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Abstract

The importance of monocytes and monocyte-derived macrophages (MDMs) in both

adaptive and innate immunity makes their study a topic of interest. Monocytes

differentiate into macrophages through transcriptomic alterations, resulting in extensive

changes in gene expression. Macrophage colony stimulating factor (M-CSF) and

granulocyte-macrophage colony stimulating factor (GM-CSF) are the two primary

cytokines that stimulate this differentiation, and are known to cause partial polarisation

towards the M2 and M1 macrophage subtypes, respectively. However, the degree to

which this polarisation takes place is not well-characterised. Therefore, this study aimed

to use a computational approach to identify the differences and similarities in gene

expression changes in macrophages induced with M-CSF and GM-CSF. RNA

sequencing data for three human donors was obtained through EBI and used to quantify

gene expression changes associated with M-CSF or GM-CSF treatment. Differential

gene expression analysis was performed to identify the genes that were differentially

expressed as a result of either treatment relative to the untreated monocytes.

Over-representation analysis was used to determine the biological processes in which

the differentially expressed genes (DEGs) were involved. Finally, transcription factors

were identified within the lists of DEGs, as well as the genes encoding their known

protein-protein interacting partners. Treatment with M-CSF and GM-CSF induced 4 072

and 4 399 DEGs, respectively, 2 734 of which were common. An examination of these

DEGs revealed that the resultant macrophages lacked changes in expression of genes

commonly associated with the M1 and M2 polarisation states. An investigation of the

DEGs involved in myeloid cell differentiation and the regulation of inflammatory

response revealed CCR2, IGF1 and INHBA to be inversely regulated by the two

treatments. Furthermore, nine uniquely differentially expressed transcription factors

involved in these biological processes were identified, each of which may be

contributing to the lack of complete polarisation following differentiation. These results

revealed that M-CSF and GM-CSF-induced macrophages, in the absence of activation,

experience highly similar gene expression changes and lack changes in the expression

of key polarisation marker genes.
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Chapter 1: Literature Review

1.1 The immune system

The human immune system is characterised by two distinct but interlinked responses,

namely innate and adaptive immunity (Hamon and Quintin, 2016). The innate immune

system serves as the first line of defence against pathogens, whilst adaptive immunity is

slower to activate but provides long-term protection against the agents of prior

infections. Innate immunity relies on a rapid but non-specific response, whilst

simultaneously producing signals to direct a further immune response (Hamon and

Quintin, 2016). The adaptive immune system builds on this response in a more specific

manner whilst placing a greater emphasis on specific memory via the production of

antibodies (Hamon and Quintin, 2016). Without this two-part defence, the body would

be unable to successfully fend off microbes that seek to colonise it. The efficacy of

these systems is dependent on the diversity of cells, signals and responses that are

required in order to combat an ever-growing number of pathogens.

The key feature of the immune system is its ability to sense pathogens and mount an

appropriate response (Hamon and Quintin, 2016). The immune system comprises a

variety of immune cells, each of which performs a distinct role in combating pathogen

spread and maintaining homeostasis. These immune cells originate from a self-renewing

population of haematopoietic stem cells (HSCs), via the process of haematopoiesis

(Basilico and Göttgens, 2017). HSC reservoirs are maintained within the bone marrow.

Haematopoiesis is the differentiation of progenitor cells into the various myeloid and

lymphoid cell types that are essential for innate and adaptive immune responses,

respectively (Figure 1.1; Wahlster and Daley, 2016).

The varied cell types of the myeloid and lymphoid lineages differ significantly from

one-another in their physiology and behaviour. This is a consequence not of underlying

genetic differences, but of distinct patterns of gene expression (Andrews and Hemberg,

2018). This reprogramming of gene expression occurs during the process of

differentiation, which involves large scale transcriptional changes (Basilico and

Göttgens, 2017). Thus, transcriptional differences are the basis for phenotypic
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variability (Andrews and Hemberg, 2018). Therefore, distinct cell types can not only be

characterised by their phenotypic differences, but also by the differences in their

transcriptomes.

Figure 1.1 Haematopoiesis of various immune cells. An illustration of the various cell
types that are able to develop from haematopoietic stem cells, and the relationships
between each developmental cell lineage. Adapted from Wahlster & Daley (2016).
Abbreviations: CLP – common lymphoid progenitor; CMP – common myeloid
progenitor; GMP – granulocyte-macrophage progenitors; HSC – haematopoietic stem
cell; MEP – megakaryocyte-erythrocyte progenitor; MPP – multipotent progenitor; NK
– natural killer; RBC – red blood cell (Wahlster and Daley, 2016).

The peripheral blood mononuclear cells (PBMCs) that are produced during

haematopoiesis are extremely diverse, ranging from the phagocytosing monocytes to the

B lymphocytes that mass-produce antibodies (Zhang and Huang, 2012). This diversity

is a consequence of alterations in the gene expression of the cell type which

distinguishes it from other cell types and enables it to better perform its immune

function (Roy, 2019). The concept of a defined ‘cell type’ is tentative as there is

transcriptional diversity between cells that theoretically belong to the same cell type

(Zeng, 2022). This heterogeneity results from each cell’s unique molecular
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environment. However, there are markers that one can use to profile a given cell type

(Villani et al., 2018). For example, cells capable of antigen presentation (such as

monocytes) require the major histocompatibility complex II (MHC II) protein as it is

crucial for their immune function (Villani et al., 2018). Thus, a given cell type could be

described by an aggregate of the genes it expresses that are crucial to its immune

function. Furthermore, cells change their expression of genes in response to stimuli

released from both invading pathogens and other immune cells. These changes can

result in a transition from one cell type to another, such as monocyte-to-macrophage

differentiation. Studying gene expression changes which occur within cell types during

the differentiation process allows for a better understanding of the immune response.

This in turn can inform improved diagnostics and more effective treatment strategies.

Thus, the distinction between innate and adaptive immunity lies in the distinct patterns

of gene expression which inform the varied behaviours of immune cells (Chun and

Heeger, 2016). Among these many cell types, monocytes and monocyte-derived

macrophages (MDMs) are an important point of connection between the innate and

adaptive immune systems. These mononuclear phagocytes are capable of important

innate functions, such as clearing cellular debris via phagocytosis, while also enabling

adaptive immunity via antigen presentation and cytokine signalling (Jakubzick et al.,

2017). This study will focus on monocyte differentiation into macrophages and the

transcriptional changes associated with this process.

