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Abstract

Monocytes and macrophages exhibit wide heterogeneity in phenotype and function.
Despite this variety, cells from model cell lines are often used in experiments with-
out accounting for these differences. We therefore sought to characterize the gene
expression profiles of three model myeloid cell lines as they differentiate from a
monocyte-like state to a macrophage-like state in order to identify core pathways
across cell lines central to the differentiation process, as well as pathways uniquely
involved in differentiation in specific cell lines.

Using an RNA-seq analysis pipeline we developed, we examined gene expression in
three myeloid cell lines — HL60, U937, and THP-1 — during phorbol 12-myristate
13-acetate (PMA)-induced macrophage differentiation. Using gene expression data
from three experiments which induced macrophage differentiation in cells from these
cell lines using PMA, we constructed gene expression profiles for the cells before and
after PMA treatment. We performed differential gene expression analysis to find the
genes that are differentially expressed in differentiation, followed by pathway over-
representation analysis to identify key pathways involved in this process.

We identified 1789 genes which were differentially expressed in all cell lines, as well
as 2131 genes marked as differentially expressed only in HL60 cells, 1711 in U937
cells, and 2159 genes uniquely differentially expressed in THP-1 cells. Through
subsequent investigation of specific gene clusters, we found that there were con-
served pathways involved in the monocyte-to-macrophage transition in all cell lines,
particularly those involved in phagocytosis and adherence. All cell lines also down-
regulated maintenance pathways involved in DNA replication and cell cycle control,
a behaviour associated with differentiation. Additionally, we found that there were
differences in differentiation between the cell lines: the ribosome and oxidative phos-
phorylation pathways were strongly down-regulated during the transition in HL60
cells, and multiple different components in the cytokine-cytokine receptor interac-
tion pathway were up- and down-regulated in THP-1 cells.

A core gene expression profile is associated with PMA-induced differentiation of
myeloid cell lines to a macrophage state. However, differentiation of HL60 and
THP-1 cells also induces distinct changes in metabolism and cellular signalling. Our
research recommends discretion in cross-comparison between experimental results
incorporating gene expression studies of these myeloid cells.



1 Introduction

1.1 Innate and adaptive immunity

The human immune system is composed of two main sections — the innate system
and the adaptive system. The innate system serves as the primary and general
defence system against pathogens, deterring and destroying them wherever they
intrude. Its main functions are to prevent the entry of pathogens into the body,
inactivate and destroy foreign substances, recruit professional immune cells to sites
of infection, and to activate the adaptive immune system. The adaptive immune
system mounts specific and targeted defence against pathogens through recognition
of their constituents and the development of unique anti-pathogenic cells and pro-
teins. The main behaviours exhibited by these two systems are discussed in the
following sections.

1.1.1 Innate immune behaviours

The first line of defence presented by the innate immune system is provided by
mechanical and chemical barriers against the entry and proliferation of pathogens
found in epithelial cells (Aderem et al. 1999). Mechanical and chemical barriers are
present all over the body wherever there is contact with the outside world: in the
skin, the respiratory system, urogenital system, and across the whole gastrointestinal
system. The mechanical barrier of the skin requires that pathogens make their way
through several layers of cells before being able to enter the body (Madison 2003),
with mucosal secretions and desquamation (continuous renewal of the upper skin
layers) making microbial infection of healthy skin almost impossible (Schroder et al.
2006). Should the mechanical and chemical barriers be breached, the innate immune
system activates the inflammatory response.

The activation of the inflammatory response starts with the recognition of tissue
injury or infection: the former being detected through damage to the body’s own
cells, the latter through the recognition of foreign bodies. The detection of foreign
bodies is primarily handled through the recognition of Pathogen-Associated Molec-
ular Patterns (PAMPs) by pattern recognition receptors (PRRs) present on various
leukocytes (Akira et al. 2006) including macrophages. The molecular patterns rec-
ognized by the PRRs are evolutionarily conserved structural and genetic motifs
common to many pathogens. The set of PRRs includes lipopolysaccharides (LPS),
the main component of the outer membrane of Gram-negative bacteria, which is
recognized by Toll-like receptors (Yang et al. 1998) and other carbohydrates in the
bacterial cell wall. Another sugar present in fungal cell walls, mannose, is recognized
by its own dedicated receptor (CD206) (Stahl et al. 1998). PRRs can also bind the
internal components of pathogenic cells, like the unmethylated CpG motifs in bac-
terial DNA (Pisetsky 1996; Krieg 2000), which are recognized by TLR-9 (Takeshita
et al. 2001).

In addition to being able to detect molecular signatures of pathogens, immune cells
are sensitive to molecular signals of damage. These signals convey that there has
been some destruction or damage to cells of the body, rather than that a pathogen
has been detected (Matzinger 1994). These stimuli, known as Damage-Associated
Molecular Patterns (DAMPs) are sensed by various receptors in immune cells (Pic-



cinini et al. 2010), most notably the Toll-like receptors (TLRs) (Wheeler et al. 2009;
Asea et al. 2002; Vabulas et al. 2002). Once these molecular signatures of dam-
age or pathogen are detected by PRRs in leukocytes (particularly tissue-resident
macrophages) and epithelial cells (Svanborg et al. 1999), the cells are triggered to
produce cytokine and chemokine signalling molecules to alert the rest of the immune
system to the danger (Janeway et al. 2002). An overview of DAMPs and PAMPs
with some examples of their forms is given below (Figure 1).
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Figure 1: Diagram showing an overview of Damage-Associated Molecular Patterns
(DAMPs) and Pathogen-Associated Molecular Patterns (PAMPs). PAMPs are
associated with pathogens, whereas DAMPs are associated with injury, necrosis,
and tumours. Both systems are detected by PRRs in leukocytes. Figure adapted
from Tang et al. (2012). LPS, lipopolysaccharide. ssRNA, single-stranded RNA.
IL, interleukin. HMGB1, high mobility group box protein 1. DC, dendritic cell.
PRR, pattern recognition receptor. TLR, toll-like receptor. NLR, NOD-like
receptor. RLR, RIG-1-like receptor. RAGE, receptor for AGE (advanced gly-
cation end-product).

Cytokines and chemokines are protein molecules that act as short- and long-range
signals, respectively, to recruit leukocytes with the appropriate receptors to the site
of infection or damage (Waksman et al. 1976). Inflammation is mediated by myriad
chemokines, many of which are in turn controlled by tumour necrosis factor-o. (TNF-
o). This signalling molecule acts as a main regulator of the inflammatory process,
and recognition of the protein by its receptors (TNFR1 and TNFR2) controls many
down-stream signalling cascades (Parameswaran et al. 2010). In initiating the in-
flammatory response, cytokines and chemokines induce changes in the membranes
of epithelial cells that promote adhesion to various leukocytes (Pober et al. 1990).
This change in adhesion allows circulating leukocytes from the blood to settle near
the site of infection, leading to the effective recruitment of more immune cells to
bolster the defence of the affected tissue (Auffray et al. 2007).

The second major action in inflammation is vasodilation — the process in which blood
vessels dilate around the affected tissue and produce the characteristic swelling,
redness, pain, and heat associated with inflammation. This vasodilation brings
blood-borne antimicrobial proteins (such as antibodies, complement proteins, and
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acute-phase proteins) and leukocytes to the site of infection, and transports antigen
presenting cells to the nearest lymph nodes to aid in the initiation of the adaptive
immune response (Bone 1991).

The next major part of the innate immune response is the complement system.
Complement refers to a set of plasma proteins which circulate in the blood in an
inactive form and respond to the presence of pathogens through interaction with
their cellular membrane (Sjoberg et al. 2009). Pathogens which end up coated with
complement proteins are more easily recognized by phagocytic cells and thereby
destroyed. Although complement is active in innate immunity, it can also function
in the adaptive system where it is activated by circulating antibodies (Merle et al.
2015).

Besides the effects of the barrier and complement systems, most functions of the
innate immune system are carried out by white blood cells. The main leukocytes
involved in the innate immune system are mast cells, phagocytes (dendritic cells,
macrophages, and neutrophils), granulocytes (basophils and eosinophils), and nat-
ural killer (NK) cells (Galli et al. 2011). Together these cells are responsible for
phagocytosing pathogens, inducing inflammation (especially through the release of
histamine, cytokines, and chemokines), destroying pathogens (with antimicrobial
agents released from granules and other vesicles such as reactive oxygen species and
hydrogen peroxide), and acquiring antigens for presentation to other immune cells,
subsequently activating the adaptive immune system (Janeway et al. 2002).

1.1.2 Adaptive immune behaviours

The adaptive immune system is organized around the recognition of, and specific
response to, pathogens detected within the body. The adaptive system is arranged
into two main sections, the humoral and cellular responses. The humoral immune
response controls pathogens in extracellular spaces (the blood and lymph network
historically referred to as the humours), chiefly through the circulation of plasma
B cells and their secreted antibodies (Medzhitov 2007). The cellular branch of
the adaptive immune system controls intracellular pathogens (such as viruses and
bacteria within cells) and cellular misregulation through roaming T cells. Both B
and T cells are initially activated through the sensing of a peptide molecule, through
the process of antigen presentation (Parker 1993).

Antigen presentation in human cells falls under two main types: amateur and pro-
fessional. Constant communication with the immune system is one of the myriad
requirements of normal nucleated body cells, a task which they complete through
the presentation of peptide fragments on their membrane surfaces. All nucleated
cells are thus classified as amateur antigen presenting cells (APCs), as opposed to
the professional APCs which present antigen as one of their main functions in the
body (Gaudino et al. 2019). The purpose of communication between immune cells
and regular body cells is to maintain the health of regular cells on two fronts: mis-
regulation and infection. The protection against both misregulation and infection is
managed using a system of molecular recognition (not unlike the antibody / antigen
recognition process) mediated by the major histocompatibility complex (MHC) cell
membrane proteins. MHC presents sections of proteins (peptides) to the outside
of the cell where they can be recognized by other cells, thus communicating some
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information about the cell’s internal functioning to patrolling immune cells (Neefjes
et al. 2011).

MHC molecules appear in humans in two main types, MHC class I (MHCI) and
MHC class II (MHCII), which are found on the membranes of different cells in the
body. MHC class I molecules are present on the surfaces of all nucleated body
cells (amateur APCs), thus conferring on them the ability to present antigens (in
most cases normal peptides) to the immune system. As part of healthy metabolism,
endogenous peptides are produced through the recycling of unnecessary cellular
components and proteins. Through the process of antigen processing, segments of
these recycled proteins are complexed with MHC class I proteins and sent to the
cell membrane for presentation (Braciale et al. 1987).

Upon chance contact between a healthy cell and a roaming helper T cell, the peptide
fragment: MHC class I complexes are detected by T cell receptors (TCRs), recognized
as normal products, and ignored. In an abnormal cell, the antigen processing process
will lead to the display of non-self peptides. Should a CD8* cytotoxic T lymphocyte
(CTL, also known as a killer T cell) come across a diseased cell presenting misreg-
ulated peptides on its surface in an MHC Class I complex, the CTL either induces
apoptosis or releases granzymes and perforins to disrupt the membrane and destroy
the cell (de la Roche et al. 2016). This MHC Class I antigen presentation system
also protects against intracellular pathogens which have infected normal body cells
— the antigen processing and protein recycling system will inevitably present foreign
pathogen-derived peptides on the cell’s surface, signalling to any passing leukocytes
that this cell is infected.

MHC class II molecules are only present on the surfaces of professional APCs such
as dendritic cells (Guermonprez et al. 2002), macrophages (Harding et al. 1992), and
B cells (Katikaneni et al. 2019). Rather than attaching to endogenous peptides from
within the cell, MHC class II complexes with exogenously derived peptide fragments
produced by the degradation of extracellular material. In both phagocytosis and
receptor-mediated endocytosis, engulfed pathogens are destroyed in endosomes and
lysosomes. The exogenous antigen processing pathway then combines fragments of
pathogenic proteins with MHC class II molecules and presents them on the cell
surface, alerting other immune cells to the detection of a pathogen. Should a CD4*
helper T cell with a matching TCR come into contact with this professional APC
and recognize the pathogenic peptide:MHC class II complex on its membrane, the
helper T cell will become activated (de la Roche et al. 2016). Activated helper
T cells begin replicating and split into two populations: one is sent to the site of
infection for cytokine production and macrophage activation, and the other initiates
the process of antibody production. A graphical summary of the differences between
MHC class I and II molecule function is presented below (Figure 2).

1.2 Monocytes

Monocytes are a group of leukocytes (initially termed mononuclear phagocytes)
derived from the bone marrow — they circulate through the blood and act in in-
flammation and pathogen defence (Ginhoux et al. 2014). These cells are present in
birds (Kelly et al. 2000), bony fish (Herbomel et al. 1999), and mammals (Virolainen
1968), with similar cells present in insects (Williams 2007). These travelling leuko-
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Figure 2: Diagram showing an overview of MHC class I and II. A: MHC class I molecules

present antigenic peptides to T cells via their T cell receptors (TCR). Peptides
are generated from intracellular digestion of the cell’s own proteins and are traf-
ficked through the endoplasmic reticulum (ER) and Golgi apparatus. B: MHC
class II molecules are assembled in the ER and fuse with the plasma mem-
brane or move directly to the MHC class II compartment (MIIC). Endocytosis
brings exogenous proteins into the MIIC where they are degraded into peptide
fragments by proteases and complexed with MHC class II molecules for presen-
tation to T cells via their TCR. Images taken from Neefjes et al. (2011). B2m,
B2-microglobulin. ER, endoplasmic reticulum. ERAD, ER-associated protein
degradation. TCR, T cell receptor. APC, antigen-presenting cell. HLA-DM,
human leukocyte antigen DM. CLIP, class II-associated invariant chain peptide.

cytes are released from the bone marrow in an immature state (Volkman 1968), and
develop into maturity as they circulate in the blood (Furth et al. 1968).

1.2.1 Monocyte behaviour

Monocytes contain various digestive enzymes involved in phagocytosis including
oxidases (Rebuck 1952), peroxidases, and phosphatases (Rabinovitch et al. 1949).
These chemicals are stored in the granules — cytosolic vesicle structures present in
these and other leukocytes (Ehrlich 1904) and known to be involved in the digestion
of phagocytosed material (Cohn et al. 1960). Although not as effective in phago-
cytosis as macrophages, monocytes can scavenge their surroundings for toxins and
other small components (Auffray et al. 2009; Geissmann et al. 2010).
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The mature monocyte cells patrol the endothelium by flowing through the vessels in
the blood, or otherwise moving along the vessel walls in a "rolling" motion (Auffray et
al. 2007). When macrophages or other tissue resident white blood cells are exposed
to pathogenic bacteria from an infection they release chemokines which attract other
leukocytes to the site of danger (Roth et al. 1995). These molecules, specifically
the C-C class and C-XXX-C class chemokines, induce adhesion between monocytes
and the endothelium, and begin the process which attracts monocytes to cross the
endothelial wall (Moser et al. 1998).

The process of monocytes exiting the bloodstream and entering infected tissues is
known as trans-endothelial migration (TEM). Chemokines and histamine are re-
leased by leukocytes at the site of infection (Roth et al. 1995), triggering nearby
endothelial cells to produce selectins and present them on their surfaces, allowing
passing leukocytes to roll along their surface (Auffray et al. 2007). This adhesion is
then increased by the binding of intercellular adhesion molecules (ICAMs) on the
endothelium to integrins on the monocyte’s membrane such as the op,:3, integrin
(also known as LFA-1), on:B2 integrin (also known as Mac-1), and o5:3; integrin
(also known as VLA-4) — these bind ICAMs and fibronectin (Issekutz et al. 1999;
Gerhardt et al. 2015).

After stopping its movement, the monocyte can squeeze through the gap between
endothelial cells. Once through the endothelial wall, the monocyte releases ma-
trix metalloproteinase enzymes (MMPs), which break through the tough extracel-
lular matrix protein, allowing it entry into the sub-endothelial tissue (Brundula
et al. 2002). Inside the affected tissue monocytes follow a concentration gradient
of chemokines like chemokine C-C motif ligand (CCL)-2 using their chemokine C-C
motif receptor (CCR)-2 until they reach the site of infection (Geissmann et al. 2003).

1.2.2 Monocyte classification

Monocytes were originally referred to in tandem with their macrophage descendents
as mononuclear phagocytes (Furth et al. 1968). Though initially believed to be
a uniform population, a difference within monocyte subsets was first recognized in
unique propensities for enzymatic degradation (Akiyama et al. 1983). One monocyte
subset (those described first) had the peroxidase enzyme in large amounts in their
cytoplasmic vesicles, but the cells of the subset discovered later contained the enzyme
in very low amounts. This difference led to the labels of "regular' monocytes and
'intermediate" monocytes — the transitionary naming convention growing from the
idea that these cells which produced only small amounts of peroxidase were in the
process of becoming mature "regular’ cells with full phagocytic ability (Akiyama

et al. 1983).

Later, these two subsets were distinguished more formally by their presentation of
the CD14 and CD16 cell surface receptors (Passlick et al. 1989; Ziegler-Heitbrock
2007). These demarcations persisted, but the naming changed, with "regular" be-
ing replaced by "classical" in later research. The generally accepted convention of
separating human monocytes continues to use the CD14 and CD16 markers, but
has evolved to include three primary subsets: CD14+tT CD16™ "classical', CD141+
CD16" "intermediate" and CD14" CD16%" "non-classical' (with the + denoting
an expression level of ~10-fold above control and ++ denoting ~100-fold above
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the isotype control) (Ziegler-Heitbrock et al. 2010). This classification system also
takes into account the presence of the CCR2 cell-surface marker — a chemokine C-C
motif receptor (CCR) involved in attracting monocytes to sites of infection, and
CX3CRI1, a chemokine C-XXX-C motif receptor which controls resident monocyte
levels (Geissmann et al. 2003).

