, W.D.: 5.2 mm, Carl Zeiss Microscopy LLC) in combination with a 0.63x

demagnifying lens (C mount) was used for imaging, resulting in a 6.3x final

magnification of the image at the EM-CCD camera (ImagEM, C9100-13,

Hamamatsu Photonics K.K.). Axiovision (Carl Zeiss Microscopy LLC) was used to

control the microscope during acquisition.

2.2.3 Single-cell cytolysis assay

The single-cell cytolysis assay was adapted from an assay previously

developed in the Love Lab to investigate NK cell behavior (Yamanaka, Berger, et

al. 2012). This assay involves co-loading relevant effector and target immune cells

onto a nanowell array and then observing the cytolytic phenomena that occur

in each single well. In this chapter, I will describe this assay will be applied to a

system involving HT1080 cancer cell targets/CD8+ T cell effectors, as well as a

system involving B cell targets/NK cell effectors. The identification of separate cell

subpopulations in both systems was performed using surface marker staining and

will be addressed in the results and discussion subsection.

For both systems, cells were adjusted to a density of -3-4 x 105cells (higher

than normal loading densities to encourage co-loading) before being loaded

onto the nanowell arrays. In both cases, SYTOX Green (Invitrogen) was spiked into

the media at a concentration of 0.5 mM as an indicator of dead cells. Automated

microscopy was performed on the nanowell arrays with the microscope setup as

described in the previous subsection. For the single-cell cytolysis assay, the
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microscope was instructed to image either the entire chip or a subsection of the

chip for a given number of cycles (spanning from -4-8 hours in duration) to

provide a time-lapse view of the cytolytic behavior via a stack of images for each

position progressing forward in time. To maximize overall cell viability (i.e., to

minimize non-specific background cell death), all arrays were incubated at 37°C

and 5%CO 2 for the duration of the experiment using a Tokai Hit Stage-top

Incubator (Eicom).

2.2.4 Image analysis

All acquired images were analyzed using a custom software package,

Enumerator. Enumerator utilizes the acquired bright field images to identify the

location of each well in a given block and across the nanowell array. For each

identified well, Enumerator then uses any present fluorescent signals to identify

the locations and boundaries defining any cells contained within. The software

then extracts the median fluorescent intensity for each channel within the defined

cell areas, as well as the median background intensity across the entire nanowell

area excluding the pixels defined as cells. This data, along with the well location

of each cell in the nanowell array, is exported as a spreadsheet.

The spreadsheet output from Enumerator was fed into Matchbox, a custom

MATLAB script. Matchbox has the ability to compensate the fluorescent signals

present in a given experiment, but this was not performed for the experiments in

this section as the number of channels was low and did not have significant levels

of spillover. The data fed into Matchbox is passed to R via a COM link, and the R

Bioconductor software suite is used to scale the data using an appropriate logicle

transformation. The transformed data is then formatted to enable the use of the

OpenCyto package (Finak et al. 2014) to gate the data into defined cell

subpopulations based on the surface markers expressed. Once gating is

complete, this data is exported as a spreadsheet. From this spreadsheet,
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background death rate curves can be generated by considering wells that

contain only target cells over the imaging duration. Likewise, killing curves can be

generated by considering wells that are co-loaded with target and effector cells

over the imaging duration.
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2.3 Results and Discussion

We first sought to adapt and apply the single-cell cytolysis assay in the

context of an immunotherapy then being developed in the Wittrup Lab in

collaboration with Janssen pharmaceuticals. This immunotherapy was a bi-

specific redirecting antibody (BiRAb) consisting of 2 single-chain variable

fragments (scFvs). One of the scFvs was designed to target CD3, a component of

the T cell receptor (TCR) complex, and the other was designed to target

carcinoembryonic antigen (CEA), a known tumor biomarker. In this context, CEA

is typically associated with gastrointestinal development in fetuses, and is typically

present at negligible levels in the blood of normal healthy adults. However, levels

of CEA have been reported to be significantly higher in individuals harboring

colorectal, gastric, pancreatic, lung, breast, and medullary thyroid carcinomas.

One of the many problems in cancer is the inability of tumor-specific immune cells

to actually come in contact with their targets and perform their anti-cancer

functions. Due to its structure, the anti-CD3 anti-CEA BiRAb was hypothesized to

have the ability to simultaneously associate with both CD8+ T cells and CEA-

expressing target cancer cells, bringing both into close proximity and aiding in the

enhancement of CD8+ T cell-mediated killing. In this subsection, we describe the

adaptation and application of the single-cell cytolysis assay to this system.

To match the selected anti-CD3 anti-CEA BiRAb, we sought to select a

reliable CEA-expressing cell line for use in in vitro assay development. For this

purpose, the HT-1080 [HT1080] adherent human fibrosarcoma-derived cell line

was selected as a base cell line. The HT-1080 line was then transfected to

ectopically express CEA in the presence of the selective agent G-418/Geneticin©,

yielding a new cell line HT-1080-CEA. To validate CEA expression levels in the HT-

1080-CEA line relative to the HT-1080 base cellline, flow cytometry was performed.

The relevant flow cytometry plots are shown in Figure 1.
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Figure 1: Validation of CEA expression by flow cytometry. Approximately 84.0% of the HT-080-CEA cells

were positive for CEA expression, compared to 0.061% of the HT-1080 cells. The HT-1080 cellline is known to
constitutively express epidermal growth factor receptor (EGFR).

Chromium-51 release cytolysis assays were performed on both HT-1080 and

HT-1080-CEA cells cultured in the presence of anti-CD3/anti-CD28-bead-

activated (Dynabeads Human T-activator CD3/CD28, ThermoFisher Scientific)

cytotoxic T cells isolated from PBMCs to investigate their dosage and temporal

response to anti-CD3 anti-CEA BiRAb. These were performed both as a positive

control to first ensure BiRAb efficacy in a well-understood bulk cytolysis assay, and

also to generate preliminary data to guide the selection of the proper dosing

regimen to elicit enhanced cytolysis rates in our later single-cell cytolysis assays.

End-point chromium-51 release assays were first performed on both cell

lines over a 24-hour duration under a range of BiRAb concentrations ranging from

0 ng/mL (negative control) to 5000 ng/mL to determine the dosage response of

both HT-I080-based lines. Based on the data, 10 ng/mL was chosen as the optimal

dose to elicit enhanced cytolysis in the HT-1080-CEA line while maintaining a low

background cytotoxicity in the HT-1080 line. Follow-up chromium-51 release
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assays were then performed on both lines in the presence of 10 ng/mL BiRAb to

determine the temporal response of the drug over 50 hours. The data suggested

that the effects of BiRAb on the system were visible within the first 10 hours, with

the effect plateauing after 24 hours. All chromium-51 release assay data is shown

in Figure 2.
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Figure 2: Dosage and temporal response curves for the HT-1080-based lines under BiRAb treatment. (A) BiRAb
dosage response of HT-1080-based lines after 24 hours (no replicates). (B) Temporal response of HT-1080-
based line in the presence of 10 ng/mL BiRAb (error bars indicate SEM (n=3)).

Based on the bulk chromium-51 release cytolysis assays, we concluded that

the engineered anti-CD3 anti-CEA BiRAb was able to enhance CD8+ T cell

cytolysis. We then commenced work on adapting the single-cell cytolysis assay

to investigate this system. In our initial single-cell experiments, activated CD8+ T

cells were co-loaded onto a nanowell array witheither HT-1080 or HT-1080-CEA

target cells in the presence of 10 ng/mL BiRAb and 0.5 mM SYTOX Green. The

entire array was imaged for 3 cycles, resulting in a stack of images for the entire

array corresponding to t=0 hrs, t=2 hrs, and t=4 hrs. The target and effector cells

were differentiated via surface marker staining as outlined in Table 1. During

imaging, integration times and EM gains were chosen to optimize the fluorescent

signal readout in each relevant channel. Spillover was not considered to be an

issue for the panel used due to the non-overlapping nature of the fluorophores

used.
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The images were process and then analyzed to track cytolysis (based on

the development of SYTOX Green signal in the targets) over the duration of the

experiment. In these initial experiments, there was no observable increase in

cytolysis rates over background death in the HT-1080-CEA/effector co-loaded

system. We reasoned that this observation could be due to two main factors. The

first was the high observed background death rate masking the cytolytic

enhancement in the CD8+ T cells, itself caused by the adherent HT-1080-based

lines being stressed in a foreign microenvironment (PDMS). The second was the

pre-staining of the target and effector cells, which might have sterically interfered

with the formation of effective CD3-BiRAb-CEA synapses required for killing. We

also observed that the morphology of the HT-1080-based lines was very irregular

(with many dendritic protrusions), causing the Enumerator-process data to

contain a higher-than-expected level of noise in the processed data.

Targets: Eff ectors:

HT-1080/HT-1080-CEA Activated CD8+ T cells

Marker Fluorophore Clone Fluorophore Channel Clone

Viability Calcein violet (DAPI) CD8 APC-H7 SKI

CEA PE ASL-32 LAG-3 FITC 3DS223H

EGFR APC AY13

Table 1: Surface marker staining for discrimination of targets vs. effector cells in single-cell cytolysis assay.

In follow-up experiments, we aimed to optimize the single-cell cytolysis

assay by considering each of these possible factors in turn. To improve the viability

of the HT-1080-based cell lines, we explored coating the nanowell devices with

Cultrex© basement membrane extract (BME) (Trevigen) in order to make the wells

more conducive for adherent cells. In connection with this, we also considered
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other CEA-expressing target cell lines (validation of CEA expression by flow

cytometry not shown here) to identify a possible target cell alternative that might

be more amenable to Enumerator analysis, and/or have a lower background

death rate on the nanowell array. Here, we investigated both the LS 174T (ATCC©

CL-188TM) (adherent, colorectal adenocarcinoma-derived) and NC-H720 [H720]

(ATCC© CRL-5838TM) lines (suspension, lung carcinoma-derived). For all

experiments, we also replaced the previous antibody staining of the target and

effector cells with cell-permeable long-term tracking dyes: target cells were now

stained with CellTrackerTM Red CMTPX dye (Life Technologies) while effector cells

were stained with eFluor© 670 (eBioscience), alleviating any steric hindrances that

might have been caused by antibody-based surface marker staining. After

extensive experimentation in this parameter space, we concluded that the best

experimental conditions to minimize background death rates involved the use of

the H720 suspension line (making BME treatment of the nanowell device

unnecessary), and the staining of the target and effector cells with the

aforementioned long-term tracking dyes instead of antibodies.

Figure 3: Comparison of death rates for various experimental systems. The

presence of both BiRAb (here, at 10 ng/mL) and CD8+ T cells is necessary to elicit

an enhanced cytolytic response over the background. The activation state of the

Figure 3 shows representative data obtained from one of our single-cell

cytotoxicity assays performed on with H720 target cells and effector CD8+ T cells

(naive/unactivated or activated with anti-CD3/anti-CD28 beads). It was

observed that when H720 target cells were loaded alone, the background death

rate was low whether or not the BiRAb was present, at -3% over the experimental

time course. We therefore concluded that the presence of BiRAb at 10 ng/mL did

not directly affect cell death.
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We next added activated CD8+ T cells to the system (denoted by +Eff

(+Act) in Figure 3), again with or without the BiRAb. Here, we observed that in the

absence of the BiRAb, the target-effector system maintained low rates of

background cell death, on par with that of H720 cells grown alone. However, in

the presence of BiRAb, the target-effector system exhibited greatly increased

rates of cell death, about 6.7 times higher than the death rate observed for H720

cells growing alone.

Next, we wanted to determine whether or not the BiRAb could enhance

cytolytic behavior of unactivated/naive CD8+ T cells. We found, interestingly, that

the activation state of the effector cells had a minimal effect on the resultant

killing curves. This was particularly interesting as it suggested that the BiRAb was

overriding the normal target-effector specificity requirements required for T cell

activation and subsequent killing. The data suggests, at least in vitro, that specific

BiRAbs can be used to direct the CD8+ T cell-mediated killing of target cells

harboring a specific biomarker without requiring prior specific recognition of that

biomarker by effector CD8+ T cells. The "forced" CD3-BiRAb-CEA immunological

synapse in this case, is apparently sufficient to activate downstream signal

transduction pathways that grant nave CD8+ T cells effector function.

