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Macrophages perform a wide variety of crucial, and sometimes contradictory, functions.
While “pro-inflammatory” activities like fighting off infections and “anti-inflammatory”
activities like wound-healing traditionally have been attributed to M1 and M2 macrophage
subsets, studies of macrophages in both in vitro and in vivo contexts suggest that macrophages
are phenotypically plastic and may shift states in response to environmental changes. However, it
remains unclear whether macrophages retain any persistent memory of past polarization states
which may then impact their future repolarization to new states.

In this dissertation, | first describe the evolving understanding of macrophage
polarization and phenotypic plasticity and introduce commonly used models for macrophage

polarization in humans and mice. I also outline recent advances in single-cell RNA-sequencing



and some of the most popularly used platforms for single-cell transcriptomics. | then focus on
my work characterizing macrophage polarization and repolarization in vitro, where | performed
deep transcriptomic profiling at high temporal resolution as macrophages were polarized with
cytokines that drive them into “M1” and “M2” molecular states. | find through trajectory
analysis of their global transcriptomic profiles that macrophages which are first polarized to M1
or M2 and then subsequently repolarized demonstrate little to no memory of their polarization
history. | observe complete repolarization both from M1 to M2 and vice versa, and | find that
macrophage transcriptional phenotypes are defined by the current cell microenvironment, rather
than an amalgamation of past and present states. In the following chapters, | present preliminary
work aimed at characterizing alveolar macrophages, the tissue-resident macrophages of the lung:
| first describe my attempts to identify key stimuli for triggering specification of alveolar
macrophage fate. | then discuss preliminary results from single-cell RNA-seq profiling of
alveolar macrophages in the context of pulmonary alveolar proteinosis. In the final chapter, |
reflect on challenges | faced in adapting single-cell RNA-sequencing methods to work with

primary tissue cells and summarize the main findings from my work.
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Chapter 1. INTRODUCTION

1.1 MACROPHAGES: THE M1/M2 PARADIGM AND THE KEY ROLE OF PHENOTYPIC

PLASTICITY

Macrophages were first discovered in the late 19th century by Elie Metchnikoff, who
identified them as phagocytic cells that facilitated pathogen elimination. Metchnikoff found that
macrophages from previously infected animals were more effective at killing bacteria and thus
proposed the concept of macrophage activation, whereby macrophages that have been exposed to
pathogens enter an activated state and become more efficient bacterial killers (Liu et al., 2014).
Subsequent research revealed that cellular factors could promote resistance to infection even
without any pathogenic exposure, and in the early 1980’s, interferon-y (IFN-y) was identified as a
cytokine that could independently induce macrophage activation (Nathan et al., 1983).
Macrophages stimulated with IFN-y displayed stronger antigen presenting capacity, increased
phagocytosis, and secretion of more pro-inflammatory cytokines and toxic mediators, and became
known as “classically activated” or M1 macrophages. In vivo, M1 macrophages were typically
generated as products of a cell-mediated immune response, and displayed strong microbicidal and
tumoricidal activity (Mosser and Edwards, 2008; Sica and Mantovani, 2012). A decade later,
interleukin (IL)-4 and IL-13 were discovered to induce a different activated macrophage state, in
which major histocompatibility class (MHC) Il antigen expression was upregulated but
inflammatory cytokine production was inhibited; these IL-4/IL-13-activated macrophages were

dubbed “alternatively activated” or M2 macrophages (Gordon, 2003; Stein et al., 1992). M2
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macrophages secrete components of the extracellular matrix and are thought to play a key role in
wound healing and tissue repair (Mosser and Edwards, 2008).

M1 and M2 macrophages were initially viewed as distinct macrophage subtypes with
unique and opposing activities: M1 macrophages were pro-inflammatory, immunogenic, and
tissue destructive, while M2 macrophages were anti-inflammatory, tissue restorative, and
promoted immune tolerance (Goerdt et al., 1999; Gordon, 2003; Mills et al., 2000; Stout and
Suttles, 1997). As additional intermediate macrophage states were discovered (Mantovani et al.,
2004; Wong et al., 2010; Xue et al., 2014), a spectrum model for macrophage activation emerged,
wherein M1 and M2 macrophages represented the extreme ends of a continuum of functional states
(Biswas and Mantovani, 2010; Mantovani et al., 2002; Martinez and Gordon, 2014; Mosser and
Edwards, 2008). However, it remains unclear whether macrophages occupy a truly continuous
spectrum, or whether discrete intermediate phenotypes exist along the spectrum between M1 and
M2. Moreover, some researchers have suggested that the documented intermediate macrophage
phenotypes may simply represent varying mixtures of M1- and M2-type macrophages (Mills and
Ley, 2014).

Studies of macrophage activation have revealed that macrophages remain phenotypically
plastic and can shift their functional phenotype in response to signals in their local
microenvironment, both in vitro (Gosselin et al., 2014; Hagemann et al., 2006; Stout and Suttles,
2004; Stout et al., 2005) and in vivo (Guiducci et al., 2005; Lavin et al., 2014). This phenotypic
plasticity challenges the view of M1 and M2 macrophages as irreversibly differentiated cell
subtypes and suggests that M1 and M2, as well as other intermediate macrophage phenotypes,

might instead represent transient functional states dependent on the macrophage environment.
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Outside the context of M1/M2 phenotypes, macrophage plasticity is also thought to play an

important role in mediating the function of tissue-resident macrophages.

1.2 TISSUE-RESIDENT MACROPHAGES

Tissue-resident macrophages are present in almost all tissues in the body, forming local,
self-maintaining populations separate from blood monocyte-derived macrophages, and they
exhibit highly heterogeneous phenotypes as a consequence of functional adaptation to different
tissue environments (Davies et al., 2013; Murray and Wynn, 2011; Wynn et al., 2013). Tissue-
resident macrophages play a crucial role in maintaining tissue homeostasis, and they perform a
wide array of niche-specific functions: surfactant clearance in the lung (Nakamura et al., 2013;
Trapnell and Whitsett, 2002), neural pruning in the brain (Nayak et al., 2014; Paolicelli et al.,
2011), maintaining immunological tolerance and mediating metabolic adaptation in the liver (Ju
and Tacke, 2016; Olefsky and Glass, 2010; Sica et al., 2014; Zimmermann et al., 2012),
erythrocyte clearance and iron metabolism in the spleen (Kohyama et al., 2009), and facilitating
adaptive thermogenesis in adipose tissue (Nguyen et al., 2011), among others. In addition to
carrying out these tissue-specific activities, macrophages must also fulfill systemic duties such as
immune surveillance and mediating host responses to infection and injury (Davies et al., 2013;
Murray and Wynn, 2011). Phenotypic plasticity may contribute to macrophages’ ability to carry
out a wide range of diverse functions and to counterbalance local and systemic roles; however,
while some of the individual factors modulating macrophage plasticity have been identified
(Okabe and Medzhitov, 2014), the molecular mechanisms underlying this plasticity remain largely

unknown.



1.3 MACROPHAGES IN DISEASE

Macrophage malfunction has been implicated in a wide array of diseases, including asthma
(Kim et al., 2010; Melgert et al., 2010, 2011), pulmonary alveolar proteinosis (PAP) (Nakamura
et al., 2013; Trapnell and Whitsett, 2002; Trapnell et al., 2003), obesity (Kanda et al., 2006;
Lumeng et al., 2007; Weisberg et al., 2003; Xu et al., 2003), cancer (Mantovani et al., 2011;
Murray and Wynn, 2011; Qian and Pollard, 2010; Sica and Mantovani, 2012; Wynn et al., 2013),
and atherosclerosis (Hansson and Hermansson, 2011; Libby etal., 2011; Murray and Wynn, 2011).
In many of these cases, macrophages are thought to play a key role in disease pathogenesis and
are considered a promising therapeutic target. For example, pulmonary alveolar proteinosis is
caused by a deficiency in GM-CSF signaling in alveolar macrophages, and can be successfully
treated by transplanting macrophages with normal GM-CSF signaling into the lungs of affected
patients (Suzuki et al., 2014; Trapnell et al., 2003).

Macrophages have also been shown to play a critical role in cancer: macrophages often
form a large part of tumor bodies, and these tumor-associated macrophages (TAMSs) have been
reported to promote tumor initiation, progression, and metastasis (Qian and Pollard, 2010; Wynn
et al., 2013). Tumor-promoting TAMs typically exhibit an immunosuppressive “M2-like”
phenotype, while antitumor TAMs display a more “M1-like” phenotype (Andreu et al., 2010;
DeNardo et al., 2009, 2010; Mantovani et al., 2002; Qian and Pollard, 2010). Efforts to combat
tumor progression by repolarizing TAMs from an M2-like phenotype towards an M1-like
phenotype have shown some success (Duluc et al., 2009; Goubau et al., 2009; Guiducci et al.,
2005; Hagemann et al., 2008; Watkins et al., 2009). Alternatively, other macrophage-based cancer
therapies aim to limit tumor growth by reducing TAM recruitment or function (Abraham et al.,

2010; Aharinejad et al., 2009).
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In the case of obesity, accumulation of adipose tissue macrophages (ATMs) plays a key
role in disease progression, and the number of ATMs present strongly correlates with bodyweight,
body mass index, and total body fat (Subramanian and Ferrante, 2009). Macrophage polarization
also appears to be closely tied to disease pathogenesis: ATMs in obese individuals are polarized
towards an M1-like phenotype, while ATMs in lean individuals are polarized towards an M2-like
phenotype (Sica and Mantovani, 2012). Moreover, diet-induced weight gain in mice is associated
with an ATM phenotypic shift from M2-like to M1-like, and weight loss is associated with a
converse shift from M1-like to M2-like (Kosteli et al., 2010; Lumeng et al., 2007). Consequently,
developing a better understanding of the molecular mechanisms controlling phenotypic shifts
between M1- and M2-like states may give insight into the etiology of obesity and may lead to the

discovery of novel therapeutic targets.

1.4 MODELS OF MACROPHAGE POLARIZATION IN MICE AND HUMANS

To date, the two most commonly used in vitro macrophage model systems are 1) murine
bone marrow-derived macrophages, and 2) human peripheral blood monocyte-derived
macrophages (Murray et al., 2014). A combination of IFN-y and lipopolysaccharide (LPS) or
tumor necrosis factor-a (TNFa) are typically used to stimulate M1 activation, and IL-4 is used to
stimulate M2 activation (Murray et al., 2014; Thomas and Mattila, 2014). These in vitro systems
provide a cheap, simple, and reproducible means of studying macrophage activity and polarization.
However, even within these relatively well-defined in vitro macrophage systems, macrophage
behavior can vary based on factors such as the type of plastic used for cell culture, the types and
sources of culture media and sera, and the length of cell exposure to cytokines (Thomas and

Mattila, 2014). Additionally, macrophages cultured in vitro may not be fully representative of the
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tissue-resident macrophages found in vivo, particularly since the bone marrow and circulating
monocyte progenitors used in in vitro macrophage culture derive from hematopoietic stem cells,
while tissue-resident macrophages arise from stem cells in the yolk sac and fetal liver (Epelman et
al., 2014a). While circulating blood monocyte-derived macrophages are recruited to tissue
reservoirs upon infection or injury, and these macrophages may more closely resemble the in vitro
models, most populations of tissue-resident macrophages can maintain themselves via local
proliferation under homeostatic conditions, and the degree of monocyte infiltration in homeostasis
remains unknown (Epelman et al., 2014b; Hashimoto et al., 2013; Yona et al., 2013). Hence, some
caution must be used when translating in vitro findings to in vivo conditions.