1.3 Macrophages

Macrophages are large leukocytes found in various tissues in the body and in sites of
infection where they engulf harmful pathogens. Some of these professional phago-
cytes are present in the embryo and then in healthy tissues, but more can be pro-
duced through the differentiation of monocytes in times of infection. The inves-
tigation of macrophages and of phagocytosis by Metchnikoff in the 19th century
was the starting point for modern immunology (Tauber 2003; Gordon 2016). These
phagocytic cells are found in almost all adult tissues (as tissue-specific resident
macrophages) and originate from haematopoietic stem cells (HSCs) and their pro-
genitors in the bone marrow. Macrophage levels in the body can be maintained
through the differentiation of monocytes (Geissmann et al. 2010; Fogg et al. 2006;
van Furth et al. 1972), and from generation in the tissues themselves (Hashimoto
et al. 2013; Yona et al. 2013). They are present in vertebrate embryos from a short
time after conception (Bertrand et al. 2005).

1.3.1 Macrophage behaviour

Macrophages are a diverse group of immune cells involved in innate and acquired
immunity, inflammation, and phagocytosis (Taylor et al. 2005; Ovchinnikov 2008).
Macrophages are involved in various biological processes in the body and are active
in all stages of life — starting in development, where they are involved in clearing of
apoptotic cells during tissue remodelling (Hopkinson-Woolley et al. 1994). In adults
of other species that can regenerate limbs, macrophages also drive the regeneration
process (Godwin et al. 2013). Beyond maintenance of homeostasis, macrophages
are critical to wound healing where they perform their regular phagocytic functions
(chiefly destroying pathogens by phagocytosis) and attract other immune cells to
sites of damage and infection through the release of growth factors and cytokines
(Barrientos et al. 2008). In the next stages of wound healing, macrophages then
encourage blood vessel construction (angiogenesis) (Greenhalgh 1998).

As professional phagocytes, macrophages are critical at sites of tissue damage and
infection where they remove dead cells and cellular debris, and eventually present
antigens to T-cells. The beginning of their defensive abilities in sites of infection is
their recognition of the signature of pathogens (via their generic PAMPs) by PRRs
on their surfaces (Akira et al. 2006). This molecular recognition initiates phagocyto-
sis, the macrophage engulfing the pathogen recognized by its cell surface receptors.
Once in the cytoplasm, the engulfed pathogen is held in a phagosome — the vesicle
with membrane-bound proteins which eventually attract it to a lysosome vesicle
(Desjardins 1995) containing catabolic enzymes to degrade the pathogen within.
After the enzymatic destruction of the pathogen is completed, the exogenous anti-
gen presentation pathway is activated, which extracts peptides from the degraded
pathogen to present as antigens to the immune system (Kinchen et al. 2008).
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Phagocytosis completed, the macrophage combines antigenic peptide fragments from
the degraded pathogen with its MHC class IT molecules and presents them on its sur-
face, ready to alert passing helper T cells to the presence of the pathogen (Braciale
et al. 1987). Should this recognition happen, the helper T cell will initiate the acti-
vation of the adaptive immune system and its antibody production (Guermonprez
et al. 2002).

Prior to the full activation of the adaptive immune response, macrophages will induce
the next wave of the innate immune response by signalling to other leukocytes and
endothelial cells that there has been an infection (Roth et al. 1995). The macrophage
releases cytokine and chemokine molecules to signal this intrusion, particularly TNF-
o (Beutler 1999). This release of signalling molecules, when combined with the
release of histamine by mast cells, induces inflammation in the area. These signalling
molecules also initiate the leukocyte trans-endothelial migration process, attracting
monocytes to the afflicted location. The monocytes which enter the tissue will later
differentiate into macrophages themselves, and some will differentiate into dendritic
cells also, thereby replenishing the supply of leukocytes which die in the area.

Macrophages can play host to intracellular parasitic bacteria (Armstrong et al.
1971), and the immune system has developed a strategy to destroy these para-
sites known as macrophage activation. When T helper cells recognize the parasites’
presented antigenic peptides in complex with MHC molecules on the macrophage’s
surfaces, they activate the macrophage to attack the parasites (Bekker et al. 2001).
This activation takes place using membrane proteins and various secreted cytokines
like interferon gamma (IFN-v) (Janeway et al. 2001). A diagram summarizing the
main routes to macrophage activation is presented below (Figure 3).

1.3.2 Macrophage classification

As a cell type, macrophages are identified in vitro by their expression of cell surface
markers (Khazen et al. 2005), chiefly CD14, CD68, and EMR1, with the latter being
the most specific (Martinez-Pomares et al. 1996; Taylor et al. 2005). Within this
set, macrophages are further classified into two groups based on their propensity to
repair or destroy objects they encounter and by their secreted products (Mantovani
et al. 2002), with M1 macrophages generally producing reactive oxygen species and
nitrous oxide to destroy pathogens and induce inflammation (Gordon et al. 2005),
and M2 macrophages calming the immune response and stimulating tissue repair
(Mills 2012).

M1 macrophages are classified by their production of various interleukin cytokines
(Gordon et al. 2005), particularly IL-12 (which induces the development of Tyl
helper T cells — Hsieh et al. (1993)) and their marked absence of secretion of 1L-10
(which downregulates inflammation — O’Garra et al. (2007)). These inflammatory
macrophages are activated by IFN-y (Adams 1989) and LPS in bacterial cell walls
(Guha et al. 2001).

Alternatively activated (M2) macrophages are characterized in vitro by their IL-
12'o% [1-23'" [L-10"&" TGF-B"e" phenotype, and generally have high levels of scav-
enger, mannose, and galactose-type receptors (Martinez et al. 2008). These M2
macrophages are further subdivided into several subsets based on their activation
stimulus. M2a macrophages are characterized by their expression of the interleukin
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Figure 3: Diagram showing an overview of macrophage activation. This representation of
macrophages as microbicidal, wound-healing, and anti-inflammatory stems from
earlier delineations of monocytes into similar categories. A: Classically activated
(M1) macrophages are activated by IFN-y released by T helper 1 cells, and
natural killer cells, or by TNF released by antigen presenting cells (APC). B,C:
Alternatively activated (M2) macrophages are activated by IL-4 from T helper
2 cells and granulocytes, or by IL-10 from regulatory T-cells. Image adapted
from Mosser et al. (2008). IFN-y, interferon gamma. TNF, tumour necrosis
factor. IL, interleukin. TLR, toll-like receptor. APC, antigen-presenting cell.
Ty, T helper.

receptors 11-4 and IL-13 (Gordon 2003; Mantovani et al. 2004). They are activated
through the alternative pathway by cytokines produced by T helper 2 cells (Gordon
et al. 2010) — a subset of the helper T cell population involved in B cell regulation
and adaptive immune response mediation (Paul et al. 2010). M2b macrophages are
characterized by their expression of CCL1, and are activated by TLR agonists and
decoy IL-1 receptor (Mosser et al. 2008). M2c¢ macrophages are characterized by
their expression of IL-10 and TGF-B (Rdszer 2015), and are also activated by IL-10
(Ambarus et al. 2012). M2c cells also express the MerTK protein (Gautier et al.
2012), which is involved in the phagocytosis of apoptotic cells (Zizzo et al. 2012),
uniquely distinguishing these cells from those in the other subsets.
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1.4 Cellular differentiation

Differentiation is the process of cells replicating along a trajectory from multi-
potency to specialization. In the case of myeloid cells, for example, differentia-
tion is the process of pluripotent myeloid progenitors like haematopoietic stem cells
(HSCs, primitive precursor cells that can give rise to the entire lineage of blood
cells, both myeloid and lymphoid — Lee et al. (2020)) replicating and giving rise to
common myeloid progenitors, which then eventually divide to produce monocytes
and dendritic cells (Geissmann et al. 2010). An overview of the whole process of
haematopoiesis in humans is presented below (Figure 4).

In classifying the products of differentiation, cells have traditionally been placed into
groups of cell type and cell state (Trapnell 2015). Cell types were historically delin-
eated according to functional similarity: cells which performed the same functions
were classified within groups (Bernstein 2021). Within the group boundary demar-
cated by functional similarity, however, there is often further variation — in cases
where this is encountered within cells of the same type, and especially when changes
are observable over time, cell state is used to distinguish between the subsets.

The cell type must be encoded in the cells” genomic arrangement (both spatial and
chemical), its transcriptomic profile, its metabolic state, its progress through the
cell cycle, and in the arrangement of its organelles and cytoplasmic components
(Trapnell 2015). Taken as a whole, this set of temporal information represents
everything about the cell which is not encoded by its genome alone, and thus this
information must be the source of its unique behaviour among the other cells in
the body, and its distinction from them. With increasing technical sensitivity we
can categorize cells into types and also into states — higher resolution snapshots
of cellular behaviour at a more granular level than cell type (for example, the cell
type of T lymphocyte can now be further subdivided into the cell states of naive or
activated). With modern techniques (particularly single-cell sequencing technologies
which can track cellular behaviours on the individual scale — Stuart et al. (2019)) cell
types must be described as the combination configurations of the cell’s machinery
at many different levels.

A powerful method of investigating cellular dynamics exists in the technology of
RNA sequencing (RNA-seq). This method of studying the gene expression profiles
of cells has unlocked an understanding of differentiation at a level between that of
the genome and the proteome. In all indirect RNA-seq experiments (the vast ma-
jority of them, and the method used in all the experiments discussed in this work),
the following steps are performed: reverse transcription of RNA into cDNA, PCR
amplification of the cDNA products, and sequencing of the PCR products (Weber
2015). With the sequences in hand, researchers must align the short reads to the
transcriptome (or genome, in some cases) in order to identify the biological origin of
each fragment of RNA. In this analysis, RNA-seq and its related technologies pro-
vide the perfect toolset for investigating the monocyte-to-macrophage differentiation
process.
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Figure 4: Diagram showing an overview of human haematopoiesis. Note the pluripotent
haematopoietic stem cell (HSC) at the top of the hierarchy which gives rise
to the granulocyte-macrophage progenitor and eventually the monocyte and
monocyte-derived-macrophage. Image taken from Janeway’s immunobiology 8th
edition (Murphy, K et al. 2012).

1.5 The monocyte-to-macrophage transition

The monocyte-to-macrophage transition is often studied in vivo in the context of
wounds, in which circulating monocytes exit vasculature, accumulating around the
wound site before differentiating (Crane et al. 2014). The transition from mono-
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cyte to macrophage involves some universal morphological changes (macrophages
increasing in size, acquiring more granules in the cytoplasm, and producing more
lysosomes), and some changes that are unique to the tissue environment in which
the transition occurs (Douglas et al. 2010). In some experiments, the phenotype
of the macrophage created by the transition seems to depend on the properties of
the monocyte from which it descends (Brancato et al. 2011). This suggests that the
monocyte-to-macrophage transition produces macrophages that retain some proper-
ties of their parent monocytes, and which show traits associated with both classical
and alternative macrophage activation (Daley et al. 2010).

In vivo, the monocyte-to-macrophage transition is driven by the secretion of various
regulatory molecules. Among this group of chemicals are granulocyte-macrophage
colony-stimulating factor (GM-CSF'), which induces proliferation and development
of blood monocytes as well as boosting the monocyte-to-macrophage transition
(Burgess et al. 1980). Specifically, GM-CSF has been shown to regulate genes con-
trolling the cell cycle (Martinez et al. 2006). GM-CSF also acts on various other
leukocytes and can induce their proliferation and antigen presentation activity. (Fis-
cher et al. 1988) A related factor, CSF-1, also induces proliferation and development
of blood monocytes and is involved in their differentiation into macrophages (Bonifer
et al. 2008).

The classical and intermediate monocytes (the two subsets with CCR2M8" expres-
sion, both deemed pro-inflammatory) are both believed to differentiate into M1 (pro-
inflammatory) macrophages, while non-classical and anti-inflammatory CCR2'°"
monocytes are believed to differentiate into anti-inflammatory M2 macrophages
(Auffray et al. 2007).

Existing studies of the gene expression profiles of monocytes transitioning into the
macrophage state have shown that these cells change their metabolic activity quite
profoundly while undergoing the transition. Regulation of various metabolic path-
ways in general and lipid metabolism in particular have been noted during the
transition, especially through the up-regulation of cyclooxygenases (which can vary
based on eventual macrophage polarization) (Martinez et al. 2006). Prior work has
pointed to epigenetic control as the major regulator of the aforementioned changes
in gene expression. Specifically, DNA methylation changes at transcription factor
binding sites have been implicated in controlling the gene regulation involved in the
transition (Dekkers et al. 2019). The breadth of the epigenetic control involved is
interesting, with one study finding ~8000 regions under active epigenetic regulation
during the macrophage transition and subsequent training — these regions covering
~12% of known human transcription factors (Saeed et al. 2014). Studies in mice
suggest that distinct populations of macrophages can arise in response to particular
injury (Rizzo et al. 2020). This propensity, combined with the presence of various
tissue-specific macrophage populations, suggests that macrophage differentiation is
dependent on factors unique to the tissue micro-environment in which the stimulated
monocytes are found at the time of induction.

1.6 Cell lines

In this work, three cell lines widely used as model systems for studying the process
of monocyte-to-macrophage differentiation were studied (Chanput et al. 2014). The
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HLG60 cell line was first cultured in 1979 of cells isolated from a 36-year-old female
person with acute promyelocytic leukaemia. Subsequent evaluation concluded that
HL-60 cells are from a case of acute myeloid leukaemia (AML) FAB-M2 (also re-
ferred to as AML with maturation). The U937 cell line was first cultured in 1976
of cells isolated from a histiocytic lymphoma (cancerous tissue macrophage or den-
drite) of a 37-year-old male person, and show promonocytic morphology (Sundstrém
et al. 1976). The THP-1 cell line was first cultured in 1980 of cells isolated from
peripheral blood of a 1-year-old male person with AML, and show largely promono-
cytic morphology (Tsuchiya et al. 1980). Due to their ease of use, long-running
popularity, and broad differentiation potential, these cell lines are used routinely in
basic immunological research (Chanput et al. 2014).

These cell lines are known to be able to differentiate into various leukocytic states:
HL60 cells can differentiate into granulocytes, monocytes, macrophages, or eosinophils
with different stimuli (Gallagher et al. 1979). The U937 cells are of tissue origin
and show mature promonocytic morphology (Sundstrém et al. 1976), and they can
differentiate into a monocytic and then monocyte-derived-macrophage state when
exposed to TPA — 12-O-Tetradecanoylphorbol-13-acetate (Koeffler 1983), or into a
less differentiated macrophage phenotype upon exposure to 1,25-dihydroxyvitamin
D3 (VD3) (Schwende et al. 1996). Cells of the THP-1 cell line also show promono-
cytic morphology, but were cultured from the blood and thus start at a less mature
stage of development (Tsuchiya et al. 1980).

HLG60 cells were initially cultured in order to investigate the cancer from which they
came (Gallagher et al. 1979). These cells resemble myeloblasts and promyelocytes,
and secrete growth factor for continuous proliferation (Brennan et al. 1981). The
cells have some Fec-y receptors (which are up-regulated after exposure to phorbol
12-myristate 13-acetate [PMA]) (Guyre et al. 1983) and some complement protein
3 subunit b (C3b) receptors (Chiao et al. 1982). The cells contain myeloperoxidase
and specific esterase but no alkaline phosphatase, unlike in vivo promyelocytes (Yam
et al. 1971). HL60 cells produce low amounts of reactive oxygen species (ROS) like
H505 and Oy when undifferentiated, but when exposed to PMA they produce it in
abundance (Gately et al. 1983).

U937 cells were also extracted to investigate the cancer with which they were as-
sociated, though unlike the HL6G0 cells these were harvested from the pleural fluid
of a patient with histiocytic lymphoma (Sundstrém et al. 1976). The enzymatic
profile of the cells in their undifferentiated state suggests a promonocytic lineage
(Yam et al. 1971). These cells are able to differentiate into macrophage-like cells
(which is measured by their expression of the CD14 marker) through stimulation
with PMA (Garcia et al. 1999) or vitamin D3 (VD3) (Liu et al. 2005). As in HL60
cells, these cells increase their esterase production when exposed to PMA (Nilsson
et al. 1981). Along with the esterase production, U937 cells release lysozyme into
their culture media (Ralph et al. 1976), a sign of their phagocytic trajectory. When
induced with vitamin D3, the cells express TNF-o (Prehn et al. 1992) and TLR4
(Yang et al. 2001).

THP-1 cells were cultured from the blood of a boy with acute monocytic leukaemia
and are less mature than those of the other two lines investigated here (Tsuchiya
et al. 1980). These cells can also be induced to differentiate into macrophage-like
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cells using PMA (Daigneault et al. 2010) or VD3 (Auwerx 1991). When induced
with VD3, they express TLR4 and TLR2 in high amounts (Yang et al. 2001). The
induction of differentiation using VD3 produces macrophage-like cells that show less
phagocytic activity than their peripheral blood mononuclear cell (PBMC)-derived
biological analogues (Auwerx 1991). THP-1 cells differentiated in this way also
produce much lower levels of IL-13 than primary monocytes, although induction
using PMA rather than VD3 improves the output slightly (Daigneault et al. 2010).
When stimulated with LPS, THP-1 monocytes produce less TNF-a, IL-6, IL-8 and
IL-10 (all inflammation-related cytokines) than PBMC monocytes (Schildberger et
al. 2013). THP-1 monocytes’ expression of TNF-o, IL-1(3, IL-6, CD14 and CD68
when exposed to oxidized LDL (low-density lipoprotein, a proinflammatory protein
in the blood — Poznyak et al. (2021)) is much weaker than in PBMC monocytes
(Bruckmeier et al. 2012).

