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Abstract

The adult human gut spans an area of about 200-400 m?, and this huge surface is covered by a
single layer of epithelial cells creating a physical barrier against the environment. To maintain
the integrity of this critical interface, it is crucial for the immune system to provide protection
against intestinal pathogens, while at the same time avoiding excessive immune responses.
Failure of intestinal immune regulation may lead to severe and debilitating chronic
inflammatory disorders, like inflammatory bowel disease (IBD). Maintenance of homeostasis
in the intestinal tract requires a critical regulation of host immune responses to the luminal
contents, and intestinal macrophages are essential in this process by their production of

immunoregulatory factors and potential to propagate regulatory T cells (Tregs) in the gut.

However, most of our knowledge to this end is derived from experimental animal models and
in vitro cell cultures, and studies of human tissues are highly warranted. Moreover, most
experimental and clinical results from tissues are based on bulk-analysis of cells or tissue
samples. Such “averaging” of data inadvertently misses critical information because the

heterogeneity of the samples is ignored, while the nature of biology is highly diverse.

To fully capture the heterogeneity and functional capacities of intestinal macrophages, we
performed an unbiased single-cell transcriptomic analysis of macrophages isolated from human
colon. This study shows that the colon mucosa contains monocyte-like cells that appear to
differentiate into multiple transcriptionally distinct subsets, including subsets with
proinflammatory properties and subsets with high antigen presenting and phagocytic capacity.
Moreover, the various macrophage subtypes appeared to occupy distinct niches in the tissues.
Detailed understanding of the intestinal macrophage landscape in healthy tissues may guide

development of new anti-inflammatory treatment approaches.
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Thesis aim

Single cell RNA sequencing enables unbiased untangling of cell heterogeneity, discovery of
novel cell types, and uncovers the critical roles of cellular heterogeneity in biological processes.
By looking at the gene expression in individual cells it is possible to reveal differences between
tissues as well as differences between layers and compartments within the tissue. In clinical
settings, single cell sequencing allows comparison of healthy and non-healthy cells and tissues.
Here, new therapeutic targets may be uncovered, which might be used to develop novel
immunotherapies and other disease treatments. Selection of specific cell types for further
analysis based on gene expression may also be done. It is then possible to look into expression
of specific markers and investigate the gene expression landscape. This might lead to the

identification of “new” cell types or subtypes.

Macrophages are critically important in the immune regulation within the mucosal layer of the
colon, and it is therefore essential to understand the real complexity of such cells in tissues
where they reside. The aim of the thesis is to map the landscape of macrophages in human
colon. In this project, single cells were isolated from healthy colon for single-cell RNA
sequencing (scRNAseq). The scRNAseq data was then analyzed in order to investigate the gene
expression landscape of macrophages in the mucosal layer of the colon. Isolated cells were also
stained for flow cytometry to verify the presence of specific markers identified in the scRNAseq
data analysis. Finally, immunostaining of colon tissue was performed to assess the in situ

expression of markers by macrophage subsets.

Investigation of the macrophage landscape generates an important foundation from which new
knowledge might emerge. To get a better understanding of diseases affecting the colon, like
inflammatory bowel disease (IBD), it is vital to have a solid understanding of the colon in steady
state. Since resident tissue macrophages play such an important role in the tissue, it is crucial
to understand their distribution throughout the tissue and how they have adapted to their local

environment.






1 Introduction

1.1 The immune system

The immune system developed to protect the host from foreign bodies, such as microbes. It is
composed of several different cell types (e.g. macrophages, dendritic cells, B lymphocytes and
T lymphocytes), blood proteins (e.g. antibodies and complement system components), as well

as physical barriers such as epithelial surfaces [1].

The immune system is commonly divided into two main parts, namely the innate and the
adaptive immune system. The innate immune system consists of components already present
before the infection. Here, we find phagocytic cells (e.g. macrophages and dendritic cells) in
addition to the physical barriers and components of the complement system. Innate immune
responses are the primary response to infection and is crucial for host defense in the first hours
or days. Following the innate response is the adaptive immune response. As the name suggests,
this response is adaptive, meaning it is acquired by interaction with different microbes over the
course of life. Consequently, the adaptive immune response varies within and between human
populations. Here, we find both the B and T lymphocytes expressing specific receptors that
enables binding to specific antigens (i.e. substances being nonmicrobial or microbial). Adaptive
immune responses are therefore more specific than the innate response. The adaptive immune
system can further be divided into two parts — cell-mediated and humoral immunity. T
lymphocytes are responsible for the cell-mediated immunity, where microbes are eliminated by
phagocytes. Humoral immunity depends on antibodies produced by B lymphocytes to
neutralize and clear extracellular pathogens. After being introduced to a new microbe, the
adaptive immune system is able to create an immunological memory where long-lived memory

cells are generated after the first encounter with the microbe [1].

1.2 The immune response

The innate and adaptive immune system work together to generate an effective immune
response. When a foreign body has entered the host, dendritic cells, mast cells and macrophages
recognize pathogen-associated molecular patterns (PAMPs) on the pathogen through pattern
recognition receptors (PRRs) and become activated. This activation initiates an inflammation
with an influx of phagocytes into the tissue. For the phagocytes to be able to enter the inflamed
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tissue, the endothelium must be activated. TNF and IL-1 (tumor necrosis factor and interleukin-
1, respectively) produced by activated macrophages facilitates the activation of endothelial
cells, stimulating their production of selectin. Leukocytes are then able to engage in selectin-
ligand interactions with the vessel surface. This interaction causes the leukocytes to “slow
down” in the blood stream and roll on the vessel wall. As the leukocytes roll along the
endothelial surface, chemokines produced by the endothelial cells are able to activate integrins
on the leukocytes, enabling their firm adhesion on the vessel surface and finally extravasation

of leukocytes through junctions between the endothelial cells [1].

At the site of inflammation, dendritic cells take up antigen and become activated by PAMPs.
The cells migrate to the draining lymph node to present the antigen and activate naive
lymphocytes (i.e. B cells and T cells) which will become antibody-producing cells and effector
T cells, respectively. The effector T cells migrate back to the inflamed tissue, where they
facilitate the killing of infected cells and recruit additional phagocytes, such as macrophages.
The antibodies produced by activated B cells may leave the blood stream to fight of the foreign

body in collaboration with components of the innate immune system [1].

1.3 T lymphocytes

T lymphocytes (or T cells) are part of the adaptive immune system, where their introduction to
foreign bodies elicit a cell-mediated immune response, resulting in destruction of infected cells.
T cells develop from bone marrow precursors that migrate to and mature in the thymus. During
their maturation process T cells undergo positive and negative selection. The first step of T cell
development is production of T cells positive for both CD4 and CD8, by rearrangement of their
T cell receptor (TCR). When expressing both CD4 and CD8, the double-positive thymocytes
undergo positive selection where all cells able to bind MHC molecules displaying self-peptides
with low affinity are selected for. From here, double-positive thymocytes recognizing MHC
class I become CD4 CD8" T cells and the ones recognizing MHC class II develop into
CD4°CD8 T cells. The double-positive thymocytes unable to bind the self-peptide MHC
complex undergo apoptosis. During the T cell development there is also a negative-selection
step, where T cells binding to self-peptide MHC complexes with high affinity are terminated
through apoptosis, this is an important step to avoid autoimmunity. The resulting cells, termed
naive CD4 or CD8 T cells, leave the thymus and circulate through the secondary lymphoid
organs [2].



The primary site for activation of naive T cells is in the secondary lymphoid organs (e.g. lymph
nodes) were they encounter the specialized migratory antigen-presenting cells (APCs, see
below) termed dendritic cells. When naive T cells bind to APCs presenting an antigen,
proliferation and cytokine production is initiated leading to differentiation into mature,
activated T cells with specific functions — either effector cells that eliminate microbes or long-
lived memory cells. The effector T cells are able to interact with and activate macrophages,

resulting in microbial killing [1].

In response to various cytokines produced by dendritic cells, naive CD4" T cells may
differentiate into different subset of effector T cells — Thl, Th2 or Th17. Differentiation into
the Thl subset, involved in infections by activation of macrophages, is mediated by the
cytokines IFN-y and IL-12. Key transcription factors for this subset are STAT4, T-bet and
STATI1, with IFN-y as the main cytokine produced. The cytokine involved in Th2
differentiation is IL-4, which leads to expression of GATA-3 by activation of the STAT6
transcription factor. This subset, producing the cytokines IL-4, IL-5 and IL-13, mediates
defense against helminthic infections. Th17 cells derive from CD4" T cells stimulated by
proinflammatory cytokines like IL-6 together with TGF-£, and depends on STAT3 and RORyt,
which both are transcription factors. The principal cytokines produced by this subset are IL-17
and IL-22. These cells are able to recruit leukocytes to the infection site and thereby participate

in microbial defense [1,3].

1.4 Antigen-presenting cells

Antigen-presenting cells (APCs) are cells able to activate T cells through antigen presentation
on MHC molecules. There are three types of professional APCs, namely B lymphocytes,
dendritic cells (DCs) and macrophages. B lymphocytes present antigens to T helper cells in
humoral immunity, while macrophages present to effector T cells in cell-mediated immunity.
DCs, on the other hand, initiate priming of T cells in secondary lymphoid tissues. When the
APCs come into contact with antigens in the tissue, they present antigens on a major
histocompatibility complex (MHC) molecule, also named human leucocyte antigen (HLA) [4].
There are two classes of MHC molecules. MHC class I is present on all nucleated cells, while
MHC class II is only present on selected cells such as the professional APCs. The MHC
molecules always presents peptides on the cells surface. Usually, self-peptides are presented

which the immune cells, under normal conditions, do not react to. But when foreign microbes
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are present, cells may present microbe peptides on the MHC molecule which the immune cells

will react to and initiate an immune response [1].

1.5 Dendritic cells

Dendritic cells (DCs) are the most efficient APCs that constantly migrate from blood to
peripheral tissues where they sample antigens by cellular uptake. Subsequently, they migrate
to regional lymph nodes through the draining lymph. Within lymph nodes, DCs initiate primary
T cell responses by activating both CD4" and CD8" T cells through antigen presentation on
MHC class II and MHC class I, respectively. DCs are traditionally divided into conventional
and plasmacytoid dendritic cells, both of which derive from hematopoietic stem cells (HSCs)

in the bone marrow [5,6].

The conventional DC (cDC) subtype derive from pre-DCs in the bone marrow migrating to the
tissue, where they fully mature into cDCs [7]. Conventional DCs may be further divided into
cDCls and ¢DC2s. The c¢DC1 subgroup, identified as CD14 CDlc CDI141%, is highly
important in response to intracellular pathogens where they secrete IL-12 through toll-like
receptor 3 (TLR3) stimulation, and facilitate differentiation of T helper cells to the Th1 subtype.
The CD14 CD1¢c"CD141- ¢DC2s, on the other hand, initiate differentiation towards Th2 and

Th17, making them important in defense against extracellular pathogens [7-9].

Plasmacytoid DCs (pDCs) develop in the bone marrow, and are located in the secondary
lymphoid tissues (e.g. lymph nodes) as well as in the thymus. During a viral infection, type I
interferon (IFN) is produced by pDCs enabling activation of both the innate and adaptive

immune system. [8,10].

1.6 Macrophages

Macrophages are mainly tissue-resident professional APCs with different functions such as
cytokine production (i.e. proteins facilitating immune responses), phagocytosis (i.e. engulfment
of particles) and antigen presentation. They play an important role in both the innate and
adaptive immune system and are found in all tissues of the body. When antigens are detected
in the host, macrophages phagocytose the foreign body and present the antigen peptide on MHC
molecules. By presenting this antigen peptide, the macrophage can activate T cells, which are

part of the adaptive immune system. This activation creates an important link between the



innate and adaptive immune system, which is crucial in host defense against foreign bodies.
Maintenance of the tissue by clearance of apoptotic cells through phagocytosis is also an

important function of macrophages [1,11,12].

Classically, tissue macrophages were thought to derive from blood monocytes that constantly
seed tissues and mature to macrophages locally [13]. However, recent data indicate that
macrophages may also derive from fetal precursors in the yolk sac or fetal liver that maintain
themselves through local proliferation. In fact, mouse studies indicate that subsets of self-
propagating fetal-derived intestinal macrophages are involved in maintenance of intestinal
homeostasis [14]. However, the exact contribution of these different precursor sources to the
macrophage network in adult human tissues is not clear, and the functional differences between

fetal- and monocyte-derived macrophages is currently elusive.

In the case of bone marrow derived macrophages, a macrophage and dendritic cell precursor
(MDP) cell in the bone marrow generates a monocyte able to leave and enter blood stream in a
CCR2-dependent manner. Through extravasation, circulating monocytes may enter tissues,
where local stimulation such as growth factors drive the differentiation into macrophages. In
the intestines there is a constant recruitment of circulating monocytes entering the tissue and

differentiating into tissue-resident intestinal macrophages [15—17].

In mice, embryonically derived macrophages from fetal yolk sac give rise to a large number of
the tissue-resident macrophages in adults. These macrophages are likely there prior to birth and
have the ability to self-renew, meaning that they are not dependent on peripheral blood
monocytes. Seeding of embryonically derived macrophages occurs in two waves. The first
wave generates macrophages migrating to the brain, giving rise to microglia (i.e. macrophages
in the brain). This wave is independent of monocytes and appears in the early embryonic yolk
sac. Migration of macrophages to the fetal liver occurs in the second wave. When the
macrophages enter the fetal liver, they function as precursors for monocytes. Prior to birth,
these monocytes can enter other tissues and differentiate into tissue-resident macrophages. It is
debatable if these yolk sac derived macrophages are also present in adult humans, as most of
the studies are performed in laboratory mice with limited exposure to pathogens. However,
there is some evidence suggesting the presence of human macrophages with yolk sac origin
[1,11,18]. In the case of intestinal macrophages, it is recognized that the macrophages are

mainly monocyte-derived. This has been shown both in mice [19] and humans [20].



Macrophages express several different surface receptors important for their effector functions.
In humans, macrophages are usually defined by the expression of CD14, CD68, CD163 and
CD209, as well as MHC class II. CD14 is a receptor for lipopolysaccharide (LPS), playing an
important role in immune recognition. Together with TLR4 (described below), CD14 initiate
secretion of pro-inflammatory cytokines, such as IL-1 and IL-6, and pro-inflammatory
chemokines. The lysosomal transmembrane glycoprotein CD68 is a frequently used marker for
macrophage identification, even though its function in inflammation is not fully understood.
Studies have shown that CD68 is greatly upregulated during inflammation, stimulated by
neutrophils in inflammatory bowel disease and TLR4. CD163 is a transmembrane protein
involved in uptake of hemoglobin, as well as binding to virus and some bacteria. Macrophages
positive for CD163 have been located in sites of inflammation. IL-6 and IL-10 (among others)
stimulate CD163 expression, while interferon-y and LPS reduce the expression of CD163.
Regulation of the phagocytic capacity of macrophages have been shown to be mediated by

CD209 [21-24].