Mice are the predominant model for immunological research, particularly for in vivo work,
and they closely mirror human biology in many respects (Mestas and Hughes, 2004). However,
mice do differ from humans on some aspects of innate and adaptive immunity relevant to
macrophage function. One primary difference concerns macrophage arginine metabolism. In mice,
M1 and M2 phenotypes can be clearly separated on the basis of arginine metabolism: IFN-y and
LPS induce expression of nitric oxide synthase (NOS) enzymes that convert arginine to nitric oxide
(NO) in M1 macrophages, while IL-4 induces expression of arginase, which converts arginine into
ornithine in M2 macrophages (Thomas and Mattila, 2014; Yeramian et al., 2006). Consequently,
inducible nitric oxide synthase (iNOS) and arginase (or the corresponding metabolic products NO
and ornithine) can be used as markers of M1 and M2 activation status in murine macrophages, and
the existence of these clear-cut M1/M2 markers is one advantage of the mouse model system. In
contrast, INOS expression in human macrophages is much more controversial; while some
researchers do not detect any NO production after stimulation with IFN-y and LPS, other groups

have observed NOS or arginase activity in human macrophages after such stimulation (Mestas and
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Hughes, 2004; Schneemann and Schoeden, 2007; Schneemann and Schoedon, 2002; Thomas and

Mattila, 2014). Due to these inconsistencies, INOS and arginase cannot be used as definitive M1

and M2 markers in human macrophages, unlike in mice.

1.5 SINGLE-CELL RNA-SEQUENCING

In recent years, single-cell RNA-sequencing has developed into a robust and powerful tool
for high-throughput, high-resolution transcriptomic analysis of cell states and dynamics. Single-
cell approaches circumvent the averaging artifacts associated with traditional bulk population data,
yielding new insights into the cellular diversity underlying superficially homogeneous
populations. Single-cell RNA-seq technologies can quantify intra-population heterogeneity and
allow study of cell states and transitions at very high resolution, potentially revealing cell subtypes
or gene expression dynamics that are masked in bulk, population-averaged measurements
(Trapnell et al., 2014; Wills et al., 2013). Thus far, single-cell RNA-seq has already shown great
effectiveness both in unraveling complex cell populations (Cao et al., 2017; Grin et al., 2015;
Jaitin et al., 2014; Shalek et al., 2013; Treutlein et al., 2014), enabling unsupervised learning of
population structure and the discovery of novel subtypes and rare cell species, and in
reconstructing developmental trajectories through dynamic processes like cell differentiation
(Bendall et al., 2014; Cao et al., 2019; Tang et al., 2010; Trapnell et al., 2014).

The 10X Chromium platform for single-cell RNA-seq uses droplet-based microfluidic
technology (Klein et al., 2015) to collect single-cell data. Briefly, single cells are captured in
individual nanoliter emulsion droplets that each contain a labeled gel bead; these gel beads carry
primers tagged with both a bead-specific barcode (the cell identifier) and a primer-specific barcode

(a unique molecular identifier for each mRNA transcript captured). Within the droplets, cells are
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lysed and their mRNA is captured by the gel bead primers, then reverse transcribed into cDNA,;

this cDNA, now labeled with cell-specific and transcript-specific barcodes, is subsequently
amplified and used to prepare libraries for sequencing and downstream analysis. In this manner,
the 10X platform is able to measure single-cell expression data for thousands of cells at a time.
An alternative approach uses single-cell combinatorial indexing RNA-sequencing (sci-
RNAseq) to collect transcriptomic data at single-cell resolution (Cao et al., 2017, 2019; Rosenberg
et al., 2018). sci-RNAseq relies on a “split-and-pool” approach to sequentially label cells with
molecular barcodes, such that transcripts from each cell are tagged with a unique combination of
barcodes; after sequencing, these barcode combinations can then be computationally deconvolved
to assign mRNA reads to individual cells. In 2-level sci-RNAseq, cells are permeabilized and fixed
before being distributed into individual wells in a 96-well or 384-well plate. The first barcode is
added during in situ reverse transcription (RT), after which the single-barcoded cells are pooled
together and then redistributed via fluorescence-activated cell sorting (FACS) into new 96-well or
384-well plates in limiting numbers. The second barcode is subsequently added during polymerase
chain reaction (PCR) amplification on the FACS-sorted cells; individual cells can then be
identified by unigque combinations of RT barcode and PCR barcode (Cao et al., 2017). 3-level sci-
RNAseq relies on the same split-and-pool strategy as 2-level sci-RNAseq, but adds a third level
of barcoding, thus greatly increasing the potential throughput; while 2-level sci-RNAseq can
capture tens of thousands of cells in an experiment, 3-level sci-RNAseq can capture millions of

cells (Cao et al., 2019; Rosenberg et al., 2018).



Chapter 2. MACROPHAGES UNDERGO TRANSIENT
POLARIZATION AND REPOLARIZATION IN
RESPONSE TO CYTOKINE STIMULATION IN VITRO

Chapter 2 is adapted with minimal modification from:
Liu, S.X., Gustafson, H.H., Jackson, D.L., Pun, S.H., and Trapnell, C. (2020) Trajectory
analysis quantifies transcriptional plasticity during macrophage polarization. Scientific

Reports, doi: 10.1038/s41598-020-68766-w.

2.1 ABSTRACT

In recent years, macrophages have been shown to be tremendously plastic in both in vitro
and in vivo settings; however, it remains unclear whether macrophages retain any persistent
memory of past polarization states which may then impact their future repolarization to new states.
Here, we perform deep transcriptomic profiling at high temporal resolution as macrophages are
polarized with cytokines that drive them into “M1” and “M2” molecular states. We find through
trajectory analysis of their global transcriptomic profiles that macrophages, which are first
polarized to M1 or M2 and then subsequently repolarized, demonstrate little to no memory of their
polarization history. We observe complete repolarization both from M1 to M2 and vice versa, and
we find that macrophage transcriptional phenotypes are defined by the current cell

microenvironment, rather than an amalgamation of past and present states.
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2.2 INTRODUCTION

Cellular plasticity broadly refers to cells’ ability to assume different phenotypic identities.
While cellular plasticity is perhaps best known as a canonical feature of embryonic differentiation
in early development, it is also crucial for enabling differentiated cells to respond dynamically to
changing microenvironments, as in the case of immune cells redirecting their function in response
to different extracellular signals (DuPage and Bluestone, 2016).

Macrophages perform a wide variety of crucial, and sometimes contradictory, functions.
While “pro-inflammatory” activities like fighting off infections and “anti-inflammatory” activities
like wound-healing traditionally have been attributed to M1 and M2 macrophage subsets, studies
of macrophages in both in vitro and in vivo contexts suggest that macrophages are phenotypically
plastic and may shift states in response to environmental changes. Introducing a combination of
CpG oligodeoxynucleotides (TLR9 agonist) and anti-interleukin-10 receptor antibody (IL-10
signaling antagonist) to tumor-associated macrophages in vivo triggered a phenotypic switch from
M2-like to M1-like (Guiducci et al., 2005). Tissue-resident macrophages also display a similar
plasticity: peritoneal macrophages that were transferred to the lung adopted a lung-specific
phenotype, down-regulating peritoneal macrophage-specific genes and up-regulating lung
macrophage-specific genes (Lavin et al., 2014). In addition, treating macrophages with different
cytokines sequentially in vitro triggered corresponding changes in the expression of canonical
murine macrophage markers like iINOS and arginase, as well as changes in the panel of cytokines
secreted by the stimulated macrophages (Stout et al., 2005).

Macrophages that have been polarized in vitro, reprogrammed in situ, or engineered with
genome editing tools are a promising avenue for cell-based therapeutics (Suzuki et al., 2014).

Macrophage dysfunction has been implicated in a wide array of diseases, including asthma (Kim
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etal., 2010; Melgert et al., 2010, 2011), obesity (Kanda et al., 2006; Lumeng et al., 2008; Weisberg

et al., 2003; Xu et al., 2003), cancer (Mantovani et al., 2011; Murray and Wynn, 2011; Qian and
Pollard, 2010; Sica and Mantovani, 2012; Wynn et al., 2013), and atherosclerosis (Hansson and
Hermansson, 2011; Libby et al., 2011; Murray and Wynn, 2011). In many of these cases,
macrophages are thought to play a key role in disease pathogenesis and are considered a promising
therapeutic target. Phenotypic shifts from M2-like to M1-like, or conversely from M1-like to M2-
like, have been linked to disease outcome in cancer and obesity (Duluc et al., 2009; Goubau et al.,
2009; Guiducci et al., 2005; Hagemann et al., 2008; Kosteli et al., 2010; Lumeng et al., 2007;
Watkins et al., 2009). Moreover, efforts to treat disease by reprogramming macrophages or by
transplanting engineered macrophages have shown some success in cancer (Duluc et al., 2009;
Goubau et al., 2009; Guiducci et al., 2005; Hagemann et al., 2008; Watkins et al., 2009) and
hereditary pulmonary alveolar proteinosis (hPAP) (Suzuki et al., 2014). Thus, developing a better
understanding of the molecular mechanisms controlling phenotypic shifts between M1-like and
M2-like states could give insight into disease etiology and could lead to the discovery of novel
therapeutic targets.

While macrophage plasticity is now well-established, it remains unclear the extent to which
macrophages retain any memory of past phenotypic states and whether a cell’s history might
impact its future response to environmental polarization cues. For instance, a dynamical systems
view of cellular differentiation posits that cells undergoing molecular state transitions are
“attracted” to specific positions along the continuum of molecular phenotypes they might adopt,
and that these “attractors” correspond to classically defined cell types (Huang et al., 2007;
Trapnell, 2015). It is conceivable that polarization drives macrophages to such attractor states,

resulting in stable and self-sustaining activation. Alternatively, stimulation to M1- or M2-like
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states may be transient and entirely dependent on the continuous presence of chemical cues in the
microenvironment. Furthermore, it is also unclear whether the mechanism of macrophage
plasticity operates on the level of individual cells (each cell undergoing a transition from old to
new phenotype) or on the level of cell populations (subpopulations displaying the old phenotype
being replaced by subpopulations displaying the new phenotype). In vitro models of macrophage
polarization offer a controlled setting in which to begin investigating the molecular drivers of
cellular phenotypic plasticity. Since we culture macrophages under conditions with little to no cell
growth, observed changes in cell phenotype can be attributed to plasticity at the level of individual
cells.

Here, we investigate the extent to which macrophages’ previous polarization affects their
response to subsequent repolarization. To this end, we first polarized murine bone marrow-derived
macrophages to M1 and M2 states in vitro, then observed polarized macrophage responses to either
the removal of extrinsic cytokine stimulation altogether or repolarization to the opposite
polarization state via a switch in polarizing cytokines. Both the initial polarization trajectory and
the subsequent repolarization were characterized using bulk time-course transcriptomic
sequencing. We find that in vitro mouse macrophages adopt phenotypes directed primarily by their

current microenvironment, irrespective of previous polarization state.