Because this collaboration with the Wittrup Lab began late in the

supporting grant life cycle, experimental efforts in this space were diverted to the

problem of differential response towards an anti-PD-1 immunotherapy, as funding

was inadequate to support further studies. In this chapter, although anti-CD3 anti-

CEA BiRAb was selected as the drug to be investigated due to its central role in

the supporting grant, we envision that the methods developed in this project will

be universally applicable to various other classes of immunotherapeutic drugs

that target effector cells with cytolytic potential. In the next two chapters, we will

describe the expansion of the capabilities of the nanowell device to allow for
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multi-parameter immunophenotyping and single-cell transcriptomics of tumor-

infiltrating lymphocytes from mice exhibiting differential responses to anti-PD-1

immunotherapy.
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Figure 3: Comparison of death rates for various experimental systems. The presence of both BiRAb (here, at
10 ng/mL) and CD8+ T cells is necessary to elicit an enhanced cytolytic response over the background. The

activation state of the CD8+ T cells has a minimal effect on cytolytic enhancement, suggesting that the
artificial immunological synapse set up by the BiRAb can grant effector function to nave CD8+ T cells.
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3. Single-cell immunophenotypic analysis of tumor-
infiltrating immune cells in mice responding to anti-
PD-1 immunotherapy

3.1 Background

Leading on from the work performed in the previous section, we wanted to

expand the numbers and types of modular single-cell nanowell-based assays that

could be performed on cells of interest. Here, an opportunity arose to participate

in a collaborative project with Merck revolving around their commercially-

available anti-PD-1 immunotherapy. The overarching goal of this project was to

adapt and apply various single-cell nanowell-based technologies to profile the

tumor-infiltrating immune cells in a mouse model that they had previously

developed to understand differential responses to anti-PD-1 immunotherapy. In

this context, Merck has developed an anti-PD-1 immunotherapy (pembrolizumab,

marketed as Keytruda©) that has been approved by the FDA for use in various

cancers: these include metastatic melanoma (2014), metastatic non-small cell

lung cancer (2015), and most recently recurrent/metastatic head and neck

squamous cell carcinoma (2016). Various studies have indicated that the

administration of this immunotherapy results in superior overall response rates with

reduced associated side effects when compared against ipilimumab (the prior

benchmark immunotherapy, targeting anti-CTLA-4). A comparison of various

response metrics in advanced metastatic melanoma patients after the

administration of pembrolizumab versus ipilimumab is shown in Table 2. It is noted

that while overall response rates under pembrolizumab treatment show a

threefold increase when compared against ipilimumab, these responses are still

limited to only about 30% of treated patients (Robert et al. 2015).
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277 6

279 5

27 33 4.1

29 34 5.5

Ipilimumab 278 1 10 11 2.8

Table 2: Comparison of response metrics in patients harboring advanced metastatic melanoma after
administration of pembrolizumab (Q3W: every 3 weeks, Q2W, every 2 weeks) versus ipilimumab (Robert et

al. 2015)

It is hypothesized that the underlying reasons for this differential response is

due to the existence of specific functional subpopulations of anti-tumor immune

cells that are either enriched or depleted in the tumors of patients that respond

favorably to anti-PD-1 immunotherapy. That being said, the literature investigating

this hypothesis remains sparse, with most studies utilizing methods such as

immunohistochemistry that are restricted by the total number of cell surface

markers that are able to be simultaneously assessed; these have mainly focused

on linking PD-1 and PD-L1 expression with response (Taube et al. 2014). A more

recent study has tackled this problem using multi-parameter flow cytometry and

found that response is correlated with the presence of an exhausted CD8+ T cell

subpopulation (Daud et al. 2016). However, we argue that there are two main

impediments to future studies similar to this. First, the limited number of viable
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immune cells that can be isolated from tumor samples makes this problem

unamenable to methods like flow cytometry. Second the supervised data analysis

pipeline associated with flow cytometry does not lend itself well to the discovery

of novel immune cell subpopulations.

This second argument relates to a tangential hypothesis in this project: the

cells contained within the tumor microenvironment are capable of evolving in

response to the anti-PD-1 immunotherapy (or any other anti-tumor therapy) being

administered, resulting in the expression of exotic repertoires of

immunomodulatory receptors that alter their behavior. In the context of tumor

cells (not the focus of this project), evolving to express new surface markers may

allow them to escape the onslaught of anti-tumor immune cells induced by anti-

PD-1 immunotherapy. From an immune cell perspective, the expression of new

surface markers might provide new avenues for anti-tumor immune signaling.

Either way, the knowledge of these immunomodulatory receptor repertoires in

the context of anti-PD-1 immunotherapy will provide a rational method for

designing and understanding how future combination immunotherapies might

work. Here, we draw attention to a study which found that combined PD-1

blockade and GITR triggering induces anti-tumor immunity (Lu et al. 2014):

although the results of this study were ultimately interesting, it is noted that the

authors did not have any true rational method for choosing to target this

combination of immunomodulatory receptors prior to their study.

Adapting and applying the Love Lab nanowell platform to this problem will

allow us to address the two aforementioned hypotheses without the constraints

imposed by the limited numbers of tumor-infiltrating immune cells. In this thesis,

the experimental and data analysis pipelines were developed in the context of

an existing mouse model for differential response to anti-PD-1 immunotherapy for

reasons of tractability, but we anticipate that these pipelines will be able to be
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easily ported to a full-fledged human cancer study, or even in studies of other

interesting diseases. Translationally, we hope that these techniques will serve as a

stepping stone towards better patient stratification strategies, and a more solid

biological understanding of the various immune cell players in various ailments.

The 2 main hypotheses of this project are summarized below:

* The success of anti-PD-1 immunotherapy in inducing tumor elimination is

dependent on the existence of specific immune cell subpopulations. The

probability of a robust response may therefore be gauged by sampling

patient biopsies for the presence of these subpopulations.

• Post-treatment, certain immune cell subpopulations will become enriched

in the tumor. Identifying the marker repertoires of these immune cells may

provide a rational method of designing combination immunotherapies.

In this chapter, the work performed as part of this project to understand the

key immune cell subpopulations that correlate with response to anti-PD-1

immunotherapy will be described. This will include the adaptation of the Love Lab

nanowell platform and the associated single-cell technologies for this murine

system, including the validation of antibodies for use in Multispectral Image

Cytometry (MuSIC) and microengraving, as well as preliminary experiments to

determine the feasibility of performing single-cell cytotolysis assays. This will be

followed by the application of a uniform experimental pipeline on mouse tumor

samples (baseline, isotype control, and anti-PD-1-treated) received from Merck,

along with the development of a data analysis pipeline to understand the large

amounts of single-cell experimental data generated.
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3.2 Materials & Methods

3.2.1 Mouse model for anti-PD-1 immunotherapeutic response
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Figure 4: MC38 mouse model for differential response to anti-PD-1 immunotherapy.

The mouse model for differential response to anti-PD-1 immunotherapy is

shown in Error! Reference source not found.. All mouse work was performed by our

collaborators at Merck. Briefly, C57BL/6(JAX) female mice (abbreviated Blk6 in

figure) were inoculated subcutaneously with the MC38 colon carcinoma-derived

cellline, and the tumors were allowed to grow for up to 14 days. During this period,

all tumor sizes were monitored - two sub-cohorts were set up for harvest based on

tumor volume at Day 0:

• Tumor volumes of 75-125 mm 3, designated "Small" (S)

• Tumor volumes of 270-350 mm 3, designated "Large" (L)

In this context, previous internal studies at Merck have yielded observations

that small tumors tend to exhibit a near complete response to muDX400 treatment,
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with a large decrease in tumor volume nearing the end of a given efficacy study.

Likewise, large tumors tend not to respond at all, with the tumor remaining

constant in size or even growing so large so as to necessitate sacrificing the mouse

before the end of the efficacy study. We thus model differential response to anti-

PD-1 by using initial tumor size as the proxy for response.

At Day 0, each sub-cohort was split into three treatment arms: "Baseline"

(B) "Isotype(Control)" (I), and "Treated" (T). Baseline tumors were harvested at

Day 0. Both isotype control and treated tumors were injected with two 10 mg/kg

doses of an isotype control (anti-hexon monoclonal antibody (TC31.27F11.C2

clone)) or muDX400 (Merck's internal designation for the murine anti-PD-1 drug

analogue) respectively. First doses were administered on Day 0, and second

doses were administered on Day 4. Isotype control tumors were harvested three

days after the second dose (Day 7), while treated tumors were harvested four

days after the second dose (Day 8). For this study, we aimed to harvest 4 tumors

from each of the following six categories: "Small Baseline" (SB), "Small Isotype" (SI),

"Small Treated" (ST), "Large Baseline" (LB), "Large Isotype" (LI), and "Large

Treated" (LT). All harvested tumors were shipped from Merck to MIT in RP-10 media

(RPMI-1640 supplemented with sodium pyruvate, penicillin/streptomycin, 10 mM

HEPES, non-essential amino acids, and 10% FBS) on ice.

3.2.2 Tumor dissociation & processing

All tumors were dissociated upon arrival using a commercially available

mouse tumor dissociation kit (Miltenyi Biotec) - this involves a combined

enzymatic (from the enzymes in the kit) and mechanical (via the GentleMACS, as

per the manufacturer's protocol) dissociation. Post-dissociation, dead cells were

removed using a dead cell removal kit (Miltenyi Biotec). CD45+ single cells were

then isolated from this suspension using mouse CD45 microbeads (Miltenyi Biotec).

Multispectral image-baed cytometry and microengraving were then performed

on these CD45+ cells.
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3.2.3 Multispectral image-based cytometry (MuSIC)

Multispectral Image-based Cytometry (MuSIC) involves a combination of

the careful selection of fluorescent dyes as part of a panel for the staining of

surface markers, as well as fine adjustments in microscope imaging settings to

allow for the compensation of up to 16 simultaneously-measured fluorescent

channels on our microscope. For in-depth information on the setup of the inverted

epifluorescence microscope used in the experiments performed as part of this

chapter, please refer to Section 2.2.2 of this dissertation. We first consider the

design of the MuSIC antibody panel before moving on to discuss the optimization

of microscope settings for imaging within the corresponding channels.

In designing a functional antibody panel for MuSIC, similar guidelines are in

place as that governing flow cytometry (McLaughlin et al. 2008). In finalizing an

antibody panel, it is key to consider such parameters as antigen surface density,

antigen surface distribution, a given fluorophore's staining index, and its potential

to contribute to spillover into other channels present in the panel. In designing the

panel, surface markers that have continuous - rather than bimodal - distributions

of expression (for example, most of activation proteins we will consider, like

glucocorticoid-induced TNFR family related gene (GITR) and PD-1) on the target

cells should first be considered. These markers should be assigned to the most

sensitive channels in the panel, as any increase in the background signal will result

in a corresponding increase in the false negative rate on the dimmer end of the

population. In this context, the sensitive channels are those that correspond

directly to bright fluorophores and suffer from minimal spillover from other

channels within which fluorescence is expected to be measured on the same

cells. In our system, the phycoerythrin (PE) channel is an example of a sensitive

channel.
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Once the continuous markers have been assigned, the markers that display

classic bimodal distributions are assigned to the channels that remain. Here, the

fluorophores with higher reported staining indices are matched with surface

markers with lower surface densities in a sort of compromise between the two

factors. Here, it is also important to take into account the spillover from channels

potentially housing dense surface markers such as CD45 and CD8 as high

associated spillover from these channels will negatively impact the ability to

properly discriminate cellular subpopulations, particularly if the spillover obscures

lower-intensity markers being co-expressed on the same cell. From a different

perspective, these surface-dense markers can be placed in channels that have

the most spillover from other channels because their intense signals should be

able to be distinguished even with the increase in background signal resulting

from errors in compensation.

Using the above guidelines, we developed two separate panels to perform

immunophenotyping on the tumor-infiltrating CD45+ immune cells. These are

summarized in Table 3.

We now turn our attention to the problem of optimizing the microscope

settings to properly capture fluorescent signals corresponding to the fluorophores

in the table above. Here, the set of microscope settings for a given panel are

established in a two-step process that involves first establishing a set of

general/baseline settings for the microscope system to match the desired speed

and sensitivity, and then an iterative fine-tuning of the settings for each

fluorescent channel. For the first step of the process, it has been found on our

microscopes, an average integration time of 100 milliseconds provides enough

sensitivity to detect fluorescent signals for most channels, and allows the imaging

of a complete nanowell array to be completed in about 1.5 hours (for 16

channels). Integration times can be increased to allow for the capture of more
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fluorescent signal for specific channels corresponding to surface markers with

lower densities (higher sensitivity), but this will necessitate a longer total imaging

time. That being said, it is noted here that factors such as stage and filter

movements also pose a limit to total imaging speed and become the dominant

limit to decreasing imaging time when the integration time per channel is set to

below 100 milliseconds. We hence conclude that decreasing integration times

below 100 milliseconds do not yield appreciable reductions in imaging time.

Main Panel

Fluorophore

AF647

PerCP

PECy5.5

PerCP710

BV650

BV510

PE

BV605

PECy5

PECy7

BV421

BV711

AF488

Clone
30-Fl1

145-2C11

GK1.5

53-6.7

IM7

LG3.A10

17B5

RMP1-14

YGITR765

1G9

UC10-
4C9

C9137W

Marker

MHCII (I/A-
l/E)

PD-Li

CD11c

CD11b

F4/80

CD335

CD49b

Ly6C

CD3

PD-i*

CDI9

CD45

Death
(SYTOX)

Extended Panel

Fluorophore

PerCP710

BV605

PECy5

PE

PerCP

PECy7

PECy7

BV510

BV650

BV421

BV711

AF647

AF488

Clone
M5/114.15.2

1OF.9G2

N418

M1/70

BM8

29A1.4

DX5

HK1.4

17A2

29F.1A12

6D5

30-F11

Table 3: Main and extended multispectral image-based cytometry panels developed for the
immunophenotyping of tumor-infiltrating CD45+ immune cells from mice exhibiting differential responses to
anti-PD-1 immunotherapy. *PD-1 antibodies were initially included in both panels but fluorescence signals
in these channels were later ignored due to evidence suggesting staining was affected by prior treatment

with muDX400.
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CD45

CD3

CD4

CD8

CD44

CD27

CD137

PD-i*

GITR

TIGIT

CTLA-4

LAG-3

Death
(SYTOX)



Much like the initial common integration time of 100 milliseconds just

discussed, an initially global electron-multiplying (EM) gain setting for the camera

is also determined. Here, the EM gain functions to boost the signal in each

fluorescent channel such that the read noise associated with the camera is

insignificant compared to the shot noise associated with the photon signals. In this

context, the aim is to operate within the shot-noise limited regime, so that the

camera will still remain sensitive to fluctuations in photon signals; because we are

shot-noise limited, any change in measurements will almost entirely reflect

changes in incident light intensity for a given channel. On the microscope setup

used here, we have found that a setting of 300x EM gain is more than adequate

to capture signals in all channels of interest, given an integration time of 100

milliseconds.