Tissue-resident macrophages (TRMs) are closely coupled with the tissue and reside in a spesific
tissue over time. They experience a dynamic mosaic in the tissue, where the local environment
plays an important role in TRM function and phenotype. Local stimuli mediate macrophage
polarization, in which the macrophages generate tissue-specific traits. Here, the local
environment gives maturation signals to generate functional TRMs, in addition to working on
a epigenetic level. Tissue environment appears to shape the functions of the local macrophage
network by shaping their chromatin landscape through epigenetic changes, making the TRMs
heterogeneous [11,25].

1.6.1 Macrophage subgroups

Commonly, macrophages are divided into two subgroups, namely the classical activated
macrophages and the alternative activated macrophages. The classically activated
macrophages, also referred to as M1, are activated by TNF-a and IFN-y (tumor necrosis factor-
« and interferon gamma, respectively) produced by a subset of T helper cells, called Thl. The
M1 macrophages are characterized as inflammatory macrophages, having increased antigen-
presentation and antimicrobial features. The alternatively activated macrophages (M2), on the
other hand, are anti-inflammatory and activated by IL-4 and IL-13 (interleukin 4 and interleukin

13, respectively) produced by a different subset of T helper cells, namely Th2s. M1



macrophages are associated with intracellular infection, whereas M2 macrophages are involved
in phagocytosis, tissue maintenance and dampening inflammation by the release of anti-

inflammatory subsets [1,11,26,27].

As shown in this thesis, and by many others, this division is too simplistic and outdated. Several
studies have displayed the vast heterogeneity within a macrophage population, identifying
numerous different subgroups with diverse functions and locations in the tissue. This has for
instance been shown by Kang ef al., who found seven distinct macrophage populations in their
study of the mouse colon [28], Bujko et al. found four subgroups of macrophages in the human
small intestine [20], and Cochain ef al. identified several subpopulation with distinct function
within murine atherosclerosis [29]. The M1/M2 subset may be useful as an initial broad division
of macrophages, but it is far from absolute. If this duality were to be used definitively, all other
macrophage subsets would have to be placed in relations to the M 1s or M2s. As Nahrendorf et
al. mentions, this need for placement of all macrophages on a scale ranging from pro-
inflammatory M1 macrophages to the anti-inflammatory M2s is problematic [30]. As first
pointed out by Xue ef al., macrophages react with specific transcriptional programs upon

distinct signals resulting in a very complex spectrum of macrophage activation states [31].

1.6.2 Intestinal macrophages

Through displaying samples of the intestinal microbiota to dendritic cells and regulatory T cell
expansion, the intestinal macrophages are able to generate tolerance against the numerous
bacteria within the microbiota (Figure 1). The macrophages are influenced by this microbiota,
as its components induce differentiation in gene expression. An example of such a component
is short chain fatty acids (SCFAs), generated by fermentation of indigestible fibers by
microbiotic bacteria and may induce IL-10 production by the intestinal macrophages. It is partly
due to this IL-10 production as well as secretion of PGE2 , working in an anti-inflammatory
manner by reducing TNF (a pro-inflammatory cytokine) production in addition to increasing
IL-10 production, that the intestinal macrophages are able to maintain their unresponsiveness.
Consequently, they are able to maintain homeostasis within the intestine by removal of
apoptotic cells as well as bacteria and other pathogens without generating an immune response.
These macrophages are therefore often referred to as “silent killers”. The importance of this is
dramatically demonstrated in a rear but severe and life-threatening case of IBD caused by gene

defects in the IL-10 receptor, showing that intestinal macrophages are dependent on autocrine



IL-10 to maintain their tolerogenic and homeostatic properties [32]. Intestinal macrophages also
contribute to renewal of epithelial cells in the mucosa by secretion of mediators such as
epidermal growth factor (EGF) and hepatocyte growth factor (HGF). In addition, they
participate in mucosal defense against pathogens, as well as nutrient uptake, fluid balance and
peristalsis. They might also contribute to remodeling of the tissue by metalloproteinase
production, which is a zinc-dependent endopeptidase (enzyme hydrolyzing peptide bonds) able
to alter the extracellular matrix. Intestinal macrophages are found in every layer in the colon
and small intestine. The lamina propria has the biggest population, with a larger population in

the colon compared to the small intestine [17,26,33-37].

Sampling of luminal

contents
Commensal
- bacteria
- Maintenance Engulfment of
Elimination of invading |"gg| ©°f epithelial epithelial cell/
bacteria . Jbarrier integrity| _ apoptotic material

o / PGE2
-

IL10

IL10
~ @D

IL10-dependent
secondary expansion
of Treg

Figure 1. Functions of intestinal macrophages.

Here, different functions of intestinal macrophages are depicted. They may sample the luminal content
through protrusions, eliminate invading bacteria and clear apoptotic cells. Through the production of IL-10,
intestinal macrophages may drive the expansion of regulatory T cells (Tregs). Secretion of PGE2 is important
in the maintenance of the epithelial barrier. Illustration modified from [38].

10



1.6.3 Toll-like receptors

Toll-like receptors (TLRs) are pattern recognition receptors able to recognize molecules derived
from stressed and dying cells (DAMPs) as well as from pathogens (PAMPs) in order to generate
an immune response. In humans, there are 10 different TLRs identified that may be found as
membrane-bound receptors or within endosomal compartments (Figure 2A), expressed on
different cell types such as macrophages and dendritic cells. Each TLR recognize different
PAMPs (Figure 2B). Their structure is composed of a Toll/interleukin-1 (IL-1) receptor (TIR)
domain in the carboxyl-terminal and a leucine-rich amino-terminal able to bind PAMPs and
DAMPs. The TIR domain functions as an adaptor on the cytosolic side of the TLR, engaging
other signaling adaptor creating a signaling cascade resulting in initiation of an immune

response.

TLR2 work together with TLR1 and TLR6 by the formation of a heterodimer (TLR2/TLR1 or
TLR2/TLR6), resulting in recognition of a broad range of ligands. While TLR2 is mainly
expressed on endothelial cells and APCs, TLR1 and TLR6 are found on a broad range of cells.
TLR3 recognizes double-stranded RNA, possibly playing an important role in antiviral
immunity. TLR4 was the first TLR to be characterized in humans and function by binding LPS.
Both TLR2 and TLR4 interact with CD14, found on macrophages, working as co-receptors in
recognition of Gram positive (TLR2) and Gram negative bacteria (TLR4). Flagellin in bacterial
flagella is recognized by TLRS, while TLR9 recognizes CpG DNA from bacteria. CpG-motifs
are a distinct sequence of unmethylated DNA [39-43].
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Figure 2. Toll-like receptors.
A Toll-like receptors (TLRs) are either membrane-bound receptors or within endosomal compartments.
(Illustration created with BioRender). B The different molecules recognized by TLRs to initiate an immune

response. [llustration from [44].

1.6.4 Antigen sampling in the intestines

Macrophages can sample antigens and phagocytose foreign bodies through different pathways
(Figure 3). In the intestine there are multiple ways for antigens to be transported across the
epithelial layer by the means of different cell types, such as goblet cells and M cells. In the case
of goblet cell-dependent antigen transport, the mucus producing goblet cells may transport

antigens of low molecular weight so that it can be taken up and presented by APCs such as
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macrophages. M cells (epithelial cells specialized in transcytosis) are able to internalize luminal
antigens through phagocytosis, endocytosis or macropinocytosis. The internalized antigen is
then made available for uptake in intraepithelial pockets. Another cell type found in the
intestinal epithelium is enterocytes. These cells express neonatal Fc receptors (FcRn) which is
transcytotic, enabling antigen uptake. Antigen may additionally be sampled through
phagocytosis of apoptotic cells. As mentioned above, macrophages are also able to sample
antigens through projecting protrusions in the junctions between epithelial cells to phagocytose
luminal antigen. By receptor-ligand interaction, macrophages may recognize these antigens. A
signaling cascade within the macrophages is initiated when receptors on their surface recognize

and bind ligands on the surface of the antigen, resulting in phagocytosis [45—47].

a Luminal b Luminal
: i o Goblet cells
antigen o Mecells antigen o o ® M

e
o ® o
)

M cell-dependent Goblet cell-dependent
C Luminal d Luminal Cell death
antigen @ o, antigen o Apoptosis
(e}
Y ¥ £
Ne =
- W PV 2 4%
r Y
‘ &
|I FcRn  ®® Immune complex ] [ O Apopto_tic body ]
FcRn-dependent Apoptosis-dependent

Figure 3. Different pathways for antigen sampling in the intestines.

Macrophages may sample antigens in the intestines through different pathways. A M-cell dependent antigen
sampling, B Goblet cell-dependent sampling of antigen. C FcRn-dependent antigen sampling. D Antigen
sampling through apoptotic cells. Illustration adapted from [45].

1.7 The colon

The large intestine (also called colon) is part of the gastrointestinal tract and measures around
1.5 meters in adults. The colonic epithelium is responsible for absorption of 90% of the water
and salt from the proximal colon. The absorption of sodium is important for the water
absorption. Bicarbonate is secreted in the colon to maintain the acid-base homeostasis, since

the bacteria in the colon produce organic acids which needs buffering. The colon may be
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divided into four parts: the ascending colon measuring about 15 centimeters, the transverse
colon (around 45 centimeters), the descending colon (about 25 centimeters) and the sigmoid
colon (around 35-40 centimeters). Within the colon there are different layers, namely the
mucosa, submucosa, muscularis propria, and serosa. The mucosal layer is composed of a single
layer of epithelial cells facing the lumen, and subepithelial connective tissue in the submucosa,
followed by a muscle layer named muscularis mucosae (Figure 4). This mucosal layer is
responsible for the water and electrolyte absorption. Covering the mucosal layer is a layer of

beneficial bacteria, termed commensal bacteria, generating the colonic microbiota [48—50].

Figure 4. Overview of the colon.
Here, the histology of the colon is shown where the mucosal layer is at the top, followed by a thin layer of
submucosa covering the muscular layer termed muscularis. Picture adapted from [17].

1.7.1 Colonic microbiota

The colonic microbiota is composed of a vast amount of bacteria living in a symbiotic
relationship with the host. The microbiota arises just after birth by colonization of bacteria
derived from the mother and the surroundings. Different bacterial species appears at different
timepoints during the first bacterial colonization, as the newborn is exposed to diverse events

such as Escherichia coli in the birth canal and Lactobacillus when nursing [51].

Bacteria within the colon contribute to nutritional uptake and metabolism, as well as stimulation
of the intestinal tissue to mature. For instance, they play an important role in the breakdown of
undigestible fibers. In return, the bacteria are given access to nutrients and a place to grow. This
bacterial growth is closely monitored by the host immune system together with genetics. By

allowing commensal bacteria to cover the colonic lumen pathogenic bacteria are unable to settle

14



and expand. In this way colonic microbiota functions as a protective barrier against pathogens.
Commensal bacteria also contribute to increased secretory IgA, mucin and antibacterial peptide

production within the colon [51].

Genetic alterations influencing the immune responses in combination with a dysbiotic
microbiota pose a threat to the host, in form of potential chronic inflammation known as
inflammatory bowel disease (IBD). IBD includes diseases such as ulcerative colitis and Chron’s
disease. Here, there is insufficiency in the immune system caused by genetic alterations,
resulting in generation of immune responses to the commensal bacteria. In such diseases,
macrophages play an important role, and it is therefore important to understand their biology in

order to identify new therapeutic targets.

1.7.2 Macrophages in intestinal diseases

In IBD, macrophage function is disturbed where the process of generating anti-inflammatory
tolerogenic macrophages are failing, leading to high amounts of pro-inflammatory monocyte-
like cells. These cells also have an increased TNF and IL-23 production, contributing to
intestinal inflammation as they both are pro-inflammatory cytokines. Intracellular bacteria are
able to survive for a longer period of time within macrophages under IBD conditions, enabling
them to generate pathogenic Th17 expansion. Interestingly, genetic alterations affecting genes
associated with macrophage functions, including PRRs and proteins involved in cytokine
signaling, are highly associated with IBD development and are most likely the cause of this
failing of monocyte-like cells to differentiate into macrophages, which they do during

homeostasis in healthy intestines [16,52].

Macrophages may be used as targets in IBD treatment. These treatments might for instance
focus on transcriptional inactivation of pro-inflammatory molecules by the use of
corticosteroids. There are several anti-inflammatory drugs, as well as biological drugs aiming
for inhibition of binding of certain pro-inflammatory agents such as TNF. Further investigation
and discovery of new therapeutic targets and techniques is continuously emerging in the field

[16].
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1.8 RNA

RNA (ribonucleic acid) is a polymer with ribose in the backbone, as opposed to DNA having
deoxyribose as a backbone component. It is synthesized from a template DNA; the four bases
in RNA are uracil (U), adenine (A), guanine (G), and cytosine (C). Reverse transcriptase is an
enzyme capable of synthesizing double-stranded DNA from a single-stranded RNA template
[53]. RNA has different functions; messenger RNA (mRNA) encodes proteins, transfer RNA
(tRNA) and ribosomal RNA (rRNA) are important for ribosomal function [54].

1.9 Bulk RNA sequencing

To assess the gene expression in cells, the traditional option is to use bulk RNA sequencing. In
this method, thousands or millions of cells are pooled and sequenced and the resulting data
contains an average of the gene expression patterns for all the sequenced cells [55]. The
sequencing starts with a sizable cell population or tissue that has been homogenized, from
which RNA is extracted. After sequencing, it is possible to investigate several properties such
as alternative splicing and gene expression, but the use of average expression might contribute
to loss of central biological information [54]. The heterogeneity within the cell population is

not uncovered when using this sequencing method, which might be disadvantageous.

1.10 Single-cell RNA sequencing

The whole genome expression profile depicts which genes each cell expresses. In order to
obtain a measure of this expression profile, single-cell RNA sequencing (scRNA-seq) is used
[55]. From the measure of gene expression it is possible to investigate gene expression
information such as pattern of co-expression and splicing. The gene expression data might also
give information about networks of gene regulation and genes that are co-regulated.
Heterogeneity and rare cell populations within cell types may be identified and studied when
performing this sequencing technique, as it opens up for transcriptomal comparison.
Sequencing depth and number of sequences are two variables in scRNA-seq that need to be
considered in order to perform an optimal sequencing; the amount of unique cell states (e.g.
mature and immature cells) determine the number of cells needed for sequencing, while the

extent of variance between the states determines the sequencing depth [56].
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1.10.1 Workflow

The sequencing workflow consists of 5 steps; isolation of cells, lysis, transcription from mRNA

to cDNA, amplification of cDNA, and finally, sequencing [56].