2.3 RESULTS

2.3.1  Cytokine stimulation drives synchronous and homogenous macrophage polarization in

vitro

In order to measure the full transcriptomic profiles of in vitro polarized macrophages, we

treated murine bone marrow-derived macrophages (BMDMSs) with either interferon-y (IFN-y) and
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lipopolysaccharide (LPS) to induce an M1 polarization state or interleukin-4 (IL-4) to induce an
M2 polarization state. Macrophages were harvested at 1, 2, 4, 6, 12, and 24 hours after the addition
of cytokines and profiled using bulk RNA-seq (Figure 2.1A). We visualized a global
transcriptional “trajectory” of these timepoints using multidimensional scaling (MDS), which
showed that macrophages embark on distinct programs of gene regulation upon polarization to M1
or M2 (Figure 2.1B). To identify differentially expressed genes (DEGSs), we compared the Oh MO
timepoint to each M1 and M2 timepoint using Cuffdiff. As measured by the number of
differentially expressed genes, at 24 hours, M1 cytokines elicited a stronger transcriptional
response (5,387 genes) than M2 cytokines (2,811 genes) (Figure 2.2). These included previously
defined M1 (iNOS) and M2 (Argl) gene markers (Figure 2.1C; Figure 2.3), confirming that our
in vitro polarized macrophages developed distinct and expected M1 and M2 phenotypes.

To globally quantify the transcriptomic differences between M1- and M2-polarized
macrophages and unpolarized MO macrophages, we computed the Jensen-Shannon distance (JSD),
a measure commonly used to assess transcriptomic similarity (Trapnell et al., 2010), between each
polarized sample and the Oh MO sample. We then compared these distances to the JSD between
the later MO controls (24h MO, 48h MO, and 96h MO0) and Oh MO (Figure 2.1D), which establishes
the expected variation between unpolarized, cultured macrophages over the time scale of the
experiment. Both M1 and M2 macrophages trend towards equilibrium JSD values which are higher
than the JSD between different MO timepoints, reflecting stable polarized phenotypes that are
distinct from the unpolarized control. That M1 macrophages are more distant from MO than M2
cells are by this measure is consistent with the greater number of DEGs between M1 and MO than

between M2 and MO.
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In principle, cytokines could elicit heterogeneous or asynchronous responses in individual
macrophages, so we analyzed a subset of these timepoints with single-cell transcriptome
sequencing. M1- and M2- polarized macrophages formed coherent clusters that were clearly
separated from each other and unpolarized cells, with no intermixing of cells from different time
points, suggesting that this in vitro system drives macrophage polarization in a largely synchronous
and homogeneous manner (Figure 2.4A). The in vitro cultured macrophages also exhibited very
low expression of proliferation markers, particularly in the M1 condition, suggesting a low level

of cell growth (Figure 2.4B-C).

2.3.2  Polarized macrophages return to baseline upon removal of extrinsic cytokines

We then wished to explore whether M1- and M2-polarized macrophages could maintain
their polarized phenotypes in the absence of extrinsic cytokines in the media, or whether M1 and
M2 macrophages would revert back to an unpolarized state without continuous external cytokine
stimulation. To investigate this question, M1- and M2-polarized macrophages were washed and
then returned to a basic media without any polarizing cytokines (Figure 2.5A). Separately, we
maintained M1 and M2 macrophages in culture with the original polarizing cytokines as a control.
In the absence of continued cytokine exposure, we found that previously polarized macrophages
quickly revert to a state that resembles the baseline unpolarized phenotype, in terms of both the
expression of individual M1/M2 polarization marker genes and the cells’ overall transcriptomes
(Figure 2.5B-C). After 72h in cytokine-free media, we detected 2,307 differentially expressed
genes between M1—MO macrophages and Oh MO macrophages (as compared to 4,732 DEGs for
the 72h M1 control) and 2,038 differentially expressed genes between M2—MO0 macrophages and

Oh MO macrophages (as compared to 3,824 DEGS for the 72h M2 control) (Figure 2.6). JSD
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between depolarizing M1 and M2 macrophages and Oh MO also trends down towards the baseline
JSD value between different MO timepoints (Figure 2.5D). Most M1 and M2 marker genes
returned to levels very similar to the MO cells, although there were some exceptions. For example,
following removal of M1 cytokines, while Tnf was reduced to 36.7% of its peak expression levels
and 62.7% of equilibrium 96h M1 levels, Tnf expression remained slightly elevated relative to MO
cells at 96 hours (Figure 2.7A). Similarly, while Retnla expression levels drop to 55% of their
24h M2 levels in 96h M2—MO cells, the gene is still expressed at higher levels than in MO cells
(Figure 2.7B). These results suggest that most genes upregulated as part of M1 or M2 polarization
do not remain expressed at maximal levels in the absence of extrinsic cytokine stimulation, often

returning to their pre-polarization levels.

2.3.3  Polarized macrophages exposed to new cytokines undergo repolarization to a new

phenotype

Given that previously polarized macrophages largely revert to an unpolarized state when
external cytokine stimuli are removed, we wished to explore how polarized macrophages would
respond when exposed to a new cytokine stimulus. To investigate how macrophages respond to a
switch in polarizing cytokines, macrophages which were initially cultured with IFN-y + LPS to
induce an M1 state were washed to remove the original cytokines and then cultured with 1L-4, and
vice versa (Figure 2.8A).

Macrophages that experienced a switch in cytokine stimuli adopted a polarized phenotype
corresponding to the new cytokine treatment, displaying a similar phenotypic plasticity to the
depolarized macrophages. Macrophages first polarized to an M2 state with IL-4, then subsequently

repolarized with IFN-y + LPS to an M1 state exhibit marker gene expression patterns and global
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transcriptomes typical of M1-polarized macrophages, and vice versa (Figure 2.8B-C). Of the
4,732 genes differentially expressed between M1-polarized and MO macrophages, 76% are also
differentially expressed between M2—MI1 repolarized macrophages and MO macrophages
(Figure 2.2; Figure 2.9A; Figure 2.10). In contrast, 1,300 genes are differentially expressed
between M1 and M2—M1 macrophages, and the majority of these DEGs were less than two-fold
up- or down-regulated (Figure 2.9B). In cells previously polarized to M2, canonical M1 genes
Myd88, Nfkb1, and Tnf all equilibrated to levels similar to that of cells maintained in M1 conditions
throughout the experiment (Figure 2.11A).

Repolarizing M1 macrophages with M2 cytokines revealed a similar pattern: of 3,824
genes differentially expressed between M2-polarized and MO macrophages, 58% are also
differentially expressed between M1—M2 repolarized macrophages and M0 macrophages, and
2,225 genes are differentially expressed between M2 and M1—M2 macrophages, with similarly
modest fold changes (Figure 2.9B). 72 hours after the media switch, M2 marker genes Pparg,
Retnla, and Stat6 were all expressed at similar levels in M1—M2 cells compared to macrophages
maintained in M2 conditions (Figure 2.11B). In terms of JSD, the distance between M2—M1
repolarized macrophages and 24h M1-polarized macrophages decreases over time as repolarized
macrophages adopt more M1 characteristics; similarly, the distance between MI—M2
macrophages and 24h M2-polarized macrophages also decreases over time as those macrophages
take on more M2 characteristics, although 72 hours was not sufficient to completely adopt the M2
transcriptomic profile (Figure 2.8D). Taken together, these results suggest that macrophage
transcriptomic phenotypes are highly plastic, regulating most genes to reflect their current

signaling environment with minimal residual transcriptional “memory”.
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2.3.4  Polarized macrophages exhibit plasticity in chromatin accessibility
Since our RNA-seq data suggested that macrophage transcriptomes transiently reflect the
cells’ current environment, we wished to investigate whether macrophage chromatin accessibility
would also be similarly plastic. To this end, we collected bulk ATAC-seq data for three conditions:
an unpolarized control (Oh M0), a M1-polarized sample (IFN-y + LPS for 24h), and a depolarized
M1—MO sample (IFN-y + LPS for 24h, then basic media for 72h) (Figure 2.12A). Of 8,749
differentially accessible sites between unpolarized (M0) and M1-polarized macrophages, 47%
(4,122 sites) remain differentially accessible between depolarized M1 and M0 macrophages.
However, the Jensen-Shannon distance (JSD) between the global chromatin profiles of
depolarized M1 macrophages and MO macrophages was comparable to the JSD between the MO
replicates to one another, suggesting that macrophage chromatin profiles, by in large, revert to a
baseline unpolarized state in the absence of extrinsic stimulation and recapitulating trends seen for
the transcriptome (Figure 2.12B). The median (absolute) log-fold change in differentially
accessible sites between depolarized M1 macrophages and MO macrophages (1.03) was also lower
than the median log-fold change between M1 macrophages and MO macrophages (1.42), indicating
that both the number of differentially accessible sites and the magnitude of the accessibility
differences at these sites are decreasing as macrophages depolarize (Figure 2.12C). Finally, the
log fold-change of chromatin accessibility between M1-polarized macrophages and MO
macrophages is closely correlated with the log fold-change of accessibility between M1-polarized
macrophages and M1—MO0 macrophages, suggesting that the chromatin accessibility profiles of
MO and M1—MO macrophages are broadly similar, despite the presence of differentially
accessible sites (Figure 2.12D). Looking specifically at sites falling within 500bp of a gene

transcription start site, there does exist a subset of gene-associated sites that remain accessible in
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M1—MO0 macrophages compared to M0. Of the 10 genes that are four-fold more accessible in
M1—MO compared to MO, all 10 are also four-fold more accessible in M1 compared to MO (in
total, 132 genes were four-fold more accessible in M1 vs. MO; Fisher’s overlapping p-value = 2.7e-
23). Two of these genes are detectably expressed in the bulk RNA-seq timecourse data, but neither

exhibits a pattern of upregulated expression in M1 and M1—MO (Figure 2.13).

2.4 DISCUSSION

Previous studies have established that macrophages are sensitive to changes in their local
microenvironment and display a high level of phenotypic plasticity both in vitro and in vivo
(Guiducci et al., 2005; Lavin et al., 2014; Stout et al., 2005). However, it has remained unclear
whether macrophages’ past polarization history left any memory that could impact subsequent
repolarization, and whether macrophages, once polarized, could maintain their polarized
phenotype without continued extrinsic signals. In this study, we have performed high-resolution
transcriptomic profiling of macrophages through polarization to M1 and M2 and then subsequent
repolarization (cytokine switch) and depolarization (removal of all polarizing cytokines). These
experiments demonstrated that macrophages’ global molecular phenotypes are primarily
dependent on the current microenvironment, with little to no memory of past polarization states.
Upon initially polarizing cells with M1- or M2-inducing cytokines, they underwent dramatic
transcriptional change, traversing a trajectory characterized by the regulation of thousands of
genes. However, these molecular phenotypes were transient; upon removal of extrinsic polarizing
cytokines, previously polarized macrophages reverted to a baseline state comparable to the
unpolarized control, suggesting that continuous external stimulation is required to maintain a

polarized macrophage phenotype. Furthermore, we observed extensive repolarization from both
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M1 to M2 and M2 to M1, suggesting that macrophages may move freely along the phenotypic

spectrum between M1 and M2 states. Analysis of chromatin accessibility profiles for M1-polarized
and subsequently depolarized macrophages also shows almost complete reversion to baseline.
Most marker genes classically associated with the M1 and M2 phenotypes were expressed at levels
that reflected current rather than past signaling, although there were a few genes that had not
equilibrated to the levels observed in cells maintained in M1 or M2 cytokines, consistent with a
previous study that looked only at such markers (Smith et al., 2016). Regardless, Smith et al.
concluded that a relatively simple regulatory network comprised of feedforward loops to stabilize
the M1 and M2 programs and mutual inhibition between them was insufficient to adequately
explain their data. Our observations reinforce that conclusion and suggest that the signals tested
here, which are classically associated with M1 and M2 macrophage phenotypes, are not sufficient
to push cells into stable molecular “attractor” states.