After global "coarse" settings for the integration time and EM gain have

been set (100 milliseconds and 300x respectively), the settings for each

fluorescent channel are then fine-tuned via an iterative process involving the

imaging of compensation beads labeled with the individual fluorophores that

form the panel of interest. This process aims to further adjust the integration times

and EM gains for each channel separately such that each fluorophore is brightest

in its designated channel without triggering saturation in the signal, while also

boosting sensitivities for those channels detecting surface markers expressed at

lower levels.

To prepare compensation beads, we perform a buffer exchange and

dilution of glyoxal-coated agarose beads (high-density, highly cross-linked

superfine, approx. 10 pm, Agarose Beads Technologies) into a 100 pM sodium

carbonate solution to achieve a final approximate bead density of 2 x 105

beads/mL. Under these slightly basic conditions, the glyoxal moieties on the

beads will display a negative charge due to the glyoxal deprotonation. 100 pL
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aliquots of this bead suspension are distributed into Eppendorf vials. Then, 1 pL of

each of the antibody-fluorophore conjugates outlined in Table 3 (at a 1:100

dilution in phosphate-buffered saline (PBS)) are pipetted (without mixing) into the

bottom of separate Eppendorf vials containing bead suspension. The beads are

allowed to incubate at room temperature for about 1 minute before being

washed 3 times with PBS. The introduced antibody-fluorophore conjugates will be

able to bind non-specifically to the beads due to electrostatic interactions

between the amine groups on the amino acids that form the antibody and the

negative charges on the deprotonated glyoxal moieties. In this step, it is key that

the beads and surface marker stains are not mixed but rather that the stains are

allowed to diffuse upwards from the pipette ejection point at the bottom of the

Eppendorf vial. This introduces a gradient of surface marker staining intensities

driven by the decreasing surface marker stain concentration as we move

upwards through the bead suspension from the ejection point. Without this

gradient of intensities, it would be impossible to inspect how changes in

fluorescent signal in the channel of interest affects the amount of spillover into the

other fluorescent channels of interest. After staining and washing, the beads are

transferred from their Eppendorf vials into a black, clear and flat-bottom 96-well

plate and spun down for 1 minute at 500g to help the beads settle on a uniform

flat plane for subsequent imaging.

Typically, multiple replicate sets of these labeled compensation beads are

prepared prior to the fine-tuning process due to its iterative nature. Also, once

imaged, the prepared compensation beads cannot be re-used due to possible

photo-bleaching in certain channels that would result in erroneous data being

used to quantify spillover characteristics. Prior to imaging, the order of channels

in which the imaging is being done needs to be considered. Here, channels which

correspond to fluorophores that are highly sensitive to photo-bleaching (for

example, the brilliant violet family of fluorophores) should be imaged first in a
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given imaging cycle. After these are imaged, the order of the remaining channels

should be set such that filter wheel movement is minimized between consecutive

channels - by doing this, each imaging cycle will be slightly shortened, leading to

an overall decrease in total imaging time. After finalizing the order of channels,

one full set of labeled compensation beads is then imaged (at 4 separate

positions within a given well in the 96-well plate) using the coarse global settings

previously discussed.

Once all the labeled beads have been imaged in each channel, the

images are analyzed using a custom MATLAB script compMatrix.m. This script first

identifies locations of the labeled beads by looking for the sharp defined changes

in pixel intensity (against the background intensity) that define beads imaged in

the transmitted light channel. It then extracts the signal intensity measured in

every channel emitted from each bead identified in the input images. From these

signal intensities, an output spillover matrix is generated. Here, the spillover matrix

is an n x n matrix (where n is the number of fluorescent channels) wherein each

column in a given row is the ratio of the amount of signal measured in that

channel to the amount of signal measured in the designated channel. Cell

fluorescence data can be compensated by multiplying the median fluorescence

intensity minus the background in each channel for a given cell by the inverse of

the spillover matrix. Based on the definition of the spillover matrix, it should not

contain any values greater than 1. The latter suggests that a given is brighter in a

channel other than its designated channel and so the settings for the two

channels involved will need to be adjusted to prevent this. This can be done by

increasing the integration time in the designated channel, or by decreasing the

integration time in the channel contributing to the high spillover. The approach

used largely depends on desired imaging time as well as any predicted

downstream effects that the change will have on the spillover relationships with

other channels. Once adjustments have been performed, a new set of labeled
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beads is imaged to determine the new spillover matrix, and adjustments are

performed in the same way. This process is repeated iteratively until a final spillover

matrix is achieved that maximizes the signal for a given dye in its designated

channel without incurring significant spillover into other channels. It is important to

optimize the settings this way to ultimately minimize the amount of compensation

error associated with the panel, and increase the sensitivity to signal detected in

each channel.

Typically, once the microscope settings have been fully optimized using this

method, the settings are tested by imaging a sample of cells stained with the full

antibody panel. Channels that register signals near saturation on these stained

cells have to be re-adjusted by decreasing the EM gain or the integration time.

Here, the approach taken again depends on sensitivity, imaging time, and

downstream effects on other channels. By decreasing the integration time, the

signal will be decreased from near saturation along with the total imaging time,

but the channel sensitivity will also decrease (due to a drop in signal-to-noise ratio).

Changes in integration time will also affect the spillover relationship for the

channel of interest with all other channels in the panel, and should be taken into

account. By decreasing the EM gain, sensitivity will be maintained, but will result

in an increase in total imaging time due to the required changes in gain settings

in each imaging cycle. If any of these settings are changed, the altered settings

have to once again be tested using labeled beads to ensure that the resultant

spillover matrix do not contain values above 1. This process of bead imaging and

cell imaging is performed iteratively until a final set of optimal microscope settings

is achieved. Ideally, these microscope settings should be tested on cells that most

resemble the cells that will be encountered during an actual experiment.

However, this was difficult to accomplish with our samples due to time constraints

and the limited numbers of cells which themselves were too valuable to be used

for the testing of microscope settings. Thus, for this study, we tested our optimal
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microscope settings using mouse splenocytes, but left a buffer between

measured signal and the saturation limit for all channels to account for

differences in cell populations and staining efficiencies between these test cells

and the actual immune cells isolated from the mouse tumors.

The optimization of settings for the antibody-fluorophore panel proposed in

Table 3 was performed according to the methods described above. The final

settings used for all MuSIC experiments in this chapter are summarized in Table 4.

Main Panel Extended Panel

Channel Integration Time EM Channel Integration Time EM
[ms] Gain [ms] Gain

PECy7 150 20 PECy7 150 20

BV711 100 100 BV711 100 50

PerCP710 150 100 PerCP710 150 100

PECy5.5 150 20 BV650 100 50

BV650 100 100 PECy5 100 20

PECy5 100 20 PerCP 200 15

PerCP 200 15 AF647 150 2

AF647 150 20 BV605 100 50

BV605 100 100 PE 100 15

PE 100 15 BV510 100 50

BV510 100 100 AF488 30

AF488 30 4 BV421 100 20

BV421 100 30
Table 4: Optimized microscope settings for the main and extended panels used in performing multispectral

image-based cytometry on immune cells isolated from mouse tumors exhibiting differential response to
anti-PD-1 immunotherapy.

For both MuSIC panels, the staining of cells can be performed on-chip or

off-chip. When staining off-chip, a cocktail of 5 pL of each of the surface marker
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stains in a given panel is combined and made up to 100 pL with brilliant stain

buffer (BD Biosciences). The cells to be stained are spun down in an Eppendorf

vial, and the resulting pellet is resuspended in this antibody cocktail. The cells are

stained on ice for 20 minutes, and are washed 3 times with RP10 media before

being loaded onto a nanowell array, covered with a lifter slip, and then imaged.

When staining on-chip, a cocktail of 10 pL of each of the surface marker stains in

a given panel is combined and made up to 200 L with brilliant stain buffer. The

liquid present on the surface of the nanowell array to be treated is aspirated and

then replaced with 200 pL of the antibody cocktail, pipetted slowly over its surface

from top to bottom. The cells on the nanowell array are allowed to stain at room

temperature by placing the nanowell array in its 4-well dish onto a rocker for 20

minutes. The cells are then washed by immersing the entire nanowell array in RP10

media, rocking for 5 minutes each, and then aspirating the media - this is

performed 3 times. After washing, 200 pL of RP10 media is pipetted onto the

surface of the nanowell array and a lifter slip is applied prior to imaging.

3.2.4 Microengraving

Microengraving is a technique previously developed in the Love Lab that

allows for the detection of up to four secreted factors from cells confined within

the wells of a nanowell array (Love et al. 2006; Han et al. 2010), and is similar in

concept to a sandwich ELISA. It involves sealing a prepared microengraving

capture slide (glass slide with immobilized capture antibodies specific to the

secreted factors of interest) against a loaded nanowell array for a specific

duration of time. The capture slide is then removed at the end of the experiment

and can be probed with fluorescent detection antibodies specific to the

secreted factors of interest. The fluorescent signals that result can then be imaged

using a standard microarray scanner. Refer to Section 2.2.1 for details on nanowell

array fabrication and plasma treatment prior to use.
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Base poly-L-lysine slides are first prepared by cleaning 3" x 1" glass slides

(Corning) in 2.5 M sodium hydroxide in 60% ethanol for 2 hours. After thoroughly

washing with deionized water, the slides are then submerged in a 0.001% poly-L-

lysine solution (diluted in PBS) for 1 hour. The poly-L-lysine-coated slides are then

washed with deionized water before being dried and stored in a vacuum

desiccator until use.

To prepare a microengraving capture slide from a base poly-L-lysine slide,

a capture antibody cocktail containing capture antibodies specific to the

secreted factors of interest is first prepared. This cocktail consists of the desired

antibodies diluted in borate-9 buffer (50 mM sodium borate, 8 mM sucrose, and

50 mM sodium chloride, adjusted to pH 9.0) to a final concentration of 25 pg/mL.

Once prepared, the cocktail is deposited onto the surface of poly-L-lysine slides

for 1 hour at room temperature, or overnight at 4 °C, to allow for coating. The

capture slide is then immersed and rocked in 3% non-fat milk in PBS for 30 minutes

at room temperature to block any non-specific binding sites, and finally washed

3 times with PBS. It is now ready for use, by applying it capture antibody-side-down

against a nanowell array loaded with cells. After application, the capture slide is

sealed against the nanowell device using a hybridization clamp (Agilent).

After microengraving is complete, the slide is unsealed from the nanowell

array by floating it off in the relevant cell culture media. The removed slide is then

incubated with 3% non-fat milk in PBST (PBS supplemented with 0.05% (v/v) Tween-

20) for 15 minutes to again block any non-specific binding sites, and washed 3

times with PBST. Meanwhile, a detection antibody cocktail is prepared by diluting

the relevant antibodies in PBST to a final concentration of 1 pg/mL. To apply this

detection antibody cocktail to the microengraving slide, the slide is first removed

from PBST and placed in a fresh 4-well dish. The surface of the slide is dried as

much as possible with an aspirator, and the detection antibody cocktail is then
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pipetted onto the surface of the slide (200 pL is typically a compromise between

sufficient coverage and preventing any spilling of liquid off of the slide). The slide

is allowed to incubate with the detection antibody cocktail for 45 minutes at room

temperature, covered with aluminum foil on a rocker. The slide is finally washed

with PBST for 15 minutes, PBS for 10 minutes, and rinsed briefly with water before

being spun dry. At this point, the microengraving slide is ready to be scanned

using a microarray scanner; here, we used the Genepix 4200AL microarray

scanner (Molecular Devices).

It is important to note that in preparing any given microengraving panel, it

is common practice to include a microengraving capture-detection antibody

pair for human immunoglobulin (IgG). When loading the cells onto the nanowell

device, the wash media used in this step is then spiked with a 1:1000 dilution of 1%

human serum in RPMI. When the human IgG detection antibody is applied as part

of the detection antibody cocktail, all nanowells will light up as positive for human

IgG due to the spike-in, and this consistent "background" signal can be used by

downstream scripts (Crossword, see Section 3.2.5) to align an overlaid grid over

the scanned final image prior to data extraction.

3.2.5 Basic data analysis pipeline

Upon completion of a standard experimental pipeline involving MuSIC and

microengraving, we are left with two large sets of single-cell image-based data

that first need to be converted into spreadsheet form before being integrated

into a final unified data set. Here, the first data set consists of the MuSIC output

and consists of images in each of the fluorescent channels (corresponding to a

given MuSIC panel) for every block position in the nanowell array, while the

second data set consists of the microengraving output: a set images of the entire

array in up to four fluorescent channels (corresponding to a given MuSIC panel).
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To convert the images obtained on our microscope via MuSIC into

spreadsheet form, we make use of Enumerator, which has previously been

described in Section 2.2.4. The final result of running Enumerator on images

obtained via MuSIC is an ".enum" file that contains a register of every cell

detected across the nanowell array. For each of these cells, the values

corresponding to the fluorescence intensity detected in each channel are

included. It is important to note here that while Enumerator is able to translate the

fluorescent signals obtained for each channel into values that correspond to

quantitative fluorescent intensities, these values are effectively "raw" and have

to be compensated prior to any gating based on surface marker calling.