Step 1. The first step in cell isolation is preparation of the tissue, which must be performed
shortly after surgery and in a cool environment to prevent autolysis. During tissue preparation
transcription inhibitors are added, e.g. by the use of flavopiridol, followed by digestive enzymes
or mechanical force to obtain single cells in suspension. When performing this separation there
may be some complications along the way, such as cells might be damaged and transcription
may be altered as a result of the isolation, making this part of the sequence preparation
challenging. Here, enzymatic digestion by the use of Liberase is a well suited choice as it
contains small amounts of lipopolysaccharides (LPS) and has the ability to avoid destruction of
epitopes. Resulting from this tissue digestion is single cells in suspension. From this, single
cells must be isolated, for instance by using the 10x platform. This method is based on droplets,
where the cells attach to beads with distinct primers on them. The primers are barcoded, linking
the transcripts to the cells of origin. When the cells are connected to the beads, they become
imbedded in an oil emulsion, creating a droplet. Another way to isolate single cells from
suspension is by the use of fluorescence-activated cell sorting (FACS). This method uses flow
cytometry to sort cells based on phenotypes. When using FACS, one is also able to perform
sorting of several populations of cells at the same time, which is highly convenient in many
cases. To sort the different cells in suspension, the cells are fluorescently marked using

fluorescently tagged antibodies directed at particular cell markers [54,57,58].

Step 2. When the cells of interest are sorted and captured the RNA needs to be exposed to
perform the sequencing analysis, this is done by lysing the cells. Lysis is the process in which
the outer membrane of the cells is broken, exposing the intracellular components. In general,
there are two types of lysis; complete lysis, where the whole membrane is destroyed, and partial
lysis, where only a part of the membrane is broken. For scRNA-seq, cells are for instance lysed
enzymatically or by the use of detergents. When detergents are used, the membrane is not only
destroyed, but the membrane proteins also become soluble. Enzymatic lysis, on the other hand,
uses enzymes directed at spesific components of the membrane in order to destroy it. When the
lysis is performed as in preparation from scRNA-seq a special lysis buffer for single cell lysis
is used, made specifically for extraction of RNA from single cells. There are some advantages

of using this particular lysis buffer in scRNA-seq, such as the sample loss is decreased when
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using this buffer, and it works well with reverse transcriptase (an enzyme enabling transcription

of cDNA from mRNA) [59].

Step 3. After the cell lysis, the RNA is available for further analysis. Here, the RNA is of
interest, but in order to perform the sequencing it has to be converted into DNA. This is done

by transcribing the mRNA into cDNA, which is performed by the use of reverse transcriptase.

Step 4. The newly synthesized cDNA is now ready for amplification. To obtain adequate
amount of sequences for the library preparation, it is essential to amplify the cDNA [54].
Template switching (TS) and In vitro transcription (IVT) [60] are the two principal approaches
used for amplification . When TS is performed, it results in a cDNA of full length with a primer
sequence attached. This primer sequence is used to synthesize the second strand, as well as the
5’ end of the mRNA. Since the two ends of the sequence are identified, the amplification by
PCR is more efficient. This is because the synthesis may start in both ends, not just one. IVT,
on the other hand, performs linear amplification rather than PCR to decrease the amplification
bias. After completed IVT, paired-end sequencing results in a read for the mRNA sequence and

another one for the barcode of individual cells [54].

Step 5. After amplification, the sequences are aligned to a reference genome for gene name
annotation [57]. To label every distinct mRNA molecule, unique molecular identifiers (UMIs)
are used. They consist of 4-10 arbitrary nucleotides (nt) amplified with the cDNA. By using
these UMIs it is possible to detect multiple amplifications of the same mRNA. Quantification
of the amount of gene transcripts in a cell may also be obtained by calculating the number of

UMISs present [55]; each UMI is only counted once [54].

1.10.2 10x genomics workflow

For this project the 10x genomics platform, specifically The Chromium Single Cell 3’ v2
Reagent kit, was used to sequence single cells. This technology is based on microfluidics where
cells in suspension are attached to gel beads with a unique barcode. Then, one cell will then be
attached to one bead and consequently given its own specific barcode. Generation of cDNA
from poly-adenylated mRNA is performed by incubation with particular primers containing a
10nt unique molecular identifier (UMI), a poly-dT primer sequence, an Illumina sequencing

primer (Illumina R1 sequence), and 10x barcode with 16nt. The bead-cell interaction is then
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broken to capture the cDNA generated by each cell, which is achieved by separating the cell-
containing beads by the use of an oil emulsion called GEM (Gel Bead-In-EMulsions). The
captured cDNA is then sequenced with the barcodes, enabling traceback to the specific cell.
Before cDNA amplification by PCR, removal of primers and reagents from the GEM mix is
performed by using silane magnetic beads. Following, the sequencing library is prepared where
cDNA with an optimized size is generated by size selection and enzymatic fragmentation. The
resulting cDNA contains primers needed for Illumina bridge amplification. The sequencing
libraries generated are compatible with I[llumina, containing paired-end sequences. For this
project, the Illumina NextSeq500 using HighOutput flow cells v2.5 was used for library
sequencing. The sequencing raw data may then be analyzed in the 10x Genomic’s Cell Ranger
software. Further bioinformatic analyses might be performed following the initial Cell Ranger

analysis [61].

1.10.3 Technical and biological variation

Technical and biological variation must be taken into account when performing scRNA-seq.
Technical variation may occur as the lab work is performed; there might be several different
persons preparing the samples slightly different. These small differences are almost impossible
to avoid. Dropout events are also a technical variation to consider. Since beads do not capture
the mRNA at the same proportion in every droplet, there might be some “empty” droplets where
there are no mRNA present [57]. A method to reduce the technical variance is to use UMIs,
which decrease the amplification bias [56]. Cell cycle effects are a biological variation that is
usually corrected for, for instance by simple linear regression. The same method is used when
correcting for mitochondrial gene expression. When correcting for biological variance there are
some considerations to be aware of; cell cycle effects might give useful information, processes
may be linked, and cell size can influence transcription effects [62]. Information about these

processes may be lost due to these corrections.

1.10.4 Analysis

Computational analysis is necessary when scRNA-seq data is being analyzed. In general, there
are 3 steps in the computational workflow used to analyze scRNA-seq; quality control and
removal of low quality cells, normalization, finding highly variable genes and marker gene

identification [55].
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Stepl. Cells that are damaged, stressed or dead are considered as low-quality cells, and removed
from the sequencing data when the quality control (QC) is performed [56,63]. In order to
identify these low-quality cells there are some metrices that are commonly looked at, aiming to
eliminate them from additional analysis downstream [57], such as normalization, clustering and
trajectory inference. These metrices include evaluation of the number of mitochondrial genes
and the level of gene expression. If there are high levels of mitochondrial genes present, it may
indicate stressed or dead cells and these should then be removed. Also, the gene expression
gives an indication of the quality of the cells; low-quality cells will only express a small number
of genes compared to high-quality cells. But cells of low quality might also have an extensively
high amount of gene expression. This is due to the formation of multiples (i.e. several cells in
one droplet) [64]. Principal component analysis (PCA) is a mathematical algorithm reducing
data dimensionality, which can also be used [55,56]. This analysis conserves most of the
variation within the sequencing data, while the highest variation, called principal component,
is found and used to perform the reduction. This dimensionality reduction makes it easier to

visualize the data in plots, as the number of components are greatly reduced [65].

Step 2. Normalization is a method used in order to compare results with different measures to
one another by converting all the results to one common measure. E.g. when comparing two
cell populations of different size to each other, the large cell population might appear to have a
higher gene expression than the smaller population; this may be the case, but it is also likely
that this is just due to the fact that there are more cells present. In order to investigate this,
normalization is performed where the population size is corrected for in order to reveal gene
expression differences between the two. Normalization enables removal of batch effect (i.e.
systematic differences from one batch to another as a result of technical variations such as time
of preparation, different people, and different protocols), and dropout events (where mRNA
capture differs between droplets) [57,66]. One normalizing approach assumes that all cells start
with the same amount of mRNA. Here, the differences in number of sequences are thought to
be due to technical variations and do not represent actual biological variance [62]. These

differences are therefore considered as bias and removed by scaling [55].

Step 3. Highly variable genes (i.e. the genes that are the most differentially expressed) indicate
which genes are important for the heterogeneity of the cell population [67]. Identification of
marker genes is performed to find specific genes that are differentially expressed in

subpopulations, and the marker genes are then used as an identifier for the cells within that
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subpopulation. In order to be a marker gene, the chosen gene has to have a robust differential

expression compared to the other subpopulations [55].

1.10.5 Single-cell RNA sequencing compared to bulk RNA sequencing

Single-cell RNA sequencing utilize a low amount of captured input RNA and it is a lot noisier
compared to bulk RNA sequencing. This noise is due to the low amount of input RNA and
subsequently drop-out events where there are no captured RNA. As a result of low RNA
capture, there are less gene expression detected, and transcripts per million (TPM) is used as
normalizing unit instead of reads per kilobase per million (RPKM) used in bulk RNAseq. Since
there are temporal fluctuations in transcription, meaning that there are some sporadic
transcription, scCRNA-seq will contain zero-observation where there are no mRNA. When
scRNA-seq is used it is possible to uncover biological variability to a larger extent than with

bulk RNA sequencing, and a more complex transcript distribution is obtained [55,56].

Table 1: A summary of the comparison between single-cell RNA sequencing and bulk

RNA sequencing.
Bulk RNA sequencing Single-cell RNA sequencing

e Measure the average gene expression e Measure the gene expression in each
pattern for all sequenced cells of the sequenced cells

e Higher RNA capture e Lower RNA capture

e Normalizing unit: reads per kilobase e Normalizing unit: transcripts per
per million (RPKM) million (TPM)

e Unable to investigate heterogeneity e Possible to investigate heterogeneity

e Loss of biological variability e More variable data due to technical

noise

1.11 Bioinformatic tools for scRNA-seq analysis

There are several different programming languages, such as R and Python, which enables
analysis of the scRNA-seq data. When using these programming languages, toolkits designed
for specific tasks may be installed to perform the desired analyses. These tasks might for

instance be cell clustering- and trajectory analysis. Scanpy is a Python-based toolkit able to
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perform both clustering and trajectory analysis, as well as other analyses steps. With this toolkit
it is possible to perform all the analyzing steps mention above (1.10.4) [68]. The analyses
provided by Scanpy may also be done by using the programming language R. Here, different

toolkits might be utilized, such as Seurat and Monocle 3, which were used in this project.

1.11.1 Seurat

Seurat is an R toolkit aiming to incorporate various data sets from scRNA-seq for analysis of
heterogeneity within cell populations [69]. In addition to the general computational workflow
(see 1.10.4), Seurat allows for several further analysis steps. After identifying the highly
variable genes there is a scaling step, where the data undergoes a linear transformation. By
scaling the data, the gene expression from each cell is equally considered in the further analysis

(i.e. genes that are highly expressed is not overriding the less expressed genes) [64].

The dimensionality of the data is reduced after scaling. This is achieved by principal component
analysis (PCA). As described above (0) this mathematical algorithm conserves the variation
within the data while reducing the dimensionality. It is useful to find the significant principal
components (PCs), which are chosen based on the p-value. Plots like JackStrawPlot visualize
the p-value for all PCs and may enable a selection of the most significant PCs. Another
visualization method for the PCs is ElbowPlot, where the variance for each PC is plotted. In
this plot an “elbow” is created where the variance flattens out. This “elbow” indicates which

PCs holds the greater part of the information (i.e. the PCs to the left of the elbow) [64].

Seurat uses the PCA scores in order to cluster the cells, which is made possible by the
dimensionality reduction of the data. In order to perform this clustering, the Louvain algorithm
is used. This algorithm moves the clustering nodes around to generate the optimal clustering
[70]. The clustering might be visualized by performing Uniform Manifold Approximation and
Projection (UMAP) or t-distributed Stochastic Neighbour Embedding (t-SNE). UMAP
generates a graph representing the data with a high dimension. From this high dimension graph
a new graph is made with a low dimension, which is then plotted in two dimensions [71]. The
t-SNE plots the high dimensional data, where each point is first placed at random. Then the
points interact with each other following the two principals that (1) all points are drawn to their

closest neighboring point and (2) the points repel one another. Both these methods perform a
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non-linear dimensionality reduction. Here, cells are grouped together if they have a similar

expression profile [64,72].

Seurat is able to identify the defining markers for the clusters created. In each cluster, Seurat
may identify both the negative and the positive markers by comparing it to the other cluster. It
is also possible to specify for instance only positive markers. This comparison and identification
might be done for all clusters (i.e. each cluster is compared to all the other cluster) or specific
clusters may be chosen for comparison to each other [64].

When the clustering is performed and the defining markers are identified, it is possible to give
names to the clusters. Usually, the names given are cell types based on the defining markers for

each cluster [64].

1.11.2 Monocle 3

Monocle 3 allows for trajectories to be made, in order to get a more dynamic view of the cells
(e.g. how the cells differentiate). To create these trajectories the data needs to be preprocessed,
normalized, and clustered, which may be done within the Monocle toolkit. An alternative to
this approach is to use a data set that have already gone through preprocessing, normalization
and clustering in a different toolkit, such as Seurat. This is an advantagous feature of Monocle
since it enables comparison between the clusters made by Seurat, and the trajectories made by
Monocle. If the clustering is performed in Monocle it will differ from the clustering done in
other toolkits. This is because each clustering will give a different result. The principle for
creating a trajectory is based on the order of changes in gene expression. When Monocle learns
these changes, it is able to generate a trajectory and place the different cells along the trajectory
line. If more than one trajectory is to be made, Monocle might make new subgroups with cells
similar to each other, from the already clustered cells before creating the trajectories. By
creating subgroups Monocle is able to identify several different paths in the gene expression

[73].

Depending on the type of trajectory (i.e. looped or tree-like trajectories), there are two different
ways for Monocle 3 to learn the principle graph(s). This is an important step in order for
Monocle to place the cells in the trajectory. One method is by the use of L1 Graph, which is
able to learn looped trajectories. The L1 Graph is robust to data noise as it looks at the data

points in a context (i.e. looking at one point in relation to the rest) rather than comparing two
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and two points. As opposed to the k-nearest-neighbor, used for instance in clustering, the L1
Graph method is an automated method were the sparsity is not manually decided [74]. Another
method, learning trajectories resembling trees, is SimplePPT. Here, principal points and the tree
structure are both learnt at the same time. The dimensionality of the data is not reduced further

when using this method [73,75].

Clustered cells and chosen genes may also be shown as a function of pseudotime. For the
clustered cells this is visualized by a color scale ranging from dark purple (early) to yellow
(late). Early pseudotime corresponds to cell in the early time of differentiation (e.g. immature
cells) that are on their way to the differentiation endpoint. Late pseudotime is close to this
endpoint. When visualizing spesific genes as a function of pseudotime, the same principles
apply (i.e. if the gene of interest is highly expressed early in pseudotime it is likely a gene
representing the early stages of differentiation) [76].
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2 Materials and methods

2.1 Patient information

The patients included in this project underwent sigmoid colon cancer surgery performed at
Akershus University Hospital (Lerenskog, Norway). Healthy colon at least 10 cm from the
tumor was used for further analysis. For scRNA-seq, colons from 4 patients were used (age 62-
78, 3 males), and colons from 3 patients were used for immunohistochemistry (age 62-78, 2

males).