We designed these experiments to maximize the chance of detecting molecular “hysteresis”
by using deep transcriptome sequencing with finely resolved temporal sampling under highly
controlled conditions. However, there are several important caveats to this design. First,
macrophages were treated with high doses of polarizing cytokines; while high doses were used in
order to generate a robust polarization response, they may also be responsible for the rapidness of
the observed polarization and the lack of asynchronicity between individual cells. The concerted,
rapidly transient response we see here may not accurately reflect the responses of macrophages in
vivo, where cells could be exposed to a wide array of (potentially conflicting) signals and over a
range of doses. Second, these in vitro experiments exclude many co-stimulatory molecules present
in the in vivo milieu that, while not classically associated with M1 or M2 phenotypes, may

nevertheless stabilize them. Third, it is possible that longer exposure times or alternate doses of
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these cytokines might elevate cells above a critical threshold of polarization required for hysteresis.
Fourth, bone-marrow derived and tissue resident macrophages vary in their response to
inflammatory cytokines, so the results observed in this study may not be applicable to tissue
resident macrophages. Finally, macrophage polarization varies across genetic background, and
macrophages derived from other mouse strains might exhibit different polarization kinetics and
potentially attenuated repolarization (Buscher et al., 2017).

The transience of polarized macrophage phenotypes has implications for potential
therapies that rely on reprogramming macrophages. Stabilizing a desired macrophage phenotype
may require that cells be continuously exposed to a particular combination of signals or engineered
to constitutively activate pathways downstream of those signals. Maintaining a particular signaling
milieu in vivo is likely to be challenging after macrophage transplantation, and engineering cells
(e.g. with genome editing) carries risks. Nevertheless, understanding the molecular machinery that
endows macrophages with such plasticity remains an important goal. That macrophages are so
responsive to their current signaling environment suggests that future efforts to dissect macrophage
signaling pathways with tissue- and context-specific cues could be very fruitful, both for basic

immunology and for clinical applications.

2.5 MATERIALS AND METHODS

251 Mice

Wild-type C57BL/6J 6 to 10 week-old mice were obtained from Jackson Laboratory. All
experiments were approved by the Institutional Review Board (IACUC, University of

Washington) and were performed in accordance with relevant guidelines and regulations.
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2.5.2  Macrophage cell culture

Mice were killed by cervical dislocation, and bone marrow cells were harvested by flushing
femur bones with RPMI-1640. Bone marrow cells were plated at a concentration of 6 x 1076 cells
per 3 cm petri dish, then cultured in a base media of RPMI-1640 with 20% horse serum, 100 U/mL
penicillin, 100 ug/mL streptomycin, and 20 ng/mL macrophage colony stimulating factor (MCSF).
On day 7, cells were stimulated with 100 ng/mL LPS and 25 ng/mL interferon-y (IFN-y) or 25
ng/mL interleukin-4 (IL-4) to induce polarization to M1 or M2 states, respectively, or maintained
in base media as a control. For repolarization, bone marrow-derived macrophages (BMDMs) were
primed with LPS + IFN-y or IL-4 for 24h, washed with PBS, then either treated with the opposing
stimulus, maintained in the original stimulus, or returned to base media. Samples were collected
for bulk RNA-seq analysis 1h, 2h, 4h, 6h, 12h, and 24h post-treatment for polarization, and 1h,
2h, 4h, 6h, 12h, 24h, and 72h post-treatment for repolarization. Three biological replicates were
collected for the full set of polarization and repolarization conditions. For single cell RNA-seq, a
single replicate was collected in which cells were harvested and cultured as described above for a
subset of polarization conditions: 0h MO0, 6h MO, 24h M0, 6h M1, 24h M1, 6h M2, and 24h M2.
For bulk ATAC-seq, cells were also harvested and cultured as described above for three biological

replicates of the following conditions: Oh MO, 24h M1, and 72h M1—MO.

2.5.3  Sample collection and library preparation

Samples were harvested by removing the media, then adding trizol directly to the
macrophages in the culture plates. Bulk RNA was isolated from the trizol solution via phenol
extraction. cDNA synthesis and enrichment were performed using Illumina TruSeq v2 kits on 500

ng total RNA for each sample. ERCC spike-in RNA (Ambion) was added to the total RNA at a
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final dilution of 1:5,000 according to the ThermoFisher guidelines (1uL of 1:100 ERCC dilution

added to 500ng of total RNA in a total volume of 50uL). The libraries were sequenced on the
Illumina NextSeq 500 platform using a v2 75-cycle kit (Read 1: 35 cycles, Read 2: 35 cycles,
Index 1: 6 cycles). Bulk ATAC libraries were prepared using the Greenleaf protocol (Buenrostro
et al., 2015) and sequenced on the Illumina NextSeq 500 platform using a v2 75-cycle kit (Read
1: 35 cycles, Read 2: 35 cycles, Index 1: 10 cycles, Index 2: 10 cycles).

For single cell RNA-seq, samples were collected by removing media, washing with PBS,
then incubating with 3 mL cold Versene for 5 minutes on ice. Macrophages were then harvested
by scraping the plates. Single cell RNA-seq libraries were generated using 10X v1 and sequenced
on the lllumina NextSeq 500 platform using a v2 75-cycle kit (Readl: 98 cycles, Read 2: 10 cycles,

Index 1: 14 cycles, Index 2: 8 cycles).

2.5.4  Read alignments and construction of the expression matrices

Base calls were converted to fastq format and demultiplexed using Illumina’s
bcl2fastg/2.16.0.10. Demultiplexed reads were aligned to the mouse reference genome (mm10)
using Tophat v2.0.14 with default settings (Kim et al., 2013). For the RNA-seq data, aligned reads
were quantified using Cuffquant v2.2.2, and then a normalized gene expression matrix was
generated using Cuffnorm v2.2.2 (Roberts et al., 2011a, 2011b; Trapnell et al., 2010, 2013). For
the ATAC-seq data, PCR duplicates were removed using Samtools v1.9 (Li et al., 2009), and data
from all alignment files were merged into a single file for peak calling using MACS v2.1.0
(parameters: --nomodel --keep-dup all --extsize 200 --shift -100 -B --SPMR --call-summits) to
generate a master list of peaks observed in the experiment (Zhang et al., 2008). A peak count

matrix was calculated by using Bedtools v2.28.0 (Quinlan and Hall, 2010) to compute the
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intersection between each sample’s aligned reads and the master list of peaks. Expression matrices

for the single cell data were generated using the 10X Cell Ranger pipeline (10X Genomics).

255  RNA-seq analysis

The normalized gene expression matrix was loaded into R (v3.4.0) and filtered to include
only genes with at least 10 FPKM in at least 1 sample. Multidimensional scaling coordinates were
computed based on the average expression values (mean across three replicates) for each sample.
Jensen Shannon distances (JSDs) were computed between each treatment condition and the Oh MO
control using proxy v0.4-17 (R Core Team, 2018). Differential gene expression was calculated
using Cuffdiff v2.2.2 (Trapnell et al., 2013).

For the single cell data, the normalized gene expression matrix was loaded into R (v3.5.2)
(R Core Team, 2018) and analyzed using Monocle 3 beta (v0.1.2) (Qiu et al., 2017; Trapnell et al.,
2014). To generate the UMAP plot, data normalization and preprocessing were run with the default
parameter settings, dimensionality reduction and cell clustering were run using the UMAP
reduction method option (Becht et al., 2018), and graph learning was run using
learn_graph_control = list(ncenter=1000), and default settings otherwise. Proliferation scores were
computed as loglO(aggregate_marker_expression), where aggregate marker expression was
calculated as the sum of size factor-corrected expression for a panel of cell proliferation marker

genes (listed in Figure 2.4C). Figures were generated using ggplot2 (Wickham, 2009).
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25.6  ATAC-seq analysis
The raw peak count was loaded into R (v3.4.0) (R Core Team, 2018) and normalized using
DESeq2 v1.10.1 (Love et al., 2014), then filtered to include only peaks with greater than 10 counts
in at least 1 sample. Differentially accessible peaks were also calculated using DESeq?2. Sites were
considered to be associated with a gene if they were located within 500 bp of a gene’s transcription
start site. Using proxy v0.4-17 (R Core Team, 2018), Jensen Shannon distances (JSDs) were
calculated between the three replicates of the baseline condition (Oh M0) and between each of the
replicates for each of the treatment conditions (24h M1 and 72h M1—MO0) and each of the O0h M0
replicates. Final JSD values for each treatment condition were computed as the average of JSDs
for all unique pairs between the three replicates of each treatment condition and the three replicates

of the Oh MO control. Figures were generated using ggplot2 (Wickham, 2009).
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Figure 2.1: In vitro polarized macrophages display distinct M1 and M2 phenotypes.

A) Schematic of experimental design, where each point represents a collected sample, and each
colored trajectory represents a different treatment condition. Murine bone marrow-derived
macrophages were treated with cytokines to induce polarization (IFN-y + LPS for M1, IL-4 for
M2); MO was maintained in base media as an unpolarized control (n = 3). B) Multidimensional
scaling (MDS) plot of RNA-seq expression (averaged across three replicates for each sample);
points representing each sample are connected in order of collection, with point size representing
the time spent (in hours) in culture. Macrophages treated with IFN-y + LPS (M1) and IL-4 (M2)
follow distinct polarization trajectories. C) Gene expression in log(FPKM) of iNOS (a marker
gene for M1 polarization) and Argl (a marker gene for M2 polarization) over time. D) Jensen-
Shannon distance (JSD) between the RNA expression profiles of M1- and M2-polarized
macrophages and the Oh MO control. As a baseline for expected global expression differences
between samples, the teal line shows the average JSD between all later MO controls (collected at
24h, 48h, and 96h) and the original Oh MO control sample.
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Figure 2.2: Differentially expressed genes for M1 and M2 compared to Oh MO.

Bar plot of the number of differentially expressed genes (up-regulated and down-regulated) with
g-value < 0.05 for each M1 and M2 timepoint compared to the Oh MO condition (n = 3).
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Figure 2.3: Gene expression of key M1 and M2 marker genes during polarization.
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A) Schematic of a simplified M1 polarization signaling pathway, highlighting key marker genes
(left) and plots of the expression of these marker genes over time during macrophage
polarization (right). B) Schematic of a simplified M2 polarization signaling pathway,
highlighting key marker genes (left) and plots of the expression of these markers over time
during macrophage polarization (right). Some genes, such as Nfkb1 and Jak1, are active in both
M1 and M2 polarization, leading to some overlap in expression patterns. Three biological

replicates were analyzed for each timepoint.
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Figure 2.4: In vitro polarized macrophages display distinct M1 and M2 phenotypes and
synchronous progression.

Murine bone marrow-derived macrophages were treated with cytokines to induce polarization
(IFN-y + LPS for M1, IL-4 for M2); M0 was maintained in base media as an unpolarized control
(n=1). A) Macrophages treated with IFN-y + LPS (M1) and IL-4 (M2) follow distinct
polarization trajectories. M1- and M2-polarized macrophages also form distinct clusters by
timepoint, showing very little intermixing. B) Cultured BMDMs exhibit low expression of
proliferation markers; expression in M1-polarized macrophages is particularly low. Proliferation
index is computed as log10(aggregate_proliferation_marker_expression), where aggregate
marker expression is calculated as the sum of size factor-corrected marker gene expression for
each cell. C) List of the proliferation markers used to compute the proliferation index.
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Figure 2.5: Polarized macrophage phenotypes are transient.