1.2 Monocytes

Monocytes are immune cells of the myeloid lineage that predominantly circulate within

the blood (Swirski et al., 2009). These circulating monocyte populations are relatively

short-lived and are constantly replenished via haematopoiesis of HSCs within the bone

marrow (Yona et al., 2013). Monocytes participate in the innate immune response and

may constitute up to ten percent of total leukocytes within the human body (Swirski et

al., 2009).
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Monocytes serve a key role as monitors of tissue health, with the ability to sense

pathological conditions through detection of pathogen-associated molecular patterns

(PAMPs) and damage-associated molecular patterns (DAMPs; Kubes and Mehal, 2012).

Upon sensing one or more of these signals, they are capable of extravasation into the

affected tissue where they coordinate the early immune response by performing

phagocytosis and antigen presentation (Chen et al., 2023). Phagocytosis involves the

engulfment of large particles and disassembly through lysosome interactions, while

antigen presentation involves cycling the constituents of this degraded material to the

cell membrane where antigens are mounted on MHC II (Uribe-Querol and Rosales,

2020). However, these functions are far from the full extent of monocyte behaviour.

Monocytes are a diverse set of cells, taking on alternative phenotypes and behaviours in

accordance with their molecular environment. Traditionally, monocytes were divided

into three subpopulations based on cellular phenotype: classical, non-classical, and

intermediate. These subtypes were distinguished by varying levels of both cluster of

differentiation (CD) 14 and CD16 expression (Table 1.1; Ziegler-Heitbrock et al.,

2010). In recent decades, understanding of monocyte heterogeneity has increased,

revealing more diversity based on an expanded list of markers (Stansfield and Ingram,

2015).

Table 1.1 Cell surface markers that distinguish monocyte subpopulations. Classical
monocytes can be distinguished from non-classical and intermediate monocytes by their
lack of CD16 expression. Intermediate and non-classical monocytes both express CD14
and CD16, but with different levels. One plus sign indicates expression of the given
gene. Two plus signs indicate a high level of expression of the given gene. A minus sign
indicates a lack of expression of the gene.

Monocyte Subpopulation CD14 CD16
Classical + + -

Intermediate + + +

Non-classical + + +
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Circulating classical monocytes survey tissues for areas requiring an immune response.

Upon entering tissues, monocytes react in accordance with the combination of signals

within their local environment (Kapellos et al., 2019). This often involves a transition to

an intermediate state, allowing for the monocyte to engage in innate immunity through

the production of tumour necrosis factor (TNF) and nitric oxide (NO) (Shi and Pamer,

2011). Other transcriptional changes may also occur such as increased interleukin

(IL)-1β, MHC class II, CD206, CD11c and CCR7 expression (Jakubzick et al., 2017).

Once the pathology is resolved, a further transition to non-classical behaviour may

occur, allowing for a return to homeostasis (Narasimhan et al., 2019).

Although classical monocytes are known to alter their gene expression without

transitioning into another cell type, differentiation provides a path to more extensive

transcriptomic changes. Classical monocytes, or those expressing higher levels of

CD14, more readily differentiate into macrophages or dendritic cells when exposed to

specific molecular signals (González de la Aleja et al., 2022). Signals such as

macrophage colony stimulating factor (M-CSF) and granulocyte-macrophage

colony-stimulating factor (GM-CSF) promote monocyte differentiation into

macrophages (Hamilton, 2008).

1.3 Macrophages

Macrophages were originally described by Metchnikoff, who predicted their role in

host-defence as phagocytosing cells (Metchnikoff, 1891). Macrophages have long been

known to be important members of the mononuclear-phagocyte system, but their role as

mediators of metabolism and homeostasis has become evident in recent years (Biswas

and Mantovani, 2012). Macrophage cells arise from two distinct developmental

pathways, being either embryonically-derived resident tissue macrophages (RTMs) or

bone marrow-derived MDMs (Gomez Perdiguero et al., 2015; Park et al., 2022).

MDMs develop from monocytes through the process of differentiation, becoming

longer-lived and leaving the blood to become tissue-resident (Fujiwara and Kobayashi,

2005). The distinction between these groups lies in the lineage of the progenitor

monocytes as either prenatal or postnatal, as well as their behaviour.
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RTMs specialise for their local environment, where they play an important role in

maintaining homeostasis (Davies et al., 2013). These macrophages are often crucial for

regulating metabolism, maintaining the extracellular matrix (ECM), clearance of

cellular debris, production of growth factors, angiogenesis, and immunomodulation

(Davies et al., 2013). In addition, these macrophages are typically the first cells to sense

pathologies and signal other innate and adaptive immune cells, recruiting them to the

tissue and mounting an immune response (Chen et al., 2023). In this way, RTMs are

often responsible for the recruitment of monocytes and MDMs into tissues experiencing

pathological conditions.

Much like monocytes, MDMs display transcriptional and phenotypic diversity and are

specifically recruited to resolve pathological conditions within tissues (Eligini et al.,

2013). They achieve this resolution through phagocytosis, antigen presentation,

regulation of inflammation, and cytokine signalling. Furthermore, their behaviour is

dictated by the stimuli they receive in the local environment, allowing them to adapt and

fulfil their required niche within tissues (Lambrecht, 2006). For example, in bacterial

infections, macrophage activation and proinflammatory behaviours depend on the

species of invading bacteria (Benoit et al., 2008).

Regulating the inflammatory response is one of the defining characteristics of

macrophages (Chen et al., 2023). Inflammation is a state within a tissue characterised

by heightened levels of immune activity in response to pathological conditions (Chen et

al., 2017). RTMs survey their environment through cell surface receptors. Upon PAMP

and/or DAMP detection, pattern recognition receptor (PRR) signalling upregulates the

expression of genes involved in the inflammatory response, causing macrophages to

release inflammatory cytokines and chemokines (Takeuchi and Akira, 2010). These

conditions recruit other innate and adaptive immune cells to assist in resolving the

pathology.