2.1.1 Ethical considerations

All experiments described were performed within closed laboratories with virtually no effect
on the external environment. This project conforms to EEC Directives concerning medical
research and the corresponding Norwegian legislation. All biopsy and surgical resection
specimens of human origin were taken after informed consent of the study subjects. The
experiments and biobanks are approved by the Regional Committee for Medical Research

Ethics (REK 2015/946).

2.2 Tissue preparation

In order to obtain single cells from the colon, tissue dissection was performed [20,77]. The
colons we received from Akershus University Hospital were dissected within 2 hours after
surgery. First, the colon was opened longitudinally to expose the mucosal layer and transferred
onto a large petri dish. The colon was dipped a few times in PBS before being gently dried off
with a paper towel, on a large cell culture dish, to remove any mucus and other residues.
Secondly, the mucosal layer was excised by cutting off thin strips of the mucosal folds and
transferring them into a 50 ml tube containing about 20 ml EDTA buffer (Appendix 1). The
thin submucosal layer was subsequently removed. This layer was not used further on. To
remove the teniae the colon piece was flipped over, where the teniae are clearly visible as three
thick stipes running along the length of the colon. They were cut off and moved to a new tube
with around 20 ml EDTA buffer. Then, only the muscularis layer was left which was cut into
smaller pieces and, also here, moved to a tube containing 20 ml EDTA buffer. The three tubes

with EDTA buffer and the different tissue layers were then filled up with additional EDTA
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buffer so that the total volume was 50 ml in each tube. Next, the tubes were placed in the CO»
incubator on the Hula-mixer for 15 minutes at 37°C for tissue washing to remove epithelial

cells.

While the tissue was being washed the enzyme mix for digestion of tissue was made in 100ml
cups, containing RPMI without phenol red, liberase and DNase (Appendix 1). When the tissue
was ready, the top layer of supernatant was gently removed so no tissue was lost. A 100 um
piece of mesh was then placed in a funnel to filter the remaining supernatant with the tissue.
The mesh containing the tissue was then washed with PBS and squeezed to remove as much
epithelial cells as possible. The mucosal layer needed to be washed three times because there
are a lot of mucus and other intestinal residues present in the lumen of the colon, that needs to
be removed in order to only isolate the cells of interest. Between each wash, the filtering step
was performed, and the mucosal tissue was transferred to a new tube containing EDTA buffer.
While the mucosal layer was being washed, the remaining two layers (which were only washed
once) were transferred to a petri dish and minced by using scissors. The same procedure was
done for the mucosal layer as well. The minced tissue was then transferred to a 100 ml cup,
containing the enzyme mix; one cup for each layer. A magnet was added and the cups, with the
lid on, were placed in the CO2 incubator on a magnetic stirrer at 250 rpm for 60 minutes at

37°C.

After the incubation with the enzyme mix, the different layers were filtered through a 100 um
filter on top of a 50 ml tube (one filter and one tube for each layer). The tissue was dispersed
by pipetting up and down and then put on the filter. The narrow part of the pipet opening was
cut to make it bigger making it easier to pipet out the tissue mix, which contained some larger
chunks as well. On the filter, the tissue was mixed around to speed up the filtration process; this
is not a crucial step in the protocol, but if it is not done it will take hours before the tissue has
passed. PBS was then added to the cup with the enzyme mix, to make sure that all of the tissue

was collected, and transferred to the filter by pipetting.

When the filtration was complete, PBS was added to the three tubes so that the total volume in
each tube was 50 ml. The cells were then spun down at 500g for 10 minutes. After spinning,
the supernatant was discarded, leaving around 5 ml behind, the cell pellet was resuspended and

filtered one more time (as described above) and spun again. Following the second spin, the

26



supernatant was discarded so that approximately 5 ml was left in each tube. The cell pellet was

resuspended and ready for counting.

The teniae cells were diluted 1:10 for the cell counting, by adding 90 ul of PBS to an Eppendorf
tube and then adding 10 ul of the resuspended cells. The mucosa and muscularis cells were
diluted 1:100 by first making a 1:10 dilution, as described, then adding 90 ul PBS to a new
Eppendorf tube and finally adding 10 ul of the 1:10 cell dilution. The difference in dilution is
due to the number of cells captured. When isolating cells from the mucosal and muscularis
layer, other “unwanted” cells will also be included in the cell suspension. This is due to the
close proximity to epithelial cells and the submucosa, respectively. As a consequence, there
will be a lot more cells isolated from these layers. The cells were counted by the use of EVE™
Automatic cell counter. In order for the cell counter to detect the cells, 10 ul of the diluted cells
was mixed with 10 ul of Trypan Blue stain 0.4%. 10 ul of the stained cells were then added to
a cell counting chamber slide and placed in the cell counter. Dead cells are identified by high
uptake of the live/dead marker and consequently a high amount of color detected. This is due
to the permeability of dead cells (i.e. the live/dead marker can leak into dead cells, but not live
cells with the cell membrane intact). To calculate the total number of live cells, the equation

described in Equation 1 was used.

The following analysis was performed on the mucosal cells, whereas the cells form muscularis

and teniae were used in other projects performed by the group.
Equation 1: Calculating the total number of live cells.

Number of live cells - Cell resuspension volume - Dilution = Total number of live cells

2.3 Isolation of mononuclear cells from peripheral blood

In order to isolate mononuclear cells from peripheral blood, a lymphoprep protocol was
performed [78]. First, the blood was diluted with room temperature PBS in a 50 ml tube to a
total volume of 40 ml and 10 ml lymphoprep was pipetted in a different 50 ml tube. The blood
and PBS mix was then transferred carefully to the lymphoprep tube, holding the tube in a 60°
angle and pipetting along the side, so that the blood lies on top of the lymphoprep. The tube
containing blood and lymphoprep was spun for 20 minutes in the Beckman Model TJ-6

Centrifuge in order to separate the blood based on density. The buffy-coat (Figure 5) was
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pipetted and transferred to a new 50 ml tube and PBS was added for a total volume of 50 ml
before the tube was spun at 250g for 10 minutes. After the spinning, the supernatant was
discarded and the cell pellet resuspended in 10 ml PBS before doing a cell count as described
above. Following the counting, PBS was added to the tube for a total volume of 50 ml and the
tube was spun at 500g for 5 minutes. Finally, the supernatant was discarded and the pellet

,containing PBMCs, resuspended in 300 ul FCS.

Before After
centrifugation centrifugation

Blood and PBS —» Plasma

Buffy-coat

Lymphoprep

Lymphoprep

Red blood cells

Figure 5. Lymphoprep of peripheral blood to isolate mononuclear cells.

Peripheral blood was diluted in PBS and transferred to a tube containing lymphoprep. After centrifugation the
blood was separated based on density, where the plasma was the top layer follow by a buffy-coat (containing
mononuclear cells), a lymphoprep layer and the red blood cells at the bottom. Figure created with
BioRender.com.

2.4 Cell staining

Following the tissue preparation, the cells obtained were stained with antibodies for further
analysis by flow cytometry. Different antibodies were used in order to identify several cell
markers, both extra- and intracellularly. The aim here was to identify macrophages based on
expression of CD45, HLA-DR and CD14 [20]. We also wanted to distinguish these cells from
dendritic cells, which do not express CD14, in order to clearly show that CD14" is indicative
of macrophages. Antibodies for CD3 and CD19 conjugated with the same fluorochrome as the
live/dead marker were used to exclude HLA-DR" cells that were not macrophages, such as B

and T cells (this exclusion is marked as lin").
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First, approximately 1 million cells were transferred to 5 ml flow tubes, washed by adding 1 ml
flow buffer (Appendix 1) and centrifuged at 400g for 4 minutes at 4°C. 1 million cells were
used as it corresponds to one test for the antibodies (i.e. the volume per test for the antibody
can be used). The supernatant was discarded, leaving only the cell pellet in the tube. Next, the
cells were stained with only surface markers or a combination of surface and intracellular

markers.

For the surface marker staining, 95 ul of the macrophages vs. dendritic cells or the DC3 master
mix (Table 2) was added to each of the tubes containing the cell pellet. The cells then incubated
on ice for 30 minutes in the dark. Following the incubation, the cells were washed again as
described above. 400 ul of flow buffer was added to each tube after the supernatant was
discarded, and then flow cytometry was performed. 10 ul of TO-PRO-1 was added to each tube
prior to running the flow cytometer, working as a live/dead marker. Dead cells are identified
by high uptake of the live/dead marker and consequently a high amount of fluorescence
detected. This is due to the permeability of dead cells (i.e. the live/dead marker can bind
intracellular proteins and give a stronger signal than when the marker only binds surface

proteins on live cells).
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Table 2: Antibodies used in the macrophages vs. dendritic cells and DC3 surface staining

mixes for flow cytometry.

Macrophages vs. dendritic cells staining

DC3 staining

Antibodies Volume per test (ul)  Antibodies Volume per test (ul)
Fc Block 10 Fc Block 10
BerEp4 FITC 10 BerEp4 FITC 10
CD3 FITC 5 CD3 FITC 5
CD19 Ax488 5 CD19 Ax488 5
CD45 BV510 5 CD45 BV510 5
HLA-DR PerCP- 2.5 HLA-DR PerCP- 2.5
Cy5.5 Cy5.5

CD14 PE-Cy7 5 CD14 APC 5
CDl1c APC 5 FceRI PE 5
CDlc BV421 5 CDlc BV421 5
CD141 PE 10

Total volume 62.5 Total volume 52.5
(antibodies): (antibodies):

Added buffer: 37.5 Added buffer: 47.5
Total volume 100 Total volume 100

(master mix):
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Isolated cells were also stained intracellularly in addition to the surface staining. In order to
accomplish both intracellular and surface staining, the cells were treated with a fixation and
permeabilization approach [79]. First, the cells (around 1 million) were washed, as described
above, and then incubated on ice for 30 minutes in the dark with 1 ml of a Fixable Viability dye
eFluor 780 live/dead master mix; this mix was made by adding 10 ul of Fixable Viability dye
eFluor 780 to 10 ml PBS [80]. After incubating, the cells were washed with 1 ml PBS and
centrifuged at 400g for 4 minutes at 4°C. The supernatant was discarded and 95 ul of the surface
master mix (Table 3) was added to the cells, which then incubated for 30 minutes on ice in the
dark. Following the incubation, the cells were washed two times with 1 ml flow buffer
(according to the protocol) and spun as described above. The cells were resuspended in 250 ul
Fix/Perm Solution and incubated for 20 minutes on ice in the dark. Next, the cells were washed
two times with 1 ml of a Perm Wash solution containing 5 ml PermWash and 45 ml distilled
H>0. After the cells had been washed, 95 ul of the intracellular master mix (Table 3) was added
and the cells incubated on ice for 30 minutes in the dark. Finally, the cells were washed with
flow buffer as described above, and resuspended in 400 ul flow buffer before performing flow

cytometry.
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Table 3: Antibodies used in the mature/immature macrophages surface and intracellular

staining mix for flow cytometry.

Surface staining

Intracellular staining

Antibodies Volume per test (ul)  Antibodies Volume per test (ul)
Fc Block 10 CI1Q FITC 1

CD45 BV510 5 Calprotectin PE 10
HLA-DR PerCP- 2.5

Cy5.5

CD14 APC 5

Total volume 22.5 Total volume 11
(antibodies): (antibodies):

Added buffer: 71.5 Added buffer: 89

Total volume 100 Total volume 100

(master mix):
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2.5 Flow cytometry

Before the flow cytometry analysis was performed, a CST test was done on the BD LSRFortessa
X20 machine. When performing this test beads specific for CST, that all have the same intensity
in the fluorescence and are of the same size, are run. This test performs a quality control for the

lasers, fluidics and electronics, as well as the optics within the flow cytometer [81].

Compensation beads were run prior to running the stained cells. These beads work as single-
color controls used to calculate the compensation matrix in FlowJo later on. The beads were
made by applying one drop of UltraComp eBeads™ to a flow tube, adding 1 ul of an antibody
conjugated with the desired fluorescence and mixing well. The beads then incubated on ice for
about 30 minutes in the dark. Compensation beads for all the different fluorescence mentioned

above were made. 10 000 events of the beads were recorded.

The stained cells were then run, where 1 000 000 events were recorded. The forward scatter
was adjusted so all events lied nicely inside the plot. All of the analyses were performed in
FlowJo, but some gates were set when running the samples as well, in order to get an overview
of the cell distribution (i.e. see that there were CD45" cells present, and that these cells also

express CD14 and HLA-DR, which indicated that they were macrophages).

2.5.1 Analysis of flow cytometry data

The flow cytometry data were analyzed using FlowJo. A compensation matrix was calculated
automatically in FlowJo by using the compensation beads. This matrix was applied to the
sample data. When looking at the sample data, multiple gates were set in order to obtain the
desired cells (Figure 6). First, a broad gate based on size (forward scatter) and granularity (side
scatter) was set to include the region encompassing macrophages (Figure 6A). From the cells
within this gate, a new gate was set to obtain all the live CD45" cells (Figure 6B). Here, we also
remove epithelial cells, as well as T and B lymphocytes by using the antibodies BerEp4, CD3
and CD19, respectively. These three antibodies and the live/dead marker TO-PRO-1 are
conjugated with fluorescence detected in the same channel, meaning that all of them will appear
as one single parameter. Cells that were positive for either of the antibodies, including dead
cells, were excluded from further analysis. Finally, HLA-DR" cells that ranged from CD14°%
to CD14"eh were gated for from the live CD45" cells (Figure 6C).
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SSC
HLA-DR

Viability/EpCAM

FSC CD45
Figure 6. Representative flow cytometry general gating strategy for APCs.

Cells from the colon were stained with CD45-BV510, HLA-DR-PerCP-Cy5.5, and CD14-APC or PE-Cy7. Here,
the general flow cytometry gating strategy, performed in FlowJo, is shown with the following gating strategy:

A All events are shown in a dot plot were, in the black circle, the region encompassing macrophages is gated out.
Forward scatter is on the x-axis, indicating cell size, and side scatter on the y-axis, indicating cell granularity. B
From the cell within gate A, a new gate is set for live cells (black circle). Here, CD45 is on the x-axis and the
live/dead marker (TO-PRO-1 or Fixable Viability dye eFluor 780) on the y-axis. C Gated for CD14'" " and
HLA-DR" (within the black lines) from the live cells. The black line is drawn around the cells that express HLA-
DR and range from CD14°" to CD14"¢h, Here, CD14 is on the x-axis and HLA-DR on the y-axis.

2.6 Cell sorting

The single cell sorting was performed by Espen Bakkevold. Single cells from the colon were
isolated and washed in preparation for cell staining as described above (2.4). The cells were
stained for CD45, HLA-DR and CD14 (Table 4) in order to sort out CD45"HLA-DR*CD14*
macrophages, captured in PBS with 0.5% BSA [20].