A) Schematic of experimental design, where each point represents a collected sample, and each
colored trajectory represents a different treatment condition. Murine bone marrow-derived
macrophages were treated with cytokines to induce polarization (IFN-y + LPS for M1, IL-4 for
M2); MO was maintained in base media as an unpolarized control. After 24 hours, cells were
washed to remove cytokines and then cultured in base media with no polarizing cytokines (n =
3). B) Multidimensional scaling (MDS) plot of RNA-seq expression (averaged across three
replicates for each sample); points representing each sample are connected in order of collection,
with point size representing the time spent (in hours) in culture. After the removal of polarizing
cytokines, the expression profiles of previously polarized macrophages follow trajectories that
trend towards the MO baseline. C) Gene expression in log(FPKM) of iINOS (a M1 marker gene)
and Argl (a M2 marker gene) over time. While marker gene expression increases with initial
polarization, it drops sharply upon the removal of polarizing cytokines and falls to near baseline
levels after 72h in base media. D) Jensen-Shannon distance (JSD) between the RNA expression
profiles of polarized and depolarized macrophages compared to the Oh MO control. As a baseline
for expected global expression differences between samples, the teal line shows the average JSD
between all later MO controls (collected at 24h, 48h, and 96h) and the original Oh MO control
sample. While JSD initially increases as polarizing macrophages develop distinct mMRNA
expression profiles and diverge from the unpolarized baseline, removal of polarizing cytokines
triggers a reversion towards the baseline.
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Figure 2.6: Differentially expressed genes for M1—-MO0 and M2—MO0 compared to Oh M0 and
96h MO.

A) Bar plot of the number of differentially expressed genes (up-regulated and down-regulated)
with g-value < 0.05 for each M1—MO0 and M2—M0 timepoint compared to the Oh MO condition
(n =3). B) Box plots of the absolute log2 fold change in gene expression of 96h M1 and 72h
M1—MO compared to 96h MO (top) and 96h M2 and 72h M2—MO0 compared to 96h MO
(bottom).
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Figure 2.7: Gene expression of key M1 and M2 marker genes during polarization and
depolarization.
(legend continued on next page)
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Figure 2.7: (continued) A) Plots of the expression of M1 marker genes over time during
macrophage polarization and subsequent depolarization (n = 3). B) Plots of the expression of M2
marker genes over time during macrophage polarization and subsequent depolarization (n = 3).
Some genes, such as Nfkb1 and Jak1, are active in both M1 and M2 polarization, leading to some
overlap in expression patterns.
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Figure 2.8: Macrophages convert between polarized states in response to cytokine treatment.

A) Schematic of experimental design, where each point represents a collected sample, and each
colored trajectory represents a different treatment condition. Murine bone marrow-derived
macrophages were treated with cytokines to induce polarization (IFN-y + LPS for M1, IL-4 for
M2); MO was maintained in base media as an unpolarized control. After 24 hours, cells were
washed to remove cytokines and then cultured with the alternate set of polarizing cytokines (M1
switched to M2, and vice versa) (n = 3). B) Multidimensional scaling (MDS) plot of RNA-seq
expression (averaged across three replicates for each sample); points representing each sample
are connected in order of collection, with point size representing the time spent (in hours) in
culture. After switching polarizing cytokines, the expression profiles of previously polarized
macrophages follow trajectories that trend towards the new polarized state. C) Gene expression
in log(FPKM) of iNOS (a M1 marker gene) and Argl (a M2 marker gene) over time. Switching
the polarizing cytokines induces reduced expression of the previous marker gene and increased
expression of the marker associated with the new polarization state. D) Jensen-Shannon distance
(JSD) between the RNA expression profiles of M2—M1 repolarized macrophages compared to
24h M1-polarized macrophages (top) and M1—M2 macrophages compared to 24h M2-polarized
macrophages (bottom). As a baseline for expected global expression differences between M1-
polarized samples over time, the purple line in the top panel shows the average JSD between
both later M1 controls (collected at 48h and 96h) and the 24h M1 sample. Similarly, the red line
in the bottom panel shows the average JSD between both later M2 controls (48h and 96h) and
the 24h M2 sample. After switching media, the JSD for repolarized macrophages decreases as
MI1—M2 macrophages become more similar to M2-polarized macrophages and M2—M1
macrophages become more similar to M1-polarized macrophages.
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Figure 2.9: Differentially expressed genes for M1—M2 and M2—M1 compared to Oh M0 and

96h M1 and M2,

A) Bar plot of the number of differentially expressed genes (up-regulated and down-regulated)
with g-value < 0.05 for each M1—-M2 and M2—M1 timepoint compared to the Oh MO condition
(n = 3). B) Box plots of the absolute log2 fold change in gene expression of 96h M1 and 72h
M1—M2 compared to 96h M2 (top) and 96h M2 and 72h M2—M1 compared to 96h M1

(bottom).
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Figure 2.10: Heatmap of differentially expressed genes.

Heatmap of genes differentially expressed between at least one condition and Oh MO condition
with g-value < 0.05, and expressed at a level of >= 10 FPKM in at least one sample (n = 7,460).
Rows and columns are clustered using Jensen-Shannon distance, and the heatmap is colored by
row z-score. Each heatmap column represents the mean expression across three biological
replicates for a sample. Sample labels are structured as follows: <experiment stage>_<time since
stimulation>_<polarization condition>_<repolarization condition>. Experiment stage is either
“Pol” (first 24h of polarization) or “RP” (subsequent 72h after media switch). Time since
stimulation refers to hours since the last cytokine stimulation (either initial polarization or media
switch). Polarization condition describes the cytokine treatment for the first 24h of polarization,
(legend continued on next page)
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Figure 2.10: (continued) while repolarization condition (where applicable) describes the
cytokine treatment after the media switch. The color coding categorizes samples by the overall
polarization/repolarization trajectory.
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Figure 2.11: Gene expression of key M1 and M2 marker genes during polarization and
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(legend continued on next page)

37



38

Figure 2.11: (continued) A) Plots of the expression of M1 marker genes over time during
macrophage polarization and subsequent repolarization (n = 3). B) Plots of the expression of M2
marker genes over time during macrophage polarization and subsequent repolarization (n = 3).
Some genes, such as Nfkb1 and Jakl, are active in both M1 and M2 polarization, leading to some
overlap in expression patterns.
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Figure 2.12: Macrophage chromatin accessibility also reverts to a baseline state when polarizing
cytokines are removed.

A) Schematic of experimental design, where each point represents a collected sample, and each
colored trajectory represents a different treatment condition. Murine bone marrow-derived
macrophages were treated with IFN-y + LPS to induce polarization to M1. After 24 hours, cells
were washed to remove cytokines and then cultured in base media with no polarizing cytokines
for an additional 72 hours (n = 3). B) Bar plot depicts Jensen-Shannon distance (JSD) between
the ATAC accessibility profiles of polarized and depolarized macrophages compared to the Oh
MO control. As a baseline for expected global expression differences between samples, the teal
line shows the average inter-replicate JSD between the three replicates for the Oh MO control
sample. JSD values for 24 M1 and 72h M1—MO0 conditions were computed as the average of
JSDs for all unique pairs between the three replicates of each treatment condition and the three
replicates of the Oh MO control. C) Density plots of log2 fold-change (absolute value) of
chromatin accessibility for M1-polarized macrophages and M1—MO0 depolarized macrophages
compared to the baseline MO condition. Median magnitude of log2 fold-change in chromatin
accessibility is smaller for the M1—MO depolarized macrophages compared to the M1-polarized
macrophages. D) Scatterplot comparing log2 fold-change of chromatin accessibility for M1-
polarized macrophages versus MO (x-axis) and M1-polarized macrophages versus M1—MO0
depolarized macrophages (y-axis). The red line (y = x) indicates the expected correlation in the
case where M1—MO0 depolarized macrophages are identical to MO macrophages.
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Figure 2.13: Differentially accessible genes between M1—MO0 and MO.

o4

Sites which were significantly more accessible in M1—MO0 compared to M0 (q < 0.05) were
further filtered to identify sites which were located within 500bp of a gene transcription start site
and which exhibited at least a four-fold change in accessibility. A) Plots of gene expression vs.
time for the genes which were linked to four-fold differentially accessible sites and also detected
in the bulk RNA-seq timecourse data (n = 3). B) Full list of genes linked to sites which were
four-fold more accessible in M1—MO compared to MO. All 10 genes listed were also linked to
sites which were four-fold more accessible in M1 compared to MO.
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Chapter 3. DISSECTING ALVEOLAR MACROPHAGE FATE

SPECIFICATION IN VITRO

In chapter 2, | describe my work characterizing the polarization and repolarization of bone-
marrow derived macrophages in vitro between narrowly defined “M1” and “M2” states. In this
well-defined cell culture context, macrophages exhibit an incredible degree of phenotypic
plasticity: macrophage phenotype appears to depend solely on the stimuli present in the current
microenvironment; upon exposure to new stimuli, macrophages will readily repolarize to a new
state, and upon removal of external stimuli, macrophages will return to a baseline, unpolarized
state. However, macrophages in the context of a living organism reside in much more complex
microenvironments and are exposed to many different signals at once. While tissue-resident
macrophages have also shown evidence of phenotypic plasticity (Lavin et al., 2014), it is not clear
which signals in the tissue microenvironment are responsible for driving macrophage
repolarization to the new tissue-specific phenotype. In this chapter, | describe some preliminary

work dissecting the key stimuli responsible for determining alveolar macrophage fate.

3.1 INTRODUCTION

As tissue-resident macrophages of the lung, alveolar macrophages (AMs) are located along
the distal epithelial surfaces of the lung. One key function of AMs is the clearance of pulmonary
surfactant, a lipid-rich substance produced by alveolar epithelial type Il cells that helps to reduce
surface tension and prevent airspace collapse in the lung alveoli (Slovinsky et al., 2019).
Granulocyte-macrophage colony stimulating factor (GM-CSF) plays a crucial role in AM

regulation of surfactant homeostasis: knocking out the gene encoding the GM-CSF cytokine leads
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to disruptions in downstream signaling pathways mediated by PU.1 and PPAR-y that control the
expression of several key lipid transporter genes, ultimately resulting in massive accumulation of
lipids and phospholipids as AMs are unable to effectively clear surfactant (Ikegami et al., 1996;
Yoshida et al., 2001; Berclaz et al., 2007; Baker et al., 2010). While AMs are responsible for
clearing surfactant, substances contained in pulmonary surfactant have also been shown to play a
role in regulating AM behavior (Fessler and Summer, 2016).

Lavin et al. (2014) previously demonstrated that peritoneal macrophages transferred into
the lung subsequently adopted molecular profiles specific to alveolar macrophages, upregulating
lung macrophage-specific genes and downregulating peritoneal macrophage-specific genes. Given
macrophages’ demonstrated phenotypic plasticity, we wished to explore what external stimuli
would be sufficient to induce the AM phenotype in bone marrow-derived macrophages (BMDMs).
Since surfactant metabolism is a key role of AMs, and since surfactant is prevalent within the lung
microenvironment, we hypothesized that surfactant or one of its component substances might be
a crucial signal for specifying AM fate.