1.7 Aims and objectives

In this work, the differentiation from monocytes (partially differentiated but still
specialized and functional cells) into macrophages (terminally differentiated, spe-
cialized, and functional cells) was investigated.

The main aim of this work was to identify the genes and gene regulation pathways
involved in the monocyte-to-macrophage transition in three different commonly used
myeloid cell lines, and to investigate any differences in the regulation of these path-
ways between the cell lines.

Using an RNA sequencing based approach to probe the monocyte-to-macrophage
transition in detail, this project had three main objectives:

1. To develop a pipeline for reliably processing gene expression data

2. To use this pipeline to identify key pathways in the monocyte-to-macrophage
differentiation process

3. To compare these pathways between cells from commonly used myeloid cell
lines

2 Methodology

2.1 Development of an RN A-seq analysis pipeline

In this work, being able to reliably analyse RNA-seq data across different cell lines
was of paramount importance. An RNA analysis pipeline was designed to process
bulk RNA-Seq data reproducibly across different experiments. A software analysis
pipeline was thus chosen over a set of scripts in order to formalize the process of
analysis across different experiments. The main considerations in the design of the
software analysis pipeline included:

e Modularity. The pipeline should be usable as a whole or in parts, with no
penalties for either approach (e.g., running sequence quality control should be
as easy as running the whole analysis pipeline).
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Trackable configuration. Running the pipeline should be a deterministic pro-
cess that uses configuration that can be saved, backed up, and referred to later
for re-use (thus prioritizing reproducibility).

o Configuration templating. If the majority of an analysis experiment is standard
and only some sections change (e.g., when one has multiple datasets running
DESeq2 and wants to experiment with different p-value thresholds for differ-
entially expressed gene [DEG] significance), the configuration for those sections
only should be changeable without having to modify the entire configuration
for the rest of the analysis.

e Logging. All commands, software versions, and parameters should be logged
clearly, and the configuration of an experiment should be interpretable and
reproducible from the logs alone.

o Versioning. All individual components of the pipeline should be individually
versioned and tracked in a source control system, so that changes in function
can be traced back to specific versions of the components. This should include
the versions of the third party analysis modules such as FastQC and Salmon.

o Clarity and verbosity. Running an experiment through the pipeline should be
interactive and easy to read. The pipeline should be expansive in its explana-
tions of what it is doing.

Though many languages could have been used to produce the pipeline, Bash shell
script and R were chosen for their familiarity, popularity, and interoperabil-
ity. Shell script runs well on unix-like systems that have Bash or zsh (like
Ubuntu, MacOS, and Windows with WSL), and R is fully cross-compatible with all
major operating systems. Being popular languages (both Bash and R are highly
ranked in a large developer survey by Stack Overflow (2021)) support and docu-
mentation are readily accessible. The easy availability of these languages make the
pipeline readily accessible to wet-lab experimental scientists undertaking computa-
tional analysis of their results, as well as to more experienced bioinformaticians.

2.1.1 Modules

Analyses in this pipeline were carried out by several distinct programs, each con-
trolled by a module — a script in charge of communicating with the analysis pro-
gram and relaying its results to the main pipeline. The modules available in the
pipeline were chosen according to their practicality: these analysis modules are well-
supported, and form part of standard RNA-seq analysis pipelines. They include
sequencing read quality control with FastQC (Andrews 2010), transcript quantifi-
cation with Salmon (Patro et al. 2017), transcript annotation and summarization
with tximeta (Love et al. 2019), differential gene expression analysis with DESeg?2
(Love et al. 2014), functional enrichment analysis with clusterProfiler (Yu et
al. 2012), and pathway over-representation analysis with pathView (Luo et al.
2017). The modular design of the pipeline allows for the future addition of new
analysis packages without changing the performance of the whole system.
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2.1.2 Logic flow

The pipeline is run from a single entry-point, a script called rna-pipe.sh (Fig-
ure 5). This is a script that parses the configuration files supplied to determine
which analysis modules should be run. The main rna-pipe script initiates log-
ging, configures the input and output directories (which are set in the configuration
file), checks for the presence of the programs upon which it depends (like R or
Salmon), and then activates the required modules one at a time (usually starting
with fastgc—pipe for sequence quality control).

Once activated, each module starts logging, creates its own output subdirectory,
and then converts its configuration into a set of arguments to supply to its analysis
package (e.g., the locations of the sequence files for Salmon’s quantification). The
module then calls its analysis package with all the requisite arguments and logs its
output, before finally handing back control to the main script. Once the main script
is back in control, it continues processing all the required modules until they have
completed their individual analyses, at which point it finishes writing its logs and
quits. This triggers a final message to be displayed, indicating that the analysis is
complete, and that the results are ready for inspection.
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Figure 5: Diagram showing the layout of the rna—-pipe analysis pipeline orchestrated by
rna-pipe.sh. In the Quality Control section, FastQC takes the raw se-
quencing reads and produces sequencing quality reports. In the Quantification
section, Salmon takes the raw sequencing reads and the reference transcrip-
tome index and produces quantification files of transcript abundance. In the
Transcript aggregation and annotation section, tximeta takes the raw
quantification files and produces summarized, annotated quantification files. In
the Differential expression analysis section, DESeg2 takes the annotated
quantification files and the experimental sample information and produces a
list of differentially expressed genes. Red represents input data, orange repre-
sents pipeline modules, blue represents analysis software programs, and green
represents output data.
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2.2 Study design

As this work aimed to investigate gene expression in model myeloid cell lines during
macrophage differentiation, suitable datasets containing the necessary expression
data needed to be sourced from existing experiments in order to perform the req-
uisite analyses. When identifying appropriate datasets, we considered the following
inclusion criteria: the experiments used model myeloid cell lines with the potential
to differentiate into monocytes, induced their differentiation into monocyte-derived
macrophages, and performed RNA-seq multiple times over the experiment (at least
once at the beginning of the process and once at the end). In addition, we decided
to limit the datasets to those that used the same stimulus for differentiation in-
duction, common examples of which include phorbol 12-myristate 13-acetate (PMA,
also written as 12-O-Tetradecanoylphorbol-13-acetate or TPA — Rovera et al. 1979)
and 1,25-dihydroxyvitamin D3 (vitamin D3 — Murao et al. 1983).

This study combined RNA-Seq data from three separate datasets that included three
myeloid cell lines. The data were sourced from the European Nucleotide Archive
(ENA, at the European Molecular Biology Laboratory’s European Bioinformatics
Institute — EMBL-EBI 2021) as follows:

Table 1: Data sources for the three cell lines analysed.

Cell line Time points Replicates ENA Accession number Reference

HL60 To-Tioen 3 PRJNA314802 (Ramirez et al. 2017)
U937 To - Tigen 3 PRJNA381911 (Rossetti et al. 2017)
THP-1  To-Tiram 3 PRJNA449980 (Liu et al. 2018)

2.2.1 Sample time points

The time points at which measurements were taken differed across the experiments,
with the HL60 dataset including three replicate samples for each timepoint of Oh
(pre-induction), 48h, 96h, and 120h post-induction. The U937 dataset contained
three replicate samples for Oh, 48h, and 96h post-induction. The THP-1 dataset
contained three replicate samples for Oh and 72h post-induction. Although we had
aimed to use data from experiments with identical timing schemes (or at least with
data collected at the same time points), good quality RNA-Seq datasets with per-
fectly matched timing schemes were difficult to find, and these three datasets rep-
resent the most compatible grouping we could compile.

HL60 and U937 datasets contained samples obtained at the same time points (Oh,
48h, and 96h post-induction), and the THP-1 dataset gave a reasonable approxi-
mation of terminal differentiation with its 72h post-induction data. Although the
best approximation of primary cell monocyte-derived-macrophage state is obtained
when myeloid cell lines like these are treated with PMA for three days (72h) and
then left to rest in culture medium for a further five days (Daigneault et al. 2010), a
compromise was reached for this analysis which aimed to make the most reasonable
biological comparison between these cell lines. Of the HL60 and U937 cell lines’ total
available data (daily readings from 0-120h in HL60 and 0-96h in U937), the 96h data
were chosen as the most logical midpoint at which to measure the "differentiation
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induced" state. This 96h timepoint in HL60 and U937 was deemed closer to the
72h dataset from the THP-1 cell line than to that THP-1 experiment’s 192h data
(recorded after the 72h of induction followed by five days’ rest). As such, this 72h
dataset was chosen for THP-1 comparison, leaving the final time points as shown in
Figure 6. In summary, we chose the final timepoint in the dataset for each cell line
as representing the terminal stage of differentiation.

2.3 Sequence quality control using FastQC

Quality control analysis was performed on the raw RNA-seq reads using FastQC
v0.11.9 (Andrews 2010), a popular DNA and RNA sequencing quality control tool
that assesses the quality of sequence data based on various heuristics. The program
produces the following quality control metrics:

o Average read quality on a per-base level (illuminating any read quality degra-
dation over the length of a read or at the very beginning)

« Distribution of average sequence quality throughout the dataset (giving a
global picture of the quality of the reads in aggregate)

o The average base identity at each base location (revealing any unexpected
patterns, such as a repeated motif with certain bases at the same location or
a prevalence of GC bases at the start of the read)

« Distribution of GC content throughout the dataset (giving a global picture of
the mean GC content of the reads in aggregate)

o Global sequence length distribution (for platforms in which reads are of vari-
able length)

 Sequence duplication (giving a visual indication of the proportion of the dataset
which is made up of unique vs duplicated reads)

o Overrepresented sequences (which identifies adapters or other known frag-
ments to be later filtered out of the dataset)

2.4 Transcript quantification with Salmon

Transcript quantification is a prerequisite to downstream analysis, and many tools
exist to perform it (Kiilahoglu et al. 2014; Griffith et al. 2015). In this work, the
aims did not require transcript alignment per se, only the quantified transcript
abundances (as the individual sequencing read locations are not important in dif-
ferential expression analysis, which simply uses the estimated abundances of each
transcript). Traditional alignment-based RNA quantification strategies like those
deployed in Cufflinks (Trapnell et al. 2010) and RSEM (Li et al. 2011) produce a
rich alignment of reads to the reference genome, and use the per-base locations of the
reads to infer transcript abundance (there is an option of incorporating transcrip-
tome data where that is available). This process provides more information than
pseudoalignment with its accurate positioning of reads onto the reference genome,
but that information comes at the cost of taking much longer to perform and re-
quiring much more memory to complete — alignment of a typical human RNA-seq
dataset consisting of 40 million double-stranded reads in STAR, for example, requires
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Figure 6: Diagram showing time points chosen for study design. Blue shaded boxes indi-
cate time points chosen for analysis, while grey shaded boxes show time points
from the original datasets which were ignored. Bold arrows indicate the time
points compared in final differential expression analysis, while dashed arrows
show the chronological progression of the experiment. A: HL60 cell line, B:
U937 cell line, C: THP-1 cell line.

over 26Gb of memory (Dobin et al. 2013). In recent benchmarking studies, Salmon
has been shown to be slightly more accurate and sensitive in quantification than
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kallisto (Sarantopoulou et al. 2021), a similar modern pseudoalignment-based
quantification tool (Bray et al. 2016). Salmon v1.2.1 was thus used for tran-
script abundance estimation due to its rapid output, low memory requirements, and
high accuracy.

The quantification process requires an index file, which is built from the reference
genome and reference transcriptome. The refgenie website provides pre-built
versions of this file and was used to source the index for these experiments to save
the time required to produce the index manually (the process is deterministic and
would produce equivalent results) (Refgenie Server - Hg38 Salmon Indexr 2021).
The refgenie index was built using the hg38 reference genome (Schneider et al.
2016; GRCh38.P13 Genome Assembly - NCBI 2019). The partial selective align-
ment index was used instead of the larger full index due to computational memory
constraints. The use of this partial index only has a minor impact on the accuracy
of the pseudoalignment process. The full index produced using the entire genome
simply provides a more comprehensive set of decoy transcripts to avoid accidental
mapping to unannotated regions (Srivastava et al. 2020).

2.4.1 The Salmon algorithm

Salmon breaks up its computational task of estimating gene abundance in its sam-
ple data by looking at individual fragments in the dataset — short stretches of cDNA
around 35-200 bases long — that have been read directly by the sequencing machine.
The overall aim of Salmon’s analysis is to estimate the nucleotide fraction for each
fragment in the experimental dataset (nucleotide fraction here representing the pro-
portion of all bases in the entire sample that come from a particular fragment —
effectively the fragment abundance percentage). Knowing the nucleotide fraction of
a fragment allows Salmon to estimate the source of the fragment in the transcrip-
tome. The algorithm goes through each fragment in turn and creates an estimation
model for it that incorporates some basic information about it (the transcript se-
quence, length, the number of copies read) and a bias term, which it then modulates
until the likelihood of a particular transcript being the true source of the fragment
is maximized. This process is repeated until the estimation model converges to a
point and the nucleotide fractions for each transcript are deemed to be estimated
accurately. A more detailed outline of the process is explained below:

The program creates a bias model intended to deal with the non-uniformity of
sampling in the sequencing experiment. The model includes terms for fragment
length, fragment starting position, fragment orientation, and fragment alignment
(accounting for indels and matches). This model thus represents all the features
that do not depend on the nucleotide fraction, thus encoding sample-specific biases.
The next step in the process is to run an inference procedure that fine-tunes the
above parameters to maximize the likelihood of the model. The inference procedure
is done in three parts:

1. The algorithm reads through the fragments in batches and estimates the nu-
cleotide fraction for each one, using the bias model and the global nucleotide
fraction parameters. The program then updates the global bias model after
each batch is complete by adding a weighted version of this local bias model
to the global one, thus improving the accuracy of the bias model with every
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batch processed. Batches are run in parallel, exploiting multiple processing
cores on modern machines.

2. Next, the program generates equivalence classes: groups of similar fragments
that could conceivably have come from the same transcript. These equivalence
classes encode a much reduced representation of the experimental data that
preserves all the necessary features for investigation but hugely decreases the
computational power required for further analysis (the number of equivalence
classes are often two orders of magnitude smaller than the number of tran-
scripts; Kingsford 2016). In addition, the number of classes only grows with
transcriptome complexity, not with transcriptome size (i.e. more fragments do
not necessarily mean more equivalence classes — bounding the computational
power required for analysis). The equivalence classes are then assigned affini-
ties — probabilities that the members of the class did indeed originate from
the transcript in question — made by aggregating the bias terms across all the
reads in the class.

3. The final part of the inference procedure is offline (done in a separate pass to
the initial data streaming) and involves updating the number of reads assigned
to each transcript by multiplying their abundance in the equivalence class
with the affinity value. This is repeated until the maximum likelihood model
converges.

Finally, an alignment is performed to find the putative transcript locations for all
equivalence classes. Central to the speed of these pseudoalignment methods is the
lack of any actual base-wise alignment information. The pseudoalignment process
only produces links between equivalence classes and transcripts from which they
could have been generated (so-called compatible transcripts). In the newer versions
of Salmon, a selective alignment method is used. This technique uses an alignment
scoring system to avoid this decoy problem and other errors to which lightweight
alignment was susceptible, and improves mapping sensitivity and specificity (Srivas-
tava et al. 2020).

The quantification process requires an index file, which is built from the reference
genome and reference transcriptome. The index generation process involves the
identification and extraction of decoy regions from the genome using MashMap (Jain
et al. 2018). These decoy regions are unannotated genomic loci that have some
sequence similarity to valid transcripts in the transcriptome — enough similarity that
fragments arising from these regions could partially match with valid transcripts in
the transcriptome, producing spurious mappings (Srivastava et al. 2020).

Salmon also provides an extrinsic quality control heuristic in its mapping rates.
This measure, produced for each sample, reveals what percentage of the input frag-
ments could be confidently mapped to the transcriptome — with low mapping rates
implying that only a small fraction of the reads could be mapped. Low mapping
rates suggest either low quality data, contamination with many RNA fragments
from rRNA or tRNA (the loci of which would not appear in the transcriptome file
and thus would not be mapped or counted), or contamination with genetic material
from bacteria and other non-target organisms. Though samples with low mapping
rates were not removed outright at this step, they were eventually discarded as they
proved to be outliers in downstream PCA analysis.
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Raw sequence reads were imported into Salmon as fastq files, for all the time
points, across all the cell lines, along with the index file described above. The
commands performed by the pipeline module for Salmon were as follows (actual
file names omitted for brevity):

salmon quant
—-i salmon_partial_sa_index
——1ibType A
——threads 4
—-—validateMappings
—-r sequence_reads.fastg.gz
-0 sequence_dguants

The analysis module was then given instructions to use as many available CPU
threads as possible, and employ the automatic library type argument (in which
Salmon detects the strandedness and arrangement of the input data without re-
quiring further user input). Salmon then performed the analysis as outlined above,
with the selective alignment algorithm for its read mapping. Once pseudoalignment
was completed, Salmon produced quantification files for each sequencing read in
its native .sf format. The resulting quant.sf files contained a list of all known
transcripts (with Ensembl format transcript identifiers like ENST00000631435.1),
their lengths and effective lengths (as fragment length normalization is estimated in
the model above), and the abundance in each sample (both as the raw number of
reads and the calculated transcripts per million or TPM).