Table 4: Antibodies used for single cell sorting.

Antibodies Volume per test (ul)
Fc Block 10
CD45 BV510 5
HLA-DR PerCP-Cy5.5 2.5
CD14 APC 5
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2.7 10x genomics

Single cell gene expression analysis was performed by using the 10x genomics Chromium
Single Cell 3° Solution, and was outsourced to the Genomics Core Facility at Oslo University
Hospital (Radium Hospital, Oslo, Norway). This part is only described in brief as these results

are used for further analysis.

First, the FACS sorted CD45"CD14"HLA-DR" cells were merged with beads made of gel in an
emulsion; one cell is attached to one bead. All cDNA produced from one cell would then have
the same 10x barcode. Primers were added to the bead-cell solution to generate full-length
cDNA and at the same time destroy the gel beads in order to retrieve the pooled fractions. The
primers included, amongst other components, a 10 mt unique molecular identifier (UMI) and
a lént 10x barcode. Disposal of primers and biochemical reagents that may be left in the
suspension was done by the use of silane magnetic beads. To produce a large enough number
of cDNA to create the library, PCR was used to amplify the barcoded cDNA. The library
generated was sequenced on the [llumina NextSeq500 using HighOutput flow cells v2.5 (Figure
7) [61].

Pool
Collect RT Remove Oil
. .

10x Barcoded Cells oil
Gel Beads Enzyme @

Single Cell 10x Barcoded 10x Barcoded
GEMs cDNA cONA

Figure 7. 10x genomics workflow.

Here, the workflow for single cell sorting by the use of 10x genomics is depicted. First, one cell is attached to
a bead and imbedded in an oil emulsion. The Gel Bead-In-EMulsions (GEMs) are then collected and 10x
barcoded cDNA is generated. Finally, the oil and biochemical reagents are removed. Illustration from [57].
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2.8 Computational analysis of scRNA-seq data

The sequencing data generated from the 10x genomics was first preprocessed in Cell Ranger,
before additional computational analyses in R were performed by the use of both Seurat and
Monocle 3. The scripts used to perform the Seurat and Monocle 3 analyses are available on

GitLab (https://gitlab.com/fjahnsenlab/master-thesis/single-cell-master-thesis).

2.8.1 Analysis with Cell Ranger

The preprocessing of the 10x genomics sequencing data was performed at the Genomics Core
Facility at Oslo University Hospital (Radium Hospital, Oslo, Norway). First, FASTQ files were
made before assessing the sequencing quality. The sequencing reads were then mapped to a
reference genome and a gene-barcode matrix was generated. This gene expression matrix was

then further used in Seurat to perform additional analyses.

2.8.2 Analysis with Seurat

First, the 10x genomics sequencing data from the four different patients was separately loaded
into R by using the Read10x() function incorporated in the Seurat package. Quality control
and filtration of the data was then performed, where cells having an RNA count of more than
200 and less than 2000 with a mitochondrial gene percentage of 5% or less was selected. Cells
with an RNA count without this range were characterized as low-quality cells. Following
filtration, the cells were normalized with a scale factor set to 10 000. This scale factor is
multiplied with the gene expression measured from the normalization. The resulting value then

becomes log-transformed [64].

When these initial analyses were done, the four different data sets (one for each patient) were
merged together in order to perform an integrated analysis. First a list of all the data sets was
created, the dimensions were set to 30, which largely capture the data, and then the Seurat
function FindIntegrationAnchors() was used. This function identifies anchors between
the different data sets. These anchors were then used to perform a principal component analysis
(PCA) on the merged data. After the PCA the number of principal components (PCs) to use
needed to be set. In order to choose the correct number some calculations were done. Firs, the
percentage variation for each PC was found by dividing the standard deviation of each PC by

the sum of all standard deviations multiplied by 100. The cumulative (i.e. increasing) percent
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for each PC was then used to find the PCs with a cumulative percentage higher than 90% and
a variance of less than 5%. The last PC with a percentage variation of more than 0.1% was then
calculated, before identifying the lowest PC between the two. This resulting number was the

correct number of PCs to use.

The data was then clustered, based on the calculated number of PCs, and a UMAP plot of the
clustered cells was generated. To obtain the correct resolution for the UMAP plot a clustering
tree was made (Figure 8), depicting different resolutions ranging from 0.1 to 2. The resolution
is a parameter determining the number of clusters in the downstream analysis. This selection of
resolution is highly subjective, and each resolution will give a slightly different picture. For
these analyses, the lowest resolution with fewest arrows going across (i.e. the resolution giving

the most linear picture) was chosen.

Following the clustering of cells, the average expression within each cluster was calculated by
using the Seurat function AverageExpression(). All positive variable markers in all clusters
were also identified, based on RNA. These differently expressed genes (DEGs) were later used

to annotate each cluster.
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Figure 8. A representative clustering tree plot.

Here, a clustering tree plot is shown. Based on this tree the resolution for the UMAP plots may be chosen.
The optimal resolution is the one where there are few dividing arrows, and at the same time having the lowest
number of clusters (i.e. the resolution with the largest amount of arrows going straight down with lowest
number of clusters is optimal).

2.8.3 Analysis with Monocle 3

The trajectory analysis was performed on the already clustered data set created by using the
Seurat package. First, a cell data set (CDS) was created from the Seurat data, by using the gene
expression. The Monocle 3 function preprocess_cds() was used to perform different
preprocessing steps on the data, such as normalization. After the preprocessing, a principal
component analysis was performed followed by a dimensionality reduction. To obtain the same

information as from the Seurat analysis, the cell embeddings (i.e. cell coordinates) were not
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calculated by Monocle but rather imported from the Seurat data. The clustering was also based

on the findings from the Seurat analysis.

Monocle then learns the principal graph (i.e. the biological differentiation based on gene
expression), before being able to generate the trajectories within the clustered cells. These
trajectories may be generated with or without defining a starting point (i.e. trajectory root). In
this case, the trajectory root was defined as a single cell within the cluster identified as immature

macrophages based on the differently expressed genes generated by Seurat.

2.9 Immunohistochemistry

In order to investigate the distribution of colonic macrophages in situ, immunohistochemistry
was performed. The colon slides, being either formalin fixated or cryopreserved, were stained
with different antibody mixes, to identify and localize immature and mature macrophages as

well as DC3s. Both immunofluorescent and enzymatic staining methods were used.

2.9.1 Immunofluorescent staining of formalin fixated slides

First, the colon slides were deparaffinized by letting the slides sit or dipping in different solvent
solutions for defined time, as described in Figure 9. For immunostaining of formalin-fixed
tissues, heat induced epitope retrieval (HIER) is needed to unmask antigen epitopes that may
be denatured, hidden or destroyed due to formaldehyde cross-linking [82]. The optimal protocol
is usually determined empirically; by boiling in buffers with high or low pH for 20 minutes.
The optimal HIER was established for all antibodies used in the study, as described below
(2.9.2). After boiling, the slides are cooled down for 20 minutes in room temperature. Next, the
slides were dipped in PBS before a DAKO grease pen was used to mark around the tissue. The

slides were then blocked for 5 minutes with 10% Normal human serum (NHS).

Following the blocking, the primary antibodies (Table 5) were added to the tissue and incubated
for 60 minutes at 37°C; one of the tissue samples worked as a negative control where only PBS
was added, while the primary antibodies were applied to the other sample (Figure 10). To obtain
the desired concentrations (1:100 for CD68, 1:400 for C1Q and 1:200000 for calprotectin), the
antibodies were diluted; both C1Q and calprotectin had an initial dilution of 1:1 and in order to
obtain the final dilution of 1:400 and1:200000, respectively, the antibodies had to be diluted in
two steps. With C1Q, the antibody was first diluted 1:2 by adding 5ul of the C1Q antibody to
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5ul 1.25% BSA. For calprotectin, the antibody was diluted 1:1000 by applying 1ul of
calprotectin to 1000 ul 1.25% BSA. Then the second dilution had to be 1:200 for both
antibodies. To be able to make the dilution with C1Q or calprotectin in combination with CD68
in the same mix, the dilution for the CD68 antibody was calculated to match the
C1Q/calprotectin dilution; since the start dilution of CD68 was 1:2 and the final dilution should
be 1:100, the dilution made must be 1:50. In order to make this dilution and match the dilution
of C1Q/calprotectin, the CD68 dilution was made as 4:200. This means that 1 ul of C1Q or
calprotectin and 4 ul of CD68 was added to 195 ul 1.25% BSA for a total volume of 200 ul and
a 1:200 dilution of C1Q/calprotectin and 1:50 of CD68.

After the incubation, the slides were washed twice in PBS for 5 minutes on a shaking table
before the secondary antibodies (Table 5) were added and the slides incubated for 90 minutes
at room temperature. The IgG3 antibody had an initial dilution of 1:10 while IgG was diluted
1:2, and to obtain the final dilutions (1:1000 and 1:200 respectively) a 1:100 dilution was made
for both antibodies by adding 2 ul of each antibody to 196 ul 1.25% BAS for a total volume of
200 ul.

Next, the slides was again washed in PBS for 5 minutes and then in Hoechst (nuclear staining)
for 5 minutes, both on the shaking table. The slides were then dipped in distilled H>O and air
dried so that the slides were almost completely dried. Finally, the coverslips were mounted by

applying one drop PV A on top of the tissue.

Xylen Xylen A 100% alcohol 96% alcohol A
5 minutes 5 minutes — 15 seconds - 15 seconds
J J
L . .
70% alcohol PBS I PBS II PBS III
15 seconds 1 minute 1 minute - 1 minute

J

Figure 9. The reagents used for the deparaffination of slides for immunostaining.
Here, the workflow for the deparaffinization of the colon slides is shown. PBS I-III all contain PBS, the
numbering only indicate that there are three different containers.
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Table 5: Primary and secondary antibodies and their dilutions used for immunostaining

of formalin fixated slides.

Primary antibodies

Antibodies  Initial dilution

CD68 1:2

C1Q 1:1

Calprotectin = 1:1

Secondary antibodies

Final dilution = Antibodies = Initial dilution Final dilution
1:100 IgG3 1:10 1:1000
Ax488
1:100 IgG 1:10 1:200
(H+L)
Cy3
1:200000
“— Sample A
«— Sample B

Figure 10. Immunostaining strategy.
On each slide, there are two tissue samples. In order to have a negative control, the two samples are treated

differently; Sample A works as a negative control where only the secondary antibodies are applied, while both
primary and secondary antibodies are applied to Sample B. Figure created with BioRender.com.

2.9.2 Enzymatic staining of formalin fixated slides

Enzymatic staining gives an increased antibody sensitivity compared to fluorescent staining.

Therefore, formalin fixated slides was also stained following an enzymatic staining protocol.

To find the optimal dilution and pH for HIER for the primary antibodies, manual staining with

only one primary antibody was performed. The slides were first deparaffinized and boiled as

described above (Figure 9), with a pH6 and a pH 9 buffer. Following 20 minutes of cooldown,
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the slides were put under running water for about 1 minute before marking around the tissue
with a DAKO grease pen. Since the antibodies used for marker detection are peroxidase
conjugated endogen peroxidase must be blocked to obtain expression only from the antibody-
conjugated peroxidase. This was done by applying an endogen peroxidase block for 5 minutes.
The slides were washed in TBS for about 1 minute before the primary antibody diluted in an
antibody diluent (Table 6) was added and incubated for 60 minutes in room temperature. The
secondary antibody DAKO DMS822 was then applied after the slides were washed as described
above and incubated for 30 minutes in room temperature. Another washing step followed the
incubation prior to applying DAKO’s DAB+ substrate for 5 minutes. Next, the slides were
washed and put under running water for about 1 minute, before a nuclear staining was
performed as described in Figure 11. Finally coverslips were mounted by using a xylen-based
glue. Figure 12 shows representative images of the large difference between treating the slides
with the same antibody dilution with different pH. The optimal pH was found to be pH 9 for
both CD14 (Figure 12) and TREM1 (not shown) with the dilutions 1:50 and 1:100, respectively.

To investigate co-localization, two different antibodies were used. Since the secondary antibody
used can bind primary antibodies from both mouse and rabbit, a sequential staining must be
performed (i.e. the staining protocol described above have to be repeated two times, one for
each primary antibody). This was performed on a Ventana DISCOVERY ULTRA automated
slide preparation system. Also here, CD14 and TREM1 were used as primary antibodies, diluted
in Discovery’s antibody diluent. Here, the secondary antibody for CD14 was DISC Purple and
Teal HRP Sub for TREM1 giving rise to a red and turquoise color, respectively.

Table 6: Primary antibodies and their dilution used for enzymatic staining of formalin

fixated slides.

Antibodies Initial dilution Final dilution  Optimal pH
CD14 1:1 1:50 9
TREM1 1:1 1:100 9
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Hematoxylin Water bath A Hexamin ) Water bath A
1 minute 1 minute dip 15 seconds 30 seconds
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Figure 11. The reagents used for the nuclear staining of enzyme stained slides.
Here, the workflow for the nuclear staining of enzymatically stained colon slides is shown
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Figure 12. Representative image of enzyme staining of tonsils to determine the optimal pH.

Here, tonsil slides were stained for CD14 (shown in brown) with the dilution 1:50.

A This slide was treated with a pH 6 buffer. There are no visible CD14" cells detected. B When treating the
slide with a pH 9 buffer, several CD14" cells are visible.

2.9.3 Immunofluorescent staining of cryopreserved sections

When staining cryosections, the pre-cut slides stored at -20°C were first defrosted in room
temperature for 5-10 minutes. A DAKO grease pen was used to circle around the slides, before
the primary antibodies were added (Table 7). The antibodies incubated for 60 minutes in room
temperature. Again, the top sample was used as a negative control. Following the primary
antibodies incubation, the slides were washed two times for 3 minutes in PBS. After the wash,
the secondary antibodies (Table 7) were added and incubated for 90 minutes in room

temperature in the dark. Finally, the slides were washed for 3 minutes in PBS, then 3 minutes
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in Hoechst, before being dipped in dH2O. After the slides were dried off, the coverslips were
mounted with PVA.

Table 7: Primary and secondary antibodies and their dilution used for immunostaining

of cryosections.
Primary antibodies Secondary antibodies

Antibodies | Initial dilution = Final dilution Antibodies | Initial dilution Final dilution

CD14 1:4 1:100 1gG3 1:10 1:1000
Ax488
CDlc 1:10 1:200 IgG1 Cy3 1:10 1:1500
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3 Results

3.1 Colonic macrophages are confined to the HLA-DR'CD14"
cell population

In the small intestine Bujko et al. found macrophages to be CD14" [20]. Based on these findings
we wanted to investigate if the macrophages within the human colon also could be identified
as CD14". To do so we first selected all cells positive for CD45 (a pan leukocyte marker), which
includes macrophages, but also other leukocytes such as dendritic cells and B and T cells.
Consequently, a lineage dump (referred to as lin”) was set up to filter out the B and T cells by
the use of markers for CD19 (B cells) and CD3 (T cells). Macrophages also express HLA-DR,
so from the filtered CD45" cells all cells positive for HLA-DR were selected (Figure 6). Since
dendritic cells express both HLA-DR and CD45 as well, different markers have to be used to

differentiate between them.