To investigate this hypothesis, our collaborators at Cincinnati Children’s Hospital cultured
BMDMs in vitro and treated them with a combination of macrophage colony stimulating factor
(M-CSF), granulocyte-macrophage colony stimulating factor (GM-CSF), and/or survanta, a
synthetic surfactant substitute (see Table 3.1 for a full list of conditions and Figure 3.1 for a

schematic of the experimental setup). We then profiled these macrophages using sci-RNAseq.
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Figure 3.1: Experimental schematic for BMDM treatment with GM-CSF and survanta.

Murine bone marrow-derived macrophages (BMDMs) were treated with 10 ng/ml doses of either
M-CSF, GM-CSF, or M-CSF+GM-CSF cytokines and survanta doses of 0 ug/ml, 50 ug/ml, or
250 ug/ml. Samples were collected at Day 2 (after initial cell plating) for the M-CSF-only
baseline control, and at Days 6 and 10 for all treatment conditions, resulting in a total of 19
samples collected per biological replicate.



Table 3.1: Treatment conditions for in vitro BMDM samples.
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Sample Name Cytokine(s) Survanta Dose Timepoint

[10 ng/ml dose each] (ug/ml) (days post-treatment)
MCSF 2d MCSF 0 2
MCSF 6d MCSF 0 6
GMCSF 6d GMCSF 0 6
MCSF+GMCSF 6d MCSF + GMCSF 0 6
MCSF+S50 6d MCSF 50 6
GMCSF+S50 6d GMCSF 50 6
MCSF+GMCSF+S50 6d MCSF + GMCSF 50 6
MCSF+S250 6d MCSF 250 6
GMCSF+S250 6d GMCSF 250 6
MCSF+GMCSF+S250 6d MCSF + GMCSF 250 6
MCSF 10d MCSF 0 10
GMCSF 10d GMCSF 0 10
MCSF+GMCSF 10d MCSF + GMCSF 0 10
MCSF+S50 10d MCSF 50 10
GMCSF+S50 10d GMCSF 50 10
MCSF+GMCSF+S50 10d MCSF + GMCSF 50 10
MCSF+S250 10d MCSF 250 10
GMCSF+S250 10d GMCSF 250 10
MCSF+GMCSF+S250 10d MCSF + GMCSF 250 10

3.2 PRELIMINARY RESULTS

3.2.1

replicates

Quality of sci-RNAseq data from BMDMs is not yet robust across experimental

Although our original experimental design included two ex vivo AM controls, meant to

be processed in parallel with the BMDM samples as a benchmark of the alveolar macrophage

phenotype, these plans proved infeasible due to our struggles with getting viable single-cell

RNAseq data from AMs harvested via bronchoalveolar lavage, using either sci-RNAseq or 10X

platforms (c.f. chapter section 5.1). Even sci-RNAseq on in vitro BMDMs proved to be less

robust than we had hoped: while we were able to achieve UMI/cell recovery rates on the order of

a few hundred UMIs/cell (UMI = “unique molecular identifier,” with each UMI corresponding to

a unique mRNA transcript molecule) by using a combination of paraformaldehyde (PFA)

fixation and either 2-level or 3-level sci-RNAseq, cell recovery rates varied widely by sample
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and were quite low (n < 20) in several cases. Out of three total experimental replicates, the first

processed using 2-level sci-RNAseq and the latter two processed using 3-level sci-RNAseq, only

the second replicate yielded consistently robust recovery rates for both cells per sample and

UMIs per cell (Table 3.2).

Table 3.2: Cell and UMI counts for BMDM samples.

Rep #1 Rep #2 Rep #3
Sample Name [2-level sci]_ [3-level sci]_ [3-level sci]_
# cells Median # cells Median # cells Median
UMIs/cell UMIs/cell UMIs/cell
MCSF 2d 14 134 72 184 27 147
MCSF 6d 133 216 745 287 143 132
GMCSF 6d 321 512 1004 318 376 136
MCSF+GMCSF 6d 537 684 1663 313 448 132
MCSF+S50 6d 216 244 926 291 225 133
GMCSF+S50 6d 190 490 681 347 261 139
MCSF+GMCSF+S50 6d 545 391 1943 368 913 140
MCSF+S250 6d 191 256 703 254 200 132
GMCSF+S250 6d 292 708 877 412 485 151
MCSF+GMCSF+S250 6d 547 507 1509 518 2082 164
MCSF 10d 479 317 1200 265 508 138
GMCSF 10d 73 220 233 318 6 138
MCSF+GMCSF 10d 54 180 561 373 16 116
MCSF+S50 10d 73 152 1093 313 668 152
GMCSF+S50 10d 2 113 514 390 12 116
MCSF+GMCSF+S50 10d 455 591 365 300 37 144
MCSF+S250 10d 297 1059 1337 328 731 161
GMCSF+S250 10d 217 302 684 328 76 136
MCSF+GMCSF+S250 10d | 366 490 772 350 184 140

3.2.2  GM-CSF treatment induces global transcriptomic changes but is insufficient to trigger

AM specification

Preliminary analysis of the second replicate reveals clear segregation between cells treated

with a cytokine combination including GM-CSF (GM-CSF and GM-CSF+M-CSF conditions) and

cells treated with only M-CSF (Figure 3.2A). However, there is no clear separation by survanta

dose, or even by the presence or absence of survanta treatment (Figure 3.2B). Key downstream
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signaling genes, such as PPAR-y, also do not appear to be significantly differentially expressed
based on cytokine treatment. These preliminary results suggest that although GM-CSF is required
for AM function, it is not sufficient, either alone or in combination with survanta, to trigger

activation of the AM program in BMDMs.

A cytokine 50 survanta
® o

@® 50
@ 250

® GMCsF
® MCSF+GMCSF
@® MCsF

0.04

UMAP 2
UMAP 2

-504

Figure 3.2: BMDMs segregate by cytokine treatment but not by survanta dose.

Murine bone marrow-derived macrophages (BMDMs) were treated with 10 ng/ml doses of either
M-CSF, GM-CSF, or M-CSF+GM-CSF cytokines and survanta doses of 0 ug/ml, 50 ug/ml, or
250 ug/ml. Single-cell RNA-seq data was collected via 3-level sci-RNAseq for 16,882 cells and
visualized after dimensionality reduction via UMAP, with individual cells colored by either A)
cytokine treatment or B) survanta dose. Data shown here is from the second replicate listed in
Table 3.2.

3.3 DiscussIoN

Single-cell combinatorial indexing RNA-sequencing (sci-RNAseq) has proved to be

challenging in macrophages, and especially difficult in alveolar macrophages (AMs). Thus far,
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we have failed to collect viable sci-RNAseq data from BAL-harvested AMs and have only been
able to profile AMs by dissociating and fixing nuclei directly from frozen whole lung tissue
(described further in section 5.1). While sci-RNAseq on bone marrow-derived macrophages
(BMDMs) has been somewhat successful, data quality thus far has varied across replicates and is
still not consistently robust.

BMDMs treated with either GM-CSF or a combination of GM-CSF and M-CSF cluster
separately from cells treated with only M-CSF, suggesting that GM-CSF does induce global
changes in gene expression (thus causing cells that receive GM-CSF to cluster separately from
those that have not, since they will have similar overall gene expression patterns). However,
GM-CSF does not appear to trigger upregulation of key downstream genes involved in lipid
metabolism, such as PPAR-y, indicating that GM-CSF alone is insufficient to induce the alveolar
macrophage phenotype.

Treatment with survanta does not appear to cause any significant changes in global gene
expression. One possible explanation is that survanta, a pharmaceutical cholesterol-free
surfactant, is missing some key component normally found in pulmonary surfactant, which
would trigger alveolar specification. Alternatively, multiple triggers in the alveolar
microenvironment may normally be necessary to induce AM fate, and surfactant or survanta
alone may be insufficient to trigger a transcriptomic response. Since PPAR-y activation is a key
component of AM fate specification, one potential follow-up experiment would be to screen
multiple possible lipids or surfactant components to see which factors (or which combinations of
factors) is able to induce PPAR-y localization to the nucleus. Factors that passed this initial
screen could then be tested to see whether they could induce alveolar specification in BMDMs,

either alone or in combination with one another.
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3.4 METHODS

3.4.1  Macrophage cell culture

Bone marrow-derived macrophages were harvested from wild-type C57BL/6J mice by our
Cincinnati collaborators and cultured with 10 ng/ul M-CSF for 2 days (baseline condition).
BMDMs were then treated with 10 ng/ml doses of either M-CSF, GM-CSF, or M-CSF+GM-CSF
cytokines and survanta doses of 0 ug/ml, 50 ug/ml, or 250 ug/ml. BMDMs were harvested at 2
days for the baseline control, and 6 days and 10 days for the nine treatment conditions. Harvested

macrophages were frozen and shipped to Seattle for single-cell RNA-sequencing.

3.4.2  Library preparation

Single cell RNA-seq libraries were generated according to the protocols described in Cao
et al. (2017) for 2-level sci-RNAseq and Cao et al. (2019) for 3-level sci-RNAseq, with nuclei
fixed in 5% paraformaldehyde. Libraries were sequenced on the Illumina NextSeq 500 platform
using a v2 75-cycle kit (Readl: 18 cycles, Read 2: 52 cycles, Index 1: 10 cycles, Index 2: 10

cycles).

3.4.3  Read alignments and construction of the expression matrices

Base calls were converted to fastq format and demultiplexed using Illumina’s
bcl2fastq/2.16.0.10. Demultiplexed reads were aligned to the mouse reference genome (mm10)
using STAR v2.5.2 with the following parameters: --runThreadN 20 --genomelLoad LoadAndKeep
--outSAMstrandField intronMotif (Dobin et al., 2013). Expression matrices were generated by

counting the number of unique UMIs per gene per cell.
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3.4.4  RNA-seq analysis

The gene expression matrix was loaded into R (v3.6.1) (R Core Team, 2018) and analyzed
using Monocle 3 (v0.2.0) (Qiu et al., 2017; Trapnell et al., 2014). To generate the UMAP plot,
data normalization and preprocessing were run with the default parameter settings, dimensionality
reduction and cell clustering were run using the UMAP reduction method option (Becht et al.,
2018), and graph learning was run using learn_graph_control = list(ncenter=1000), and default

settings otherwise. Figures were generated using ggplot2 (Wickham, 2009).
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Chapter 4. MOLECULAR CHARACTERIZATION OF PULMONARY

MACROPHAGE TRANSPLANTATION (PMT) THERAPY
AT SINGLE-CELL RESOLUTION

4.1 INTRODUCTION

Suzuki et al. (2014) first introduced pulmonary macrophage transplantation (PMT)
therapy, a treatment where wild type or GM-CSF gene-corrected macrophages are introduced into
the lungs of GM-CSF deficient mice, which are used as a model of hereditary pulmonary alveolar
proteinosis (hPAP). The transplanted wild type macrophages were able to take over normal
alveolar macrophage (AM) functions like surfactant clearance, restoring proper lung function and
rescuing the phenotype of the sick mice. The effects of the treatment were persistent long-term
and were still evident even two years after the initial transplantation treatment.