To convert the images obtained on the microarray scanner via

microengraving into spreadsheet form, we make use of a custom MATLAB script

Crossword.m (Gierahn et al. 2014). Crossword is a method of automating the

extraction and curation of data from the microengraving prints. Briefly, Crossword

performs this by first aligning an overlaid grid on the scanned microengraving

image based on the consistent background signal generated from the human

IgG spike-in (described in Section 3.2.4). Fluorescence data is then extracted from

the cells of this aligned grid, and exported in spreadsheet format. Importantly,

Crossword is also able to automatically remove any artifacts by first identifying

and separating out structured pixels from the background noise using iterative

clustering and pixel connectivity. The correlation of these structured pixels across

all the image channels is then used to identify and subsequently remove any

artifact pixels prior to data extraction - here, artifact pixels are typically those that

have a high degree of signal correlation across the different channels due to non-

specific fluorescence. The final result of running Crossword on a stack of

microengraving images is a spreadsheet containing the fluorescence intensities

in each microengraving channel, as well as a MATLAB images file that contains a

thumbnail of every well on the nanowell array in each microengraving channel.
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To unify the two data sets - one corresponding to MuSIC and the other

corresponding to microengraving - we use a final custom MATLAB script

Matchbox.m. We note that while Matchbox was previously discussed in Section

2.2.4, we will discuss it again here as the Matchbox functionalities used as part of

the analysis in this chapter are more involved than that encountered in Chapter

2. Here, Matchbox first accepts the .enum spreadsheet output from Enumerator,

as well as the spillover matrix generated by running the compmatrix.m script on

the compensation beads (refer to Section 3.2.3). Matchbox compensates the cell

fluorescence data by multiplying the inverse of the spillover matrix to the median

fluorescence minus background intensity for each channel for every cell in the

spreadsheet. This compensated data is then passed to R via a MATLAB-R COM

link. In R, the Bioconductor package is used to first scale the data according to a

Logicle transformation (Parks et al. 2006) before reformatting it into a structure

that enables the use of the OpenCyto package to gate the data into discreet

cell subpopulations like that performed in FACS analysis (Finak et al. 2014). In our

basic analysis pipeline, we gated for live (SYTOX-) CD45+ immune cells and for

completion, within this subset, we gated for single surface markers using

histograms. In performing this gating, all thresholds were guided by either

matched or historical mouse splenocyte MuSIC data for the same surface markers.

We note here that while the initial gate defining CD45+ immune cells is important,

the other gates defining positivity/negativity for other surface markers are not as

they were not considered in the final unsupervised data analysis pipeline

considered (see Section 3.3.2). Upon completion of gating, Matchbox then

accepts the Crossword output spreadsheet and MATLAB images file. After first

flagging for artifacts in the microengraving signal data based on signal-to-noise

ratio and % standard deviations above the median, the unflagged

microengraving signal data is visually inspected and confirmed to be a true

positive by the user using a quality control module within Matchbox.
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All data is then exported as two unified spreadsheets: WellSummary and

CellIntensities. WellSummary is a well-based view of the data and contains

information on how many cells were detected in every nanowell on the array as

well as their identities based on the gates set as part of the Matchbox analysis.

Also included is whether or not the given well registered any secretion as

measured using microengraving. In contrast, Cellintensities is a cell-based view

of the data and contains a row entry for every cell detected on the nanowell

array. In this context, it is therefore possible to have multiple row entries for cells

co-confined within the same nanowell, or no row entry at all for an empty

nanowell. Included in the CellIntensities file are the compensated median

fluorescence intensities measured in each channel for every detected cell, but

because the data is cell-based, the microengraving data is not included.

Therefore, in our downstream analysis discussed later in this chapter, both

Matchbox output spreadsheets were used in different ways to obtain a full

characterization of the system.
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3.3 Results & Discussion

3.3.1 Pilot experiments for feasibility

Prior to starting the study, we wanted to investigate the feasibility of running

various nanowell-based assays on the immune cells isolated from the tumors to

be received. In this context, we performed initial investigations into

microengraving, cytolysis assays, and MuSIC. We will now consider each of these

in turn.

For microengraving, we first had to validate a suitable microengraving

panel to assay for the presence of secreted factors of interest. Based on

discussions with our collaborators at Merck, it was decided that a panel consisting

of key cytokines known to be secreted by the major T cell subsets would be a

good starting point. We hence sought to validate a panel of microengraving

capture and detection antibodies that would potentially allow us to measure the

cytokine secretion of interleukin-4 (IL-4), interleukin-10 (IL-10), interleukin-17A (IL-

17A), and interferon-gamma (IFN-g) from tumor-infiltrating immune cells. To

confirm response and non-reactivity of a given microengraving panel, a spot

assays is typically performed. This assay first involves preparing a microengraving

capture slide (with all capture antibodies as part of the panel) as described in

Section 3.2.4. Well-defined cytokine standards (here, IL-4, IL-10, IL-I7A, and IFN-g,

all sourced from Biolegend) are then diluted to form a dilution series across a

range of known concentrations (we investigated a range of 0.01 ng/mL to 1

pg/mL). The dilutions of each standard are then spotted (1 pL each) onto the

capture slide in triplicate and the slide is stored in a humidity chamber for an hour

to allow for hybridization. Post-hybridization, the slide is processed with a cocktail

of detection antibodies as described in Section 3.2.4. The slide can then be

scanned and analyzed Genepix software (Molecular Devices) to extract the

intensities associated with every fluorescent channel for each spot.

Corresponding standard curves can then be set up which provide information on
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response and non-reactivity. We performed spot assays for panels of capture and

detection microengraving antibody pairs and determined a functional set of non-

cross-reacting antibody pairs. These are summarized in Table 5. The spot assay-

derived standard curves used to validate this microengraving panel are shown in

Figure 5A.

Microengraving Panel

Cytokine Capture Detection Fluorophore
Clone Clone

IL-4 BVD6-24G2 11BI1 AF532

IL-10 JES5-2A5 JES5-16E3 AF594

IL-17A TC11-8H4 TC11-18H10.1 AF488

IFN-g R4-6A2 XMG1.2 AF647
Table 5: Validated microengraving panel for assaying the secretion of IL-4, Ll-10, IL-17A, and IFN-g.

After validating the antibodies for response and non-cross-reactivity via a

spot assay, we next sought to test the panel in an actual microengraving

experiment involving real cells. As the best positive control for this pilot experiment,

we decided to perform microengraving on in vitro differentiated T cell subsets

that are known to be associated with the secretion of these key cytokines. To

generate these T cell subsets (Thl, Th2, Thl7, and Tregs), we isolated naive CD4+

T cells using anaive CD4+ T cell isolation kit (Stemcell Technologies) and treated

these cells with previously published differentiation cocktails for the various subsets

(Vigne et al. 2011). Microengraving was then performed on these cells on

separate nanowell arrays, and the data was processed using protocols outlined

in Sections 3.2.4 and 3.2.5. Results showing the successful detection of various

cytokines from the differentiated T cells are shown in Figure 5B. We note here that

while the generated T cell subsets were not entirely pure, we validated via

intracellular staining (ICS) of transcription factors that each culture was

dominated by the desired T cell subset (data not shown).
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We now consider optimization of the single-cell cytolysis assay. To match

the cancer cells used to inoculate the mice in the proposed mouse model, we

decided to investigate the feasibility of running a single-cell cytolysis assay using

MC38 cells as the targets. Here, the most experimental readout was background

death rate - to properly quantify cytolytic potential, the background death rate

of the target cells has to be kept sufficiently low. In our initial pilot experiments, we

co-loaded onto three separate nanowell arrays MC38 target cells (gift from the

Wittrup Lab) and CD8+ T cells isolated (CD8+ T cell isolation kit, Stemcell

Technologies) from a sample mouse tumor received from our collaborators at

Merck. Here, the CD8+ T cells were split into three upon isolation and were used

ex vivo, allowed to rest overnight, or were activated for 2 days using anti-

CD3/anti-CD28 beads (Dynabeads mouse T-activator, ThermoFisher Scientific).

The three separate nanowell arrays correspond to these three different conditions

for the CD8+ T cells.

To differentiate the two co-confined cell types in all three cases, we stained

the MC38 targets with CellTrace Violet (CTV, ThermoFisher Scientific) and the

isolated CD8+ T cells with CellTracker Red (CTR, ThermoFisher Scientific). The

nanowell arrays were then imaged to obtain well occupancy information for t=O.

The arrays were then sealed with glass slides for 2 hours to mimic microengraving

and placed in the incubator. At the end of the experiment, the glass slides were

removed and the cells were stained with SYTOX Green (SG, ThermoFisher

Scientific) as a death indicator. The nanowell arrays were imaged once more to

obtain well occupancy information at this final time point (t=f).

Both the t=O and t=f image stacks were processed with Enumerator to

convert the data into spreadsheet form (refer to Section 3.2.5). To score for

background death, we identified wells containing only 1 live target MC38 cell

(CTV+SG-) at t=0, and determined the viability of these cells at t=f based on the



SYTOX signal. To score for killing, we identified wells containing 1 live target MC38

cell (CTV+SG-) and 1 live CD8+ T cell (CTR+SG-) at t=0, and tracked the viability

of the target MC38 cells at t=f. We observed extremely high background death

rates for the target MC38 cells for all three conditions. These high background

death rates made it impossible to differentiate actual T cell-mediated killing

events from normal background death on the nanowell array.

To lower this high observed target cell background death rate, we turned

to knowledge gained from a prior project on single-cell cytolysis (refer to Section

2.3). From that project, it was found that immersing the plasma-treated nanowell

array in 100% FBS for an hour at 65 °C was the best method for lowering

background death rates in adherent target cells. In addition to this, we also

treated the target MC38 cells with Ficoll prior to use to remove any dead or dying

cells. We repeated single-cell cytolysis assays using three separate tumor samples

received from our collaborators at Merck, with the CD8+ T cells all used ex vivo. It

is important to note here that while our initial experiments investigated three

different conditions, all subsequent tumor samples should be processed and

assayed ex vivo. The reason for this was two-fold: we argued that this would

provide the most unperturbed view of the tumor system post-removal, and also

that this would be most amenable for the final experimental workflow that would

involve multiple assays.

The data from our initial single-cell cytolysis experiments, along with the later

experiments investigating the lowering the target cell background death rate are

integrated in Figure 6. It was observed that while blocking the plasma-treated

nanowell array with 100% FBS at 65°C managed to lower the background death

rate of the target MC38 cells to about 10%, the killing rate of the isolated CD8+ T

cells were still not much higher than the background death rate, making calling

for real killing events still lacking in confidence. Upon consultation with our
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collaborators at Merck, it was ultimately decided that the complications

associated with further optimizing this single-cell assay would adversely affect the

overall project timeline, and thus the single-cell cytolysis assay was dropped from

the suite of single-cell assays to be performed on the tumor-infiltrating immune

cells. Furthermore, it was argued that the single-cell cytolysis assay would not fit

realistically into a one-operator experimental workflow involving multiple other

single-cell assays being performed in parallel (microengraving and two rounds of

MuSIC) over the course of a day.

* Backgrc~nc
mK

AM

Processd ex vivo

Figure 6: Background death and killing rates for various tumor samples. The first 3 sets of bars correspond to
the 3 CD8+ T cell sub-samples derived from one initial tumor sample, investigated under ex vivo conditions,

with overnight recovery, or with T cell activation respectively. The latter 3 sets of bars correspond to 3
separate tumor samples received at a later date (tumor volume: B - >200mm 3 , S - <200 mm 3 ).

We now consider the optimization of MuSIC panels to perform

immunophenotyping on the tumor-infiltrating immune cells. The method of

optimizing and validating MuSIC panels has previously been described in Section

3.2.3, and the two relevant MuSIC panels (main and extended) along with their

matched microscope settings are shown in Table 3 and Table 4 respectively.
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3.3.2 Integration of assays into actual mouse study

Based on the initial pilot experiments outlined in the previous section, we

proposed an experimental pipeline for the tumors received as part of this study -

this pipeline is shown in Figure 7. A key consideration in the design of this pipeline

was its feasibility to be completed within a reasonable timeline (24 hours) by a

single experimenter. The process first involves tumor dissociation and the isolation

of CD45+ immune cells from the tumors to yield single immune cells for the

downstream assays. As outlined in Section 3.2.2, all tumors received were

dissociated via a combination of enzymatic and mechanical processes. Post-

dissociation, we found that it was necessary to pass the single-cell suspension

through a dead cell removal kit to remove any non-viable cells that would

interfere with the CD45+ isolation process (due to sticky DNA interfering with flow

through the isolation columns) and/or downstream assays.