We first wanted to establish that CD14 confines all macrophages and distinguish them from
dendritic cells (DCs), so we used antibodies for CDIc, CD141 and CDl11c, as well as CD14, to
stain cells from the mucosal layer of the colon and PBMCs. The PBMCs were used to set up
the staining, as these cells are well characterized. By using this approach it is possible to depict
the differences between macrophages and DCs, as well as distinguishing between mature and
immature macrophages. Both CD1c and CD141 are markers for dendritic cells and by using
them together, we were able to differentiate between DCl1s (CD14 CD1¢c CD141%) and DC2s
(CD14CD1c*CD1417) [9]. Since CDlc is also expressed on macrophages and monocytes, this
marker cannot alone be used as a dendritic cell marker. The more mature macrophages will
have downregulated CD11lc as opposed to the more immature ones, which still express
relatively high levels of CD11c [20]. In addition to CDlc, CD141 and CDllc, all cells were
stained with antibodies for CD45, HLA-DR and CD14 according to Table 2 as these were
shown to be expressed by macrophages in the small intestine [20]. To find the cells of interest

(CD45"HLA-DR'lin"), several gates were set as depicted in Figure 6.

From the viable CD45"HLA-DRlin" cells ranging from CD14" to CD14" (Figure 6C), three
new gates were set dividing the cells into CD11¢ CD14*, CD11¢"CD14" and CD11¢"CD14.
The CD11¢CD14" cells correspond to more mature macrophages, while the CD11¢"CD14*

were most likely immature macrophages. In the PBMCs, there were no CD11¢CD14" cells
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present. Within the CD11¢"CD14" population in mucosa, the cells were either CD14intermediate
or CD14"e" possibly similar to Bujko’s findings of Mf3 and Mf4 macrophage subsets in the
small intestine [20]. The CD11c*CD14" cells were found to be HLA-DRntermediate o HT A~
DRPMeh comparable to the Mfl and Mf2 macrophage subsets found by Bujko [20], although
the Mf1 population contains quite few cells in our analysis. The majority of the CD14~ cells
were found to be either CD1c" or CD1417, equivalent to DC1s or DC2s respectively (Figure
13).

FMOs for CD1c and CD141 were used as a negative control to set the gates (Figure 13). Here,
cells were stained with all the antibodies in the mix except CD1c and CD141 in order to detect

potential autofluorescence and capture the true fluorescence originating from antibody binding.
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Figure 13. Representative flow cytometry data from the macrophages vs. dendritic cells assay.

Cells from the mucosal layer of the colon and PBMCs were stained with CD45 BV510, HLA-DR PerCP-Cys5.5,
CD14 PE-Cy7, CD11c APC, CD1c BV421 and CD141 PE. BerEp4 FITC, CD3 FITC, CD19 Ax488 and TO-
PRO-1 were used to exclude epithelial cells, T cells, B cells and dead cells, respectively, in addition to FcBlock
which stops unspecific binding. This staining enables identification of macrophages (CD45"HLA-DRlin CD14")
and dendritic cells (CD45"HLA-DR'lin CD14"). Here the cells are shown in a contour plot where outliers are
indicated by dots. Prior to creating these plots, a general gating strategy, identifying viable CD45"HLA-DR *lin-
cells, was performed (Figure 6).
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From the CD45*HLA-DR*lin™ cells, three separate subpopulations were identified when plotting CD11¢ (x-axis)
against CD14 (y-axis). The subpopulations are divided into CD11¢ CD14", CD11¢*CD14"and CD11¢"CD14~
cells. Within the CD11¢*CD14" subpopulation, the cells were found to be HLA-DR™ermediaie o HI A-DRbigh,
similar to Bujko’s findings of Mfl and Mf2 macrophages, respectively [20]. Here, CD14 is on the x-axis and
HLA-DR on the y-axis. The cells in the CD11¢ CD14" subpopulation were shown to generate two populations
when plotting CD14 (x-axis) against HLA-DR (y-axis), namely CD14inermediat ] A_.DR* and CD14"¢"HLA-DR+.
Within the CD11¢"CD14 subpopulation, the cells were identified as either DC1s (CD1¢ CD141%) or DC2s
(CD1c¢*CD141"), by plotting CD1¢ (x-axis) against CD141 (y-axis). FMOs for CD141 and CD1c were used in
order to properly set the gates identifying dendritic cells.

3.2 Macrophage sorting for single-cell RNA sequencing

The findings of CD45"HLA-DRlin™ cells being either CD14~ or CD14" and the CD14" cells
comprising of CD141" DC1s and CD1c* DC2s, indicates that CD14 is a well suited marker for
macrophage identification. Based on this, cell sorting was performed on mucosal cells from the
colon. The cells were stained according to Table 4, and viable CD45"HLA-DR*CD14" cells
were captured (Figure 14). The sorted macrophages were then used to generate single-cell RNA
sequencing data, through the 10x platform, used to perform bioinformatic analyses. The raw
sequencing data was preprocessed in Cell Ranger where cells with high expression of
mitochondrial genes were filtered out, as high mitochondrial gene expression is a sign of dead

cells, resulting in 5263 high quality cells used for further analyses.

Viability/EpCAM
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Figure 14. Single cell sorting plots.

Following the verification that macrophages are CD14", cells from the mucosal layer of the colon were stained
with CD45 BV510, HLA-DR PerCP-Cy5.5, CD14 APC. BerEp4 FITC and TO-PRO-1 were used to exclude
epithelial cells, T cells, B cells and dead cells, respectively, in addition to FcBlock which stops unspecific
binding. CD45"HLA-DR'CD14" macrophages were sorted out for single cell RNA-sequencing.

First, viable CD45" cells are gated out, with CD45 on the x-axis and BerEp4, CD3, CD19 and TO-PRO-1 on the
y-axis. From these cells, the HLA-DR" cells are selected, by plotting CD45 (x-axis) against HLA-DR (y-axis).
Finally, the CD45"HLA-DR*CD14" cells are gated out, with HLA-DR on the x-axis and CD14 on the y-axis.
(All gated cells are within the squares). Plots made by Espen Bakkevold.
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3.3 Colonic macrophages separate into distinct clusters based
on differently expressed genes

To visualize the single-cell RNA sequencing data generated from sorted macrophages, the R
package Seurat was used. Graph-based clustering of the colonic mucosal layer from 4 patients
was performed and visualized by the use of UMAP, a non-linear dimensional reduction method
[64], based on differentially expressed genes (DEGs). Figure 15 shows the integrated UMAP,
where the scRNA-seq data from all four patients were merged. The initial clustering identified
some non-macrophage clusters in the UMAP. Cluster 3, 6 and 8 were identified as B cells,
cluster 11 as T cells and cluster 13 contained endothelial cells (Figure 15A). This is based on
the top differentially expressed genes (DEGs) in each cluster — genes such as JCHAIN and
IGHAT1 were found in the B cell clusters, CD3 and CCL5 in the T cell cluster, and SPARCL1
and PLVAP in the cluster with endothelial cells. To obtain a clear image of the differences
within macrophages, these non-macrophage clusters were removed and the data re-clustered,
before performing any further trajectory analysis (Figure 15B). The re-clustering is important
because the clustering is based on the relationship between all cells in the data. It is therefore
necessary to redo the clustering after the removal of non-macrophage cells. The differentially
expressed genes gives the foundation for clustering the cells. In Figure 16, the top 10 DEGs for
each cluster, after removing the non-macrophage clusters, are depicted in a heatmap. Based on

the DEGs, each cluster was annotated, identifying different macrophage subtypes.
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Figure 15. UMAP plots of cells from the mucosal layer of the colon, where the clustering is based on
differentially expressed genes.

A The graph-based clustering of 5263 cells from the colonic mucosal layer, where 14 different clusters were
identified. Before non-macrophage clusters are removed. B The graph-based clustering of 4251 cells from the
mucosal layer, after non-macrophage clusters are removed, where 13 different clusters were identified. Some of the
highly expressed genes in the clusters are also shown.
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Figure 16. Heatmap of the top 10 differentially expressed genes in each cluster.
Here, the top 10 differentially expressed genes in each cluster are shown with the gene names on the left.
Highly expressed genes are colored in yellow.
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3.3.1 Cluster annotation

Immature macrophages are characterized by expression of certain markers, such as S100A8
and S100A9. Based on these markers, clusters 5 and 10 from the mucosal layer were identified
as immature macrophages ( Figure 17). FCN1, VCAN, AQP9 and TREMI1 are genes associated
with ST00A8/S100A9" immature macrophages. When looking at the gene expression, it was
evident that FCN1 and TREM1 were highly expressed in both the immature clusters, while
VCAN and AQP9 were present in cluster 10 and cluster 5, respectively.

The mature macrophage clusters were identified by high expression of the different C1Q genes
(i.e. C1IQA, C1QB and C1QC), discovered in cluster 2, 4, 7 and 11. Within these clusters, other
genes associated with mature macrophages, such as MRCI1, APOE, SELENOP, CSFIR,
MERTK and LYVEI, were also present. APOE was found to be highly expressed in cluster 4,
while MRC1 and LY VE1 were highly expressed in cluster 11. SELENOP, CSF1R and MERTK
were all highly expressed in both cluster 4 and 11. Tissue-resident macrophages (TRMs) are
associated with genes such as LYVE1, COLEC12, F13A1 and FOLR2, having the highest
expression in Cluster 11, indicating that this cluster contains tissue-resident macrophages (

Figure 17).

The newly described macrophage-related DC subset, named DC3s (see below) [83], were
identified in cluster 6, based on the expression of CD1c and FceRI ( Figure 17). The cells within
this cluster also expressed some genes associated with dendritic cells, such as CLEC10A and

CDIE, in addition to expression of CD14.

IL-1A, IL-1B, IL6, IL23A, CXCL2, CXCL3 and CXCLS8 are genes identified as pro-
inflammatory found highly expressed in cluster 0, suggesting that this cluster contains pro-
inflammatory macrophages ( Figure 17). IL-10 is an immunoregulatory gene also found highly

expressed in cluster 0.

CD63, DNASEI1L3 and ADAMDECI are genes associated with embryonic origin [84], found
to be expressed in cluster 2 (CD63 and DNASE1L3), 4, 7 (DNASE1L3 and ADAMDECI) and
cluster 11 and 12 (CD63).

These findings suggests that the immature macrophages are located in cluster 5 and 10, while
the mature macrophages are situated in cluster 2, 4 and 7. The cells of cluster 11 was identified

as TRMs, consistent with high expression of the C1Q markers and TRM genes. The pro-
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inflammatory macrophages were found to be located in cluster 0, while the DC3 subset were

located in cluster 6.
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Figure 17. Feature plot of selected genes.
A feature plot showing the expression of selected genes and their distribution within the UMAP plot. The
expression is shown as a gradient going from no expression (gray) to high expression (blue).

Here, the immature macrophage markers SI00A8 and S100A9 are highly expressed in the clusters at the top of
the UMAP plot, while a subset of these immature macrophages express TREM1. The mature macrophage
markers CIQA/B/C are expressed in the clusters located at the bottom right in the UMAP plot. These cells also
express LYVE] and FOLR2. The DC3 markers FceRI and CD1c are highly expressed in cluster 6. The pro-
inflammatory genes IL-1A is expressed mainly in cluster 0.
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3.4 Trajectories

In order to investigate the trajectory inference in the clustered single-cell RNA sequencing data,
Monocle 3 was used. Here, the trajectory root (i.e. starting point of the trajectories) was set
based on the differentially expressed genes (DEGs) and clusters identified above. The DC3
cluster was deliberately removed, since studies have shown that this subset has a different

origin, probably not classical monocytes [83].

Macrophages develop from recently elicited monocytes, through immature intermediates, and
it is therefore reasonable to set the trajectory root in the immature macrophage cluster. Both
cluster 5 and 10 were identified as clusters of immature macrophages, and since cluster 10 is
situated at the top in the UMAP plot, this cluster was chosen as the trajectory root. Based on
the assumption that the macrophages go from immature to mature, we would expect the end-
point (in yellow) to be in the clusters located in the bottom right corner of the plot. The trajectory
analysis showed a dynamic development going from blue at the root to yellow at the end-point,
which was located in cluster 2, 4, 7 and 11 (Figure 18). There are several branches present in
this trajectory plot. One branch has its endpoint in cluster 8 where we find multiple heat shock
proteins, suggesting that these macrophages may be stressed. At the end-point (in yellow), the
trajectory divides into two separate branches in cluster 7 and 11. Within cluster 7 we also find
genes associated with B cells, such as IGKC and JCHAIN, indicating that these genes may be
cargo-genes (i.e. genes expressed by phagocytosed cells within the macrophages). As
mentioned above, the macrophages in cluster 11 express genes related to TRMs. This is most
likely why there is two different end-points identified — both clusters contains mature
macrophages, but with different additional gene expression. Another branch ends in cluster 3

where we find some pro-inflammatory genes such as IL-1A, IL-1B and IL-23.

Specific genes may also be plotted as a function of pseudotime, as shown in Figure 19. Here,
we see that the immature macrophage markers S100A8 and S100A9 begin with a high
expression, which decreases along the pseudotime. The mature macrophage markers (i.e.
CIQA/B/C, FLOR2 and LY VELI), on the other hand, have an increased expression throughout
pseudotime. This corresponds to the beforementioned assumption of differentiation from
immature to mature macrophages. Moreover, IL-1 appears to be upregulated following early

maturation, but is downregulated in fully mature cells.
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Figure 18. Trajectory plot of cells from the mucosal layer of the colon .
A trajectory plot showing the developmental pathway of the cells. Here, the plot is colored by pseudotime, meaning
that the cells differentiate from blue to yellow. The root was set in cluster 10.
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Figure 19. Selected genes plotted as a function of Pseudotime.

The dynamic expression of selected genes are shown as a function of pseudotime. Here, SI00A8/9,
TREMIland IL-1A are highly expressed in early pseudotime, while C1Q/A/B/C, FOLR2 and LYVE] have a
low expression. As the SI00A8/9, TREM1and IL-1A expression decreases through pseudotime, the
C1Q/A/B/C, FOLR2 and LYVEI expression increases.
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3.5 Identification of mature and immature macrophages in
colonic tissue

Further, we wanted to validate the scRNA-seq data, by investigating the expression of specific
markers directly in tissue-derived cells. This is important as there may be discrepancies between

RNA expression and protein expression.

Here, we looked into the distribution of mature and immature macrophages by examining the
expression of C1Q and calprotectin (markers for mature and immature macrophages,
respectively). This is interesting because it depicts the dynamics within this cell population; a
high amount of immature macrophages indicates that monocytes are coming in to the tissue
where they will differentiate into macrophages, while the presence of many mature
macrophages suggest that they have stayed there for some time, and might self-renew within

the tissue.