The activity of macrophages under pathological conditions typically follows a

progression from early proinflammatory macrophages to more anti-inflammatory

populations later in the process (Fujiwara and Kobayashi, 2005; Goerdt et al., 1999).

The immune response can be characterised as a progression through the following

phases: homeostasis and surveillance, pathological detection, initiation of inflammation,
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and the restoration of homeostasis (Austermann et al., 2022). Thus, macrophages are

said to initiate, regulate, and resolve the inflammatory response.

Macrophages have traditionally been broadly categorised into the M1 and M2 subtypes,

where M1 macrophages exhibit more pro-inflammatory behaviour and M2 macrophages

exhibit more anti-inflammatory behaviour (Mills et al., 2000). Over the course of the

inflammatory response, there is typically a shift from M1 to M2 behaviour (Sica et al.,

2015). The M1 and M2 classifications are based on a set of molecular markers

expressed by macrophages, typically directly associated with the pro- or

anti-inflammatory actions themself (Chen et al., 2023). The genes encoding a selection

of key molecular markers are listed in Table 1.2. This polarisation and activation of pro-

or anti-inflammatory behaviour occurs, in a similar manner to monocytes, through PRR

detection of PAMPs and DAMPs (Medzhitov and Janeway, 2000).

According to the canonical understanding of M1 and M2 macrophages, activation

occurs through specific signals. M1 macrophages are activated by lipopolysaccharide

(LPS), Interferon-γ (IFN-γ), and tumour necrosis factor-alpha (TNF-α; Chen et al.,

2023). Detection of these compounds causes macrophages to increase the production of

proinflammatory markers such as IL-1β, IL-6, and inducible nitric oxide synthase

(iNOS) via transcription factor activity such as nuclear factor of kappa light polypeptide

gene enhancer in B‐cells (NF-κB) signalling (Chen et al., 2023). The expression of

these subtype markers has been shown to be time-dependent, typically having optimal

detection in the range of 4 - 72 hours following stimulation (Unuvar Purcu et al., 2022).

M2 macrophages are typically activated by IL-4, IL-13, and glucocorticoids (Doyle et

al., 1994; Ehrchen et al., 2007; Stein et al., 1992). Detection of these signals induces

STAT6 signalling, promoting the expression of genes associated with tissue repair and

anti-inflammatory responses (Gong et al., 2017).
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Table 1.2 Cell surface markers that distinguish macrophage subpopulations.

Macrophage
Subtype

Gene
Symbol Gene Name Reference

M1 CD80 CD80 Molecule (Bertani et al., 2017)
CD86 CD86 Molecule (Bertani et al., 2017)
CSF2 Colony Stimulating Factor 2 (Orecchioni et al., 2019)
CXCL2 C-X-C Motif Chemokine Ligand 2 (Xuan et al., 2015)
IL1B Interleukin 1 Beta (Shapouri-Moghaddam et al.,

2018)
IL1R1 Interleukin 1 Receptor Type 1 (Tugal et al., 2013)
IL6 Interleukin 6 (Ross et al., 2021)
IL23A Interleukin 23 Subunit Alpha (Orecchioni et al., 2019)
IRF5 Interferon regulatory factor 5 (Krausgruber et al., 2011)
NFKB1 Nuclear Factor Kappa B Subunit 1 (Mussbacher et al., 2023)
NFKB2 Nuclear Factor Kappa B Subunit 2 (Mussbacher et al., 2023)
NOS2 Nitric Oxide Synthase 2 (Bertani et al., 2017)
PELI1 Pellino E3 Ubiquitin Protein Ligase 1 (Donghyun Kim et al., 2019)
STAT1 Signal Transducer and Activator of

Transcription 1
(Wang et al., 2014)

TNF Tumour Necrosis Factor (Bertani et al., 2017; Kratochvill
et al., 2015)

M2 ARG1 Arginase 1 (Lisi et al., 2017)
CCL22 C-C Motif Chemokine Ligand 22 (Wang et al., 2022)
CD163 CD163 Molecule (Ambarus et al., 2012)
CD209 CD209 Molecule (Gudgeon et al., 2022)
CLEC10A C-Type Lectin Domain Containing 10A (Tang et al., 2022)
FOLR2 Folate Receptor Beta (Puig-Kröger et al., 2009)
IGF1 Insulin-like Growth Factor 1 (Spadaro et al., 2017)
IL4R Interleukin 4 Receptor (Vannella et al., 2014)
IL10 Interleukin 10 (Lurier et al., 2017)
IRF4 Interferon regulatory factor 4 (Günthner and Anders, 2013)
MSR1 Macrophage Scavenger Receptor 1 (Gudgeon et al., 2022)
PDCD1LG2 Programmed Cell Death 1 Ligand 2 (Li et al., 2022)
PPARD Peroxisome Proliferator Activated

Receptor Delta
(Chawla, 2010)

PPARG Peroxisome Proliferator Activated
Receptor Gamma

(Bouhlel et al., 2007; Chawla,
2010)

STAT6 Signal Transducer and Activator of
Transcription 6

(Gong et al., 2017)

Of the genes listed in Table 1.2, some are more crucial to pro- or anti-inflammatory

activity than others. For example, NOS2 encodes the iNOS enzyme, which allows for

17

https://www.zotero.org/google-docs/?QbxcMv
https://www.zotero.org/google-docs/?9H6Q9O
https://www.zotero.org/google-docs/?Tc1q6d
https://www.zotero.org/google-docs/?lKBI7k
https://www.zotero.org/google-docs/?JwtrPS
https://www.zotero.org/google-docs/?JwtrPS
https://www.zotero.org/google-docs/?zwPAE6
https://www.zotero.org/google-docs/?e5an6L
https://www.zotero.org/google-docs/?xkFO8S
https://www.zotero.org/google-docs/?YoT58n
https://www.zotero.org/google-docs/?4xQrG7
https://www.zotero.org/google-docs/?pjabv7
https://www.zotero.org/google-docs/?Y8uZRl
https://www.zotero.org/google-docs/?oILVAf
https://www.zotero.org/google-docs/?C7u3qa
https://www.zotero.org/google-docs/?v1YWS7
https://www.zotero.org/google-docs/?v1YWS7
https://www.zotero.org/google-docs/?oFDjqL
https://www.zotero.org/google-docs/?enFDno
https://www.zotero.org/google-docs/?jrFEDC
https://www.zotero.org/google-docs/?8MlsMk
https://www.zotero.org/google-docs/?hRlje6
https://www.zotero.org/google-docs/?IQjCjn
https://www.zotero.org/google-docs/?rcIFef
https://www.zotero.org/google-docs/?vMrZ6X
https://www.zotero.org/google-docs/?asAcgP
https://www.zotero.org/google-docs/?Tido20
https://www.zotero.org/google-docs/?hF9Ec6
https://www.zotero.org/google-docs/?ltbSnB
https://www.zotero.org/google-docs/?PYoTmb
https://www.zotero.org/google-docs/?tlNA81
https://www.zotero.org/google-docs/?tlNA81
https://www.zotero.org/google-docs/?gdJymh