Post-dissociation, the experimental workflow splits into two. Firstm

approximately 200,000 single CD45+ cells (200 pL of a cell suspension at 1,000,000

cells/mL) are loaded onto a pre-treated nanowell array. As described in Section

3.3.1, pre-treatment here refers to plasma treatment followed by immersion in

100% FBS for at least an hour at 65 °C. While this pre-treatment was investigated

in the context of maintaining cell viability of target cells in a potential single-cell

cytolysis assay, we found that it also maintained high viability rates in the loaded

tumor-infiltrating immune cells. Microengraving is performed on these loaded

cells for 4 hours using the microengraving panel in Table 5. After 4 hours, the

microengraving slide is removed and processed as outlined in Section 3.2.4. The

cells are then stained on-chip using the main MuSIC panel (Table 3) and imaged

to obtain immunophenotyping data. The microengraving data is run through

Crossword while the immunophenotyping data is run through Enumerator. Both

sets of data are then analyzed further and unified using Matchbox, as described

in Section 3.2.5.

72



A separate 200,000 single CD45+ cells are stained off-chip with the

extended MuSIC panel (Table 3). Post-staining, the cells are loaded onto a

separate pre-treated nanowell array and imaged to obtain a second set of

immunophenotyping data. This data is also run through Enumerator and analyzed

further using Matchbox. It is important to note here that while running a second

MuSIC panel can provide us more information on the immunophenotypic

characteristics of the cells within the tumor, this data cannot be matched with

the previously obtained microengraving and main MuSIC immunophenotypic

data.

Before moving on to discussing the results of the study, there are a few

subtleties in the proposed experimental pipeline that need to be addressed. First,

for several tumors received assigned to the "Small" category, the number of single

CD45+ cells that were isolated was less than the 400,000 needed for both the main

and extended MuSIC panels. For these samples, the solution was to split the

available number of cells equally across the two immunophenotyping panels.

Second, the setting the CD45 and SYTOX gates to define the live CD45+

immune cell population during Matchbox analysis was aided with MuSIC

information obtained by processing matched/historical spleens through the same

experimental workflow. This also aided in the setting of gates for other surface

markers in the panel, but these gates were ultimately not used as part of the final

unsupervised data anlaysis pipeline. It must also be mentioned that while PD-1 is

present as a surface marker in both MuSIC panels, it was ultimately censored from

both immunophenotyping data sets due to data later in the study from our

collaborators at Merck that suggested that PD-1 staining was being affected by

prior treatment with muDX400.
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Third, while our collaborators at Merck were running a large mouse cohort

to supply tumors for our single-cell assays as described in Section 3.2.1, a matched

cohort of mice was run simultaneously to provide information on the efficacy of

muDX400 treatment. Briefly, we wanted to generate data that showed definitively

that large tumors tended not to respond to muDX400 while small tumors did. This

would allow us to confidently use the initial tumor volume as a proxy/predictor for

eventual response to anti-PD-1 immunotherapy. Here, separate "small" and

"large" sub-cohorts were treated with either the isotype control or muDX400 for

21 days (with muDX400 administration on Days 0, 4, 8, and 12). The tumor sizes for

this efficacy cohort (n=10 for each of the four categories: SI, ST, LI, and LT -

categories are defined in Section 3.2.1) were tracked over this duration, with mice

harboring tumors exceeding 2000mm3 being sacrificed. It was observed that

small tumors tended to respond to anti-PD-1 treatment, showing no tumor growth.

On the other hand, large tumors tended not to respond, with tumors growing

larger over this duration. These growth curves are shown in Error! Reference source

not found.. Based on this observation, we concluded that different initial tumor

volumes in this mouse system could be confidently used as a proxy for differential

response to anti-PD-1 immunotherapy.

Tumor measurement details for the 24 tumors (4 for each of the 6

categories) are included in Appendix 1.
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Figure 7: Experimental pipeline for the Merck mouse study.
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We now turn our attention to the single-cell data obtained from performing

microengraving and MuSIC on the received tumors. For this cohort of mice, it was

found that when the validated microengraving panel (Table 5) was applied, the

numbers of secretion events for all cytokines were less than 10 for all channels

except IL-]0, after filtering for single-cell well occupancies. While there were a lot

of IL-10 secretion events, we discovered later in the study that IL-i0 was not linked

to any one cell subpopulation or category of tumor but dominated secretory

behavior across all tumor samples. We initially hypothesized that IL-10 might be

being released from tissues during the dissociation step, but when we considered

matched spleen samples processed identically, no IL-10 secretion was detected.

We then posited that IL-10 might be being secreted by cells of unknown identity

(possibly by cancer cells and not by the immune cells being assayed) at such high

levels, resulting in non-specific IL-10 binding to the immune cells being assayed.

These may result in false IL-10 "secretion" events detected during microengraving

and subsequent analysis. We did not investigate this hypothesis further as it was

not immediately relevant to the overarching project goals, but it remains

unanswered as to whether or not IL-10 plays a key signaling role in this tumor

model.

Ultimately, IL-10 secretion events could not be confidently established to be

true secretion events, and had to be censored from our microengraving data sets,

leaving us with too few secretion events in the other cytokines to make

meaningful statistical comparisons across tumor categories (negative data not

shown). Because no meaningful comparisons could be made between

categories with the microengraving data, we elected to focus our efforts on

analyzing the MuSIC data. We conclude this discussion on the microengraving

data by arguing that assaying for single-cell secretion might be better

approached by using single-cell transcriptomics as a proxy, as we shall explore in

the next chapter.



To analyze the large immunophenotyping data sets generated by running

MuSIC on the tumor-infiltrating immune cells, we sought to find an unsupervised

method to classify the cells into phenotypic subpopulations. We have previously

argued that prior methods based on FACS and immunohistochemistry rely too

heavily on prior knowledge of surface marker expression on cells of interest, and

do not lend themselves well to the discovery of novel subpopulations. In this

context, we developed a data analysis pipeline to classify the cells using a

method called Automatic Classification of Cellular Expression by Non-linear

Stochastic Embedding (ACCENSE) (Shekhar et al. 2014). The inputs into ACCENSE

are the compensated fluorescence intensities in every channel imaged for each

single cell being assayed - this data is encapsulated in the CellIntensities file

output from Matchbox. This data analysis pipeline is shown in Figure 9.

We first briefly describe the algorithm employed by ACCENSE to classify

cells into phenotypic subpopulations in an unsupervised manner. First, the cell

intensities corresponding to each surface marker in the CellIntensities data

structure is normalized (zero mean and unit variance) to remove any differences

in scale across the fluorescences in different channels. ACCENSE then employs

the t-distributed Stochastic Neighbor Embedding (t-SNE) algorithm to perform a

non-linear dimensional reduction on the high-dimensional normalized cytometry

data and embed it onto a two-dimensional map (Maaten & Hinton 2008). The t-

SNE algorith ensures that cells that are similar to each other in the higher-

dimensional plane are embedded close to each other in the final two-

dimensional map. Due to the way t-SNE operates however, it is not equally true

that points located far apart on the final two-dimensional map are extremely

dissimilar. Thus, it is possible that cells that are similar to each other, but in relative

terms, not as similar as other cells being considered, may be placed far apart on

the two-dimensional map. This is because of the loss in information as we move

from a high-dimensional space to a lower one: t-SNE favors local similarities and
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does not capture global similarities. In performing the embedding, t-SNE requires

the "perplexity" parameter, which is roughly equivalent to the number of

neigboring cells used to determine the relative position of each cell in the final

two-dimensional map. In our run, we set the perplexity to 30; it was found that the

results were qualitatively insensitive to perplexities within the recommended range

of 20-40.

In running ACCENSE on our samples, the CellIntensities files for all tumor

samples received across every category were pooled and then fed into the

ACCENSE algorithm as a single run to attenuate sample-to-sample noise and to

allow for downstream cluster comparisons across samples. Across all these

CellIntensities files, dimensional reduction was performed based on all the

markers in each panel except CD45, SYTOX (both pre-gated), and PD-1 (due to

aforementioned muDX400 interference with PD-1 staining). To be clear, two

separate ACCENSE runs were performed, one for the CellIntensities files

corresponding to the main MuSIC panel, and another for the CellIntensities files

corresponding to the extended MuSIC panel.

Post t-SNE, phenotypic clusters within the two-dimensional embedding

were identified using the iterative k-means clustering algorithm. This algorithm

initiates by considering all cells in the embedding as part of a single large cluster

with the center evaluated using the k-means algorithm with k=1. An Anderson-

Darling test is then performed to test the null hypothesis that a one-dimensional

projection of the cells within the one cluster could arise from a single normal

distribution. If the null hypothesis is rejected at a significance level of 10-4, the

cluster is split into two, with the centers reevaluated on the two-dimensional

embedding using the k-means algorithm with k=2. The Anderson-Darling test is

repeated on both these clusters to determine further splits of each cluster. This
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process is repeated until the null hypothesis is not rejected for any of the clusters

called (Shekhar et al. 2014).
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When the iterative k-means algorithm was applied on our post-t-SNE data

however, it resulted in about 500 separate clusters for each panel. This large

number of clusters was no amenable to multiple comparisons, and was likely due

to the large amount of single-cell data input into ACCENSE in a single run,

contributing to an increase in subtle batch-induced differences and microscope

fluctuations over the course of the study. To reduce the number of clusters, we

proposed collapsing these ACCENSE-called clusters by performing another round

of hierarchical clustering on the ACCENSE cluster signatures (defined here as the

mean fluorescence intensity of each marker for cells within a given cluster) and

lumping together clusters below a specified threshold dendrogram linkage

distance. This would also have the added advantage of further "smearing" out

the aforementioned subtle inter-sample noise. We investigated a range of

collapse thresholds and found that 0.1 of the maximum observed linkage

distance was a suitable cutoff for this collapse. We collapsed the ACCENSE

clusters using this method for both panels and redefined new signatures for these

"superclusters". With this method, we reduced the number of total clusters to 37

for the main panel, and 58 for the extended panel. These reduced numbers of

clusters made inter-category comparisons more manageable.

With these superclusters in hand, we proceeded to perform relevant

statistical comparisons across relevant categories. Here, we performed 4

comparisons to address the two proposed hypotheses: SB vs. LB and ST vs. LT (there

exist specific cell subpopulations in small tumors that may account for the positive

response to anti-PD-1 immunotherapy), and SI vs. ST and LI vs. LT (specific cell

subpopulations are enriched upon treatment, and identifying these may provide

a guide for future design of combination immunotherapies. These comparisons

are displayed on the following pages.
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Figure 10: Main MuSIC panel: SB vs. LB - significantly different superclusters (adjusted p-values from multiple
t-tests, FDR = 1%).
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Figure 11: Main MuSIC panel: ST vs. LT - significantly different superclusters (adjusted p-values from multiple
t-tests, FDR = 1%).
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Figure 13: Main MuSIC panel: LI vs. LT - significantly different superclusters (adjusted p-values from multiple
t-tests, FDR = 1%).
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Figure 15: Extended MuSIC panel: ST vs. LT - significantly different superclusters (adjusted p-values from
multiple t-tests, FDR = 1%).
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Before discussing the figures on the preceding pages, we first discuss how

the data is displayed across them. For all the figures, only superclusters that are

significant different frequency-wise between the two categories being

considered are shown. The superclusters that are enriched in the latter category

are shown on the top row whole those enriched in the former category are shown

on the bottom row. All frequency comparisons were performed using multiple t-

tests (FDR = ]%), and adjusted p-values are shown inset on the frequency scatter

plots. Each significant supercluster is assigned a different color and is shown

overlaid on the ACCENSE two-dimensional embedding plot. This also provides

some confidence that the collapsed superclusters consist of similar cells as it can

be seen that almost all of these superclusters consist closely-grouped ACCENSE-

called clusters. There are a few exceptions however, but these can be explained

by ACCENSE not being able to entirely translate high-dimensional similarity down

to two-dimensional space. Finally, violin plots showing the range of intensities for

each marker in the panel are shown in black. Accompanying these black violin

plots are grey violin plots, which show the intensity ranges for randomly-selected

cells manually gated as being negative for each marker.

We first discuss the main panel comparisons. The SB vs. LB main panel

comparison (Figure 10) did not yield any actionable superclusters: all of the

significantly different superclusters were non-T cell superclusters. The ST vs. LT main

panel comparison (Figure 11) showed that LT samples were enriched with CD8+ T

cells with similar repertoires of immunomodulatory receptors (GITR, CD44, LAG-3),

varying mainly in expression level. Interestingly, a specific CD8+ T cell

subpopulation with high CD3, CD8, LAG-3, CD44, and GITR expression was

enriched in ST vs. LT tumors. We hypothesize that anti-PD-1 immunotherapy in SB

tumors might result in a re-activation of anti-tumor CD8+ T cells characterized by

heightened expression levels of various activation markers. We also observed the

presence of two CD4+ T cell subpopulations in ST vs. LT tumors: one in particular is
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characterized by strong TIGIT, CD44, and CD137 expression. The SI vs. ST main

panel comparison (Figure 12) again showed an enrichment of CD8+ T cells with

anti-PD-1 administration. Various CD4+ T cell subpopulations decrease upon anti-

PD-1 administration; in the absence of more information, these were hypothesized

to be immunosuppresive CD4+ T cells. Finally, the LI vs. LT main panel comparison

(Figure 13) shows an enrichment of CD8+ T cells upon treatment. It might be that

anti-PD-1 is inducing a re-activation process of CD8+ T cells, but this re-activation

is less potent than that in ST tumors, resulting in poor response (due to drug

transport through denser tissue or a generally more immunosuppresive

environment to overcome, as two possible examples).

We now turn our attention to the extended panel comparisons. The SB vs.