CI1Q is a marker for mature macrophages that we are able to stain for when performing flow
cytometry. PBMCs and the mucosal layer of the colon were stained with the C1Q antibody in
addition to an antibody for calprotectin. Calprotectin is a marker for the heterodimer of the
S100A8 and STI00A9 genes, which are expressed in immature macrophages. Also here, all cells
were stained for CD45, HLA-DR and CD14 (Table 3) The cells shown in Figure 20 originated
from the gating strategy described in Figure 6 . Mouse isotypes for both C1Q and Calprotectin
were used as FMOs in order to properly set the gates, as described above (3.1, Figure 20B).

The majority of the macrophages are mature (C1Q") in the mucosal layer of the colon, while in
the PBMCs there are almost solely monocytes present (calprotectin®) as expected (Figure 20A).

Immature macrophages are also present in the mucosal layer, but to a lower degree.
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Figure 20. Representative flow cytometry data from the mature/immature macrophage assay.

Cells from the mucosal layer of the colon and PBMCs were stained with CD45 BV510, HLA-DR PerCP-Cys5.5,
CD14 APC, C1Q FITC and Calprotectin PE. Fixable Viability dye eFluor 780 was used to exclude dead cells, in
addition to FcBlock which stops unspecific binding. This staining enables identification of mature (CD45"HLA-
DR'lin CD14*C1Q*Calprotectin-) and immature macrophages (CD45"HLA-DR" lin CD14"C1Q Calprotectin®).
Here the cells are shown in a contour plot where outliers are indicated by dots. Prior to creating these plots, a
general gating strategy, identifying viable CD45"HLA-DR'lin™ cells, was performed (Figure 6).

A When plotting Calprotectin (x-axis) against C1Q (y-axis), two distinct populations within the viable
CDA45"HLA-DR" cells are identified, being either C1Q* Calprotectin™ (upper left quadrant) or C1Q Calprotectin®
(lower right quadrant). B Mouse isotypes for C1Q and Calprotectin were used to properly set the gates in A.

3.5.1 DC3s— A newly described macrophage-related DC subset

Bourdely et al. have recently described a new subset of cells, termed DC3s. These cells have a
transcriptional profile where some features are also found in the transcription profile of
monocytes and DC2s, but they are thought to originate independently of classical monocytes

and dendritic cells [83].

Markers for the DC3 subset are CD1c and FceRI, in addition to monocytic markers such as
CD14, CD68, S100A8, and S100A9 [83]. Colon cells from the mucosal layer and PBMCs were
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stained with CD1c¢ and FceRI1 in addition to other surface marker antibodies, described in Table
2 to detect DC3s. The flow cytometry analysis revealed a DC3 population which are CD1c¢"
FceRI" within the CD45"HLA-DR*CD14" cells (Figure 21).

A B

Viable CD45+ HLA-DR+ CD14+ Viable CD45+ HLA-DR+ CD14+

FCeRI
FCeRI

| PR T TR |
| TR Y A |

CDlc CDlc

Figure 21. Representative flow cytometry data from the DC3 assay.

Cells from the mucosal layer of the colon and PBMCs were stained with CD45 BV510, HLA-DR PerCP-
Cy5.5,CD14 APC, CDI11c APC, FceRI PE and CD1c BV421. BerEp4 FITC, CD3 FITC, CD19 Ax488 and
TO-PRO-1 were used to exclude epithelial cells, T cells, B cells and dead cells, respectively, in addition to
FcBlock which stops unspecific binding. This staining enables identification of a DC3 subset (FCeRI'CDIc").
Here the cells are shown in a contour plot where outliers are indicated by dots. Prior to creating these plots, a
general gating strategy, identifying viable CD45"HLA-DR'lin CD14" cells, was performed (Figure 6).

From the CD45"HLA-DR*CD14" cells, an FCeRI"CD1c"* subpopulation was identified and gated for (within
the square) when plotting CD1c¢ (x-axis) against FceRI (y-axis). This population, termed DC3s, was found
both in the colonic mucosal layer (A) and in PBMCs (B).

3.6 Localization of colonic macrophages in situ

To acquire a deeper understanding of where the different subsets of macrophages (e.g. mature
and immature) are located within the tissue, immunohistochemistry was performed. Colon
slides were stained with antibodies for CD68 (a pan-macrophage marker) in combination with
C1Q or calprotectin to localize mature and immature macrophages. Macrophages expressing
TREMI1 were also localized, as this gene was found to be highly expressed in a subset of

immature macrophages. To identify DC3s, colon slides were stained for CD14 and CDlc.

For the immunofluorescent pictures, CD68 or CD14 is shown in green, C1Q, calprotectin, or

CDIc in red, and a nuclear staining (Hoechst) in blue. The yellow coloring corresponds to an

58



overlap between CD68 and C1Q or calprotectin, or CD14 and CDlc. A negative control, with
the secondary antibodies alone, was used to verify that the true fluorescence is captured. The
exposure time for each fluorochrome was set so that the negative control was barely visible
(Figure 22). In the enzymatic staining, TREMI is shown in turquoise, CD14 in red and the

nuclear staining a weak blue.

From the in situ staining it is evident that the mature C1Q" macrophages localize to the upper
part of the mucosa, underneath the epithelial layer facing the colonic lumen (Figure 23). The
immature macrophages, on the other hand, are found in the lower part of the mucosa, closer to

the bottom of the epithelial crypts (Figure 24).

As TREM1 was found to be highly expressed in the immature macrophage clusters, we assessed
the in situ localization of these macrophages by enzymatic staining for CD14 and TREM1. The
TREMI1" macrophages were found scattered within the lamina propria between the crypts

(Figure 25).

We also wanted to localize the DC3 population in sifu. This was done by staining for CD1c and
CD14. The CDlc-antibody available is not compatible with formalin-fixed tissue, hance
cryopreserved sections were used for this analysis. Cells co-expressing these markers are likely
to be DC3s, and were mostly found scattered in the lamina propria in close association with the

basolateral face of the colonic epithelium (Figure 26).

A B

Figure 22. Representative image of in situ staining of colon, depicting a negative control.

The A sample of the stained colon slides were used as negative controls for the primary antibodies. From
these controls, the exposure time for each fluorochrome were set to filter out any autofluorescence. Here, a
negative control for Alexa fluor 488 in green (A) and Cy3 in red (B) are depicted.
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Figure 23. Representative image of immunofluorescent staining of colon with CD68 and C1Q.

Staining of formalin fixated colon slides with fluorescently conjugated antibodies for CD68 and C1Q. In total,
colon samples from three different patients were stained (n = 3).

A Only nuclear stain (DAPI) depicting the colonic morphology. B Only Alexa fluor 488 showing CD68*
cells, which are macrophages. C Only Cy3 staining C1Q" cells. D All three colors combined (i.e. nuclear
stain, CD68 and C1Q). The mature macrophages (CD68°C1Q") are shown in yellow, arising from an overlap
between CD68 in green and C1Q in red. The arrows point to the double-positive cells.
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Figure 24. Representative image of immunofluorescent staining of colon with CD68 and calprotectin.
Staining of formalin fixated colon slides with fluorescently conjugated antibodies for CD68 and calprotectin.
In total, colon samples from three different patients were stained (n = 3).

A Only nuclear stain (DAPI) depicting the colonic morphology. B Only Alexa fluor 488 showing CD68*
cells, which are macrophages. C Only Cy3 staining calprotectin® cells. D All three colors combined (i.e.
nuclear stain, CD68 and calprotectin). The immature macrophages (CD68"calprotectin®) are shown in yellow,
arising from an overlap between CD68 in green and calprotectin in red. The arrows point to the double-
positive cells.
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Figure 25. Representative image of enzyme staining of colon and tonsil with CD14 and TREMI.
Enzyme staining of formalin fixated colon and tonsil slides with antibodies for CD14 and TREM1. Here,
CD14 is shown in red and TREM1 in turquoise, while a nuclear staining gives the weak blue coloring.
Double-positive (CD14"TREMI1Y) cells will appear with a darker blue/purple color. In total, colon samples
from three different patients were stained (n = 3).

A Colon slide where CD14"TREM1* cells are indicated with arrows. B Doble-positive cells shown in tonsil,
as reference.
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Figure 26. Representative image of immunofluorescent staining of colon with CD14 and CDl1c.

Staining of cryopreserved colon slides with fluorescently conjugated antibodies for CD14 and CD]1c. In total,
colon samples from three different patients were stained (n = 3).

A Only nuclear stain (DAPI) depicting the colonic mucosal morphology. B Only Alexa fluor 488 showing
CD14" cells. C Only Cy3 staining CDI1c" cells. D All three colors combined (i.e. nuclear stain, CD14 and
CDlc). The double-positive cells (CD14*CD1c") are shown in yellow, arising from an overlap between CD14
in green and CDlc in red, indicating cells of the DC3 subset. The arrows point to the double-positive cells.
Within the circles there are CD14 CDlc" cells, indicating DC2s.
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4 Discussion

Macrophages are a heterogeneous population of immune cells scattered throughout the body.
In the tissue, they play an important role when it comes to tissue maintenance and clearance of
dead cells, as well as a bridge between the innate and adaptive immune system. Previous studies
have investigated the macrophage landscape in the small intestine [20], but macrophages in the
large intestine are not fully characterized. The aim of this thesis was to investigate the

macrophage heterogeneity within the human colon.

In this study, we found CD14 to be a well suited marker for colonic macrophages. Through
scRNAseq, flow cytometric and immunohistochemical analyses, several distinct
subpopulations of macrophages were identified within the colonic mucosa, such as immature
macrophages located at the lower part and mature macrophages found higher up in the mucosa
underneath the epithelial layer. Pro-inflammatory subsets were also uncovered, as well as

putative tissue-resident macrophages and the newly described DC3 population.

The flow cytometry analysis of isolated colonic mucosal cells showed a relatively large
population of CD45'HLA-DR'CD14°CDl1l1c" cells (Figure 13) among lamina propria
leukocytes. These macrophages could be further divided into two macrophage subset, with high
or intermediate expression of HLA-DR, similar to the findings of Bujko et al. (Figure 13) [20].
A majority of the macrophages were found to be of the Mf2 subset identified as
CD14*CDI11¢"HLA-DR"e" We also found an Mf1 population, though smaller than the Mf2
population, in the colonic mucosa classified as CD14"CDI11c"HLA-DRnermediate  The
macrophages in both these subpopulations have not yet downregulated their CD11c expression,
suggesting that they are at an early stage of macrophage differentiation from monocytes. We
looked into the monocyte population in blood as well, by isolation of PBMCs (peripheral blood
mononuclear cells). Also here, we found the largest population of monocytes to be of the
CD14*CDI11c¢"HLA-DR"e" subset, with a smaller population of the CD14"CD11¢"HLA-
DRintermediate  monocytes. Furthermore, a CD45"HLA-DR*CDI14°CD11c¢™ population of
macrophages was identified (Figure 13). Their low levels of CDllc indicates that these
macrophages have resided in the tissue for some time, suggesting that this population might
consist of tissue-resident intestinal macrophages. Within the CD45"HLA-DR*CD14'CD11¢c™
population a CDIl4intermediate and 3 CD14hMeh macrophage population were uncovered,

comparable to Mf3 and Mf4 found in the small intestine [20]. As expected, there were no
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CD45"HLA-DR*CD14"CD11¢” monocytes detected in the PBMCs. This is in accordance with
our hypothesis of circulating monocytes entering the tissue before becoming mature

macrophages.

The identification of dendritic cells (DCs), classified as CD45"HLA-DR*CD14 CD11c¢", within
the CD14" cells (Figure 13) and the findings of different macrophage subsets within the CD14"
cells, further supports the findings of Bujko et al. that CD14 is a well suited marker for

macrophage identification, also in the colon.

Flow cytometry staining for immature and mature macrophages within the colonic mucosa was
also performed to further investigate the macrophage heterogeneity. Here, we found the
majority of the macrophages to express the mature C1Q marker. These results combined with
the findings of a large macrophage population having a high CD11c¢ expression, might indicate
a rapid maturation process for the colonic macrophages compared to the small intestine. In fact,
whereas Bujko ef al. [20] found by analyzing the temporal macrophage turnover in transplanted
small intestinal grafts that macrophages displayed a tissue half-life of approximately 6 months,
our data indicate that the colonic macrophage pool may be replaced significantly faster. We
also found a small population of cells expressing both immature and mature markers, suggesting
that these macrophages are in an intermediate stage in their differentiation to mature
macrophages. The population of immature macrophages identified by this staining are likely
monocytes newly recruited to the tissue. PBMCs were stained for the same immature and
mature markers, enabling a comparison between the blood and the colonic mucosa. Almost all
of the cells within the PBMCs were only positive for the immature marker (SI00A8/9%). This
further supports the hypothesis that monocytes circulate in the blood before extravasation into

the tissue, where they differentiate into macrophages.

Macrophage heterogeneity have been shown in other tissues, such as lungs and liver, where
several different subsets were identified [85—88]. This observed heterogeneity is likely due to
the local microenvironment within the different parts of the tissue, where distinct environmental
cues result in niche specific macrophage subsets [89]. These specific functions have been shown

in tissues such as the heart, brain and lungs [90-92].

The analysis of the 10x genomics sequencing data revealed considerable heterogeneity within
the sorted cells. From the clustering, we found additional subsets of macrophages, based on

gene expression. Both immature and mature macrophages were present in the colonic mucosa,
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suggesting that there are monocytes coming in to the tissue were they differentiate to
macrophages, which stay in the tissue over time as they mature. This was further supported by
the identification of genes associated with tissue-resident macrophages, such as LYVE1 and

COLECI12, within the mature macrophage clusters.

A subset of pro-inflammatory macrophages was also found based on different cytokines and
chemokines. These pro-inflammatory macrophages may initiate an adaptive immune response
by killing pathogens and presenting them on the HLA receptor (the human equivalent to MHC-
IT) to T cells [27], as well as clearance of apoptotic cells. Both of which are important functions
in the colonic mucosa. The cytokine IL-10 was also found to be expressed in the same cluster
as the pro-inflammatory genes. This might indicate the presence of a subset regulating both
inflammatory and immune reaction by production of IL-10, IL-1f and IL-6 (among others)
[27]. The identification of cargo-RNA within the macrophages in cluster 7 indicates ingestion
of pathogens and a high phagocytic capacity, important for intestinal macrophages as they are

involved in tissue homeostasis by eating dead and senescent cells.