the production of antimicrobial reactive oxygen species (ROS; Bertani et al., 2017).

Conversely, expression of the macrophage scavenger receptor type 1 (MSR1) and

arginase 1 (ARG1) genes is integral to anti-inflammatory activity of macrophages (Azad

et al., 2014; Pesce et al., 2009; Yi et al., 2009).

Although there are key subtype markers, there is diversity within both M1 and M2

macrophage gene expression. As a result, attempts have been made to refine the M1/M2

paradigm with sub-classifications. The M2a, M2b, M2c, and M2d sub-classifications

have each been assigned their own particular molecular signatures (Austermann et al.,

2022; Ross et al., 2021). However, transcriptomics, and more recently single cell

ribonucleic acid (RNA) sequencing, have challenged this approach to macrophage

classification (Strizova et al., 2023). It is now widely accepted that the strict M1/M2

pro/anti-inflammatory paradigm is an oversimplification of macrophage diversity. In

addition, macrophages exhibit plasticity, which allows shifting between the M1 and M2

subtypes based on the local microenvironment (Yunna et al., 2020). Thus, macrophage

behaviour has been revealed to be a spectrum based on the complex signalling of the

local environment (Lambrecht, 2006). It is therefore clear that the complexities of

macrophage behaviour cannot be so easily defined based on a small selection of genes,

but rather the sum of many different genes which are involved in inflammation.

1.4 Monocyte-to-macrophage differentiation

Both monocytes and macrophages exhibit a high degree of diversity and plasticity. This

is particularly evident in the pro- and anti-inflammatory behaviours of different

monocyte and macrophage subsets, as well as their ability to switch between behaviours

based on environmental signals (Arnold et al., 2007; Orekhov et al., 2019). This can

affect the differentiation process, as classical monocytes undergo the transition into

macrophages more readily than non-classical monocytes (Narasimhan et al., 2019).

M-CSF and GM-CSF are the main cytokines responsible for monocyte-to-macrophage

differentiation (Hamilton, 2008). M-CSF is encoded by the colony stimulating factor 1

(CSF1) gene. CSF1 is constitutively expressed as a growth factor throughout the body,
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enabling the proliferation of both monocytes and macrophages (Hume et al., 1988).

M-CSF binds to the CSF1 receptor (CSF1R), also known as CD115, initiating a

signalling cascade ending in the nuclear localisation of the Sp1 transcription factor

(Pixley and Stanley, 2004). GM-CSF is encoded by the colony stimulating factor 2

(CSF2) gene, and binds CSF2R. This binding leads to the stimulation of STAT5 and the

Erk/Akt-dependent pathway, and nuclear translocation of the transcription factors IRF5

and NF-κB (Krausgruber et al., 2011)

Macrophages induced by M-CSF and GM-CSF exhibit distinct behaviours, resembling

M2 and M1 macrophages, respectively (Fleetwood et al., 2007; Jaguin et al., 2013).

This behaviour is exhibited without activation by polarising cytokines such as IFN-γ or

IL-4. For example, IRF5 and NF-κB transcription factor activity leads to increased

expression of IL-1β, IL-6, and TNF-α, and thus an M1-like phenotype (Lehtonen et al.,

2007).

Despite the distinct ways in which M-CSF and GM-CSF shape the macrophage

transcriptome, there are common genes which are expressed by macrophages

irrespective of the stimuli that caused them to differentiate (Table 1.3). Expression

changes in the genes encoding CD16, CD163 (Ambarus et al., 2012), CD68 (Chistiakov

et al., 2017), CD115 (Bonifer and Hume, 2008; Stanley and Chitu, 2014), CD169 (York

et al., 2007), CD206 (Stahl and Ezekowitz, 1998), and Osteopontin (Zhang et al., 2017)

occur as a result of differentiation. These markers will therefore be more prevalent in

macrophages relative to monocytes, making them signatures of differentiated

macrophages.
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Table 1.3 Common genetic markers of differentiated macrophages.

Gene Gene product Reference

CD68 CD68 (Chistiakov et al., 2017)

CD163 CD163 (Ambarus et al., 2012)

CSF1R CD115 (Bonifer and Hume, 2008; Stanley and Chitu, 2014)

FCGR3A CD16 (Ambarus et al., 2012)

MRC1 CD206 (Stahl and Ezekowitz, 1998)

SIGLEC1 CD169 (York et al., 2007)

SPP1 Osteopontin (Zhang et al., 2017)

Thus, it is unclear where the boundary between differentiation and polarisation lies.

This is complicated by the natural plasticity of macrophages, which can be seen when

macrophages differentiated using M-CSF readily polarise into both M1 and M2 states

when exposed to appropriate activating compounds. One proposed model which deals

with this is the ‘M0’ paradigm, which suggests that macrophages generated through

M-CSF display an inactive state and an incomplete M2-like polarisation (Chistiakov et

al., 2015). Although both M-CSF and GM-CSF progress polarisation to a certain

degree, the resultant macrophages do not represent the final endpoints of polarisation

(Ushach and Zlotnik, 2016).

The complexities described above illustrate why monocyte-to-macrophage

differentiation is an interesting point of study, especially in the context of the ways in

which M-CSF and GM-CSF affect macrophage behaviour. Cell lines, murine models,

and primary monocytes are the three primary means by which this topic is researched.