The PMT system provides a framework where macrophages are undergoing dramatic
phenotypic changes; the transplanted macrophages are adopting an alveolar phenotype in
response to signals in the lung microenvironment and are also directly impacting their
environment by clearing out excess surfactant to rescue the hPAP phenotype. Our goal is to
characterize these changes on a molecular level by profiling macrophages in the lungs of PMT
mice over the course of their treatment and recovery using single-cell RNA-seq and single-cell

ATAC-seq.
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4.2 PRELIMINARY RESULTS

4.2.1  Whole-lung 2-level sci-RNAseq successfully captures single-cell transcriptomic data

from alveolar macrophages

Although performing sci-RNAseq on AMs harvested via bronchoalveolar lavage (BAL)
has proved to be quite challenging, we have had more success with trying sci-RNAseq on whole
lungs which are simultaneously fixed and dissociated into a single cell suspension (c.f. chapter
section 5.1). Since we ultimately want to characterize macrophage development over the course
of PMT treatment (on a timescale of months to years), we will need to be able to acquire high
quality single-cell RNA-seq data from mouse lungs displaying hPAP symptoms to different
degrees.

As a preliminary test, we first performed 2-level sci-RNAseq on lungs collected from
both wild type (WT) and two different strains of GM-CSF deficient mice. In total, four different
conditions were represented: 1) 6 week-old WT mice; 2) 6 week-old GM-KO (Csf2 -/-) mice, in
which the GM-CSF gene was knocked out; 3) 6 week-old GM-RbcKO (Csf2rb -/-) mice, in
which the GM-CSF receptor gene was knocked out; and 4) 2 year-old WT mice (summarized in
Table 4.1; schematic in Figure 4.1). Frozen mouse lungs were simultaneously fixed with 5%
glutaraldehyde and physically dissociated using the Miltenyi Biotech gentleMACS, then
repeatedly washed and filtered to generate a single nuclei suspension. Nuclei yield from
individual lungs was quite high overall, numbering ~10 million on the low end and over 60
million on the high end. 2-level sci-RNAseq on the fixed nuclei resulted in good cell and mRNA
yield, although surprisingly, the KO lungs performed substantially better than the WT lungs
(Table 4.2). Normally, after accounting for inefficiencies and loss during library prep and

sequencing, we expect to recover ~50% of the cells that are sorted during the FACS step in 2-
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level sci-RNAseq. Since 960 cells were sorted for each sample in the experiment, this amounts to
an expected cell yield of ~480 cells per sample. By this benchmark, cell yield for the both WT
samples is on the low side, while cell yield for the KO lungs is extraordinarily high,

outperforming our expectations (~800/960 = ~83% cell yield).

6 weeks

9,
¥ Csf2rb -/- WT control WT control
(GM-CSF cytokine KO)  (GM-CSF receptor KO) (young) (old)

Figure 4.1: Schematic of mouse conditions for preliminary whole lung sci-RNAseq.

Four mouse conditions are represented in total. The two knockout conditions represent two
different models of pulmonary alveolar proteinosis: in one strain, the gene for the GM-CSF
cytokine is knocked out (Csf2 -/-), while in the other strain, the gene for the GM-CSF receptor is
knocked out (Csf2rb -/-). The two wild type conditions consist of a 6-week old control which is
age-matched to the two knockout mice conditions and a 2-year old control which represents the
expected age of mice at the end of PMT treatment.

Table 4.1: List of mouse strains for preliminary whole lung sci-RNAseq.

Sample Name | Strain Age Description
WT young | Wild type | 6 weeks Young wild type mice (age-matched to KO strains)
GM KO Csf2 -/- 6 weeks Knockout of the GM-CSF gene
GM RbcKO | Csf2rb -/- | 6 weeks Knockout of the GM-CSF receptor gene
WT old Wild type | 2 years Old wild type mice (simulating treatment end point)
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Table 4.2: Cell and UMI counts for whole lung sci-RNAseq samples.

Rep #1 Rep #2 Rep #3
Sample Name [2-level sci] _ [3-level sci] _ [3-level sci] _
# cells Median # cells Median # cells Median
UMIs/cell UMIs/cell UMIs/cell

WT young 180 477 102 134 29 112
GM KO 804 1118 3670 168 2041 166
GM_RbcKO 846 2018 4163 202 5149 197
WT old 339 509 478 138 357 133

Visualizing the sci-RNAseq data in a reduced dimensionality space reveals several well-
defined cell clusters, which appear to correlate to canonical lung cell types (e.g. alveolar type | and
type 1l cells), including macrophages (Figure 4.2). However, cells identified as macrophages (n =
34) comprise only a small portion (~1.6%) of the total cell population (n = 2169), and we will
likely need to profile a larger number of macrophages per lung in order to capture the effects of
PMT over the course of treatment. This suggests that we may need to either scale up the scope of
our sci-RNAseq experiments (i.e. collect data for a large enough number of lung cells, such that
even a small percentage of the total will still amount to a sizeable macrophage sample size) or
implement some kind of selection to preferentially capture macrophages from the population of

all lung cells.

4.2.2  Whole-lung 3-level sci-RNAseq yields inconsistent results and fails to capture data for
WT lungs

Because 3-level sci-RNAseq uses an additional level of indexing, it has the potential to
accommodate much higher experimental throughput compared to 2-level sci-RNAseq (Cao et al.,
2019). To test the feasibility of 3-level sci-RNAseq in conjunction with our whole lung pre-

processing workflow, we processed two additional sets of frozen mouse lungs in the same manner
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as the first replicate (simultaneous fixation in 5% glutaraldehyde and physical dissociation via
gentleMACS, followed by washes and filtering to produce a single nuclei suspension). We then
submitted aliquots of each sample to the Brotman Baty Institute (BBI) for 3-level sci-RNAseq
processing.

However, our results from 3-level whole lung sci-RNAseq were somewhat mixed: while
we did indeed recover a larger number of cells for the two KO mouse strains, we recovered much
fewer cells for the WT samples (Figure 4.3). In the case of the 6 week-old WT lungs, cell
recovery from 3-level sci-RNAseq was substantially worse than from 2-level sci-RNAseq, with
only 27 cells for the third replicate. Additionally, UMI/cell recovery was uniformly worse for 3-
level sci-RNAseq compared to 2-level sci-RNAseq (Table 4.2). Consequently, further
optimization would be necessary to ensure robust cell recovery across all sample types and to
increase UM yield before 3-level sci-RNAseq could be used for large-scale processing of whole

lung samples.
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Figure 4.2: Whole lung sci-RNAseq captures canonical lung cell types.

Flash-frozen whole mouse lungs were fixed in glutaraldehyde and physically dissociated into a
single nuclei suspension. Single-cell RNA-seq data was collected via 2-level sci-RNAseq for
2,169 cells and visualized after dimensionality reduction via UMAP. Cell type was determined
by using a marker-free Garnett classifier trained on a previously annotated single-cell RNA-seq
lung dataset (Franks, unpublished). Cells in the UMAP plot above are colored by their “cluster-
extended cell type,” which refers to the Garnett cell type assignment paradigm which uses cell
cluster position to help determine cell types for initially “unknown” cells (e.g. an indeterminate
cell located near many neighbors of a single known cell type may be assigned that cell type as its
“cluster-extended cell type”).
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Figure 4.3: Whole lung 3-level sci-RNAseq captures KO cells but not WT cells.
Barplot of the number of cells captured (UMIs/cell > 100); the number after each sample name

indicates the biological replicate. While several thousand cells were captured for each of the
knockout mouse lungs, very few cells were captured for any of the wild type mouse lungs.

4.3 DiscussioN

Our preliminary results from attempting 2-level and 3-level sci-RNAseq on mouse lungs
show some promise, but further optimization will still be required before our current sample
workflow would be suitable to scale up for a full PMT timecourse experiment. While 2-level sci-
RNAseq on cells fixed and dissociated from frozen whole mouse lung tissue was able to recover
single-cell resolution transcriptomic data from several canonical lung cell types, including the
alveolar macrophages of interest, the overall proportion of macrophages within the total population
of profiled cells was quite low (~1.6%). One possible solution for increasing the number of

macrophages profiled is to use a higher throughput protocol, such as 3-level sci-RNAseq.
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However, our 3-level sci-RNAseq single-cell data were of lower quality compared to the 2-level
results, with lower overall UMI/cell capture rates across the samples and with very low cell
recovery rates for the WT lung samples. Consequently, our 3-level sci-RNAseq sample workflow
still requires optimization to improve both UMl/cell recovery and cell recovery rates.

One other bottleneck for scaling up whole lung sci-RNAseq is the sample pre-processing
step. Under the current protocol, up to two lungs can be processed at once, and two sets of lungs
(of up to two lungs per set) could be processed in a typical work day. Once processed, the
suspensions of single, fixed nuclei can be flash-frozen and stored long-term in cryostorage, so as
to be used for sci-RNAseq or other assays at a later date. Thus, the pre-processing step of
converting whole lung tissue to fixed, frozen nuclei poses a serious bottleneck in the sample
processing workflow, since only four lungs can be processed in a given day. The small sample
throughput also introduces the possibility of batch effects, since only two lungs are processed
simultaneously at any given time. Both of these limitations would be especially impactful as we
attempt to scale up the experiment to profile macrophage development over the course of PMT
treatment; even sampling a timecourse on the order of a timepoint every 2-3 months, continuing
this over the 2-year course of treatment could easily yield over 20 samples for a single experimental
replicate. Consequently, we would need to carefully consider the design of both the overall
experiment and the allocation of samples for pre-processing in order to minimize the impact of

batch effects on the final data.
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4.4 METHODS

441  Sample collection

Whole lungs were harvested from 12 week-old wild-type, Csf2 -/-, and Csf2rb -/- mice,
and from 2 year-old wild-type mice. Harvested lung tissue samples were frozen and shipped to

Seattle for single-cell RNA-sequencing.

4.4.2  Library preparation

Frozen whole lungs were transferred directly into fixation/lysis buffer (10 mM sodium
phosphate, 10 mM NaCl, 3 mM MgCI2, 10 mM vanadyl ribonucleoside complex, 1.9 uM
polyvinyl sulfonate, 1% DEPC, 5% glutaraldehyde, 0.02% Triton X-100) and physically
dissociated into a single nuclei suspension using the Miltenyi Biotech gentleMACS. Single-cell
RNA-seq libraries were then generated according to the protocols described in Cao et al. (2017)
for 2-level sci-RNAseq and Cao et al. (2019) for 3-level sci-RNAseq. Libraries were sequenced
on the lllumina NextSeq 500 platform using a v2 75-cycle kit (Readl: 18 cycles, Read 2: 52 cycles,

Index 1: 10 cycles, Index 2: 10 cycles).

4.4.3  Read alignments and construction of the expression matrices

Base calls were converted to fastq format and demultiplexed using Illumina’s
bcl2fastq/2.16.0.10. Demultiplexed reads were aligned to the mouse reference genome (mm10)
using STAR v2.5.2 with the following parameters: --runThreadN 20 --genomelLoad LoadAndKeep
--outSAMstrandField intronMotif (Dobin et al., 2013). Expression matrices were generated by

counting the number of unique UMIs per gene per cell.
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444  RNA-seq analysis

The gene expression matrix was loaded into R (v3.6.1) (R Core Team, 2018) and analyzed
using Monocle 3 (v0.2.0) (Qiu et al., 2017; Trapnell et al., 2014). To generate the UMAP plot,
data normalization and preprocessing were run with the default parameter settings, dimensionality
reduction and cell clustering were run using the UMAP reduction method option (Becht et al.,
2018), and graph learning was run using learn_graph_control = list(ncenter=1000), and default

settings otherwise. Figures were generated using ggplot2 (Wickham, 2009).
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Chapter 5. CLOSING REMARKS

In this dissertation, | describe my efforts to characterize macrophage polarization and
repolarization using global transcriptomic profiling. | demonstrate that bone marrow-derived
macrophages (BMDMs) exhibit a high level of phenotypic plasticity and adopt transient polarized
phenotypes corresponding to stimuli in their immediate environment in vitro. | also describe
preliminary work aimed at identifying key stimuli responsible for specifying alveolar macrophage
fate and performing single-cell transcriptomic profiling of alveolar macrophages in the context of
pulmonary macrophage transplantation therapy. In this final chapter, I discuss challenges and
potential approaches for extending sci-RNAseq to primary tissue cells, and | summarize the main

conclusions from my dissertation research.