The potential of bone marrow-derived monocytic precursors giving rise to mature intestinal
macrophages was investigated in this study by computational analyses. Since the DC3s derive
independently of the classical monocytic lineage, these cells were removed before performing
the trajectory analysis. Our hypothesis regarding the dynamics within the macrophages, was
that they differentiate from the immature S100A8/9" cells to the CIQA/B/C" cells. The
trajectory analysis supported this assumption, depicting a dynamic differentiation from the
immature blue starting point in cluster 10 to the mature yellow ending point in cluster 2, 4, 7
and 11. The pseudotime plotting of the immature and mature markers also stated that the cells
went from S100A8/9"C1QA/B/C to S100A8/9-C1QA/B/C". Several studies in mice have also
shown macrophages to be monocyte-derived [19,93-95]. However, genes associated with
embryonic origin, such as CD63, DNASEIL3 and ADAMDECI, were found in some of the
macrophage clusters, suggesting the possibility of a small population of embryonically derived
intestinal macrophages. Further analyses are needed to establish the origin of intestinal

macrophages within the colon.

When looking at the mucosal colonic macrophages in situ, the immature macrophages were
found to localize in the lower parts of the mucosa. Here, postcapillary venules are present where

circulating monocytes are able to enter the colonic tissue from the blood stream. Mature
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macrophages are strategically located in the upper part of the mucosa, underneath the epithelial
layer. These macrophages most likely play an important role in the high turnover of the colonic
epithelia by clearance of apoptotic cells. Here, they also sample the microbiota and phagocytose
bacteria that have entered. TREM 1, thought to be a part of acute inflammation [96], was found
to be expressed by macrophages scattered within the lamina propria between the crypts.
Inflammatory chemokine and cytokine secretion is upregulated when TREM1 is activated. As
intestinal macrophages do not normally express TREMI, the findings of TREM1°CD14" cells
within the colonic mucosa might suggest that these cells are newly recruited monocytes, since
monocytes are known to have TREM1 expression [96]. This is in accordance with the scRNA-

seq data showing a high TREM1 expression within the immature macrophage clusters.

From the gene expression within the sequenced cells, we uncovered the newly described DC3
subset. These cells are not thought to derive from the classical monocyte lineage, even though
they share some common markers. The DC3s were found to secrete cytokines indicating that
also they are involved in priming of T cells [83]. From the flow cytometry analysis, we found
a DC3 subset within the CD45"HLA-DR*CD14" cells, by using the CD1c and FceRI markers.
The same DC3 subset was also identified in blood. From the in sifu analysis, we found the DC3
subset to localize in the lamina propria underneath the epithelium. Before, it was thought that
DCs were able to sample antigens in the gut by extending protrusions between the epithelial
cells, but these cells were later found to be macrophages [97]. Our findings may suggest that
these cells, with phenotypic similarities to both macrophages and dendritic cells, are of the DC3
subset. Their close proximity to the colonic epithelial layer may indicate that these cells are

sampling luminal antigens, possibly through extending protrusions.

4.1.1 Methodological consideration

All colonic tissue were obtained from patients that underwent sigmoid colon cancer surgery,

posing a limitation to the study since the tissue was not obtained from healthy individuals.

When isolating single cells, the tissue was digested enzymatically with an enzyme mix
containing proteases (which all enzyme mixes do). This may result in alterations of surface

markers on the cells.

Compensation matrices used to analyze flow cytometry data were calculated automatically by

FlowJo to minimize bias. To avoid unspecific antibody binding of Fc receptors strongly
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expressed on mononuclear phagocytes, Fc block was used. FMOs were also set up to filter out
any background fluorescence. For the intracellular staining, the FMOs were set based on

isotype-matched antibodies.

Single-cell RNA sequencing is a useful tool when cell heterogeneity is of interest, but the main
downside is the zero-reads as a consequence of small quantities of starting material. Here, we
are not able to differentiate between absence of gene expression because of technical limitations
or resulting from no expression by the cell. Loss of rare cell populations may also occur, since
the gene expression in these cells might appear as genes with low expression when compared
to the other genes expressed by a majority of the cells. Sorting of numerous cells may minimize
this problem. Computational analyses of the sScRNA-seq data should be performed with caution,

as biological importance is not synonymous with statistical significance.

For the immunohistochemistry several different techniques were used, as they all have their
advantages and drawbacks. Enzymatic staining is more sensitive compared to fluorescent
staining, but it is more difficult to interpret images of multiple antibodies. This is easier with
fluorescence, were several different antibodies conjugated with distinct fluorochromes may be
used simultaneously. Cryopreserved sections are more straightforward to stain as most
antibodies work. However, the morphology is not so well conserved compared to formalin

fixated slides.
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5 Conclusion and further perspectives

In this study we found CD14 to be a well suited marker for macrophage identification in the
colon, similar to the findings in the small intestine [20]. Through high-resolution spatiotemporal
single-cell analysis we showed a significant heterogeneity within the colonic mucosal
macrophages, identifying subsets with immature and mature phenotypes, in addition to pro-
inflammatory and tissue-resident subsets. The newly identified DC3 population was also found
in the colonic mucosa. We found the different subsets to localize in different parts of the
mucosa, where the immature macrophages were situated in the lower parts compared to the

mature macrophages found just underneath the colonic epithelial layer.

Further validation of colonic macrophage markers would be of value enabling investigation of
the niche of all the clusters identified, by the use of multiplex immunohistochemistry. This
could then be combined with spatial transcriptomics. From these findings novel knowledge
about which cells contribute to the local macrophage differentiation may emerge. The same
analyses may also be performed on tissue derived from diseased colon, such as from colon
cancer or IBD, to identified spesific markers for dysregulated macrophages as they may be

treatment targets.
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Appendix 1

EDTA buffer:

Reagents
PBS 1x (Ca/Mg free)
FCS

0.5M EDTA stock

Enzyme mix for digestion of tissue:

Reagents

Volume

500 ml

5ml

2 ml

PRMI medium with 10% FCS and 1% Penicillin/streptomycin

solution (without phenol red)

Liberase TL

DNase

Flow buffer:

Reagents
PBS
FCS

Na acid

Volume
500 ml
10 ml

500 pl

Final concentration

1%

2mM

Volume per tissue sample

10 ml

2.5 mg/ml

10 mg/ml

Final concentration

2%

0.1%
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Appendix 2

Supplies

1.5 ml Eppendorf tube

5 ml flow tubes

50 ml tube

100 ml cups

Cell sorter

Centrifuges

Coverslips

DAKO grease pen
Flow cytometer

IHC machine staining

Large cell culture dish

Microscope slides

Product name

SafeSeal reaction tube,
1.5 ml, PP, PCR
Performance Tested

Tube, 5 ml, (Lx@): 75 x
12 mm, PP

Screw cap tube, 50 ml,
(Lx©): 114 x 28 mm, PP,
with print

Container with screw
cap, 100 ml, (OxH): 57 x
76 mm, PP, with safety
label, transparent

FACS Aria Illu

Beckman Model TJ-6
Tabletop Centrifuge
Universal Refrigerated
Centrifuge Model 5930
Sigma 3-18K Centrifuge
Dekkglass, rektanguleert
24*50mm, tykkelse
0,085-0,115

DAKO pen

BD LSRFortessa X20

Ventana DISCOVERY
ULTRA

Tissue culture dish,
(OxH): 150 x 20 mm,
surface: Standard

Thermo Scientific™
SuperFrost Plus©

Company

Sarstedt

Sarstedt

Sarstedt

Sarstedt

BD Biosciences
Analytical
Instruments Brokers
LLC

Kubota

Sigma

Marienfeld - VWR

Dako - Agilent
BD Biosciences

Ventana

Sarstedt

Thermo Scientific

Catalog nr.

72.706.400

55.1578

62.547.254

75.562.105

N/A

N/A

0100222

52002
N/A

N/A

83.3903

IM1800AMNZ
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Appendix 3

Reagent

Antibody Diluent

Antigen retrieval
buffer pH 6

Antigen retrieval
buffer pH 9

BerEp4 FITC
(Clone Ber-EP4)

BSA

C1Q FITC
(polyclonal)

Calprotectin

(immunostaining)

Calprotectin PE
(clone MAC387)

CDlc BV421
(clone L161)

CDlc (clone
M241)

CD3 FITC (clone

UCHT1)

CDl1c APC
(clone S-HCL-3)

CD14 APC
(clone HCD14)

CD14 (clone
EPR3653

CD14 Pe-Cy7
(clone
HCD14)

CD19 Ax488
(clone HIB19)

Product name

EnVision FLEX Antibody Diluent

Target Retrieval Solution 10X

Concentrate

EnVision FLEX Target Retrieval
Solution, High pH

Mouse Anti-Human Epithelial

Antigen/FITC,

Bovine Serum Albumin

Clq Complement/FITC

(Conjugate)

Anti-Human Calprotectin

Mouse anti Human
Macrophages:RPE

Brilliant Violet 421™ anti-human

CDIc Antibody

Purified anti-CD1c

FITC anti-human CD3 Antibody

APC Mouse Anti-Human CD11c

APC anti-human CD14 Antibody

CD14 (EPR3653) Rabbit

Monoclonal Primary Antibody

PE/Cyanine7 anti-human CD14

Antibody

Alexa Fluor® 488 anti-human

CD19 Antibody

Company
Dako - Agilent

Dako - Agilent

Dako - Agilent

Dako - Agilent

Sigma

Dako - Aglient

Gift from I.

Dahle (Calpro,

Oslo, Norway)

Bio-Rad

BioLegend

Ancell

BioLegend

BD Biosciences

BioLegend

Cell Marque

BioLegend

BioLegend

Catalog nr.
K800621-2

S1699

K8004

F086001-2

A7511-25G

F025402-2

N/A

MCAZS874PE

331526

146-020

300406

333144

325608

114R-14

325618

302219
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CD45 BV510
(clone 30-F11)

CD68 (clone PG-
M1)

CD141 PE (clone
AD5-14H12)

Compensation
beads

DAB Substrate
DISC Purple

Discovery
antibody diluent

DNase I

EDTA

Antibody diluent

DAKO DMS§22

Fc Block

FceRI PE (clone
AER-37)

FCS

Fix/Perm
Solution

Hematoxylin
Hexamine
HLA-DR PerCP-
Cy5.5 (clone
L243)

IgG (H+L)

78

Brilliant Violet 510™ anti-human
CD45 Antibody

Anti-Human CD68

CD141 (BDCA-3) Antibody, anti-
human

UltraComp eBeads™
Compensation Beads

Liquid DAB+

DISCOVERY Purple
DISCOVERY Ab Diluent
Deoxyribonuclease I from bovine
pancreas

Ethylenediaminetetraacetic acid
disodium salt solution

EnVision FLEX Antibody Diluent,
Diluent, Immunohistochemistry
Visualization, 120 mL

EnVision FLEX Mini Kit, High pH
(Dako Omnis), HRP.
Rabbit/Mouse. High pH

FcR Bloking Reagent

PE anti-human FceRlo Antibody

Fetal calf serum

BD Cytofix/Cytoperm™ Fixation
and Permeabilization Solution

Hematoksilin Puriss 100 G
Heksamin P.A. 1 KG
PerCP/Cyanine5.5 anti-human

HLA-DR Antibody

Donkey Anti-Rabbit IgG
Secondary Antibody, Cy3

BioLegend

Dako - Agilent

Miltenyi Biotec

Invitrogen -
ThermoFisher

Dako - Agilent
Ventana

Ventana

Sigma

Sigma

Dako - Agilent

Dako - Agilent

Miltenyi Biotec

BioLegend

Sigma

BD Biosciences

Chemi-Teknik
Chemi-Teknik

BioLegend

Jackson
ImmunoResearch

368526

M087601-2

130-113-318

01-2222-42

K346811-2

253-4857

760-108

D5025

E7889-100ml

K&800621-2

K8010/K8012/K8024

130-059-901

334610

F2442-500ml

554722

5B-535

24560-291

307630

711-165-152



I1gG3

Liberase TL

Normal Human
serum (NHS)

PBS

Penicillin-
Streptomycin
PermWash
Peroxidase-
Blocking
Solution

PVA (Made at
the lab Tris-Base

and Tris-
Phosphate)

RPMI

Teal HRP Sub

TO-PRO™-]

TREMI1

TBS wash buffer
Viability Dye
eFluor 780
Xylen

10x Single Cell
kit

70% - 100%
alcohol

Goat anti-Mouse 1gG3 Secondary
Antibody, Alexa Fluor 488

Liberase™ TL Research Grade
Human Serum

Dulbecco’s phosphate-buffered
saline

Penicillin-Streptomycin Mixture

BD Perm/Wash™ Buffer
Dako REAL Peroxidase-Blocking

Solution

Tris(hydroxymethyl)aminomethane
(TRIS, Trometamol) >99%, Gen-
Apex Molecular biology grade

Trizma® phosphate monobasic

RPMI 1640 Medium, no phenol
red

DISCOVERY Teal HRP Substrate

TO-PRO™-1 Jodide (515/531) - 1
mM Solution in DMSO

IHC-plus™ Polyclonal Rabbit
anti-Human TREM1 Antibody
(aal62-191, IHC, WB)

Reaction Buffer (10x)

Fixable Viability Dye eFluor 780

Xylene (mixture of isomers)

10x Chromium Single Cell 3’ kit

Absolutt alkohol prima 99,9% 1
liter

Invitrogen -
ThermoFisher

Roche

Sigma

Sigma

Lonza

BD Biosciences

Dako - Agilent

VWR Chemicals

Sigma

Gibco

Ventana

ThermoFisher

LifeSpan
Biosciences

Ventana Medical
Systems, Inc

eBioscience

VWR Chemicals

10x Genomics

Antibac

A-21151

05401020001

H4522-20ml

D8&537-500ml

DE17-603E

554723

S5202386-2

33621.260

T-1758

11835030

253-6016

T3602

LS-B10694

950-300

65-0865-14

28975.291

120237

600068
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Appendix 4

Software
FlowJo 10.6.1

Monocle 3 R
package 0.1.3

R R Core
https://www.r-
project.org/

R package
ggplot2 3.3.0

R package
cowplot 1.0.0

R package
Clustree 0.4.2

R package xlsx
0.6.5

R package
patchwork
1.1.1

Seurat v3.0.0

Company
Tree Star

Trapnell C, Cacchiarelli D, Grimsby J,

Pokharel P, Li S, Morse M, Lennon NJ,
Livak KJ, Mikkelsen TS, Rinn JL (2014).
“The dynamics and regulators of cell fate
decisions are revealed by pseudo-temporal

ordering of single cells.” Nature
Biotechnology.

R R Core https://www.r-project.org/

R CRAN

R CRAN

R CRAN

R CRAN

R CRAN

Github; Butler et al., 2018

Link
N/A

https://cole-trapnell-
lab.github.io/monocle3/

R R Core https://www.r-
project.org/

https://ggplot2.tidyverse.org/

https://cran.r-
project.org/web/packages/cowpl
ot/index.html

https://cran.r-
project.org/web/packages/clustre
e/index.html

https://cran.r-
project.org/web/packages/xlsx/i
ndex.html

https://cran.r-
project.org/web/packages/patch

work/index.html

https://github.com/satijalab/seur
at/releases/tag/v3.0.0
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