Murine models offer a close in vivo analogue to the human immune system, but those

differences that exist limit the value of the conclusions which are drawn. Multiple cell

lines exist as models, including HL-60, U937, and THP-1. However, recent

transcriptomic analyses have shown the inconsistencies in macrophage polarisation

using these models (Rynikova et al., 2023). Thus, primary monocytes, being those

20

https://www.zotero.org/google-docs/?ofGjqW
https://www.zotero.org/google-docs/?Lbc7MS
https://www.zotero.org/google-docs/?OJN7im
https://www.zotero.org/google-docs/?cgnOFe
https://www.zotero.org/google-docs/?905fYL
https://www.zotero.org/google-docs/?MitvfX
https://www.zotero.org/google-docs/?NUnQCF
https://www.zotero.org/google-docs/?QT78A2
https://www.zotero.org/google-docs/?QT78A2
https://www.zotero.org/google-docs/?FzGmPS
https://www.zotero.org/google-docs/?8tP34x


extracted from PBMC populations, represent the most promising vehicle for the

research of monocyte-to-macrophage transition.

1.5 RNA sequencing and transcriptomics

The field of transcriptomics has developed rapidly in recent years, with advancements

in RNA sequencing platforms and approaches (Deshpande et al., 2023). The

development of ribonucleic acid sequencing (RNA-seq), in conjunction with next

generation sequencing platforms, enabled the streamlined study of whole transcriptomes

(Stark et al., 2019). RNA-seq assays require library preparation, referring to the process

by which RNA molecules can be transformed into read data. Library preparation

involves the extraction of RNA from cells, removal of non-mRNA RNAs,

fragmentation of the mRNA molecules, reverse transcription to produce cDNA, adapter

ligation, and the sequencing of these molecules (Deshpande et al., 2023). Gene

expression estimates can then be generated from this read data, allowing for

downstream analyses such as differential gene expression (DGE) analysis (Oshlack et

al., 2010). DGE analysis is useful in examining differences in gene expression levels

between two conditions, such as monocytes and MDMs. Given the scale of the data

produced by RNA-seq experiments, a variety of packages and techniques have been

developed to address the unique challenges posed by the data (Conesa et al., 2016; Stark

et al., 2019).

1.6 Study aim and objectives

The abundance of monocytes and MDMs and their important role in both adaptive and

innate immunity makes their study a topic of great interest. In particular, the process of

differentiation, whereby large-scale transcriptional alterations occur, provides an

important point of study. Studying gene expression changes that occur within cell types

during the differentiation process allows for a better understanding of the immune

response and consequently, better diagnostics, which in turn can inform more effective
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treatment strategies. M-CSF and GM-CSF are known to cause differentiation in

monocytes, as well as a certain degree of polarisation towards the M1 and M2

macrophage subtypes, respectively. However, the degree to which this polarisation

occurs is not fully understood.

Therefore, the aim of this study was to use a computational approach to identify

differences and similarities within changes in macrophage gene expression resulting

from treatment with M-CSF and GM-CSF.

This aim was achieved through the following objectives:

1. To perform transcript quantification on RNA-seq data obtained from untreated,

M-CSF-treated, and GM-CSF-treated primary monocytes using

pseudoalignment.

2. To perform differential gene expression analysis between untreated and

M-CSF-treated monocytes and between untreated and GM-CSF-treated

monocytes.

3. To identify and characterise genes uniquely differentially expressed and

commonly differentially expressed in monocytes treated with M-CSF and

GM-CSF.
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Chapter 2: Methodology

2.1 Study Design

In order to identify markers of differentiation in monocyte-derived-macrophages, a

bioinformatic data analysis pipeline was employed (Figure 2.1). This data pipeline

utilised bulk RNA-seq data in the form of fastq files to construct a count matrix and

perform DGE analysis. The means by which this data was generated and acquired are

discussed further in section 2.2. Genes that were significantly differentially expressed

were subjected to functional enrichment analysis to infer biological relevance. Quality

control checks were incorporated into the data pipeline to ensure the accuracy of

analyses. All code used to generate the findings in this study can be found at

https://github.com/MatthewGibs/gibson_masters.
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Figure 2.1 Diagrammatic representation of the data processing pipeline used in this

study. The RNA sequencing data was subjected to quality control (QC) analysis using

FastQC v0.11.9 (Andrews, 2010). Pseudoalignment was performed using salmon v1.9.0

(Patro et al., 2017) was performed, after which a count matrix was constructed for each

treatment condition with each row representing a gene and each column representing a

unique donor (n = 3). This count matrix was then filtered and used to perform

differential gene expression analysis. Image obtained from www.biorender.com.
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2.2 Data Acquisition

The fastq files upon which all subsequent analyses were conducted are publicly

accessible through EBI (EBI accession PRJNA778191). A study conducted by

González de la Aleja et al. (2022) produced the aforementioned files as part of their

research into the activation of liver X receptors and their role in

monocyte-to-macrophage differentiation and inflammation. Briefly, PBMCs were

isolated from buffy coats from three healthy human donors (Figure 2.2) and monocytes

were subsequently purified from the PBMCs via anti-CD14 magnetic cell microbeads

(Miltenyi Biotec), with > 95% CD14+ cells. These cells were then cultured at 0.5 x 106

cells/ml in RPMI 1640 medium (Gibco) supplemented with 10% fetal bovine serum

(Biowest) in the presence of either M-CSF (10 ng/ml) or GM-CSF (1000 U/ml;

ImmunoTools) for seven days.

Following the seven-day cell culture, RNA extraction, library preparation and

sequencing were performed. Total RNA extraction was performed via the NucleoSpin

RNA kit (Macherey-Nagel, Düren, Germany). A qualitative analysis of total RNA was

performed using a Bioanalyzer Agilent 2100, after which RNA libraries were prepared

for sequencing using the Takara Bio SMARTer Stranded Total RNA-Seq - Pico Input

Mammalian protocol. Finally, bulk sequencing was performed using an Illumina HiSeq

4000 platform, which produced paired-end reads of 151 base pairs (bp) in length.
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Figure 2.2 Diagrammatic representation of cell culture procedure used by
González de la Aleja et al. (2022). Image obtained from www.biorender.com.