LB extended panel comparison (Figure 14) suggests that SB tumors contain a

subpopulation of CD11c+ cells. We posit that these might be a specific dendritic

cell subpopulation - the literature has reported the existence of a CD1c+CD1Ib-

MHClineg/io plasmacytoid dendritic cell subpopulation that is able to infiltrate

tissues and then eventually function as APCs. The ST vs. LT extended panel

comparison (Figure 15) suggests that there may exist subpopulations of functional

B cells (light brown, light green, navy blue subpopulations) in ST vs. LT tumors. This

is particularly interesting as there is not much known about the role of B cells in

tumor immunology. The light brown and navy blue subpopulations are different

flavors of B cells with varying levels of MHCII, CD11b, CD1Ic, F4/80, and PD-L1

markers. The light green subpopulation, interestingly, seems to be a plasma cell

subpopulation characterized by lowered expression of CD19, MHCII, CD1Ib and

CD1Ib, but increased expression of Ly6C. This observation has not been widely

reported in the literature. We again see the hypothesized plasmacytoid dendritic

cell subpopulation in the SI vs. ST extended panel comparison (Figure 16), showing

a marked decrease with treatment. This subpopulation might not be present in ST

tumors, being represented instead by other dendritic cell subpopulations. Finally,
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the LI vs. LT extended panel comparison (Figure 17) suggests a decrease of

several CD11b-expressing cells with treatment. Two of these (light blue, light

brown) co-express F4/80 and are likely macrophage subpopulations. It remains

unclear what the identity of the other subpopulations are due to a lack of

expression in the surface markers being measured.

In summary, our comparisons seem to suggest that anti-PD-1 results in the

enrichment of re-activated CD8+ T cells, characterized by co-expression of LAG-

3, GITR, and CD44. In small tumors, anti-PD-1 is able to execute its function more

effectively, resulting in a more potent anti-tumor effect and an observed positive

response, whereas in larger tumors, it is possible that this effect is stymied by a

more immunosuppressive microenvironment paired with a denser tumor

vasculature that inhibits drug penetration. We also observed several different

flavors of CD4+ T cells: some of these seem to be immunosuppresive and

depleted with treatment, but at least one co-expressing TIGIT, CD44, and CD137

(more abundant in ST vs. LT tumors) seems to correlate with anti-tumor activity.

The most interesting observation for the extended panel data seem to be the

possible anti-tumor function of B cells (and downstream plasma cells) in response

to anti-PD-1 administration, as well as the presence of possible plasmacytoid

dendritic cell subpopulations that may function as key APCs in the initial stages of

the disease.
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To solidify our observations, we sought to apply a different analytical

method on our data. To this end, we fed our immunophenotyping data throught

the Phenograph algorithm devised by the Pe'ers Lab (Levine et al. 2015). Briefly,

the algorithm envisions each single cell as a node, and utilizes a k-nearest

neighbor method to construct a node-relationship graph. Based on the density of

relationships with its surrounding nodes/cells, each cell is then classified into

relevant clusters. Interestingly, this method reportedly decreases the detection of

batch-related noise due to sample pooling. Separate node-relationship graphs

are initially constructed for each individual sample to identify sample-specific

clusters. To then allow for cross-sample comparisons as we have previously done,

a second-stage node-relationship graph is constructed across all previously

called sample clusters. These identifies "metaclusters", which are analogous to

the "superclusters" we identified with our previous ACCENSE-based method. We

re-analyzed our data using this Phenograph algorithm, and the results are shown

in Figure 18 and Figure 19.

In both figures, a t-SNE plot located in the top left shows the Phenograph-

called clusters across all samples. Each cluster is represented by its centroid, with

the area of the circle indicating its relative size and the color of the circle

indicating its tumor category. We observe that in general there are no obvious

group of clusters that only show up in one sample category. The bar chart and

proportional bar chart both located bottom left are quantitative recastings of the

data shown in the t-SNE plot. The left panel shows the proportion of cells in each

metacluster that can be attributed to each sample category. On the other hand,

the right panel shows the proportion of cells in each sample that were assigned

to each of the metaclusters. On the right, we show, for each metacluster, the

black violin plots indicating the range of fluorescence intensities associated with

each marker. Also included are grey violin plots indicating the range of intensities

for each marker in randomly-sampled cells manually gated as being negative for
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each marker. Finally, we include scatter plots showing the frequencies of every

given metacluster across the 6 sample categories (here, * indicates significance;

multiple t-tests, FDR = 1%).

We notice similar trends as with the ACCENSE method: metacluster 2 in

Error! Reference source not found. is a CD44+ GITR+ CD8+ T cell subpopulation

hat tends to increase with anti-PD-1 treatment. In Error! Reference source not

found., metaclusters 6 and 13 seem to respectively correspond to the purported

plasma cell and B cell ACCENSE superclusters (we note that CD19 fluorescence

levels are low for both under the Phenograph visualization).
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It is clear that although our immunophenotypic analyses have revealed

some interesting changes in unexpected cell subpopulations that correlate with

tumor size and with anti-PD-1 treatment, we are still limited by the number of

markers when attempting to identify the subpopulations involved. This is evident

when we peruse some of the violin plots associated with significant ACCENSE

superclusters: no expression of any of the surface markers being measured for is

observed for certain superclusters, making identification of the cell subpopulation

impossible. We therefore turned our attention to Seq-Well, a single-cell

transcriptomic method that allows us perform a similar form of data mining and

exploration, but on thousands of genes instead of just on the order of ten surface

markers. Since Seq-Well is a transcriptomic method, we also hoped that it would

allow us to definitively call certain immune cell subsets that can only be properly

defined by the presence of specific transcription factors rather than by surface

marker expression, for example regulatory T cells.
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4. Single-cell transcriptomic analysis of tumor-
infiltrating immune cells from mice responding to
anti-PD-1 immunotherapy

4.1 Background

The experimental and data analysis pipelines developed and applied in

the previous chapter have given provided us a logical modular method of

studying the immunophenotypic heterogeneity of tumor-infiltrating immune cells.

In this context, the nanowell platform-based assays are able to deal with samples

with extremely limited numbers of cells, while the unsupervised data analysis

methods proposed allow us to cast a wider net when discovering potentially

novel immune cell subpopulations in the context of a given disease. By applying

these techniques, we have shown that there exist distinct subpopulations of CD8+

T cells that appear with anti-PD-1 immunotherapy. We have also observed a

decrease in subpopulations of CD4+ T cells harboring various combinations of

immunomodulatory receptors upon treatment, along with an increase in a

purported B cell subpopulation in small, treated tumors (statistically likelier to be

full responders to anti-PD-1 immunotherapy).

While MuSIC is simple to execute and allows us to evaluate the single-cell

expression of a considerably large number of surface markers simultaneously, an

even higher resolution view can be achieved by approaching the problem from

a single-cell genomics perspective. With sequencing, the limits on fluorescent

channels that are able to be simultaneously measured with minimal spillover are

lifted, along with the possibility of erroneous interpretations of data due to

potential steric effects during cell staining (De Vita et al. 2015). Furthermore, with

sequencing, we are no longer limited to evaluating expressed surface proteins,

but are also provided with a view into the inner genetic and transcriptional state

of the single cells at play. For example, certain cell subpopulations such as
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regulatory T cells are best identified via the expression of the transcription factor

Foxp3, rather than via immunophenotyping for CD4 and high CD25 expression.

Here, the CD25 marker is also expressed by effector CD4+ T cells, making it difficult

to specifically discern regulatory T cells solely based on surface marker expression

(Curiel 2007).

In recent years, the single-cell genomics space has emerged as a

burgeoning field, with sequencing costs decreasing exponentially and new

strategies being developed in the space to better identify the cellular and

molecular drivers of various biological phenomena. Much like the multi-

parameter methods for single-cell immunophenotyping we have previously

explored, patterns of expression in genome-wide mRNA expression can be

determined using single-cell RNA sequencing (scRNA-seq), and then analyzed to

uncover distinct cell transcriptional states within a tissue, and in the context of a

disease of interest. Typically, scRNA-Seq techniques involve the initial isolation and

lysis of individual cells, followed by the independent reverse transcription and

amplification of their mRNAs. Barcoded libraries of these transcriptomes are then

generated and pooled before being loaded onto a sequencer. Here, the initial

isolation of single cells can be performed using methods such as manual cell

picking, flow sorting or integrated microfluidic circuits, but these methods are

difficult to perform at scale due to the costs, time, and labor required. In addition

to this, because the downstream reverse transcription and amplification steps are

performed independently for each single cell, there is typically a considerable

degree of technical and intrinsic noise when comparing the transcriptomes of

these single cells (Gierahn et al. 2017).

To circumvent these problems, we employed Seq-Well to perform scRNA-

Seq on tumor-infiltrating immune cells isolated from mice exhibiting differential

responses to anti-PD-1 immunotherapy. Briefly, Seq-Well utilizes the nanowell array
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as a method of co-confining single cells and barcoded mRNA capture beads.

Once co-loading is achieved, a semi-permeable membrane is attached to seal

the nanowell array. This semi-permeable membrane prevents biological

macromolecules from escaping the nanowells but allows for the buffer

exchanges required during cell lysis and mRNA hybridization - this results in

efficient transcript capture and reduced cross-contamination across single cells.

Once transcripts are captured on the beads, the membrane is physically

removed and the beads are removed from the nanowell array. Reverse

transcription is performed on the bead-bound mRNA to generate Single-cell

Transcriptomes Attached to Microparticles (STAMPs). Amplification can then be

performed on these STAMPs to generate more cDNA for downstream library

construction and subsequent sequencing. Because the mRNA capture beads are

barcoded and loading is optimized for single cell-single bead co-confinement,

the sequencing data can be deconvolved to identify the cellular source of each

captured transcript (Gierahn et al. 2017).

While Seq-Well is able to reduce the amount of technical and intrinsic

variability between single-cell libraries to some degree (due to ensemble

processing during the reverse transcription and amplification steps), the single-

cell RNA-Seq data outputted still poses unique challenges for data analysis. In this

context, while scRNA-Seq data is structurally identical to that obtained from bulk

sequencing data, the relatively low amounts of input material involved and the

inherently higher resolution result in sparse data sets characterized by an

abundance of zeros and complex expression distributions (Bacher & Kendziorski

2016). The field of scRNA-Seq data analysis is still an active area of research, and

there is no consensus as to what, or even whether or not, an optimal data analysis

pipeline exists that is applicable across widely different kinds of data sets.
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Research into the field of scRNA-Seq data analysis can be divided into

three main focus areas. The first of these is imputation, which aims to combat the

abundance of "dropout" events (zeroes) in the scRNA-Seq data structure. Several

methods have been proposed to deal with this phenomenon, including Markov

Affinity-based Graph Imputation of Cells (MAGIC) (van Dijk et al. 2017) and false-

negative rate estimation based on the dropout rates of pre-defined

housekeeping genes (DeTomaso & Yosef 2016). The second area of focus is

normalization, a critical step in the data analysis pipeline that aims to adjust for

any undesirable biological and technical variability that may confound

downstream data interpretation. Many methods have been proposed for the

proper normalization of scRNA-Seq data, most of which are based on existing

methods previously developed for the normalization of bulk RNA-Seq data. Some

of these methods include normalization by library size, global-scaling

normalization, upper quartile (UQ) normalization, trimmed mean of M-values

(TMM) normalization, DESeq, and Remove Unwanted Variation (RUV) (Risso et al.

2014; Vallejos et al. 2016; Bacher & Kendziorski 2016; Ding et al. 2017). The third

area of focus is data visualization and sub-population identification based on the

pre-processed gene expression data. These include methods such as principal

components analysis (PCA), ISOMap, multidimensional scaling (MDS), and t-

distributed stochastic neighbor embedding (t-SNE) (DeTomaso & Yosef 2016).

Again, due to there being no clear consensus as what the optimal data

analysis pipeline should be for any one given scRNA-Seq data set, one approach

would be to consider all possible normalization methods, which may or may not

include imputation. The optimality of the different normalization methods can

then be evaluated using pre-defined metrics that reflect, amongst other things,

how well they preserve single-cell heterogeneity and biological differences

between samples while removing unwanted expression and alignment artifacts.

This framework for assessing the efficacy of various normalization methods prior to
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determining the optimal one has been set up as an R Bioconductor package

called Single-Cell Overview of Normalized Expression (SCONE) (Risso & Cole 2017).

Similarly, we can approach the problem of visualization and sub-population

identification from the processed scRNA-Seq data by considering a variety of 2D

projection methods, and looking for gene signatures that are consistently

identified as being significantly enriched across these different methods. Again,

this framework has been set up as a Python-based tool called FastProject

(DeTomaso & Yosef 2016). By using tools such as these that allow us to consider all

options, we argue that it is possible to determine a bespoke data analysis pipeline

for any given biological system being considered, one that will highlight the

inherent features of the data in the best possible way.

With that said, this chapter will explore the use of the scRNA-Seq

experimental technique Seq-Well to investigate the problem of differential

responses towards anti-PD-1 therapy in mice, a transcriptomics-based extension

of the biological problem put forward in the previous chapter. The scRNA-Seq

data that results from sequencing the transcriptomes of CD45+ tumor-infiltrating

immune cells will be fed into the data analysis tools such the Seurat pipeline

(Macosko et al. 2015), as well as the aforementioned packages SCONE and

FastProject in order to determine key transcriptomic differences between the

different tumor categories. We will see that scRNA-Seq can provide us a different

perspective and a higher resolution view into the cell subpopulations that seem

to correlate with response towards anti-PD-1 immunotherapy.
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4.2 Materials & Methods

4.2.1 Seq-Well

Tumor Isolate cells Attach semi-permeable membrane

Co-load with
Dissociate beads

Hybridize RNA Generate STAMPs Sequence libraries

Lyse cells Perform RT PCR&p
library prep. ___ _____

U cell
UMIbarcode

Figure 20: Schematic of Seq-Well experimental workflow.