5.1 OPTIMIZATION OF SCI-RNASEQ FOR PRIMARY TISSUE CELLS

While in vitro culture offers a flexible and easily accessible model for studying macrophage
polarization, many interesting questions, such as profiling tissue-resident macrophage populations,
rely on collecting data directly from primary tissue cells. In particular, | was collaborating with
Dr. Bruce Trapnell (Cincinnati Children’s Hospital) and his lab on projects aimed at characterizing
murine alveolar macrophages in healthy and disease model settings using single-cell genomics.
These experiments first necessitated that | establish a single-cell RNA-seq protocol that worked
robustly on ex vivo alveolar macrophages, which are the tissue-resident macrophages specific to
the lung. The scope of the planned experiments (many conditions x many timepoints) led us to
favor the sci-RNAseq platform over 10X due to its flexibility and high potential throughput.

However, applying sci-RNAseq to alveolar macrophages (AMs), and even to bone marrow-
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derived macrophages (BMDMs), proved to be much more challenging than we had initially
anticipated.

Our first attempts used 2-level sci-RNAseq (Cao et al., 2017) on mouse AMs which our
Cincinnati collaborators had isolated via whole lung bronchoalveolar lavage (BAL), then frozen
and shipped to us. When processed alongside mouse BMDMs, the AM samples exhibited
significantly decreased cell recovery; while we recovered on the order of ~100 cells for each of 15
BMDM samples, one of the two AM samples dropped out entirely, while the other yielded only
12 cells. In the original 2-level sci-RNAseq protocol, pre-processing of cells or nuclei prior to
reverse transcription involves fixation with methanol followed by a series of five washes. Since a
fraction of the original input cells are lost after each wash, and since one of our main concerns was
sample dropout due to low cell recovery, we first tried reducing the number of post-fixation
washes. However, we found that while reducing the number of washes from the original five to
one or two prevented sample dropout, this level of cell washing was insufficient to remove the
residual methanol from fixation, and we were subsequently unable to recover mRNA from the
washed cells. Further experimentation tweaking the wash volume (in an effort to dilute out
methanol faster, even with fewer washes), wash spin speed, wash spin duration, spin tube (falcon
vs. Eppendorf), and base buffer (phosphate-buffered saline vs. sodium citrate) produced some
marginal improvements, but we were unable to find a set of conditions that yielded a viable level
of both cell recovery per sample and UMI recovery per cell.

One fundamental challenge posed by working with BAL-harvested AMs is the limited cell
input available per sample. A typical BAL sample contained ~100,000 cells, which is already on
the low end for sci-RNAseq, even before factoring in subsequent losses from sample freeze-thaw.

The limited input reduces the margin for error, but also makes certain protocol steps more difficult
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and more prone to human error; for example, cell washes are more difficult to perform precisely
when there are insufficient cells to form a visible pellet. Another challenge we faced in working
with AMs is that several classes of endogenous RNases are particularly abundant in the lung (Lu
et al., 2018). A high level of endogenous RNase likely contributed to our low UMIl/cell recovery
from AMs, since any residual uninhibited RNases could degrade cellular mRNA molecules before
they can be reverse transcribed. These factors make it difficult to collect single-cell RNAseq data
from BAL-harvested macrophages even on the 10X platform, which requires less sample
preprocessing and is normally more robust than sci-RNAseq in terms of UMI/cell recovery. When
we processed a BAL-harvested AM sample alongside a sample of peripheral blood mononuclear
cells (PBMCs) using 10X, the cell yield for the AMs was almost 10-fold less than that for the
PBMCs (~200 AMs vs. ~16,000 PBMCs). Additionally, many of the recovered AMs had a very
high percentage of mitochondrial mMRNA reads (over 50%), suggesting that these cells may have
been damaged or otherwise depleted of nuclear and cytosomal mRNA. As a result, neither sci-
RNAseq nor 10X could be considered reliable platforms for collecting single-cell RNAseq data
from BAL-harvested AMs, and we turned instead to alternative approaches.

One of my colleagues in the Trapnell Lab, David Read, was also troubleshooting sci-
RNAseq on primary tissue samples (lung and kidney), and had found some success in performing
sci-RNAseq on whole tissue samples which were simultaneously fixed using glutaraldehyde and
physically dissociated. Glutaraldehyde is a powerful protein crosslinker (Kiernan, 2000), and by
simultaneously fixing and dissociating the tissues, cell exposure to active endogenous RNases can
be minimized. When I tried using David’s pre-processing protocol on flash-frozen mouse lungs
followed by the usual 2-level sci-RNAseq workflow, | was able to collect high quality single-cell

RNA-seq data, with good recovery for both cells per sample and UMIs per cell (preliminary results
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described further in section 3.4.1). Adopting this approach offered several benefits: firstly, it

streamlined the sample collection process for our Cincinnati collaborators, since the whole mouse
lungs could simply be dissected, frozen, then shipped directly. Secondly, working with whole
lungs neatly sidestepped the issue of low cell input per sample, since each mouse lung yields tens
of millions of cells once dissociated. Finally, because this approach minimizes the amount of
sample handling between tissue harvest and fixation, the data we collect is arguably a more faithful
representation of the true transcriptomic landscape of the lung, since cells are not subjected to the
stresses of BAL before being profiled. Hence, although some challenges still remain, particularly
with regard to scaling up experiments, whole lung sci-RNAseq is a promising strategy for single-

cell transcriptomic profiling of ex vivo alveolar macrophages.

5.2 CONCLUSIONS AND FUTURE DIRECTIONS

Throughout the course of my dissertation research, I have investigated mechanisms of
macrophage phenotypic plasticity in both in vitro and ex vivo contexts. In my work
characterizing macrophage polarization and repolarization between canonical M1 and M2 states
in vitro, | built upon previous research by Stout et al. (2004, 2005) showing that sequentially
treating macrophages with different cytokines resulted in progression through multiple functional
phenotypes. Stout et al. characterized cytokine-treated macrophages using ELISA and
immunoblotting and found that changing cytokine treatments caused macrophages to alter the set
of cytokine proteins that they secreted. By using bulk RNA-sequencing to profile macrophages
that were sequentially treated with different cytokines in vitro, I measured global gene
expression patterns for macrophages undergoing polarization and repolarization and was able to

provide a broader view of the changes occurring in macrophage phenotype. By collecting fine-



64

scale timecourse data, | also elucidated the transcriptomic trajectories that macrophages followed
over the course of polarization and established that macrophage phenotypes are highly transient,
with little to no memory retained from past states.

Within the well-defined in vitro context of canonical M1/M2 macrophage states, my
research strongly suggests that macrophages are extremely plastic and adopt transient
phenotypes that correspond to their immediate microenvironment. However, macrophages in an
in vivo context are subject to much more complex environments, and the phenotypic transience
that I observed in cell culture may not hold in a tissue environment. Lavin et al. (2014)
previously showed that tissue-resident macrophages still demonstrate phenotypic plasticity in
that macrophages harvested from one tissue and then transplanted into a new tissue change to
take on traits defined by the new tissue microenvironment. In an effort to better understand the
mechanisms governing fate specification and function of tissue-resident macrophages, |
embarked upon two projects aimed at characterizing alveolar macrophages, the tissue-resident
macrophages of the lung.

In the first of these projects, | sought to identify some of the key stimuli within the lung
environment that were responsible for inducing alveolar macrophage fate. By culturing bone
marrow-derived macrophages in vitro with different combinations of cytokines and lipid stimuli,
| was able to characterize the impact of specific stimuli on macrophage phenotype either in
isolation or in controlled combinations. Preliminary results from these experiments suggested
that while granulocyte colony macrophage stimulating factor (GM-CSF) induces changes in
global gene expression patterns, it is not sufficient to turn on key downstream alveolar signaling
pathways, such as PPAR-y. Furthermore, treatment with survanta, a pharmaceutical surfactant,

does not appear to significantly impact macrophage gene expression profiles. While my work has
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begun to characterize two possible stimuli involved in alveolar macrophage development, there
are many other potential stimuli in the lung microenvironment. Single-cell RNA-sequencing
provides a high-resolution, global snapshot of macrophage states, but can also be costly to
perform. Therefore, a first step for future work towards dissecting the drivers of alveolar
macrophage fate may be to perform a GFP-based functional screen to determine which stimuli
(or combinations of stimuli) are able to induce PPAR-y localization to the nucleus in bone
marrow-derived macrophages. This would identify a shortlist of candidates that could then be
assayed using single-cell RNA-sequencing.

My second project aimed to profile alveolar macrophages in the context of pulmonary
macrophage transplantation (PMT) therapy, which is a potential treatment for pulmonary
alveolar proteinosis (PAP). In PAP, alveolar macrophages do not mature properly and are unable
to perform their normal functions, including surfactant clearance; PMT introduces into the lung
functional macrophages that are able to take over normal alveolar macrophage roles, thus
restoring a healthy phenotype. Single-cell RNA-seq profiling of macrophages over the course of
PMT could potentially give insight into how transplanted macrophages are able to adopt alveolar
macrophage traits and functions. One traditional method of collecting alveolar macrophages for
characterization is to perform bronchoalveolar lavage (BAL) and then isolate alveolar
macrophages from the BAL fluid. However, in my exploratory work for this project, | quickly
discovered that neither 10X nor single-cell combinatorial indexing RNA-sequencing (sci-
RNAseq) protocols could consistently capture high quality single-cell RNA-seq data from BAL-
harvested macrophages. Subsequent efforts at performing sci-RNAseq on whole lung tissue,
rather than on BAL-harvested macrophages, have shown some preliminary success, but are not

yet robust across sample types and across replicates. In particular, 3-level sci-RNAseq suffers in
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terms of cell yield and UMIs/cell, especially for lungs collected from wild-type mice. One
possible reason that 3-level sci-RNAseq may perform worse than 2-level sci-RNAseq is that
cells are separated into PCR wells by dilution instead of by fluorescence activated cell sorting
(FACS). Since flow sorting helps to filter out debris that might otherwise contaminate
downstream reactions, adding a sorting step back into the 3-level sci-RNAseq workflow could be
a first step in future work to continue optimizing sci-RNAseq protocols for primary lung cells.

Overall, my research suggests that macrophages are particularly mutable, readily
adapting in response to new stimuli or new microenvironments. In an in vitro context, M1- and
M2-polarized macrophages are more akin to transient phenotypic states rather than canonical
“cell types,” with macrophages readily changing phenotypes to match their current environment.
Tissue microenvironments in vivo present a much more complex context, and while tissue-
resident macrophages have still been shown to be phenotypically malleable, the specific stimuli
triggering such changes are not well characterized. Single-cell RNA-sequencing is a powerful
tool for dissecting these complex environments; once properly optimized to yield robust results
on primary cells, these technologies will enable researchers to study macrophage plasticity in

vivo at high resolution, opening up a spectrum of new avenues for discovery.
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