2.3 Sequencing Quality Control

FastQC v0.11.9 (Andrews, 2010) was used to evaluate key quality control metrics of the

raw RNA-seq read data. FastQC is a widely used tool that conducts various quality

control tests by leveraging metrics stored in fastq files. Specifically, FastQC evaluated

each of the metrics in Table 2.1, assigning either a pass, warning, or fail for each file for

each metric. MultiQC v1.10.1 (Ewels et al., 2016) was used to compile all FastQC

reports and visualise trends across the nine pairs of fastq files.
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Table 2.1 Quality metrics assessed by FastQC.

FastQC metric Description Pass threshold

Per base quality
score

Examines the Phred scores for each base
averaged across every read in a file.

Median Phred score ≥
25 (99.68% accuracy).

Per tile sequence
quality

Measures each tile's average read quality
in relation to the average quality scores
across all tiles.

No base with a mean
Phred score lower
than that base across
all tiles.

Per sequence
quality

Examines the average Phred scores for
each read, indicating the overall read
quality within a file.

Mean Phred score ≥
27 (99.80% accuracy).

Per base
sequence content

Examines the average ratio of nucleotide
bases present at each base across all reads.

Percentage of A and T
or C and G differ by <
10% for any given
base.

Per sequence
GC content

Models the expected GC content across
reads along a normal distribution and
detects deviations from the model.

Less than 15% of
reads deviate from the
distribution.

Per base N
content

Indicates the percentage of ambiguous
base calls (N) by the sequencing platform,
averaged across each read for each base.

Less than 5% N across
all bases.

Sequence length
distribution

Indicates the distribution of sequence
length within each file, allowing one to
detect deviations from expected read
lengths.

All sequences are the
same length.

Sequence
duplication

Indicates the percentage of sequences
which appear multiple times, as well as
the distribution of the number of
duplicates relative to the percentage and
distribution of unduplicated sequences.

> 80% unique
sequences.

Overrepresented
sequences

Detects and reports specific sequences
within the first one million reads of each
file that appear in a significant percentage
of reads.

No single sequence
represents > 0.1% of
total sequences.

Adapter content Determines the percentage of reads
containing specific adapter sequences by
following a similar approach to the
overrepresented sequences metric.

No adapter sequence
found in > 5% of
reads.
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2.4 Transcript quantification

Transcript quantification is the process by which reads or fragments present in fastq

files are assigned to their transcript of origin and counted. Numerous approaches exist

for performing quantification and these can be broadly grouped into alignment-based

and pseudoalignment-based approaches. Alignment-based approaches were developed

first and involve a base-by-base alignment step, followed by a separate quantification

based on the alignment (Munster et al., 2023). Tools such as Bowtie2 (Langmead and

Salzberg, 2012) , HISAT2 (Daehwan Kim et al., 2019), and STAR (Dobin et al., 2013)

perform the alignment, while RSEM (Li and Dewey, 2011), HTSeq-count (Anders et

al., 2014), or featureCounts (Liao et al., 2014) enable quantification based on the

alignments. Pseudoalignment packages such as salmon (Patro et al., 2017) and kallisto

(Bray et al., 2016) streamline this process by performing mapping of reads and

quantification simultaneously.

Pseudoalignment improves computational efficiency by forgoing individual base-base

alignments used by alignment-based approaches (Patro et al., 2017). As quantification

does not require the degree of detail produced by traditional alignment, the only concern

is accuracy (Patro et al., 2017). Recent benchmarking of the aforementioned tools

showed pseudoalignment approaches to vastly outperform traditional alignment

approaches in speed while achieving similar, if not greater accuracy in downstream

DGE testing (Munster et al., 2023). Therefore, quantification of fragments was

performed using salmon v1.9.0 (Patro et al., 2017), due to its balance of speed,

accuracy, and lightweight data footprint.

Salmon utilises three stages to facilitate its quasi-mapping approach to estimate relative

transcript abundance, namely; lightweight-mapping model (index) assembly, online

estimation of expression levels and model parameters, and offline refinement of the

model and final estimates (Patro et al., 2017). Salmon requires an index of all known

transcripts against which fragments from the read files may be compared. An index was

generated for the human reference genome (GRCh38.p14) using the GENCODE v44

annotations of the transcriptome. The index took the form of a transcriptome de Bruijn
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graph, constructed from 31 base-pair long k-mers. K-mer length has an effect on the

selectivity of the quantification, as smaller k-mers are more likely to produce mappings

due to reduced selectivity (Patro et al., 2017). A k-mer length of 31 was selected for this

study, as reads longer than 75 bp (as is the case here) typically map well under those

conditions.

Once the index was constructed, salmon was used to perform quantification. Firstly, an

online phase allows salmon to build equivalence classes for each transcript, which are a

collapsed estimate of expected abundance for each fragment produced by the

sequencing experiment, generated using a variational Bayesian expectation

maximisation (VBEM) algorithm (Bishop, 2006).

However, generation of the equivalence classes depends on the nucleotide fraction for

each fragment in the sample. The nucleotide fraction is the proportion of bases for a

given fragment relative to the total number of bases in the sample. Thus, the nucleotide

fraction represents an estimate of each fragment's relative abundance assuming random

sampling during sequencing. As random sampling in a realistic sequencing experiment

is unlikely, the nucleotide fractions are transformed using ‘effective transcript lengths’.

The effective transcript length parameter incorporates differences in transcript length

across and within features (isoforms), as well as various bias models aimed at correcting

for differences in the likelihood of sampling a given fragment given its unique

properties. These properties include numerous biases to which RNA-seq data is prone

(’t Hoen et al., 2013). Once the bias models are incorporated, they are applied to

transform the nucleotide fraction, producing ‘rich’ equivalence classes.

The final abundance estimates for each feature are refined in a subsequent offline stage

of salmon. Each rich equivalence class represents a grouping of similarly mapped

fragments and an average conditional probability across said fragments. Certain

fragments may be ambiguous, potentially belonging to multiple transcripts. Hence, this

probability represents the likelihood that the fragments belonging to the equivalence

class have been correctly assigned to their transcript of origin. Salmon utilises the

VBEM algorithm to optimise the abundance estimates, thereby producing a final

abundance estimate for each feature of the indexed transcriptome. The process of

quantification is complicated by biases inherent in the RNA-seq library preparation
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procedure and the sequencing process itself. Examples include positional biases in

coverage, sequence-specific biases at the 5′ and 3′ end of sequenced fragments,

fragment-level GC bias, and the fragment length distribution (’t Hoen et al., 2013).