2.5 Transcript annotation and summarization to gene level
with tximeta

With the RNA abundances calculated, the next processing step involved summa-
rization of the transcripts to the gene level and annotation of the transcripts with
biological metadata. Given that it is possible for multiple transcripts to originate
from one gene, a decision was needed at this point on how to process the sequence
reads further: they could be left as raw transcripts, or condensed to their source
genes. We decided to summarize the expression data to the gene level.

tximeta v1.8.3 (Love et al. 2019) automatically obtained transcript metadata
for each transcript in a quantification file using a connection to the online Ensembl
database (Homo sapiens transcriptome release 97 — Schneider et al. 2016). This step
produced a file containing useful annotations for the transcript (including accession
numbers, chromosomal locations, and associated gene identifiers). Next, tximeta
obtained a mapping table from Ensembl which it used to summarize all the tran-
scripts to their source genes — combining the abundances of multiple transcripts into
one count at the gene level. This transcript-to-gene mapping process produced a
list of all the genes detected in each sequencing run, along with their corresponding
abundances, ready for differential expression analysis.
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2.6 Differential gene expression analysis with DESeqg2
2.6.1 Library normalization

The first step in DESeqg2’s differential expression analysis is library normalization.
Here, a library refers to the set of all genes found to be expressed in a sample. The
normalization process involves two main steps: sequence depth normalization and
library composition normalization.

As library sizes are not the same, samples containing a higher number of sequencing
reads need to be adjusted so that their counts are comparable with those from
other libraries that have been sequenced at a lower depth. If, for example, one was
comparing data from a modern sequencing platform with excellent read depth to
older data with shallower read depth, all the genes could appear as differentially
expressed simply due to the different sequencing depths in the experiment.

Table 2: Comparison of the sequencing platforms used to generate the experimental

datasets
Cell line Sequencing platform Read length (base pairs) Reads generated (million)
HL60 Mlumina NextSeq 500 single-end 86 14-20 (average 17.5)
U937 Mumina NextSeq 500 paired-end 101 40-54 (average 48.2)
THP-1  Tllumina HiSeq 2500 paired-end 101 39-68 (average 51.9)

2.6.2 DESeq2’s approach to differential expression analysis

The DESeqg2 algorithm begins with the generation of scaling factors for each gene,
and proceeds as follows (Love et al. 2014):

1. Gene counts are natural log transformed — their logs are taken with base e
to minimize the effect of outliers when comparing between samples, as log
encoding shrinks large differences between data points.

2. The transformed count values are averaged across all samples to get a mean
expression level for the gene across all samples. This is a geometric mean, as
it is taken across log values.

3. The dataset is filtered to remove genes which have no counts in any of the
samples. This step normalizes the libraries under the same conditions from
different replicates. These filtered genes are not removed from the dataset, but
their scaling factors are not calculated (thus in the final normalization step,
samples with zero counts in any gene are not affected).

4. The geometric mean count between samples for each gene is subtracted from
the count for that gene in every sample. Due to these values being log transfor-
mations, this subtraction of one log value from another gives the ratio between
each sample’s expression and the average expression across all samples for that
gene — effectively this particular sample’s gene expression compared to the av-
erage expression level in all the samples.

5. The ratios generated in the last step are then arranged in order and a median is
calculated in each sample, giving an impression of the average gene expression

32



level in the sample. The median is used instead of mean here because the
mean is easily swayed by outlier genes with massive expression.

6. The median ratio is taken as the scaling factor, so each sample has their scaling
factor transformed back into base 10 from base e, giving a normal decimal
number for each sample’s scaling factor.

Once scaling factors have been produced, every gene read count for each sample is
divided by that sample’s scaling factor. This step scales each sample’s read counts
according to the normalization steps applied above, leaving gene counts that are
insensitive to library composition differences.

2.6.3 Variance dependence on the mean: heteroskedasticity

The next step in DESeqg2 analysis is to deal with an intrinsic problem in data
generated from RNA sequencing experiments: heteroskedasticity. DESeq2 uses a
negative binomial distribution to model the distribution of sampled RNA-seq counts
(Robinson et al. 2007), and in this distribution the variance increases as the mean
increases (this property is the opposite of what we find in normally distributed
data which is homoskedastic). In real RNA-seq data, the variance scales more than
linearly with the mean, so that the data is over-dispersed (Love et al. 2014), with
expression values from abundant genes showing much more variance than from genes
expressed at a low level. This relationship between mean count and variance in the
negative binomial distribution is captured by a dispersion parameter that represents
the true inter-replicate variation in expression — rather than the measured variation
that is influenced by the mean only.

This extreme variance requires that counts be adjusted in order to be statistically
trustworthy, and in order to effect this adjustment correctly, DESeqg2 applies a
procedure called "shrinkage" (otherwise known as the variance stabilizing transfor-
mation, or VST). In this process, DESeqg2 tabulates the variance in all genes to get
a global picture of variance throughout the different samples, and then shares this
data between genes to infer what the expected variance for a gene in this sample
should be, given its expression level. By estimating the variance using this data from
all genes, DESeqg?2 can come up with a metric for how dispersed each individual gene
in the sample is, and try to correct for this extra variation. This correction pro-
cess or 'shrinkage" adjusts the counts of each datapoint detected as over-dispersed
towards an amount in line with the calculated mean variance.

DESeqg?2 thus reduces some of the extra variance of over-dispersion and allows gene
counts to be compared more accurately. As the mean-dependent variation increases
with gene count, lowly-expressed genes are not corrected much by this step (which
is why they are often removed by the false discovery rate [FDR] correction process).
Instead, many genes with high counts are corrected towards the mean (either having
their count values increased or decreased, depending on the side of the mean line
they fall).

2.6.4 Independent filtering and shrinkage

To avoid a high FDR with so many samples (FDR referring to the proportion of
false positive results — genes incorrectly identified as differentially expressed when
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they are not), DESeqg2 performs a process called independent filtering. Due to the
systematic uncertainty inherent in any technical experiment, gene expression levels
below a certain threshold cannot be distinguished from experimental noise, and thus
genes with low expression levels only contribute more statistical tests to the analysis
and not much differential expression information, worsening the multiple hypothesis
testing problem. In order to improve statistical power, these low-information genes
need to be discarded.

In some earlier differential expression analysis packages such as edgeR (Robinson
et al. 2010), an explicit numerical threshold such as "at least one count per million
reads (CPM)" was enforced: genes producing fewer reads than this threshold were
removed. Though this filtering was effective in improving statistical power by re-
ducing the FDR, the selection of a cut-off value of "at least one CPM in at least
one sample' is arbitrary. In DESeq2, the cut-off threshold is generated dynamically
from the dataset by estimating the number of genes that would be filtered out at
a range of potential CPM cut-off values. The CPM threshold at which the peak
number of DEGs is retained then becomes the actual CPM cut-off, and is applied
to each gene’s average expression value throughout the samples. This reduces the
number of false positives (the FDR), and increases sensitivity to true DEGs. After
this independent filtering step, DESeqg2 performs regular multiple testing correction
using the Benjamini-Hochberg method (Benjamini et al. 1995).

After independent filtering, the final differential expression testing procedure can
begin. The testing process involves calculating a test statistic for each gene (the
shrunken fold-change is divided by its standard error to produce a z-statistic), which
is then compared against a normal distribution. Each gene’s fold-change is then
marked as differentially expressed or not, and a p-value is generated for the com-
parison, indicating the trustworthiness of the "differentially expressed" designation
for the gene.

The next step in DESeqg2’s analysis is to account for dispersion (variability within
replicates representing the same condition) as discussed above, a process which pro-
duces a plot of dispersion which shows the strength of the shrinkage applied to the
data (Love et al. 2014). After all the normalization has been finished, DESeqg2 per-
forms the actual hypothesis testing on the data (using the Wald test) to determine,
for each gene, whether or not it is significantly differentially expressed between the
two conditions — here between the two time points. The null hypothesis used in each
test (for each gene) is that there is no difference between the expression levels of the
gene across the two conditions — in this analysis, before and after differentiation.
Accepting the alternative hypothesis in this case implies that there is a significant
difference in the expression of this gene between time points.

Given the arrangement of our study datasets, we had a pair of time points for each
analysis — Ty and T, (with n being 72h or 96h, depending on the dataset). For each
analysis, the earlier timepoint in the pair was used as the reference sample, and the
later timepoint as the comparison (for example in the HL60 analysis, Ty was chosen
as the reference and Tgg the comparison). This was chosen so that DEGs with a
positive change in expression were up-regulated, which made basic analysis more
intuitive (as just looking at the data one could see that negative values were down-
regulated). Changes in gene expression are expressed as log (base 2) fold change
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according to standard practice. The base 2 is chosen for comparisons rather than the
raw amount of change to make comparisons numerically simpler: 0 in log notation
means the same expression level (because 2° = 1) and 1 shows twice the expression

(two-fold or 2! = 2 times the expression), while -1 shows half the expression (as

271 =1).

As part of DESeg2’s command arguments, we supply an argument called study
design which controls how DESeqg2 searches for DEGs. The terms in the study
design parameter are just the names of columns in the original sample table dataset
(Supplemental Table S4).

In the analysis pipeline we devised, DESeq2 first performed library normalization
and produced plots showing the raw and normalized counts for each run, along
with a side-by-side plot comparing the transcript counts before and after normal-
ization (this was also useful in identifying low-quality replicates, where replicates
with unexpected counts were easily identified). After performing variance stabiliz-
ing transformation (VST), DESeqg2 then performed principal components analysis
(PCA) on the data and produced plots showing clustering of the different datasets
when separated according to their top two principal components.

DESeqg2 produced a list of differentially expressed genes for each analysis run. This
list, with one row per differentially expressed gene, included the mean expression
level in the baseline condition (the data extracted from the cell line at Ty), the
logs fold change in expression in the test condition (the data from the cell line after
differentiation), and raw and adjusted p-values for the Wald test. An example of
the resulting list is available in Supplemental Table S1.

2.7 Functional enrichment analysis with clusterProfiler

With a list of differentially expressed genes identified, focus can turn towards inves-
tigating biological function. The technique of functional enrichment analysis (FEA)
allows lists of genes to be tagged with information about the functions they’ve
been associated with through experimental evidence. Databases exist to combine
and arrange gene-to-function relationships like these, and are crucial to the FEA
process. The clusterProfiler package (Yu et al. 2012) performs this analysis
against various online biological databases including The Gene Ontology Consor-
tium (GO) (Ashburner et al. 2000) and Kyoto encyclopedia of genes and genomes
(KEGG) (Kanehisa et al. 2000; Kanehisa 2019). The KEGG system contains a
set of 16 databases of biological information, including KEGG Pathway, a curated
list of ~100 pathways representing molecular interactions for known human cellular
processes and systems. The GO system is arranged into different sections (like the
databases in KEGG) including cellular component, biological process, and molec-
ular function. This enormous system has over 7.9 million annotations across the
entire database.

Though the two FEA databases are similar in general application, the KEGG Path-
way and GO systems differ in their main approach. GO aims to be an encyclopedic
resource for thousands of organisms, while KEGG focuses largely on human path-
ways and attends them in more detail. This decision has positive and negative
ramifications: it makes KEGG Pathway the more detailed and specific of the two
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approaches, providing useful, high-quality information on specific pathways, but at
the cost of bias - the manual curation of the pathways is not agnostic to their con-
tents, and KEGG does not have nearly as many individual datapoints as GO, even
just for Homo sapiens.

In this application, KEGG Pathway seemed to provide information that we thought
more relevant to the environments in which these cell lines are used - generally
settings where human health and immunology are studied. The KEGG Pathway
database contains dedicated sections for Human Diseases and Organismal Systems
- groups of multiple pathways which describe processes much more specific to the
questions at hand than the general (but vast) Biological Process section in GO.

The aim of this step in the analysis pipeline was to take the DEGs found in each
dataset and find common DEGs across all cell lines and DEGs unique to each cell
line, and then to see if these DEGs were overrepresented in any well known human
cellular pathways. To that end, the individual lists of DEGs obtained for the different
cell lines were combined in R v4.0.5 using RStudio v1.4.1103 and filtered to
extract only those genes that were common to all datasets (these genes appeared as
differentially expressed in all the three cell lines). After extracting these commonly
differentially expressed genes, we investigated DEGs that were unique to each cell
line (e.g., these genes were commonly expressed in HL60 but not in U937 or THP-1).
Using RStudio all three cell lines’ lists of differentially expressed genes were filtered
to remove genes in common with any others, leaving only those DEGs unique to
each cell line. This analysis step produced four key datasets which were used in
subsequent analysis: genes uniquely differentially expressed in HL60, U937, and
THP-1, and genes differentially expressed in the same way regardless of cell line.

The combined dataset with common DEGs was annotated with entrez format gene
identifiers for input into downstream analysis tools using BioMart v2.46.3 (Dur-
inck et al. 2005; Durinck et al. 2009), as the original gene identifiers from tximeta
were in Ensembl gene format. As the mapping between genes across different
databases can be inexact (some genes appear in multiple copies in one database but
singularly in another), the dataset was deduplicated by removing genes with non-
unique identifiers in their entrez format. The gene identifiers in the dataset were
then sent to clusterProfiler v3.99.2 (Yu et al. 2012) using its enrichKEGG
function to perform functional enrichment analysis on the genes against all known

human pathways in the Kyoto Encyclopedia of Genes and Genomes pathway database
(KEGG Pathway).

For this functional enrichment analysis step, the target organism parameter
supplied to the KEGG database was set to Homo sapiens, restricting the search
to human pathways, and a p-value cut-off of 0.05 was supplied. This module
returned a list of pathways (specifically their KEGG pathway identifiers) in which
the supplied genes were statistically overrepresented compared to chance.

2.8 Pathway over-representation visualization with pathView

At the final step in the analysis pipeline, pathview v1.30.1 (Luo et al. 2017)
was used to annotate KEGG pathway diagrams with the change in gene expression
data obtained by DESeqg2. The pathView module was supplied with KEGG path-
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way identifiers produced in the last step alongside the relative levels of differential
expression for each gene in the pathway (expressed as logy fold change). The module
fetched KEGG pathway diagrams of the overrepresented pathways (Kanehisa et al.
2000; Kanehisa 2019). These diagrams were annotated by pathView to include
the relative up- and down-regulation of each relevant DEG in the sample, visually
indicating the pathway’s regulation in each experiment.
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3 Results

3.1 Pipeline

The pipeline ran successfully with minimal intervention and produced well organized
folders and files for all the expected outputs. As per the aims outlined in the
Methodology section Development of an RNA-seq analysis pipeline, the pipeline is
usable as a whole and in parts — each module produces its own self-contained output
folder, and these output folders are produced in the same way whether the study
uses a single analysis module or all of them at once. This system also arranges the
results into folders to keep them easily accessible. An image of the resulting folder
structure is available in Supplemental Figure S1.

As envisioned in the aims section, log files were produced at every step of the
analysis, and all parameters and software versions were recorded therein for repro-
ducibility. A sample of the log produced by a run of the deseg-pipe module is
available in Supplemental Figure S2.

As is visible in the log file, the pipeline produces an extensive log every time it
is run, with output information on every process being undertaken. Lines 30-32
show the version of the module used in this run, the date and time of the run,
and the latest change string which was written into the module configuration file.
This sample log was produced during a run of the rna-pipe pipeline with only
the deseg-pipe module selected, thus its outputs are only for that module (see
lines 35-39 for note of this). The next section of the log (lines 58-69) output the
parameters chosen for this run (allowing the run to be reproduced exactly when
combined with the version numbers in the previous sections). The remainder of the
log file (lines 71-140) are output from the DESeg2 analysis itself (including some
useful logs of which commands were run and what their outputs were). As seen in
Figure S1 subfigure D, however, the bulk of the output data is written to individual
files for further analysis (the log information is just a reminder for posterity).

3.2 Sequencing quality

The results from the RNA-seq quality control analysis suggested that the data was
of relatively good and consistent quality, with the most relevant metric of actual
sequence quality being acceptable for all reads. As expected with technical exper-
iments, there were some errors in the analysis, and the quality control step illumi-
nated these and motivated us to discard runs where appropriate. The full sequencing
quality explanation is available in Supplemental section Sequencing quality results
from FastQC.

3.3 Transcript abundances

The results from Salmon’s quantification showed the mapping rates to be quite
low in HL60 and U937 samples (an average mapping rate of 43.12% in HL60 and
62.43% in U937), indicating that nearly half of the fragments read by the sequencing
machines could not be mapped to a compatible location on the transcriptome. The
HL60 dataset was sequenced on a machine which produced 86bp fragments, a length
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Table 3: Mapping rates for all samples.

Cell line Sample Mapping rate %
HL60 SRR3214253 32.48
SRR3214255 32.64
SRR3214274 54.32
SRR3214276 54.98
HL60 average 43.60
U937 SRR5429556 56.04
SRR5429557 55.65
SRR5429562 57.84
SRR5429563 59.50
U937 average 57.26
THP-1  SRR6997095 90.88
SRR6997096 90.22
SRR6997118 91.68
SRR6997119 91.91
SRR6997121 93.57
SRR6997123 93.24
THP-1 average 91.92

well within the range known to be usable in differential expression analysis experi-
ments of 50-100+ base pairs (Chhangawala et al. 2015). The U937 did include some
reads with lengths of 35-50bp, below this threshold, however. Though the overall
mapping rates were not high for the HLL60 and U937 datasets, we decided to continue
the analysis while keeping the mapping quality in mind during the interpretation of
the results.