Tumors from Merck were received from Merck as part of the same mouse

model described in Section 3.2.1. Tumors were dissociated and CD45+ immune

cells were isolated according to the protocol outlined in Section 3.2.2. Full mouse

tumor details are provided in Appendix II. We note here that the LB, LI, and LT

tumors used in the Seq-Well study are different from those used in the MuSIC study.

Specifically, the matched efficacy study for these tumors indicated that for this

cohort, there was a bifurcation in response in the LT tumors, a phenomenon that

was not expected. This bifurcation in response was the reason for repeating the

large tumor cohort (giving rise to the tumors 61-84 used in the MuSIC study) - the

repeat cohort had better matched cohort efficacy curves. Tumors from this

repeat cohort were also collected for the Seq-Well study, but due to time

constraints, the sequencing results have not been returned. As a result, we will

show our results for the old cohort, with the understanding that there exists a
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bifurcation in response in the LT tumors, and that this data will be revisited in the

future and compared against data obtained from the repeat large tumor cohort.

The Seq-Well protocol shown in Figure 20 and described briefly in this section

is based on a previously published paper by Gierahn et al. (Gierahn et al. 2017).

Prior to performing Seq-Well, functionalized nanowell arrays are prepared that

enable the later attachment of a semi-permeable membrane to allow for buffer

diffusion without the loss of the biological macromolecules contained within the

nanowells. Upon functionalization, the surface of the nanowell array comprises of

an amino-silane base crosslinked to a bi-functional poly(glutamate)-chitosan top

via a p-phenylene diisothiocyanate intermediate. The poly(glutamate) coating

the inner surface of the nanowells prevents any non-specific binding of mRNAs

upon cell lysis, while the chitosan on the top surface of the nanowell area allows

for effective sealing against the semi-permeable membrane (Gierahn et al. 2017).

During a Seq-Well experiment, barcoded oligo-dT beads (Chemgenes) as

used in Drop-Seq (Macosko et al. 2015) are first loaded onto a functionalized

nanowell array. These beads are allowed to settle for 5 minutes by gravity, and

due to their size (30 pm), each nanowell can accommodate only one bead. After

bead loading, the CD45+ immune cells are loaded by pipetting up to 20,000 cells

(200 pL of a cell suspension at 100,000 cells/mL) onto the nanowell device. Here,

it is important not to overload the nanowell array as we want to minimize the

probability of multiple cells being co-confined with a single bead - these events

will be filtered out due to an inability to distinguish the cellular source of captured

transcripts.

After co-confining the barcoded oligo-dT beads and the CD45+ immune

cells, a plasma-treated semi-permeable polycarbonate membrane (10 nm pore

size, Sterlitech) is attached to the surface of the nanowell array. As previously
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mentioned, this semi-permeable membrane functions to allow for downstream

buffer exchanges while preventing the contents of the nanowells (currently cells

and beads but ultimately large biomacromolecules) from diffusing out into the

bulk solution. After the initial attachment of the membrane, a glass slide is applied

to the top surface of the nanowell device and the entire sandwich is clamped

within a hybridization clamp (Agilent), in a process similar to microengraving. The

clamp and its contents are transferred to a 37°C incubator for 30 minutes to allow

the membrane to tightly seal against the nanowell device.

After the membrane attachment step is complete, the sandwich is

removed from the hybridization clamp and the glass slide is floated off in lysis

buffer (5 M guanidine thiocyanate, 1% 2-mercaptoethanol (BME), 0.1% sarkosyl, 1

mM EDTA). After the glass slide is removed, the nanowell array is transferred to a

4-well dish and allowed to rock for 15 minutes immersed in lysis buffer. This step

lyses the cells contained within the nanowell array and releases the mRNAs into

the nanowells. These transcripts are prevented from escaping into the bulk

solution by the attached membrane.

Post-lysis, the transcripts are captured by the poly-dT oligonucleotides on

the co-confined beads in a hybridization step. This step involves a buffer

exchange to hybridization buffer (2 M sodium chloride, 20 mM Tris, 0.5% Tween-20,

pH adjusted to 8.0), followed by rocking for 30 minutes. Following hybridization,

the membrane is removed from the nanowell array and the beads are released

from the nanowells by centrifugation. Bulk reverse transcription, PCR amplification,

library preparation and paired-end sequencing is then performed, using methods

that have previously been established (Gierahn et al. 2017).

For our study, we had triplicate samples for each category for a total of 18

samples to be sequenced. In a compromise between sequencing cost and
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sequencing batch error reduction, the sequencing of these 18 samples were

done in 3 separate sequencing runs. In each sequencing run, we sequenced a

pool of 6 samples corresponding to the 6 categories: SB, SI, ST, LB, LI, and LT.

Samples within the same pool were tagged with different Nextera N700 indices to

enable downstream demultiplexing.

4.2.2 Post-sequencing data processing

All reads obtained were aligned as has been described previously in the

literature (Macosko et al. 2015; Gierahn et al. 2017). Briefly, for each sequencing

run containing pools of 6 distinct samples, the raw data was first converted to

FASTQ files using the bc12fastq2 Conversion Software v2.18 (Illumina). These were

then demultiplexed according to the Nextera N700 indices corresponding to the

individual samples forming part of the pool. The reads were then aligned against

the mm1O mouse genome (available from http://genome.ucsc.edu/cgi-

bin/hqGateway?db=mml1) using the Spliced Transcripts Alignment to a

Reference (STAR) software (Dobin et al. 2013), and individual reads were tagged

according to the 12-bp cell barcode sequence and the 8-bp unique molecular

identifier (UMI) contained in read 1 of each fragment. Post-alignment, all reads

were binned and collapsed onto the 12-bp cell barcodes (corresponding to

distinct individual beads) using Drop-Seq tools (Macosko et al. 2015). These

barcodes were further collapsed with a single-base error tolerance (Hamming

distance of 1), with additional provisions for single insertions and deletions. The

UMIs were collapsed using a similar scheme (Hamming distance of 1), yielding

quantitative counts of individual mRNA molecules. Finally, digital gene expression

(dge) matrices were obtained by collapsing the filtered and mapped reads for

each gene by the 8-bp UMI sequences within each cell barcode.
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4.3 Results & Discussion

4.3.1 Seurat analysis

As a first pass we first sought to analyze and explore the scRNA-Seq data

with the Seurat R package (Macosko et al. 2015). The dge files were first filtered

to remove cells and genes of "low quality". In this context, only cells expressing

more than 500 detected genes and 10,000 aligned reads were retained in the

data set. In addition to this, only genes present in more than 1% of the total cells

(with the exception of specific cytokine-related genes that were maintained

regardless of cell representation) were retained. After this filtering process, the

UMI-collapsed gene expression values for each cell were normalized: this involved

scaling by the total expression and multiplying by 10,000 prior to log-

transformation.

The standard Seurat pipeline was then followed to identify variable genes

across the single cells, and to perform linear dimensional reduction (using

principal components analysis and the Jackstraw algorithm to determine

statistically significant principal components). After dimensional reduction, the

cells were clustered using the inbuilt Phenograph-based method (Samusik et al.

2016), and the data was visualized using a t-SNE-based two-dimensional

embedding. This is shown in Figure 21.

In Figure 21, the two upper t-SNE plots show the embedding of the single-

cell data (represented by dots) in two-dimensional space. On the left, the single

cells are colored according to their tumor category. On the right, the single-cells

are colored according to their cluster assignment, as determined using the

aforementioned Phenograph-based cluster calling algorithm. We highlight

Cluster 0 which is enriched in ST and LT tumors (i.e., upon anti-PD-1

immunotherapy), and show below versions of the t-SNE plot with the single-cells

colored according to the expression levels of specific single genes associated:
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CD3G, CD3D, CD3E, CD8B1, CD8A,TRBC2,TNFRSF18 (GITR). We chose to highlight

these genes as they suggest that Cluster 0 consists of CD8+ T cells expressing GITR,

in line with what was suggested by our immunophenotyping data in the previous

chapter (see Figure 16 and Figure 17 in Section 3.3.2).

When we perused the top defining genes present in the other clusters

however, it was not immediately clear what these cell subpopulations were. Many

of these clusters were dominated by ribosomal protein expression and

housekeeping genes (see Appendix IV). At this point, we wondered whether there

were better methods to properly determine the identity of these called cluster

instead of manually perusing single genes within these called clusters. We were

also wanted to investigate whether or not the normalization method used as part

of the Seurat pipeline was the optimal method for our data, as well as whether or

not there were other visualization methods that would be able to highlight key

features within our data. To address both issues of normalization and visualization

of the data, we decided to investigate the use of the Single-Cell Overview of

Normalized Expression (SCONE) package (Risso & Cole 2017) followed by the

FastProject software (DeTomaso & Yosef 2016).
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4.3.2 SCONE & FastProject analysis

The Single-Cell Overview of Normalized Expression (SCONE) package has

previously been described (Risso et al. 2014; Risso & Cole 2017). The creators of

SCONE argue that the wide variety of scRNA-Seq experiments and study designs

make it such that it is unrealistic to expect to find a common data analysis pipeline

that will be readily applicable across all these separate studies. In this context,

data normalization and scaling is an essential step of the data analysis process

that may affect downstream processing of the data if not performed in an

optimal way. Here, a wide range of different data normalization and scaling

methods have been suggested for use in transforming scRNA-Seq data (Vallejos

et al. 2016; Conesa et al. 2016; Vallejos et al. 2017; Ding et al. 2017) but there is still

no consensus as to which normalization method is the best. Again, we put forward

the argument that there might not be one best normalization method across all

scRNA-Seq data sets, and the best normalization pipeline will likely depend

heavily on the specific data set being considered.

With that said, the SCONE R package provides us a framework for testing

out various typical normalization workflows on our data. For each normalization

strategy, SCONE assesses the efficacy of the transformation using metrics that are

able to quantify, amongst other things, how well single-cell heterogeneity is being

preserved, and how well expression and alignment artifacts are being removed.

Based on these metrics, SCONE is able to quantitatively recommend the most

suitable normalization method for the data set being considered and export it for

downstream analysis (Risso et al. 2014; Risso & Cole 2017).

We used the SCONE package to determine the optimal normalization

method for our unified scRNA-Seq data set. Prior to the testing of various

normalization methods, the data was pre-filtered as was performed prior to the
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Seurat pipeline. Here, however, "low quality" data was cut based on adaptive

thresholds for alignment percentage, transcriptome breadth, the area under the

curve for predicted false negative rate logistic regression curves. In addition to

this, cells containing less than 10,000 reads were cut, along with genes that were

not highly expressed (the total number of reads across all cells for a retained gene

had to exceed a 20% of the number of cells being considered).

According to the SCONE output, full quantile normalization was the best

normalization strategy for our data set. For comparison, library size normalization,

which was previously used in the Seurat pipeline, was ranked third in optimality.

Briefly, full quantile normalization involves scaling the expression values for each

single-cell library such that their distributions are identical in terms of statistical

properties. This scaling was implemented in SCONE, and the full quantile

normalized data set was exported for downstream analysis with FastProject.

FastProject is a software that accepts a suitably-normalized gene

expression matrix as an input and processes the scRNA-Seq data using a variety

of two-dimensional projection methods: principal components analysis, t-SNE,

multidimensional scaling, to name three. For each of these projection methods,

the embedded single cells are scored according to annotated gene sets

("signatures") so that features in all these projections can be understood in the

context of real biological functions. FastProject then ranks the signature-

projection pairings according to how consistently embedded single cells with

similar signature scores cluster together for a given projection. All this information

is output in a dynamic graphics user interface that can be manipulated quickly

to identify any meaningful biological associations (DeTomaso & Yosef 2016).

Using FastProject, we filtered for variable genes using the in-built Fano filter

(maintaining genes with a high variance to mean ratio). We then asked which of
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the gene signature-projection pairs were significant in terms of consistency (recall

that "consistency" here is defined as how closely single cells with similar signature

scores cluster together for a given projection). We isolated gene signatures that

showed up as being significant for at least one signature-projection pairing

(threshold p-value 0.05, adjusted for multiple testing with a Bonferroni correction).

We next asked how these significant gene signatures correlated with each other,

and whether or not we could define certain clusters of co-expressed gene

signatures that would define specific cell subpopulations. To answer this question,

we took the normalized single-cell expression data for each significant gene

signature and treated the data as independent observations. We then

calculated the Spearman correlation between each unique pair-wise

combination of gene signatures and displayed the correlation values in a heat

map. An example of this for LB tumors is shown in Figure 22.

From the signature correlation heat maps, we observed patterns of co-

expressed gene signatures that corresponded to subpopulations of immune cells.

We noted that there existed clusters of gene signatures that harbored cancer-

related gene signatures, and we hypothesized that these could be coming from

entrained cancer cells during the CD45+ isolation process. The patterns of gene

signature co-expression allowed us to roughly assign identities to the clusters as

we show in Figure 22. Similar heat maps for the other 5 categories are included in

Appendix V. Interestingly, we observe several B cell-related gene signatures being

called as significant (corroborating our observations from immunophenotyping

data), though these do not cluster out cleanly from the other gene signatures

being considered. Further refining our abilities to call cell subpopulation clusters

from scRNA-Seq data will be a key problem to be tackled moving forward.