Fragment GC content has been shown to influence fragment capture during sequencing

(Love et al., 2016). FastQC analysis showed potential GC bias in some of the samples,

therefore the ‘gcBias’ flag was employed. Specifically, salmon learns a foreground

(online) and background (offline) model of fragment GC bias by observing the

distribution of GC content across fragments. Importantly, the ‘seqBias’ flag was also

used. GC bias and sequence-specific bias have been shown to not be independent of

one-another, and therefore supplying both flags alters salmon's approach for correcting

for such biases (Conesa et al., 2016). Instead of a single model, salmon learns three

models, namely the sequence start, sequence end, and overall fragment GC

composition. These bias models are then applied to the effective fragment length

parameter, which in turn influences final abundance estimates.

The ‘seqBias’ flag models and corrects for potential sampling bias introduced during

library preparation, while the ‘posBias’ flag aims to correct for biases within the

coverage of sequencing due to transcript length. Certain nucleotide motifs can undergo

preferential sequencing through the use of random hexamers (Roberts et al., 2011).

Salmon models this bias through a variable-length Markov Model (VLMM), sampling

the first 1 000 000 reads in the input. This approach is similar to that employed by

Roberts et al., (2011) and allows for correction of sequence bias at the 5’ and 3’ ends of

fragments.

Lastly, the ‘validateMappings’ flag was used, indicating that salmon should perform

selective alignment. Selective alignment increases the sensitivity of mapping by

employing a similar chaining algorithm to minimap2 (Li, 2018). This can reduce speed,

but can noticeably increase accuracy, as potential mapping loci are more heavily

scrutinised. Therefore, the following command was used for each of the nine file pairs,

with file_x_1 and file_x_2 representing the pairs of files for a given donor and treatment

combination. Library type was set to ‘A’, allowing salmon to automatically determine

the properties of the read files. Four optional flags were used, namely ‘gcBias’,

‘seqBias’, ‘posBias’, and ‘validateMappings’.
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salmon quant
--libType A
-1 fastq_x_1.fastq.gz
-2 fastq_x_2.fastq.gz
-i index_file
-o file_x_output
--gcBias
--seqBias
--posBias
--validateMappings

2.5 Quantification of gene expression

Following transcript quantification, a gene-level count matrix was constructed using

tximport v1.26.1 (Soneson et al., 2016). Tximport was selected due to its robust

integration with downstream elements of the pipeline, implemented using R v4.2.3. The

transcript-level count estimates produced by salmon were converted to gene-level

estimates via a transcript-to-gene file. This transcript-to-gene file was constructed using

the GENCODE v44 annotations of the human reference genome (GRCh38.p14).

Soneson et al., (2016) previously demonstrated gene-level estimates to be more accurate

for use in downstream DGE analysis, as collapsing reads to the gene-level reduces the

number of features which must be tested. In the case of this study, differential transcript

usage (DTU) is not of interest, hence the use of gene-level estimates is preferable. This

had the technical benefit of reducing strain on the DESeq2 algorithm while potentially

lowering the multiple testing penalty which may have resulted from increased features

(Soneson et al., 2016).

One challenge tximport is designed to address is providing the necessary information

for downstream normalisation of count estimates. Transcript length has been shown to

influence the ability for said transcript to be captured during sequencing (Oshlack and

Wakefield, 2009). Therefore, raw count estimates are an inaccurate measure of

underlying expression due to variations in transcript length across features (Trapnell et

al., 2013). Tximport retains information regarding average transcript length for each

feature within the count matrix, thereby enabling effective normalisation downstream.
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The collapsing of transcript-level to gene-level estimates introduces an issue regarding

DTU across samples. Just as the treatments may affect transcript number, they may also

affect the balance of isoform usage. Different isoforms of a single gene may vary

transcript length, resulting in the effective average lengths of certain transcripts being

substantially different across conditions (Wang et al., 2010). However, another

advantage of tximport is its ability to capture average transcript length on a per-sample

basis and provide this information alongside the count matrix. This ‘gene-level offset’ is

then automatically used to correct for changes in average transcript length across

samples.

The resultant count matrix contained nine columns, one for each donor-treatment

combination. This count matrix was filtered to remove genes that exhibited consistently

low counts, defined as having fewer than ten counts across the nine samples. These

genes are highly unlikely to be identified as differentially expressed, and their removal

reduced the computational burden on subsequent analyses. Importantly, this filtering

was performed on unnormalised counts in order to prevent potential skewing of

downstream normalisation processes. Alongside this matrix was another, containing the

gene-level offset required for effective normalisation.

2.6 Annotation

Annotation was conducted using the biomaRt v2.54.1 package (Durinck et al., 2005).

This enabled the conversion of ID types for the purposes of certain downstream

analyses, as well as the acquisition of biologically meaningful attributes. Furthermore,

this annotation process was modularised to allow ID conversion at any stage of the data

pipeline. In practice, this meant that the Ensembl Stable ID format (Martin et al., 2023)

was predominantly used throughout the pipeline and was converted to other ID types

when necessary. A crucial detail of this conversion process is that different ID types

occasionally lack a perfect one-to-one match. Therefore, an important implication of

this is that not all transcripts detected during the initial sequencing experiment have a

corresponding ID type required for certain downstream processes. Thus, the process of
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converting between IDs can result in a loss of power due to the lack of unified ID type

between various databases.

For example, in section 2.8 the pre-existing Ensembl gene IDs from the count matrix

were matched with their corresponding Entrez gene IDs (Maglott et al., 2007). This

conversion resulted in a loss of genes due to the lack of matching IDs. Special

consideration was given to gene IDs with no matching attribute. Specifically, the

original ID type was retained and the total number of such instances were reported. In

cases where an initial gene ID had multiple matching final IDs, the first of these

matches were used, as subsequent matches typically represented pseudogenes.