3.4 Differential gene expression analysis

To confirm that the analysis work had been successful so far, we compiled a list
of DEGs common to all cell lines undergoing differentiation to test for functional
enrichment. This list contained 1789 genes which appeared in the list of DEGs
from all of the differential expression analysis experiments. Secondly, a list of DEGs
unique to each individual cell line were extracted in order to examine the differences
in differential expression between the cell lines. The HL60 set contained 2131 DEGs
which were not differentially expressed in any other cell line (referred to hereafter as
uniquely differentially expressed genes), the U937 set contained 1711 uniquely differ-
entially expressed genes, and the THP-1 set contained 2159 uniquely differentially
expressed genes.
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Figure 7: Common and unique differentially expressed genes across all cell lines.
Numbers outside the circles represent the total number of differentially expressed
genes in a cell line. Numbers inside the circles represent the number of genes
uniquely differentially expressed in that cell line only. Numbers between two
circles represent the number of genes commonly differentially expressed in those
two cell lines only. The number in the centre of the graph represents the number
of genes commonly differentially expressed across all cell lines.

Differential expression analysis revealed several thousand genes differentially ex-
pressed in the myeloid cell lines during their differentiation process. Of those DEGs,
1789 were found to be common across all lines — they were detected as differentially
expressed independently in all three datasets. The cell lines also revealed several
thousand DEGs which were not in this common set, and were not common to any
other line — suggesting unique differential expression in only one dataset. Further
analysis of the quality control metrics from differential expression analysis are avail-
able in Supplemental section DESeg2 quality control data.

3.5 Analysing functional enrichment

We first obtained lists of overrepresented KEGG pathways (Kanehisa et al. 2000)
applicable to all common DEGs (Supplemental Figure S8 A), then proceeded to
identify overrepresented pathways from each cell line in turn. The HL60 and THP-1
cell lines revealed several pathways in which the supplied DEGs were statistically
overrepresented compared to chance — Supplemental Figure S8 subfigures B and
C. The U937 dataset, however, did not show any evidence of unique functional

enrichment. The list of pathways functionally enriched in all cell lines is presented
in Table 4.
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Table 4: Functionally enriched pathways common to all cell lines

1D Description Gene Ratio Bg Ratio p-value  p.adjust qvalue Count
hsa03030 DNA replication 27/827 36/8113  4.36E-20 1.39E-17 1.10E-17 27
hsa04142 Lysosome 40/827 132/8113 9.97E-11 1.59E-08 1.26E-08 40
hsa03430 Mismatch repair 13/827 23/8113  5.07E-08 5.41E-06 4.27E-06 13
hsa04380 Osteoclast differentiation 33/827 128/8113 3.30E-07 2.64E-05 2.08E-05 33
hsa05152 Tuberculosis 40/827 180/8113 1.34E-06 8.58E-05 6.77E-05 40
hsa04110  Cell cycle 31/827 126/8113 2.22E-06 1.18E-04 9.35E-05 31
hsa03440 Homologous recombination 15/827 41/8113  5.85E-06 2.68E-04 2.11E-04 15
hsa03420 Nucleotide excision repair 16/827 47/8113  8.44E-06 3.38E-04 2.66E-04 16
hsa03410 Base excision repair 13/827 33/8113  9.60E-06 3.42E-04 2.70E-04 13
hsa05135  Yersinia infection 31/827 137/8113 1.41E-05 4.51E-04 3.56E-04 31
hsa04137 Mitophagy - animal 20/827 72/8113  2.12E-05 6.17E-04 4.87E-04 20
hsa04218 = Cellular senescence 33/827 156/8113 3.30E-05 8.80E-04 6.95E-04 33
hsa05323 Rheumatoid arthritis 23/827 93/8113  4.10E-05 1.01E-03 7.96E-04 23
hsa04145 Phagosome 32/827 152/8113 4.78E-05 1.09E-03 8.62E-04 32
hsa05221 Acute myeloid leukaemia 18/827 67/8113  8.79E-05 1.88E-03 1.48E-03 18
hsa04216  Ferroptosis 13/827 41/8113  1.36E-04 2.72E-03 2.15E-03 13
hsa05120 Epithelial cell sig. H. pylori infection 18/827 70/8113  1.62E-04 3.05E-03 2.41E-03 18
hsa04010 MAPK signalling pathway 50/827 294/8113 1.74E-04 3.10E-03 2.45E-03 50
hsa05140 Leishmaniasis 19/827 77/8113  1.94E-04 3.27E-03 2.58E-03 19
hsa04979  Cholesterol metabolism 14/827 50/8113  3.31E-04 5.29E-03 4.18E-03 14
hsa05134  Legionellosis 15/827 57/8113  4.28E-04 6.53E-03 5.15E-03 15
hsa00240 Pyrimidine metabolism 15/827 58/8113  5.25E-04 7.63E-03 6.02E-03 15
hsa04668 TNF signalling pathway 23/827 112/8113 7.75E-04 1.06E-02 &.35E-03 23
hsa05222 Small cell lung cancer 20/827 02/8113  7.93E-04 1.06E-02 8.35E-03 20
hsa05161 Hepatitis B 30/827 162/8113 8.40E-04 1.08E-02 8.49E-03 30
hsa04657 IL-17 signalling pathway 20/827 94/8113  1.05E-03 1.30E-02 1.02E-02 20
hsa05203  Viral carcinogenesis 35/827 204/8113 1.36E-03 1.57E-02 1.24E-02 35
hsa05212 Pancreatic cancer 17/827 76/8113  1.37E-03 1.57E-02 1.24E-02 17
hsa05418 Fluid shear stress and atherosclerosis 26/827 139/8113 1.57E-03 1.73E-02 1.36E-02 26
hsa04621 NOD-like receptor signalling pathway 32/827 184/8113 1.71E-03 1.82E-02 1.44E-02 32
hsa04613 Neutrophil extracellular trap formation 32/827 190/8113 2.89E-03 2.97E-02 2.34E-02 32
hsa05146 Amoebiasis 20/827 102/8113 2.97E-03 2.97E-02 2.34E-02 20
hsa05417 Lipid and atherosclerosis 35/827 215/8113 3.38E-03 3.22E-02 2.54E-02 35
hsa05202 Transcriptional misregulation in cancer 32/827 192/8113 3.42E-03 3.22E-02 2.54E-02 32
hsa05131  Shigellosis 39/827 247/8113 3.54E-03 3.24E-02 2.56E-02 39
hsa05144 Malaria 12/827 50/8113  3.66E-03 3.25E-02 2.57E-02 12
hsa04130 SNARE interactions in vesicular transport 9/827 33/8113  4.61E-03 3.99E-02 3.15E-02 9

The clusterProfiler program identified 37 functionally enriched pathways which
were differentially expressed in all cell lines undergoing differentiation at a p-value
of 0.05. The Gene Ratio shows how many of the total number of DEGs were repre-
sented in that pathway: in Table 4, of the 1789 common DEGs supplied, only 827
were possible matches to pathways — so each numerator shows how many of those
827 genes mapped to the pathway in question. The Bg Ratio (background ratio)
shows how many genes (including non DEGs) in the sample were represented in the
pathway (of the tens of thousands of genes in the human genome, only 8113 are
annotated in KEGG pathways, thus this number is the denominator).

Using clusterProfiler we identified 17 pathways as functionally enriched in
the set of 2131 genes that were uniquely differentially expressed in HL60 cells. This
list of pathways is presented in Table 5.

We found 13 pathways that were functionally enriched in the set of 2159 genes that
were uniquely differentially expressed in THP-1 cells. This list of pathways uniquely
differentially expressed in THP-1 is presented in Table 6. No pathways were found
to be functionally enriched in the set of 1711 genes that were uniquely differentially
expressed in U937 cells.
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Table 5: Functionally enriched pathways unique to HL60 cells

ID Description Gene Ratio Bg Ratio p-value  p.adjust qvalue Count
hsa03010 Ribosome 79/876 158/8113 1.08E-35 3.51E-33 3.25E-33 79
hsa05171 Coronavirus disease — COVID-19 81/876 232/8113 2.15E-23 3.48E-21 3.22E-21 81
hsa05016 Huntington disease 95/876 306/8113 5.27E-23 5.69E-21 5.27E-21 95
hsa05012 Parkinson disease 85/876 266/8113 1.43E-21 1.16E-19 1.07E-19 85
hsa00190 Oxidative phosphorylation 56/876 134/8113 9.58E-21 6.21E-19 5.75E-19 56
hsa05020 Prion disease 82/876 273/8113 6.01E-19 3.24E-17 3.00E-17 82
hsa04714 Thermogenesis 73/876 232/8113 3.24E-18 1.50E-16 1.39E-16 73
hsa05415 Diabetic cardiomyopathy 67/876 203/8113 5.13E-18 2.08E-16 1.92E-16 67
hsa05014 Amyotrophic lateral sclerosis 96/876 364/8113 1.02E-17 3.66E-16 3.39E-16 96
hsa05022 Pathways of neurodegen. — multiple diseases 111/876 476/8113 4.41E-16 1.43E-14 1.32E-14 111
hsa05010  Alzheimer disease 93/876 384/8113 1.19E-14 3.50E-13 3.24E-13 93
hsa05208 Chemical carcinogenesis — ROS 64/876 223/8113 5.79E-14 1.56E-12 145E-12 64
hsa04932 Non-alcoholic fatty liver disease 46/876 155/8113 6.38E-11 1.59E-09 1.47E-09 46
hsa03040 Spliceosome 35/876 147/8113 4.31E-06 9.96E-05 9.23E-05 35
hsa04723 Retrograde endocannabinoid signalling 35/876 148/8113 5.07E-06 1.09E-04 1.01E-04 35
hsa03060 Protein export 11/876 23/8113  8.68E-06 1.76E-04 1.63E-04 11
hsa05017  Spinocerebellar ataxia 31/876 143/8113 1.03E-04 1.97E-03 1.82E-03 31

Table 6: Functionally enriched pathways unique to THP-1 cells

ID Description Gene Ratio Bg Ratio p-value  p.adjust qvalue Count
hsa04360 Axon guidance 41/841 182/8113 1.05E-06 3.39E-04 3.06E-04 41
hsa05332  Graft-versus-host disease 15/841 42/8113  1.01E-05 1.40E-03 1.26E-03 15
hsa05168 Herpes simplex virus 1 infection 81/841 495/8113 1.48E-05 1.40E-03 1.26E-03 81
hsa04640 Hematopoietic cell lineage 25/841 99/8113  1.74E-05 1.40E-03 1.26E-03 25
hsa04020 Calcium signalling pathway 46/841 240/8113 2.42E-05 1.56E-03 1.41E-03 46
hsa04060 Cytokine-cytokine receptor interaction 52/841 295/8113 7.74E-05 4.15E-03 3.75E-03 52
hsa05323 Rheumatoid arthritis 21/841 03/8113  4.33E-04 1.99E-02 1.80E-02 21
hsa04390 Hippo signalling pathway 30/841 157/8113 6.48E-04 2.61E-02 2.35E-02 30
hsa04310 Wnt signalling pathway 31/841 167/8113 8.81E-04 3.15E-02 2.84E-02 31
hsa04940 Type I diabetes mellitus 12/841 43/8113  1.05E-03 3.37E-02 3.04E-02 12
hsa04514  Cell adhesion molecules 28/841 149/8113 1.26E-03 3.70E-02 3.34E-02 28
hsa05146 Amoebiasis 21/841 102/8113 1.54E-03 3.90E-02 3.52E-02 21
hsa05217 Basal cell carcinoma 15/841 63/8113  1.57E-03 3.90E-02 3.52E-02 15

3.6 Analysing pathway over-representation

In order to better visualize the results from the functional enrichment analysis we
produced diagrams of the pathways in which the data had overrepresented DEGs
and annotated them to show relative level of under- and over-expression.

Though there were many pathways in which the DEGs were overrepresented for each
grouping (common, unique to HL60, unique to THP-1), we selected pathways for
further visualization and analysis based on their relevance to our biological question,
vis-a-vis the key pathways involved in the monocyte-to-macrophage transition. In
addition to these common pathways we searched through the pathways overrepre-
sented in the unique groupings for behaviours likely to distinguish the behaviour of
these cell lines in practice.

3.7 Enriched pathways in commonly differentially expressed
genes

Of the 37 pathways in which the commonly differentially expressed genes were over-
represented (Table 4 in the supplemental materials), the Lysosome and Phagosome
pathways were selected as being of interest to our study because they make up
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one of the defining characteristics of differentiated macrophages. These pathways
are relevant to the monocyte-to-macrophage transition and are discussed further in
subsection 4.1: Core expression signature. These pathways of interest were then in-
vestigated to compare the direction of change of expression for each gene across the
different cell lines. This analysis revealed a few minor discrepancies wherein some
genes which we picked up as significantly differentially expressed in all cell lines were
expressed in different directions (a list of these results is available in Supplemen-
tal subsection 6.5: Commonly differentially expressed genes regulated in different
directions).

After performing over-representation analysis with all common DEGs as a whole,
we split the commonly DEGs into up- and down-regulated groups and performed
functional enrichment analysis in the same way. As a result, we received a list of
pathways included only with genes that were up- or down-regulated over differenti-
ation. Although the results from these tests with only single-direction net changes
in expression are less dependable than those from the experiments including both
up-and down-regulated genes together (as we are artificially splitting our true list
of common DEGs), we found some of the results interesting. Although the major-
ity of the enriched pathways were the same in the combined versus split groups,
some pathways only appeared in the up-regulated group, such as the Leukocyte
transendothelial migration pathway.
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Figure 8: KEGG Lysosome pathway — commonly differentially expressed genes.

All cell lines’ differentially expressed genes in the lysosome pathway and their

average relative levels of up- and down-regulation during differentiation. Ex-
pression levels are written as logs fold change. Note the up-regulation of genes
encoding hydrolase enzymes and lysosomal membrane proteins. Image adapted

from Kanehisa et al. (2000).
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All cell lines differentially expressed several genes in the lysosome pathway — with
all but one of the genes being up-regulated over the course of differentiation. The
lipase enzymes lysosomal acid lipase (LIPA) and lysophospholipase LYPLA3 and
saposin (which all degrade lipids and membrane phospholipids), phosphatases ACP2
and ACP5, sphingomyelinase SMPD1, and ASAH1 cermidase were all up-regulated.
Cathepsin protease was up-regulated, as was the production of LIMP major lysoso-
mal membrane protein and various minor lysosomal membrane proteins which make
up the lysosome membrane.
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and their average relative levels of up- and down-regulation during differentia-
tion. Expression levels are written as logs fold change. Note the up-regulation of

genes encoding integrins, scavenger receptors, and phagolysosome components.

Figure 9: KEGG Phagosome pathway — commonly differentially expressed
Image adapted from Kanehisa et al. (2000).



Production of various genes in the phagosome pathway was up-regulated in all
cell lines. Phagocytosis-promoting receptors Fcy, complement receptor CR3, and
markers of macrophage phenotype CD14 and TLR6 toll-like receptors were all up-
regulated. The production of various integrin genes was increased, including the
on:Pe, aviBs and av:Ps, o1, as:B1 and the $; subunit alone. Various scavenger
receptors were also up-regulated, specifically the Lox1 scavenger receptor and the
class A1l scavenger receptor SRA1.
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Figure 10: KEGG Cell cycle pathway — commonly differentially expressed genes.
All cell lines’ differentially expressed genes in the cell cycle pathway and their
average relative levels of up- and down-regulation during differentiation. Ex-
pression levels are written as logs fold change. Note the down-regulation of
Radb1 paralogs, MCM genes, and c-Myc. Image adapted from Kanehisa et al.
(2000).

Production of the c-Myc gene was down-regulated in all cell lines, along with several
cell division cycle genes (CDC). All members of the minichromosome maintenance
protein complex (MCM) DNA replication control genes were down-regulated. Fi-
nally, all cell lines also showed down-regulation of several Rad51 paralogs — con-
trollers of double-stranded DNA break repair.
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3.8 Enriched pathways in uniquely differentially expressed
genes

After ascertaining that there were several enriched pathways in commonly differen-
tially expressed genes, we searched for the existence of enriched pathways within
the sets of DEGs unique to the HL60, U937, and THP-1 cell lines (as mentioned in
subsection 3.5). The searches revealed 17 enriched pathways in the HL60 DEG set
and 13 enriched pathways in the THP-1 DEG set (Table 5 and Table 6). Interest-
ingly, no KEGG pathways were functionally enriched in the set of U937 DEGs. In
the HL60 set, the Ribosome and Oxidative phosphorylation pathways were selected
as being of interest to our study, and in the THP-1 set we decided to investigate the
Cytokine-cytokine receptor interaction pathway.

After discovering these uniquely regulated pathways we decided to produce visual-
izations of the pathways we found of interest in each cell line (Figure 11, Figure 12,
and Figure 13).
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Figure 11: KEGG Ribosome pathway — differentially expressed genes in HL60O.
HLG60 cells’ differentially expressed genes in the ribosome pathway and their
relative levels of up- and down-regulation during differentiation. Expression
levels are written as logs fold change. Note the resounding down-regulation of
genes encoding ribosomal proteins. Image adapted from Kanehisa et al. (2000).