We decided to hone in on the T cell clusters and perform differential gene

expression analyses between the T cell subpopulations of different categories to
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determine whether or not there were any actionable genes overexpressed in a

given category. In this context, the same comparisons described in Section 3.3.2

were performed (SI vs. ST, LI, vs. LT, SB vs. LB, and ST vs. LT). Comparisons involved

performing t-tests between 2 categories for every common gene, with the

threshold p-value set at 0.05, adjusted for multiple testing with a Bonferroni

correction. A threshold fold-change was also set at 3. All this data was visualized

using volcano plots of p-value versus fold change, with the significant genes

(either p-value-wise or fold-change-wise) colored red - these are shown in Figure

23 and Figure 24. The lists of top genes (fold-change-wise) for each category in

every comparison is included in Appendix VI.

The differential gene expression analysis reveals some interesting

information. In particular, the data for the SI vs. ST comparison corroborates our

immunophenotyping data. We observe an upregulation of genes such as LAG-3

and TIGIT in ST tumors, along with other surface markers such as CD96, CD6, PD-1,

and ICOS. ICOS is particularly interesting as it is a known enhancer of all basic T-

cell responses to foreign antigen, increasing proliferation, cytokine secretion, and

T cell-B cell interactions. This, along with the observation that B cells once again

seem to only show up in small tumors in our transcriptomic analysis, seem to

suggest a role for B cells, perhaps working in tandem with infiltrating T cells, in

driving the anti-tumor response. In addition to this, these genes encode for

surface-expressed proteins which can be targeted with immunotherapies to

further enhance anti-tumor response under a combined immunotherapeutic

regimen.

When perusing the other categories, we observed the upregulation of

LILRB4 in the T cells from LT tumors versus ST tumors, which has been reported to

be involved in the inhibition of immune responses. In the LB versus SB comparison,

we also observe the upregulation of genes such as DUSP1, DUSP2, and BTG1 which
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encode for proteins that negatively regulate proliferation, as well as NT5E, which

is associated with Tregs.

We also considered the SB versus LB comparison, as this would provide

insight into the differences at baseline that might translate into the observed

difference in responses to anti-PD-1 immunotherapy. Considering the

differentially-expressed genes, we observed the upregulation of FGFR1, NEDD4,

and ANXA1 in SB tumors, all involved in the process of T cell activation.

In conclusion, our differential gene expression analysis, particularly the SI

versus ST comparison, reveal genes that corroborate our immunophenotypic

observations. In this context, we once again observed an increase in the

expression of LAG3 and TIGIT in the T cell compartment, along with other

actionable surface markers such as CD96, CD6, and ICOS. Other comparisons

revealed genes associated with T cells with reduced proliferative and immune-

related capabilities such as LILRB4 (LT tumors), DUSP1, DUSP2, BTG1, and NT5E (LB

tumors). Conversely, we observed genes associated with T cell activation in SB

tumors (FGFR1, NEDD4, ANXA1). As ourability to better parse scRNA-Seq data and

delineate cell subpopulations within samples improves, it would be prudent to

revisit this analysis and continue mining for other actionable genes around which

new targeted therapies may be designed.
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Figure 22: (A) Clustergram displaying the Spearman correlation values for significant gene signatures as
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5. Conclusion & Outlook
In this dissertation, we have concerned ourselves mainly with investigating

the use of different single-cell-based assays to characterize tumor-infiltrating

immune cells from mice exhibiting differential responses to anti-PD-1

immunotherapy. In particular, we have shown the use of multispectral image-

based cytometry and Seq-Well to provide a multi-parameter immunophenotypic

and transcriptomic window into differences between responding and non-

responding mice. Using MuSIC and downstream unsupervised clustering methods,

we have shown that anti-PD-1 immunotherapy seems to result in the enrichment

of re-activated CD8+ T cells, characterized by the co-expression of LAG-3, GITR,

and CD44. This enrichment is significantly more pronounced in small tumors, which

correlates with a potent anti-tumor response. Several subpopulations of CD4+ T

cells were also observed: some of these were immunosuppressive and depleted

with treatment, but we observed one subpopulation co-expressing TIGIT, CD44,

and CD137 enriched in ST vs. LT tumors. The MuSIC data also revealed the possible

existence of B cells and dendritic cells in ST tumors that may harbor an anti-tumor

function.

While the MuSIC data revealed differences between the tumor categories

of interest, the number of parameters available to us was still insufficient, and so

we turned to Seq-Well, a single-cell transcriptomic method. From the Seq-Well

data, we observed once again the upregulation of markers such as LAG3, GITR,

and TIGIT in the T cell compartment of ST tumors. We also observed the

upregulation of genes associated with T cell activation such as FGFR, NEDD4,

and ANXA1 in SB tumors, that may be providing these infiltrating immune cells a

head-start in mounting a potent anti-tumor response after administration of anti-

PD-1 immunotherapy. Meanwhile, in the T cell compartments of LT and LB tumors,

we observe instead, an upregulation of genes associated with suppressed

immune function and proliferative potential, such as LILRB4 (LT tumors), and DUSP1,



DUSP2, BTG1, and NT5E (LB tumors). Some of these genes encode for proteins that

are expressed on the surface of T cells, making them viable targets around which

to design future immunotherapies against.

In terms of future directions, validation of the existence of the

subpopulations detected via our unsupervised data analysis pipelines is an

obvious next step, via targeted methods such as real-time quantitative PCR.

Following up on this, efficacy studies after depleting specific cell subpopulations

that correlate with response (e.g. B cells, dendritic cells, specific compartments

of CD8+ T cells) can be performed to determine whether or not those cell

subpopulations do indeed have an impact on response towards anti-PD-1

immunotherapy. Should the cell subpopulations be seen to have an effect on

response, we can then start to think about the design of new immunotherapies to

target these cell subpopulations. It is also important to note that almost all of the

work performed as part of this dissertation has focused on the immune cells that

have infiltrated a tumor. In this context, we have not actually considered the

cancer cells - there is a large amount of heterogeneity associated with cancer

cells and studying them using the tools we have developed here will provide a

clearer picture of what is actually going on within the tumor, and might also

potentially lead to new immunotherapeutic interventions.

Data analysis-wise, there are still many improvements to be made in the

scRNASeq analysis space moving forward. While we have used SCONE and

FastProject in this dissertation to try out all forms of scRNASeq normalization and

visualization methods, we anticipate that more methods will come to the fore in

coming years. Here, the methods considered as part of the SCONE and

FastProject packages will need to be revised. In connection with this, we have

not considered imputation in our scRNA-Seq data analysis pipeline. Imputation

methods will provide us a way to smooth the scRNA-Seq data and alleviate the
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problem of sparsity in the data structure. That being said, there is no consensus

yet as to whether or not imputation is applicable for all scRNA-Seq sets, and if so,

which imputation method should be implemented for a given data set. We

reiterate that the field of scRNA-Seq data analysis is still young, and the methods

and results presented as part of this dissertation are just one preliminary

perspective into this problem. New methods of understanding our scRNA-Seq

data sets should undoubtedly be applied retroactively in order to facilitate the

mining of the data for actionable gene/protein targets.

In line with the above, an ongoing problem in the scRNASeq data analysis

space, at least in the Love Lab, is the problem of resolving the different T cell

subsets, and possibly other subsets such as B cells. Using methods such as Seurat,

we have been unable to satisfactorily separate the different kinds of T cells (CD8+,

CD4+, Tregs, etc.) from each other within the larger T cell cluster. From a gene-

based clustering perspective, it might be that the differences between these T

cell subsets are relatively insignificant compared to the differences between T

cells and the other immune cells being considered, such that clustering is not able

to properly resolve the subsets. However, extracting and solely clustering the T

cells does not solve this problem, so it seems that the T cell subsets are

transcriptomically rather similar to each other. Performing this clustering using the

gene signatures in FastProject does not alleviate the problem. It is likely that

scRNA-Seq-specific gene signatures will need to be defined to solve this problem:

we hypothesize that the gene signatures used are derived from bulk experiments,

and are not the most ideal fit for use in segregating immune cell subpopulations

via FastProject (largely due to the different data structure of scRNA-Seq data).

It is hoped that by improving our capabilities to understand and parse the

scRNA-Seq data obtained via Seq-Well (and other future iterations on this

technology), we will be able to uncover actionable targets that future
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immunotherapies and targeted therapies can be designed around. More

generally, one can imagine applying these technologies not just in the context of

cancer, but more widely to understand the biology of other diseases and

conditions.
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Appendix I: Mouse tumor details - MuSIC study
Summarized in the table below are the details of the mouse tumors received from our collaborators at Merck,
used in the MuSIC study.
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Appendix II: Mouse tumor details - Seq-Well Study
Summarized in the table below are the details of the mouse tumors received from our collaborators at Merck,
used in the Seq-Well study. Also included are graphs showing the growth curves for a matched efficacy study
(note the bifurcation in response in the LT tumors).
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Appendix III: Sample guided gating strategy for MuSIC data
The figure below shows a sample gating strategy for MuSIC data (main panel) using a matched spleen sample
as a guide for the setting of gate thresholds. Cells gated as negative were used as negative controls in violin plot
visualizations, but otherwise, none of the gates set were involved in the unsupervised ACCENSE-based data
analysis pipeline except for CD45 and SYTOX.
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Appendix IV: Seurat pipeline marker maps
Refer to Figure 21 for the main t-SNE plot delineating the 20 different clusters called by the Phenograph-based
clustser-calling algorithm within the Seurat pipeline. The following sets of t-SNE plots show the top 9 defining single
gene markers for each of the 20 different clusters.
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Appendix V: FastProject clustergrams for other tumor categories
We present here the heat maps corresponding to gene signature correlation and single-cell vs. gene signature
for each category of tumor. These were presented for the LB category in Figure 22. Derivation of these heat maps
followed the identical data analysis pipeline for that of Figure 22.
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Appendix VI: Gene lists from differential gene
expression analysis of T cells
We present below the top upregulated genes (arranged by fold-change) for the
2 categories in each of the 2 comparisons (SI vs. ST, LI vs. LT). N.B. not all genes
detected are shown, and the results for the SB vs. LB and ST vs. LT comparisons are
not reported here for reasons of confidentiality.

SI vs. ST (upregulated in ST)

Gene FoldSchnge Description

LAG3 9.79 Lymphocyte-activation gene 3
TRBJ2- 8.93 T cell receptor beta joining 2-7

CD96 7.61 Adhesion of activated T cells and NK cells to target cells; antigen
presentation

NFRKB 6.91 Nuclear factor related to KappaB binding protein
TIGIT 6.60 T cell immunoreceptor with Ig and ITIM domains

ITGA1 6.58 Integrin alpha subunit
CD6 6.44 Continuation of T cell activation

CD3E 5.93 CD3 epsilon chain

ICOS 5.80 Inducible T-cell costimulatory - enhances all basic T cell
responses to antigen

PDCD1 5.65 Programmed cell death protein 1

SI vs. ST (upregulated in SI)

Gene Fold-change Description
________ (ST/SI)

CSF1 R 0.03 Colony stimulating factor 1 receptor
PILRA 0.04 Paired immunoglobulin like type 2 receptor alpha

FCGR1 0.05 High affinity immunoglobulin gamma Fc receptor I

IL1B 0.05 Interleukin 1-beta - pro-inflammatory, T-cell & B-cell activation;
Thl7 differentiation

TREMI 0.06 Triggering receptor expressed on myeloid cells 1

CD14 0.06 Recognition of lipopolysaccharide, expressed in human T
lymphocytes post-activation

DAB2 0.06 Clathrin adapter protein
IL1A 0.07 Interleukin 1 alpha - stimulates T and B cell proliferation

TGFBI 0.08 Transforming growth factor beta 1 - immunosuppressive effects
ITGA9 0.08 Integrin subunit alpha 9

152



LI vs. LT (upregulated in LT)
Gene Fold-change (LT/LI) Description

SHISA5 83.76 Shisa family member 5
SEP15 51.29 15 kDa selenoprotein

SLC25A24 22.25 Solute carrier family 25 member 24
SH2D2A 15.55 SH2 domain-containing protein 2A - T cell adaptor protein

GM24146 13.97 Unknown
GM23973 11.71 Unknown
GM23624 9.52 Unknown
GM23037 9.31 Unknown
GM21738 7.86 Unknown

CT030684.1 5.96 Unknown

LI vs. LT (upregulated in LI)

Gene Fold-change Description
___________(LT/LI)

HOXD13 0.11 Homeobox D13
HIST1H2AG 0.14 Histone H2A type I

CXCL1 0.20 Chemokine (CXC motif) ligand 1 - neutrophil
chemoattractant

SERPINIl 0.21 Neuroserpin
RHOX5 0.22 Reproductive homeobox 5
VCAM1 0.26 Vascular cell adhesion molecule 1
HISTIHIB 0.27 Histone cluster I H1 family member B

HISTIH41 0.28 Histone cluster I H4 family member ]
LIG3 0.30 DNA ligase 3

TEADI 0.31 Transcriptional enhancer factor TEF-]
SOX4 0.32 Transcription factor SOX-4
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