The HL60 cells differentially expressed several genes in the ribosome KEGG pathway
— almost universally down-regulating them. Over 60 such ribosomal genes showed
diminished gene expression by the end of the experimental procedure, with genes
for both halves of the ribosome (large and small subunit proteins) being affected.

Interestingly, the S9e small subunit protein and the L17e large subunit protein
showed increased expression.

49



OXIDATIVE PHOSFHORYLATION

-3.0 35 10.0

Corplex Complex IT Complex I1T Complex IV Complex V

H+

HADH dehsdrogenase i i g ATP symthase

Inte rembrane rcphilus) ] L (Eschérichia coli)
space e, » / : & -
Innter Forit
mitochondrial
Emw%ﬁbm-. ..... S B LAY,
Ifitoc hondrial
matrx
1B W+ 1O Fuit
Cytochrome ¢ oxidase
! Crytochrome be 1 cormplex (bavine)
(Peripheral arrm Snuccinate (harvine )
FIvM ¥
2741
HADH) i mmw 37434]  PE:
wan+ 1 tu+ '
HADH dehydrogenase
E [ ND! | NDz | ND3 | ND4 | NOd4L | D5 |DHDa| F.typn ATPese (Bacters)
E [Mdufs ] [ Hdufs | Heufed | Meufs7 | Mebufss | Hdufrl [Nufe2 [Hdufe3 [ alphe | beta [ gumma | el [epeilon |
Bfs [ Nund | MuoB | NunC [ NuoD [ NuwE | NuoF | NuoG | NuoH | Nuol | MuoJ | NuoK | NuoL | MuoMl| HuoH | a b c
Bit [ NahC | MdhK [ Ndhl | NdhH [ Ndhé | Ndhl [ MdhG [ NdhE | NahF | MdhD [ MdhB | NahL [ Hdhbd | Mkt | HoxE | HoxF | HoxU |
E [taufa TSR GGESY 1cur. [TERSNGRERY 7 | Houfss [ Neufeo [iaiufetd | NGRRRMIEREan] 1 ors 2 S|
E Melufb3 [ Meuflé | Meduflb? [trctufh 10]Mdufb 1]
Succinate dehydrogenase 7 Furnarate reductase Coytoc hrome ¢ reductass
E [souc [soHD [sCHe [SDHE | A E
Bis [ S0 | saD | sak | @B | s COR1 [ QcR10] Vit -type &TPase (Bacteria, Archaea)
[ Frdt | FrdB | FrdC | FrD | _.w_m_o_ofm_m_oa_
Cytochrome ¢ oxidase
E [coxin] [coxs [CORL | coxs [JeomRal COxX54 [COXSE Goxn [conis|
Bis [ CyoE | CyoD [ CyoC [ CyoB [ Cyoh V-type ATPas (Eukaryotes)
MMMW MMM_M MMM.W MMMW Crytochrome ¢ oxidase , chb3-type Cytochrome bd coraplex Cytochrome ¢ _ L _ B _ M _ D W mm.H _ F _ g _ H _
a C 13
o e o oo B[ 1 [ 0 [ w [ w | &w[CyalCy [ Cyx] [Cewc |

fferentially expressed

idative phosphorylation pathway — di
HL60. HL60 cells’ differentially expressed genes in the oxidative

phosphorylation pathway and their relative levels of up- and down-regulation

during differentiation.

Figure 12: KEGG Ox

genes 1n

Expression levels are written as loge fold change.

Note the profound down-regulation of NADH dehydrogenase components, cy-

(Kanehisa et al.

tochrome ¢ reductase and oxidases, and F-type ATPases.

2000)

50



HLG60 cells also showed decreased expression of many genes involved in oxidative
phosphorylation. Large enzyme complexes such as the NADH-ubiquinone-1 reduc-
tase complex (7.1.1.2 in the diagram), the quinol—cytochrome-c reductase complex
(7.1.1.8 in the diagram), cytochrome-c oxidase (7.1.1.9 in the diagram), and H-
transporting two-sector ATPase (marked 7.1.2.2) were down-regulated significantly.
Many of the components of these complexes, and some stand-alone proteins involved
in the electron transport chain, showed various levels of down-regulation.
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Figure 13: KEGG Cytokine-cytokine receptor interaction pathway — differen-
tially expressed genes in THP-1. THP-1 cells’ differentially expressed
genes in the Cytokine-cytokine receptor interaction pathway and their relative
levels of up- and down-regulation during differentiation. Expression levels are
written as logs fold change. Note up- and down-regulated chemokines (CC and
CXC subfamilies) and various IL-like cytokines. (Kanehisa et al. 2000)
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THP-1 cells showed up- and down-regulation of various genes in the massive Cytokine-
cytokine receptor interaction pathway. Within the CC subfamily of chemokines,

five ligands for the CCR5 receptor (namely CCL3, CCL3L1, CCL4, CCL4L1, and

CCL4L2) were upregulated by several hundred times (though the receptor itself
was not differentially regulated). The expression of the CCR3 receptor was heav-

ily down-regulated, as was one of its ligands: CCL28. Several ligands in the CXC

chemokine subfamily were upregulated: CXCL1, 5, and 6 (all ligands for CXCR1

and CXCR2), as well as CXCL2 and 3, both ligands for CXCR2 only. The expres-

sion of the CXCRS3 receptor was down-regulated strongly, though none of its ligands

were differentially regulated.

In the interleukin 6- and 12-like chemokine family four ligands were upregulated by
several fold (IL6, IL11, IL27, and IL35) — but their receptors were down-regulated by
similar amounts (IL11RA, IL12RB1 and IL12RB2). Of note, both subunits of the
IL12 receptor, IL12RB1 and IL12RB2, were down-regulated. Some other interleukin
receptors were down-regulated more severely, notably IL20RA and IL17RB.

In the TNF family, TNF-a and NGF ligands were upregulated, while ligands
RANKL and TWEAK as well as receptors FAS, DR3, and BAFFR were down-
regulated.

Finally, in the TGF-$ family, the INHBB, INHBE, and AMH ligands were all
down-regulated.

4 Discussion

The results of our analysis suggested that the cells in the cell lines we investigated
differentiate as expected, showing signs of phagocytosis and exiting the cell cycle to
prepare for differentiation, and presenting markers of the macrophage state. The
pathways enriched in the differentially expressed genes suggested also that the HL60
cells in particular shift their metabolism away from aerobic energy generation, and
down-regulate their overall protein production. The chemokine signalling systems
of THP-1 cells in particular indicated that these cells were progressing towards an
M1 (pro-inflammatory) macrophage phenotype.

4.1 Core expression signature

Of the 1789 genes identified as differentially expressed in all the cell lines undergo-
ing differentiation, only a small subset were involved in the 37 enriched pathways
discovered through pathway analysis. Of interest was the finding that all cell lines
universally down-regulated genes involved in cell division. Genes controlled by c-
Myc are involved in cell proliferation and growth (Schmidt 1999), and these genes
are known to be down-regulated during the differentiation of some cells (Shalhoub
et al. 1989). In our findings, all cell lines showed down-regulation of the minichro-
mosome maintenance protein complex (MCM), which primes DNA for replication
and controls entry into the S-phase of the cell cycle (Tye 1999) as well as univer-
sal down-regulation of c-Myc. All cell lines also showed down-regulation of several
Radb1 paralogs — proteins in the Rad51 family which control homologous recombi-
nation of DNA during double strand break repair (Shinohara et al. 1992), suggesting
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DNA replication halting and withdrawal from the cell cycle. The down-regulation
of these genes implies a reduction in cell growth — behaviour consistent with differ-
entiation (Shalhoub et al. 1989).

In addition to the regulation of genes involved in cell cycle control, all cell lines
showed differential expression of a variety of genes involved in the behaviour of adher-
ence and trans-endothelial migration. Monocytes circulate through the blood in the
natural state and only change this behaviour when differentiating into macrophages
— at which point they need to start adhering to endothelial cells to start crossing
the blood vessel wall and enter a site of infection. This process of transendothelial
migration (TEM) is observed in many leukocytes (Schimmel et al. 2017), and is
up-regulated in the cells of all lines we studied — with many genes in the pathways
expressed at far above the pre-induction reference level. The matrix metallopro-
teinases or MMPs effect the breakdown of extracellular matrix proteins to allow
leukocyte infiltration of sub-endothelial tissue (Brundula et al. 2002), and their ex-
pression was up-regulated across all the cell lines. Notably, this process is associated
more with monocytes than with macrophages, as the monocytes are the cell type
which need to exit circulation and migrate across the endothelial wall. This rein-
forces the notion that these cells are in the process of differentiating, and some of
their number may still have phenotypes associated with monocytes, not yet with
monocyte-derived-macrophages.

Another key process in the negotiation between leukocytes and endothelial cells is
the regulation of the cells’” extracellular matrix (ECM) interactions. Distinct from
the action of MMPs, the interactions of ICAMs and fibronectin on the endothelial
cells with various integrins on the leukocyte are crucial in mediating TEM (Issekutz
et al. 1999; Schimmel et al. 2017) — and the genes coding for these proteins and their
receptors are up-regulated in all the cell lines we observed. Integrins LFA-1 Mac-1
and VLA-4 were all up-regulated by several fold, suggesting these cells’ preparation
for TEM (Meerschaert et al. 1995).

The third major behaviour we found to be commonly differentially expressed across
all cell lines was that of phagocytosis. We came to this conclusion by noting that
a multitude of genes in two pathways involved in the behaviour were highly up-
regulated — the Lysosome and Phagosome KEGG pathways. Within the phagosome
pathway, the production of phagocytosis-promoting receptors Fey, various integrins,
toll-like receptor TLR6 and the TLR4 co-receptor CD14, and various scavenger
receptors were all up-regulated. These receptors are known to be required to some
degree or another for phagocytosis to take place (Aderem et al. 1999).

This change in expression suggests a shift towards production of much of the cellu-
lar machinery required for the phagosome, and thus preparation for phagocytosis.
Fey receptors are present on the membranes of various leukocytes and directly me-
diate their ability to perform phagocytosis (Anderson et al. 1990). These integrins,
particularly oa:B2, are crucial in macrophages’ ability to phagocytose pathogens
(Jawhara et al. 2017).

CD14 is used as a monocyte classification marker (Ziegler-Heitbrock 2007) and is
the co-receptor for LPS in bacterial cell walls (Zanoni et al. 2009), crucial in in-
ducing pathogen recognition before phagocytosis (Zanoni et al. 2011). TLR6 is a
key leukocyte receptor and PRR involved in pathogen recognition — specifically the
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recognition of peptidoglycan from bacteria and mycoplasma which have been cap-
tured in the phagosome (Ozinsky et al. 2000). The scavenger receptors CD36 (which
recognizes oxidized phospholipids and lipoproteins (Silverstein et al. 2009) and me-
diates some forms of phagocytosis — Smith et al. 2003), and SRA1 (which mediates
phagocytosis in other leukocytes, particularly dendritic cells — Amiel et al. 2007)
were all up-regulated by several fold. The Lox1 scavenger receptor (which scavenges
oxidized low-density lipoprotein — Yoshimoto et al. 2011) is notably known to be
expressed in monocyte-derived macrophages and differentiated THP-1 cells, and not
in immature THP-1 cells or monocytes (Yoshida et al. 1998).

Within the lysosome pathway, we observed that the expression of various genes en-
coding proteins involved in lysosome production and functioning were up-regulated:
saposins are glycoproteins responsible for membrane digestion and lipid degradation
in lysosomes (Darmoise et al. 2010), and cathepsin proteases are endopeptidases
involved in lysosomal protein breakdown and antigen processing in the endosome
(Brix 2013). Sulfatases like glucosamine (N-acetyl)-6-sulfatase (GNS) and iduronate
2-sulfatase (IDS), which catalyse the breakdown of heparin, heparan sulphate, and
keratan sulphate (GNS — Freeman et al. 1987), and of heparan sulphate and der-
matan sulphate (IDS — Bielicki et al. 1990) were also up-regulated. These changes
also point to lysosome construction as a new target of these cells” metabolism —
reinforcing the idea that the cells are preparing for phagocytosis.

4.2 Unique expression signatures

The unique expression signatures detected in HL60 and THP-1 were identified using
functional enrichment analysis with clusterProfiler. This technique identifies
enriched pathways based on the statistical over-representation of the supplied genes
in the annotated list of pathways in a database. Some of the differentially expressed
genes in the list supplied to clusterProfiler are doubtless of little interest to
the present study, but the pathway over-representation analysis requires that all
genes be submitted. Because of this arrangement, most of the genes in a particular
pathway need to be differentially expressed in our dataset in order for that pathway
to show up as functionally enriched and for us to take an interest in it. This means
that the noise pattern in the datasets needs to match up — in order for pathways
to be flagged as functionally enriched, genes of no interest need to be differentially
expressed alongside those of relevance for this study. As a result of this study design,
the fact that no pathways were functionally enriched in U937 cells does not imply
that no relevant genes were differentially expressed in those lines: the functional
enrichment analysis must be interpreted as an exploratory technique.

A confounding factor in the analysis must also be noted here: that the experiments
which generated the data we used were performed using different culturing tech-
niques at different laboratories. The HL60 were cultured in Dulbecco’s Modified
Eagle Medium [DMEM] (Ramirez et al. 2017), and the THP-1 cells were cultured
in Roswell Park Memorial Institute Medium [RPMI]-1640 (Rossetti et al. 2017).
The experiment which used the U937 cells did not report directly on their cultur-
ing media, though the listed supplier for their cells (the American Type Culture
Collection) mentions the RPMI-1640 medium as the standard culture medium for
growing the U937 / ATCC CRL-1593.2 cells (ATCC 2022), which would make it the
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same medium as for the THP-1 cultures. The amount of fetal bovine serum (FBS)
in the growth media differ slightly, with HL60 receiving 20% FBS in their media,
and THP-1 receiving 10% FBS. The antibiotics used in the growth media are (where
listed) all Penicillin, with THP-1 cells also receiving Streptomycin. These differences
are slight and do not suggest a substantial change in conditions, thus we would not
expect the culture environment to significantly affect the comparisons of differential
gene expression. Finally, the amount of PMA used to induce differentiation also
differed between the experiments, with HL60 cells receiving 10pM PMA, U937 cells
receiving 80nM PMA, and THP-1 cells being exposed to ~162nM PMA (reported
as 100 ng/ml).

The DEGs unique to HL60 cells were functionally enriched in two pathways, both in-
dicating changes in metabolism. The annotation produced for the Ribosome KEGG
pathway shows enormous down-regulation of ribosomal proteins in both the large
and small subunits — over 60 ribosomal proteins are down-regulated to some de-
gree. Regulation of these genes is mostly monolithic — the multiple subunit genes
behave as a single regulatory unit, being up- or down-regulated together (Petibon
et al. 2021). The ribosomes’ prime function is in maintaining steady-state levels of
cellular proteins (Lafontaine et al. 2001), and the expression of their genes is mostly
controlled by stress and nutrient access — with stress and starvation inducing down-
regulation of ribosomal proteins (Warner 1999). Ribosomal genes are known to be
tightly controlled during differentiation, and rRNA expression and ribosome syn-
thesis have been found to be down-regulated during lineage progression (Ali et al.
2008; Neben et al. 2017). The fact that these changes in ribosomal genes were so
pronounced in the HL60 line and not the others is likely due to nutrient availability
and cell stress changes, as the pattern would be expected in all cell lines and was
likely more pronounced in this line because of variation in the culturing technique.

The second pathway to be down-regulated in HL60 cells is the Oxidative phospho-
rylation KEGG pathway, where many components of the Type I NADH dehydroge-
nase complex were found to be down-regulated (NADH-ubiquinone oxidoreductase
chain proteins (ND)1-6, iron-sulphur proteins, and alpha and beta subcomplexes
all show down-regulation). The Type I NADH dehydrogenase complex is responsi-
ble for proton transport in oxidative phosphorylation (Esposti 1998), and thus its
down-regulation suggests movement in these cells away from oxidative metabolism.
This change has been recognized in M1 macrophages as a metabolic switch from
oxidative phosphorylation to glycolysis (Rodriguez-Prados et al. 2010). Alterna-
tively activated M2 macrophages perform the metabolic rearrangement in the other
direction: they have been shown to have lower glycolytic rates and higher levels
of oxidative metabolism after induction (O’Neill et al. 2013). The corollary of this
process has also been tested, and it showed that the treatment of HL60 cells with
NADH dehydrogenase inhibitors can induce CD14 marker up-regulation (Mills et al.
1999).

Given that leukocytes use chemokines and cytokines to communicate as part of their
functions in the innate and adaptive immune systems it is not surprising that DEGs
observed in monocyte-to-macrophage differentiation would appear as functionally
enriched in the Cytokine-cytokine receptor interaction pathway.

In the THP-1 dataset, over 25 chemokine and cytokine receptors were differentially
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regulated (in both directions). Within the CC chemokine subfamily, the CCL3,
CCL3L1, CCL4, CCL4L1, and CCL4L2 ligands for the CCRb5 receptor were strongly
up-regulated. Almost all the known ligands for the CXCR1 and CXCR2 receptors
(the two heterodimeric halves of the Interleukin 8 receptor) were up-regulated sig-

nificantly, reiterating that these cells are inducing neutrophil chemotaxis (a process
dependent on the CXCR1 and CXCR2 receptors — Bergin et al. 2010).

CCL3 and CCL4 (and their variants) are the heterodimeric components of the
macrophage inflammatory protein (MIP)-1 (Sherry et al. 1988). MIP-1 is a het-
erodimeric CC subfamily chemokine protein comprised of MIP-1a and MIP-1{ sub-
units (Fahey et al. 1992). The chemokine is produced by macrophages and mono-
cytes after they are stimulated with bacterial endotoxin (O’Grady et al. 1999) or
IL-18  (Menten et al. 2002). As a proinflammatory chemokine, MIP-1 has been
shown to attract neutrophils to sites of infection and to induce leukocyte trans-
endothelial migration (Wolpe et al. 1988; Menten et al. 2002). Interestingly, the
molecule acts as an autocrine regulator in macrophages, with the two subunits of
which it is comprised showing opposite behaviours. MIP-1a stimulates macrophage
activation (as evidenced by the TNF-o, IL-1 alpha, and IL-6 release), but MIP-
1B does not have this effect, and instead diminishes TNF-o release and its resulting
macrophage activation (Fahey et al. 1992).

The expression of the CCR3 receptor was strongly down-regulated, as was the ex-
pression of one of its ligands: CCL28. CCR3 is a receptor for eotaxins (of which
CCL28 is an example — John et al. (2005)), a chemoattractant for eosinophils (Struyf
et al. 2001). The up-regulation of these CC family chemokines points towards a
macrophage-like phenotype — specifically an M1 phenotype — due to the release of
proinflammatory signals and recruitment of antimicrobial eosinophils. The M2 phe-
notype is also hinted at, however, by the profound down-regulation of CXCR3, a
receptor known to induce M2 polarization when knocked out (Oghumu et al. 2014).
TNF-a up-regulation reinforces this suggestion, as it has been shown to induce
differentiation in macrophages in an autocrine manner (Witsell et al. 1992), and is
required for long-term macrophage survival (Lombardo et al. 2007). Interestingly,
the THP-1 cells did not show differential expression in CCR2 and CCL2, suggesting
that they are not preparing for the induction of or response to monocyte chemotaxis
(Geissmann et al. 2003), or that they were already in that mode before induction
and that the expression of those genes was constant over the process.

In addition to the increase in TNF-a expression, THP-1 cells showed a marked
decrease in Fas receptor expression, the receptor responsible for Fas-induced apop-
tosis in the extrinsic apoptosis pathway (Wajant 2002). This result, combined with
the down-regulation of Receptor activator of nuclear factor »-B ligand (RANKL,
another TNF-a-related apoptotic regulator — Mizukami et al. (2002)) suggests that
the differentiating THP-1 cells are markedly down-regulating apoptosis. Differenti-
ating macrophages are known to resist cell death by apoptosis (Rijal et al. 2018), so
this result is in line with the general shift towards the macrophage state.

4.3 Study limitations

The data acquired for this study were incomplete in that they lacked a measurement
of THP-1 cells at the 96h timepoint. In choosing the time points for our analysis,

57



we thus had to compromise and use the THP-1 data from 72h post-induction, which
was not ideal. Having access to datasets with matched time points would have
improved the reliability of our results.

The mapping rates of genes in two of the datasets (HL60 and U937) were lower
than expected. RNA-seq sequence mapping rates have increased over time from
their range in early experiments of 17-52% (Li et al. 2010) to the now standard
70-90% read mapping against the human genome (Conesa et al. 2016). Using a
reference transcriptome as part of the mapping process, we expected to reach at
least 80% read mapping in our experiments (Zhao 2014). This low mapping rate
may have contributed to lower sensitivity in the differential gene expression analysis.

Differential expression analysis was successful but would have benefited from more
replicates. Though the authors of DESeg2 mention that small sample sizes are
technically workable, they also note that two is the bare minimum number of samples
required for any analysis at all, and recommend more wherever possible (Love et al.
2014). More recent meta-analysis has suggested that although DESeq2 is best in its
class at producing good results from datasets with few samples, at least six samples
are the recommended minimum number required for good sensitivity in differential
expression analysis with RNA-seq data (Schurch et al. 2016). The accuracy of
this analysis could thus be improved in future by incorporating the information
from some of the other time points present in the original datasets (in addition to
increasing the number of experimental datasets included for each cell line).

Our study design was lacking in detailed analysis of the levels of gene expression
between the cell lines. Our analysis only took the relative up- and down-regulation
of differentially expressed genes into account and took only the direction of change,
rather than its magnitude, into account. Using effect size (e.g., the amount of change
in some gene within a cell line) would be possible only with many more replicates
and multiple datasets for each line.
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5 Conclusion

Our analysis suggests that HL60, U937, and THP-1 cells differentiate similarly and
show comparable patterns of gene expression, with some minor differences in key
areas. A core gene expression signature is associated with PMA-induced differentia-
tion of myeloid cell lines to a macrophage state. The gene expression signature shows
up-regulation of phagocytosis generally, and involves increased expression of FC-vy,
integrins, and TLRs (regulators of pattern recognition) and of saposins, proteases,
sulfatases, and nucleases (which are all components of the lysosome). Additionally,
the trans-endothelial migration pathway was found to be up-regulated (especially
in the production of MMPs, integrins, and signalling proteins that interact with
endothelial cells). All cells also showed down-regulation of genes responsible for cell
proliferation and growth (especially MCM proteins and Rad51 paralogs), a find-
ing that signifies the exiting of the cell cycle associated with differentiation. These
changes suggest that the induction of differentiation of these cell lines was successful
and that the cells were in the process of differentiating as expected.

Differentiation of HL60 and THP-1 cells induces distinct changes in metabolism
and cellular signalling. HL60 cells show down-regulation of protein production (em-
phasized by their marked slowing of ribosomal gene expression) and a shift towards
anaerobic metabolism (specifically in their down-regulation of NADH dehydrogenase
and enzymes controlling oxidative phosphorylation — behaviours associated with M1
macrophage polarization). THP-1 cells show a shift towards M1 macrophage phe-
notype by their increased expression of various pro-inflammatory chemokines, and
also show a down-regulation of apoptosis-inducing genes.

We recommend that laboratory analysis that makes use of these cell lines is un-
dertaken with an awareness of the aforementioned differences in expression profiles.
Should analysis focus on general macrophage-like behaviours such as phagocytosis
(and its associated production of lysosomes), researchers should be free to use any
cells from the three lines we examined. Experiments that focus on cell metabolism
in general and anaerobic metabolism in particular should be undertaken with care
when using HL60 cells, and experiments which probe chemokine induced inflamma-
tion and apoptosis should be performed with care when cells of the THP-1 lineage
are used. Based on these findings we expect THP-1 cells to show increased micro-
bicidal activity due to their signs of M1 type macrophage polarization as well as
some resistance to apoptosis. We also expect HL60 cells to show reduced metabolic
activity and protein production after progressing through PMA-induced differentia-
tion due to their down-regulation of oxidative phosphorylation and ribosomal gene
expression pathways, respectively.

Future work

Further analysis of the gene expression differences between HL60, U937, and THP-
1 cells undergoing the monocyte-to-macrophage transition should be undertaken.
Specifically, we recommend an expanded experiment which incorporates multiple
datasets for each cell line. With several experiments that induce differentiation in
the cells using the same stimulus and over the same time period, we could compare
gene expression changes in terms of magnitude of change of expression as well as
direction only, as we have here. This would provide a quantitative estimate for gene
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expression levels in each cell line, and thus allow for exploratory comparisons of gene
expression levels across the cell lines.

Future work could also include an analysis of the transcription factors involved in
regulating the observed changes in gene expression during differentiation. Addition-
ally, we would be interested in investigating the changes in behaviour (if any) in the
situation where these cell lines are induced to differentiate with various other stimuli
— for example a comparison of the differentially expressed genes in U937 cells being
induced with PMA versus with vitamin D3.

Finally, wet-lab experiments should be performed to confirm the changes in gene
expression we observed here in live cells, and further experiments should be devised
to investigate the eventual protein expression changes induced by these shifting
expression patterns.
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Data availability

The data used to generate the findings in this study are openly available in the ENA
under accession numbers PRJNA314802, PRIJNA381911, and PRJNA449980.

The software analysis pipeline devised for this project is openly available in the
Functional Genomics and Immunogenetics Lab GitHub repository, and it is free to
use under the MIT licence.

The repository is hosted at https://github.com/fungenigs/rna-pipe
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6 Supplemental

6.1 Pipeline results

v @ U937 v @ 1-fastqc-output
> M 1-fastqc-output SRR5429556_1_fastqc.html
> M 2-salmon-output\quants SRR5429556_2_fastqc.html
> M 3-deseq-output_U937-late SRR5429557_1_fastqc.html
fastqc-pipe-2021_02_08-14_38_18.log SRR5429557_2_fastqc.html
ma-pipe-2021_03_10-10_36_09.log SRR5429558_1_fastqc.html
salmon-pipe-2021_02_08-15_31_35.log SRR5429558 _2_fastqc.html

v @ 2-salmon-output)quants Vv @ 3-deseq-output U937-late
v @ SRR5429556_quant 01-sampleData.tsv
aux_info -colData(se).tsv
libParams 3-rowRanges(se).tsv
logs -seqinfo(se).tsv
{} emd_info.json 6-rawCounts.tsv
(} lib_format_counts.json -normalizationFactors.tsv
quant.sf -normCounts.tsv
09-vst.tsv
10-resultTable.tsv

)

r.

plot-01-normCounts.png

k.

plot-02-vst.png

k.

plot-03-counts_vs_normCounts.png

B

plot-04-PCA-timepoint.png

k.

plot-05-hierarchicalCluster.png

|2

plot-06-dispersion.png
plot-07-MA.png

plot-08-volcano.png

O H B

workspace_U937-late.RData

Figure S1: Pipeline output folders. A: Main output directory. Three subfolders for the three
selected modules which were run (FastQC, Salmon, and DESeqg2). Note the logs
for each module and for the main pipeline (with the date and time of the analysis
written into the filename). B: fastgc—pipe output directory. Contents: HTML reports
on sequence quality for each input sequence file from FastQC which can be opened
in the browser. C: salmon-pipe output directory. Contents: quant folders for
each input sequence file (or pair, in the case of paired-end data) from Salmon — these
contain the raw quantification files as well as internal logs and command parameters
from Salmon. D: deseg-pipe output directory. Note the name which is supplied
from the configuration file (in this case "U937-late") and the contents: various useful
outputs from the differential expression analysis process, including eight output graphs
and the entire RStudio workspace.
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54

56
57
58
59
60
61

Condensed sample output log from rna-pipe

Running configuration file 'RSP-U937.rnaconf' version '1.5.0'

.u . u. u.
.d88B :@8c x@88k u@88c. u
="8888f8888r ~"8888""8888" us888u.
4888>'88" 8888 888R .@88 "8888"
4888> ' 8888 888R 9888 9888
4888> 8888 888R 9888 9888
.d888L .+ 8888 888R 9888 9888
~"g8888«" "x88x" 8888" 9888 9888
"Y" nn lY" "888*""888"
AY“ /\Yl
@88>
.d™T %8P .dT
@8Ne. .u . @8Ne. .u .u
%8888 :u@88N .@88u %$8888:u@88N ud8888.
"888I 888. ''B8B8E" "888I 888. :888'8888.
888I 8881 888E 888I 888I dB888 '88%"
8881 888I 888E 8881 888I 8888.+"
uwg888L 888’ 888E uWw888L 888' 8888L
'+88888Nu88P 888¢& '+88888Nu88P '8888c. .+
~ '88888F" R888" ~ '88888F" "88888%
888 ~ " 888 » "Yp'
*8E *8E
'8> '8>

" "

rna-pipe version 0.1.0 running at 10/03/2021 10:36:09
*xx%x INFO: The latest changes to this config file were:
Rerunning U937 without LFCT

=============== rna-pipe > Running DESEQ

*%%x%x INFO: The configuration file you supplied demands overwriting the default
— DESEQ2 config file.

**x%x%x INFO: New DESEQ2 config file: located at

— './deseg-pipe/rna-seg-paper-project-U937.deseqgconf’

*xx% INFO: Using the following DESEQ2 config file:

— rna-seqg-paper-project-U937.deseqconf version 1.5.0

«x%+ INFO: The latest changes to this config file were:

Re-running deseq on U937 Oh to 96h with no replicate 1, timepoint only, no LFCT
«x*% WARNING: Using the supplied R executable: /usr/bin/Rscript

xx** INFO: Executable now the following: /usr/bin/Rscript

— ./deseg-pipe/deseg-pipeline.R

**xx% INFO: Run name:

_U937-1late

*x%x% OK: Directory created succesfully at '/home/duncan/masters/data/J

< rna-seg-paper-project/U937//rna-pipe-output//3-deseg-output_U937-late/"'
Running DESEQ analysis

x%xx INFO: Processing /media/duncan/data/U937/PRJINA381911/ (output from here is
— directly from deseg-pipeline.R)

Checking arguments

Input Directory (indir): /home/duncan/masters/data/rna-seg-paper-project/U937/
Output Directory (outdir): /home/duncan/masters/data/rna—seq—paper—project/U937//J
— rna-pipe-output//3-deseg-output_U937-late/
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62 Sample table (sampleTable):
— /media/duncan/data/PRJINA381911/sample_table-late_0to96h_sans_rep-1l.tsv

63 p-value (pvalue): 0.01

64| Log base 2 fold change threshold (lfct):

65| Design formula (design): ~ timepoint

66| Run name (runname): _U937-late

67

68| Checking arguments completed

69

70

71 Producing sample data.frame

72

73 names timepoint replicate
74 1 U937 cell line treated with PMA for 96 hrs replicate 3 96 3
75| 2 U937 cell line treated with PMA for 96 hrs replicate 2 96 2
76 3 U937 cell line replicate 3 0 3
77| 4 U937 cell line replicate 2 0 2
78 files

79| 1 rna-pipe-output/2-salmon-output/quants/SRR5429556_quant/quant.sf

80| 2 rna-pipe-output/2-salmon-output/quants/SRR5429557_quant/quant.sf

81| 3 rna-pipe-output/2-salmon-output/quants/SRR5429562_quant/quant.sf

82| 4 rna-pipe-output/2-salmon-output/quants/SRR5429563_quant/quant.sf

83| ——mmmm e

84| Writing Ol-sampleData.tsv

85| ——mmmmmmm

86

87

88| Running tximeta

89

90 importing quantifications

91 reading in files with read_tsv

92| 1 2 3 4

93 found matching transcriptome:

94 [ Ensembl - Homo sapiens - release 97 ]

95 loading existing EnsDb created: 2020-08-08 22:03:42

96 loading existing transcript ranges created: 2020-08-08 22:03:46
97| loading existing EnsDb created: 2020-08-08 22:03:42

98| obtaining transcript-to-gene mapping from database

99| loading existing gene ranges created: 2020-08-08 22:03:53

100 summarizing abundance

101| summarizing counts

102 summarizing length

103
104| Running tximeta completed
105
106
107
108| Running DESeq2
109
110| Using design: ~ timepoint

111| Conditions of interest: timepoint

112| using counts and average transcript lengths from tximeta
113
114
115| Performing manual filtering
116
117| Complete cases according to DESeqg2: 16462
118
110 [

120| Using significance level of p-value less than 0.01
121 [ e

122| Significant complete cases according to DESeg2: 6094
123
124 [ R

125| Not filtering based on log (base 2) fold change threshold
126 [

127
128 Performing manual filtering completed

130
131 [ e
132| Saving R workspace
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133
134
135
136
137
138
139
140
141
142
143

144
145
146
147

DESEQ-PIPE

COMPLETED

x+xx% INFO: Completed /media/duncan/data/U937/PRJNA381911/ (output from here is from
— rna-pipe)

rna-pipe complete

Figure S2: Condensed sample output log from rna-pipe.

6.2 Sequencing quality results from FastQC

Though the aim in choosing these datasets was to find very similar experiments for
comparing the differentiation process in different cell lines, the sequencing platforms
used did vary across the datasets. The data statistics shown in Table 2 indicate
that the U937 and THP-1 experiments generated far more reads than the HL60
experiment — though the difference cannot be due to sequencing platform alone, as
HL60 and U937 used the same technology.

Almost all samples from all cell lines had overrepresented sequences (the module
producing either warnings or failures for this test), high sequence duplication levels,
and per-sequence GC content warnings. If this experiment used data from DNA
sequencing, these GC content warnings would suggest widespread contamination
— in this case they just indicate systematic error as described above. Per-base
N content was zero for all the runs, indicating the sequencing platform used was
confident in all the bases it called, N being the standard symbol for unresolved
bases (Andrews 2020b).

One sample from the HL60 dataset, SRR3214278, triggered severe warnings and
turned out to have unusable contents: 41.04% of the sequences read in this experi-
ment were TruSeq Adapter sequences (artefacts of the sequencing chemistry caused
by improper experimental setup), and as such, sequence duplication levels were
very high and per-base sequence content warnings were triggered (with 38.95% of
the reads matched to a single sequence). Fortunately, the quality metrics for all

the other HL60 samples were positive (as per Figure S3), so no other samples were
discarded.

The quality control tests on the sequences from the U937 cell lines were gener-
ally successful — two failure messages were triggered for per base sequence content
(SRR5429562 and SRR5429563), but this can again be attributed to FastQC’s id-
iosyncrasies when processing RNA-seq data. Both failures happened in runs which
also raised warnings for sequence duplication and overrepresented sequences, re-
inforcing the explanation that it was the expected sequence duplication that was
responsible for the per base sequence content messages.
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As with the other cell lines, all THP-1 runs showed an interesting sequence duplica-
tion pattern (Figure S3 subfigure C) with peaks in each bin of high duplication (10
— 10 000x duplication) suggesting the presence of a few transcripts with very high
abundance — the expected pattern with RNA-seq data (Andrews 2020a). Overall,
outputs from FastQC were positive and similar across all cell lines — the images
chosen for Figure S3 are representative of all the processed data. At the end of
this analysis, the data was deemed of sufficient quality to continue, barring the one
sample from the HL60 group (the quality control results of which are included in
Figure S4).
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Figure S3:

Representative FastQC results from the HL60 dataset. A: Sequence content across all
bases showing expected balanced base content across all positions in the reads, barring the first
few positions (which may be influenced by adapter content). B: GC content distribution across
all sequences which conforms well to theoretical distribution but includes peaks which correspond
to highly duplicated sequences. C: Sequence duplication levels showing generally low numbers of
duplicates but with peaks for very common sequences (10x — 10 000x duplication). D: Quality
score distribution over all sequences showing very high Phred scores (majority over Q=30 or
99.9% accuracy). E: Quality scores per base showing position-invariant high quality across the
sequences.
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Sequence content across all bases
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123456789 1213 1819 24-25 30-31 36-37 42-43 48-49 5455 60-61 66-67 72-73 78-79 84-85
Position in read (bp)

GATCGGAAGAGCACACGTCTGAACTCCAGTCACCARCTARTCTCGTATGC 5252559 38.94668149824662 TruSeq Adapter, Index 23 (97% over 38bp)
GATCGGAAGAGCACACGTCTGAACTCCAGTCACCAACARATCTCGTATGC 77543 0.5749659401100564 TruSeq Adapter, Index 23 (97% over 37bp)
GARCGGAAGAGCACACGTCTGAACTCCAGTCACCARCTAATCTCGTATGC 49605 0.3678112203443167 TruSeq Adapter, Index 7 (97% over 3Sbp)
GGGGCATCCATATAGTCACTCCAGGTTTATGGAGGGTTCTICTACTATTA 25311 0.1876760366522528 No Hit

GRTCGGARGAGCACACGICTGARCTCCAGTCACARACTARTCTCGTATGC 22945 0.17013261668784085 TruSeq Adapter, Index 5 (97% over 3ébp)
GATCGGAAGAGCACACGICTGARCTCCAGTCACCARCARTCTCGTATIGCC 22704 0.1683456495655149 TruSeq Adapter, Index 23 (97% over 37bp)
GATCGGAAGAGCACACGTCTGARCTCCAGTCACCARCTAATATCGTATGC 22131 0.16409696839915477 TruSeq Adapter, Index 23 (97% over 3EZbp)
GATCGGAAGAGCACACGTCAGARACTCCAGTCACCARCTARTCTCGTATGC 21132 0.15668958186304002 TruSeq Adapter, Index 7 (97% over 3Sbp)

GATAGGAAGAGCACACGTCTGAACTCCAGTCACCAACTAATCTCGTATGC 18391 0.1363656113970835 TruSeq Adapter, Index 7 (97% over 35bp)

GATCGGAAGAGCACACGTCTGAACTCCAGTCACCACCTAATCTCGTATGC 16941 0.125614149457

782 TruSeq Adapter, Index 7 (97% over 35bp)
GATCGGAAGAGCACACGTCTGAACTCCAGTCACCAACTARACTCGTATGC 15767 0.116909172628760895 TruSeq Adapter, Index 23 (97% over 32bp)
GRTCGGARGAGCACACGACTGARACTCCAGTCACCAACTARTCTCGTATGC 14216 0.10985769661569188 TruSeq Adapter, Index 7 (97% over 35bp)

Figure S4: Rejected SRR3214278 FastQC results from the HL60 dataset. A: sequence
content across all bases showing unexpected base content across many positions in the
reads. B: table of overrepresented sequences showing huge sequence duplication mainly
consisting of TruSeq adapters.

6.3 DESeq2 quality control data
HL60 (0h versus 96h)
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In addition to the standard differential expression analysis performed according to
timepoint only, we performed a run of the DESeq2 pipeline to test for potential
errors in the dataset not picked up by sequence quality and mapping rate checks. In
order to effect this, we ran DESeg2 with timepoint + replicate for a single
analysis — a scheme in which changes due to time as well as inter-replicate differ-
ences are examined. We were not interested in the differential expression analysis
produced by this effort, just the resulting PCA plots produced by the pipeline. These
plots revealed that replicate 2 of the HL60 dataset was clustering very unexpectedly
and thus probably represented a contaminated sample (Figure S5). As a result we
decided to remove replicate 2 entirely from the analysis and use replicates 1 and 3.
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Figure S5: Unexpected HL60 clustering results. The two PCA plots produced by
DESeqg2 show unexpected clustering of replicate 2 of the dataset. The PCA
was performed here on all four time points of the original HL60 dataset. A:
PCA plot of the datasets when separated by replicate show replicate 2 to be a
major outlier. The pairs of points represent a single timepoint and the other
two replicates (1 and 3) — notice their tight clustering compared with replicate
2. B: The same PCA plot represented above but arranged here by timepoint.
Notice the tight clustering of pairs (from replicates 1 and 3 as above).
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Differential expression analysis (DEA) revealed 6665 differentially expressed genes
that were statistically significant (p < 0.01) between Ty and T, gg, in the HL60
cell line. Logy fold change values were between -24.5 and 22.6 across the genes
(Figure S7).

U937 (0h versus 96h)

One of the output graphs from the deseg-pipe module shows the total number of
counts (of all genes combined) before and after normalization. This plot of Counts
versus Normalized Counts (Figure S6 subfigure A) showed replicate 1 of the dataset
to have far more counts than the other replicates across all time points, suggesting
experimental error with this sample. We repeated the testing run of DESeqg2 with
replicate + timepoint to produce PCA plots for quality control as mentioned above.
The resultant PCA plots revealed that Replicate 1 was clustering unexpectedly
(Figure S6 subfigure B). As a result we decided to remove Replicate 1 from the
analysis in its entirety.
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Figure S6: Unexpected U937 counts and clustering results. Unexpected counts and
clustering of replicate 1 of the U937 dataset. The PCA and counts plotting here
were performed on all three time points of the original U937 dataset. A: Plot
of counts versus normalized counts for each of the time points in the dataset,
arranged by replicate. Replicate 1 shows massively more counts than the other
two (nearly 4x more), which is unexpected and suggests a problem with the
experiment. B: PCA plot of the datasets grouped by replicate show replicate
1 to be an outlier. Notice the clustering of replicates 2 and 3 compared with

replicate 1.
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DEA revealed 6094 differentially expressed genes that were statistically significant
(p < 0.01) between Ty and T gg, in the U937 cell line. Logy fold change values were
between -23.6 and 22.7 across the genes (Figure S7).

THP-1 (0h versus 72h)

DEA revealed 6171 differentially expressed genes that were statistically significant
(p < 0.01) between Ty and T 79 in the THP-1 cell line. Logs fold change values
were between -12.6 and 21.0 across the genes (Figure S7).
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Figure S7: DESeq2 results for all cell lines. Volcano plots compare logs fold change with
significance (p-value) for all DEGs, essentially showing how the magnitude of
change in expression relates to the statistical significance of the observation.
The threshold line indicates an adjusted p-value of 0.01. MA plots compare
logs fold change with mean of normalized counts, showing how the magnitude

of change in expression depends on the abundance of a transcript.

Darker

shading here indicates DEGs that are deemed statistically significant. A, B:
Volcano and MA plots of HL60 DEGs between Ty and T g6, C, D: Volcano
and MA plots of U937 DEGs between Ty and Tggy, E, F: Volcano and MA
plots of THP-1 DEGs between Ty and T 79,



Table S1: Example list of differentially expressed genes, showing gene identifiers, mean
expression levels, change in expression, and quality control statistics.

gene baseMean log2FoldChange lfcSE stat p-value padj
ENSG00000000003  2.434E4-00 -5.008E+4-00 3.097E4+00 -1.617TE+00 1.058E-01  1.753E-01
ENSG00000000419 2.687E+02 -7.883E-01 2478E-01  -3.182E4+00 1.463E-03  3.872E-03
ENSG00000000457 1.189E+4-02 1.022E4-00 3.697E-01  2.766E+00 5.683E-03  1.341E-02
ENSG00000000460 8.130E+01 -1.068E+4-00 4.960E-01  -2.152E400 3.138E-02  6.217E-02
ENSG00000000938  1.784E+03 2.997E+4-00 1.223E-01  2.451E401 1.248E-132 1.158E-130
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6.4 Functional enrichment analysis: KEGG pathway
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Figure S8: Functional enrichment analysis of common and unique DEGs. Terms
on the y-axis refer to KEGG pathways in Homo sapiens, while the x-axis
shows how many DEGs from the dataset appear in that pathway. Shading
denotes statistical significance through adjusted p-value. A: KEGG enrichment
of pathways from DEGs common to all cell lines B: KEGG enrichment of
pathways from DEGs unique to HL60 C: KEGG enrichment of pathways from
DEGs unique to THP-1
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6.5 Commonly differentially expressed genes regulated in
different directions

Table S2: Commonly differentially expressed genes in the lysosome KEGG
pathway showing those which are expressed in different directions
between cell lines. The columns labelled 12fc represent the change in gene
expression represented as loge fold change for each cell line.
pathway labels are different to the standard labels, the "Label in pathview" col-
umn shows this difference. Rows in grey show genes with a different direction
of expression (chosen based on sign change only, as values are in a log scale so
anything negative represents a smaller amount of expression).

Where KEGG

Gene ID 12fc HL60 12fc U937 12fc THP1 Gene name Label in pathview
ENSG00000010404 5.0854 2.3083 3.5037
ENSG00000018280 1.7173 5.9663 3.0995
ENSG00000047249 2.4754 2.6462 1.6102
ENSG00000065000 1.7158 0.7303 0.6800
ENSG00000070371  -2.8818 -1.7462 -6.4330
ENSG00000071553 2.7229 2.2570 0.9113
ENSG00000100448  -4.6498 -7.3063 -9.8948
ENSG00000101160 1.9824 1.1093 1.7493
ENSG00000102575 3.7838 10.6377 2.6581
ENSG00000102805 1.0529 0.6393 1.7407
ENSG00000103066 2.5691 2.1427 0.9669
ENSG00000103365  -1.6446 -0.8741 -1.9524
ENSG00000103811 3.0371 2.1830 3.1043
ENSG00000104093  -1.2039 1.1904 1.0898 DMXL2 (rabconnectin 3a) -
ENSG00000104763 2.0767 0.7012 1.2735
ENSG00000105612 3.0126 1.1211 1.5073
ENSG00000107798 3.1344 1.8085 1.7439
ENSG00000110719 2.1557 1.8414 2.6404
ENSG00000110911 1.2860 1.0416 2.5685
ENSG00000117410 1.0056 1.2282 1.3311
ENSG00000119655 0.9621 1.2829 2.1044
ENSG00000131238 1.0717 0.9317 -1.5169 PPT1 (palmitoyl-protein thioesterase) CLN1
ENSG00000134243 3.5662 4.0309 1.4196
ENSG00000134575 2.7924 1.2795 1.3609
ENSG00000135047 5.7776 8.8946 4.8428
ENSG00000135404 0.9334 1.2642 1.9583
ENSG00000135535 3.9485 2.0006 1.1153
ENSG00000135677 3.0662 1.6130 1.2580
ENSG00000138760 3.7350 2.5158 2.5594
ENSG00000141367 2.1824 1.0949 0.9167
ENSG00000147614 3.6303 5.7538 4.3388
ENSG00000159720 2.1204 1.1263 0.9494
ENSG00000162511 1.6223 1.8014 2.3118
ENSG00000163131 1.2015 1.8230 1.5791
ENSG00000164733 3.7652 2.9065 4.0322
ENSG00000166311 4.7654 0.7926 1.8310
ENSG00000171298 2.8901 0.9083 -0.9989 GAA (lysosomal alpha-glucosidase) GAA
ENSG00000182287 1.4787 1.8185 2.7802
ENSG00000197217 1.4577 0.9811 1.1247
ENSG00000197746 3.2451 2.1969 2.2767

93



Table S3: Commonly differentially expressed genes in the phagosome KEGG
pathway showing those which are expressed in different directions
between cell lines. The columns labelled 12fc represent the change in gene
expression represented as loge fold change for each cell line. Where KEGG
pathway labels are different to the standard labels, the "Label in pathview"
column shows this difference. Rows in grey show genes with a different direction
of expression (chosen based on sign change only, as values are in a log scale so
anything negative represents a smaller amount of expression).

Gene ID 12fc HL60 12fc U937 12fc THP1 Gene name Label in pathview
ENSG00000005381 -7.1432 -2.6591 -8.5133

ENSG00000038945 5.2010 6.2231 8.3787

ENSG00000047249 2.4754 2.6462 1.6102

ENSG00000049245  -1.8174 0.5877 0.7526 VAMP3 (vesicle-associated membrane protein 3) ~ VAMP3
ENSG00000071553 2.7229 2.2570 0.9113

ENSG00000072694 4.2340 4.2842 5.0019

ENSG00000073060  -1.4323 0.5610 -1.3984 SCARBI (scavenger receptor class B, member 1)  SRB1
ENSG00000100365  -0.9204 -0.5078 -1.5686

ENSG00000108774  0.9521 0.7141 1.0720

ENSG00000110719 2.1557 1.8414 2.6404

ENSG00000117410 1.0056 1.2282 1.3311

ENSG00000125730  4.3821 7.0674 4.8687

ENSG00000131100 1.0784 0.6695 1.1439

ENSG00000135047  5.7776 8.8946 4.8428

ENSG00000135218 3.7287 3.3531 4.2898

ENSG00000138448 1.6894 2.6476 3.1269

ENSG00000143226 1.1387 4.0437 -3.4594  FCGR2A (low affinity FC-y receptor II-a) [CD32] FcyR
ENSG00000144566 2.3138 0.7953 1.3207

ENSG00000147416 1.8406 2.1047 1.1276

ENSG00000147614  3.6303 5.7538 4.3388

ENSG00000150093  3.1987 1.5360 2.4496

ENSG00000150337  -2.2089 0.9782 -2.9354  FCGRIA (high affinity FC-y receptor I) [CD64]  FcyR
ENSG00000155097 1.5915 1.2489 1.4337

ENSG00000159720 2.1204 1.1263 0.9494

ENSG00000160255  3.2332 2.3099 2.8198

ENSG00000161638 2.7292 2.0818 3.1852

ENSG00000163131 1.2015 1.8230 1.5791

ENSG00000169896 4.6850 5.3414 4.2335

ENSG00000170458 1.7994 7.3247 6.5883

ENSG00000173391 5.5397 9.3578 6.8193

ENSG00000174130 2.3465 5.4248 2.2436

ENSG00000265808 0.8769 1.1331 1.0208

All of the commonly differentially expressed genes in cell cycle pathway were regu-
lated in the same direction in all cell lines.
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6.6 Configuration files

Sample configuration file for rna-pipe

# ——— —— [ ——

# Configuration file for running the RNA-seq pipeline

#

# = = ====

# configuration

# ——

# Only change the file version and verbose flags as you go

#

config _UsingConfigFile=1 # Don't change
config_ConfigFilename=$ (basename $BASH_SOURCE) # This file's name
config_ConfigFileVersion="1.5.0" # Update as version progresses
config_Verbose=1 # Leave on (1) for more verbose
— logs

config_ConfigFileChangeString="Rerunning U937 without LECT"

#

# = ====

# module switch

#

# Setting a module below to "1" means the module will be run

#

config_Fastqgc=0
config_Salmon=0
config_Deseqg=1

#

#
# general

#
# Location of the directory containing all the raw reads ready for all pipeline

— operations

config_InputDirectory=/media/eunoia/SeagateBack/U937/PRJNA381911/

# Location of the directory in which we will create "x-pipe-output" directories to
— fill with the results
config_OutputDirectory=/home/eunoia/masters/data/rna-seqg-paper-project/U937/

# Path to R executable

config_R_Executable=/usr/bin/Rscript

# Flag for searching for files in subdirectories

config_SubdirectorySearch=1

# = = =

#

# fastgc-pipe

#
# Should we extract the zipped HTML page which fastgc creates? l=true, O=false
config_Fastgc_Extract=1

# How many threads should we let fastgc use?

config_Fastgc_Threads=4

# Should fastgc output be verbose?

config_Fastgc_Verbose=1

#
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# salmon

config_Salmon_OverWrite=1
«— the supplied salmonconfig

# If we set this

to 1, we will

use

# file instead of the defaults in

< salmon's defaults.salmonconf

— file

# The config value below won't be
— used unless overwrite is TRUE

config_Salmon_OverWrite_ConfigFile="rna-seq-paper-project-test.salmonconf"

# DESEQ2

config_Deseqg OverWrite=1

config_Deseq OverWrite_ConfigFile="rna-seg-paper-project-U937.deseqgconf"

# S

Figure S9: Sample configuration file for rna-pipe.

Table S4: Sample table for DESeq2’s differential expression analysis showing
the data available for study design. The options available for DESeqg2’s
study design parameter are Replicate, Timepoint, and Timepoint +

Replicate (the order of terms doesn’t matter).

Sample 1D Sample name Replicate Timepoint
SRR5429564 U937 cell line rep 1 1 0
SRR5429563 U937 cell line rep 2 2 0
SRR5429562 U937 cell line rep 3 3 0
SRR5429558 U937 cell line PMA treated @96h rep 1 1 96
SRR5429557 U937 cell line PMA treated @96h rep 2 2 96
SRR5429556 U937 cell line PMA treated @96h rep 3 3 96
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