2.7 Differential gene expression analysis

DGE analysis is a widely used technique for the identification of statistically significant

gene-level expression changes across one or more experimental conditions (Das et al.,

2022). DESeq2 v1.38.3 (Love et al., 2014) was selected to perform DGE analysis.

DESeq2 performs numerous steps prior to DGE analysis to increase accuracy. These

include corrections for library size across samples, outlier detection, shrinkage of

dispersion, and hypothesis test with multiple testing correction.

In order to determine which genes are differentially expressed, DESeq2 fits a

generalised linear model (GLM; McCullagh and Nedler, 1989) to the expression

estimates of each gene, following a negative binomial (NB) distribution. The mean of

this distribution is scaled by a normalisation factor, referred to as a size factor. Size

factors for each sample are estimated using the median-of-ratios method, which avoids

the use of total read counts as this value can be strongly influenced by a small number

of highly and differentially expressed genes (Anders and Huber, 2010). Thus, size

factors were used to transform each gene’s mean to correct for differences in sequencing

depth across samples.

DESeq2 subsequently estimated the gene-wise dispersion across samples. This, in

conjunction with the normalised means described previously, was used to model the
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variance of counts within the matrix for a given gene. A challenge with the estimation

of dispersion (and hence variance) is that small sample sizes tend to lead to noisy

dispersion estimates, which could, in turn, affect which genes are determined to be

differentially expressed. DESeq2 accounts for this issue using a three-stage process.

Firstly, an initial estimate of dispersion is calculated for each gene in the count matrix

using maximum likelihood. Secondly, each gene’s initial dispersion estimate is plotted

against its mean of normalised counts. A curve is fitted to this plot, and it is assumed

that genes with a similar mean are likely to have a similar dispersion. Lastly, an

empirical Bayes approach is used to transform the initial dispersion estimates closer to

the curve, with shrinkage strength dependent on the estimated accuracy of the curve and

the sample size. If an initial gene dispersion estimate is more than two residual standard

deviations above the curve, it is assumed to be an outlier and is not transformed. These

transformed dispersion estimates are then taken to be true measures of variability across

samples.

Following both estimation of size factors and gene dispersion estimates, DESeq2

performed hypothesis testing. A Wald test was conducted, dividing the log2 fold change

(LFC) between two groups by its standard error. DESeq2’s default operation tests

against the null hypothesis of zero LFC. However, in biological systems many genes are

not truly independent of one another. Treatment with M-CSF or GM-CSF results in

numerous cascades of transcriptional changes, hence a fold change of zero would not be

restrictive enough for isolating truly differentially expressed genes (Krausgruber et al.,

2011; Pixley and Stanley, 2004). The magnitude of the LFC threshold heavily impacts

the number of genes which are determined to be differentially expressed. Therefore,

multiple LFC thresholds were tested in relation to known markers of differentiation in

monocyte-derived macrophages. In this way, an LFC threshold |1| was selected as

appropriate based on the change in expression of known macrophage markers. In

practice, this meant that the null hypothesis for the Wald test was that the average fold

change across groups did not differ significantly from two. The resulting z-statistic was

compared to a standard normal distribution, thereby assigning p-values.

Importantly, DESeq2 automatically performed independent filtering of results prior to a

Benjamini–Hochberg correction (Benjamini and Hochberg, 1995). Multiple testing
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correction can potentially reduce the power of the analysis by falsely correcting

accurately called differentially expressed genes (DEGs). DESeq2 therefore removes

genes that are unlikely to be differentially expressed following correction. Firstly,

DESeq2 detects outliers via Cook's distance (Cook, 1977), specifically using a cutoff of

0.99. In the case of this study, fewer than six replicates are present for each condition.

The outlier genes were therefore removed from further analyses (Love et al., 2014).

Secondly, normalised mean expression across all samples is used in conjunction with a

filtering threshold to reduce the number of genes parsed to the following correction step.

DESeq2 evaluates the mean count of each gene and excludes the maximum number of

genes based on a specified adjusted p-value. In the case of this study, an adjusted

p-value threshold of 0.05 was selected.

Data quality was further examined at this stage. A variance stabilising transformation

(VST) was applied to assist in visualising the dataset using the apeglm approach (Zhu et

al., 2019). This transformation removes the dependance of variance on the mean of

counts, thereby preventing particularly low or high counts from interfering with

visualisations and clustering. These transformed counts were used to conduct a principal

component analysis (PCA) to examine clustering of replicates (Pearson, 1901). In

addition, other plots were constructed to examine the dataset.

In summation, the unnormalised count matrix was filtered for genes with low

expression. The filtered count matrix was used to perform DGE analysis with DESeq2,

which involved scaling the counts and estimating a corrected dispersion measure for

each gene. A Wald test was conducted comparing the LFC between the three untreated

and both sets of three treated samples. In this way, a p-value was assigned for each gene

when comparing the fold change in expression between untreated to M-CSF-treated and

untreated to GM-CSF-treated samples. The p-values were corrected for multiple testing

via a Benjamini–Hochberg correction and an adjusted p-value threshold of 0.05 was

selected. Genes with an adjusted p-value lower than 0.05 were therefore determined to

be differentially expressed. In this way, two lists of DEGs were identified based on

treatment with either M-CSF or GM-CSF.
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2.8 Over-representation analysis

While the DEGs provide a wealth of information regarding how the gene expression of

samples is correlated with treatment, they lack the specific context of biological

function. Functional enrichment analysis (FEA) is the process by which this biological

context may be assigned to a list of genes, in this case, those whose expression change

was significantly correlated with M-CSF or GM-CSF treatment. The clusterProfiler

v4.7.1.003 (Yu et al., 2012) package was selected for this process due to its vast array of

up-to-date tools for FEA and for visualising enrichment results (Wu et al., 2021).

ClusterProfiler makes use of biological ontologies through a number of databases

including Gene Ontology (GO; Ashburner et al., 2000), Kyoto Encyclopedia of Genes

and Genomes (KEGG; Kanehisa and Goto, 2000), and Disease Ontology (DO; Osborne

et al., 2009). Ontologies refer to a set of well-defined terms and their relationships to

one-another. The GO database provides annotations for the following ontologies:

molecular functions (MF), cellular components (CC), and biological processes (BP;

Ashburner et al., 2000). The three ontologies provided by the GO Consortium house

different kinds of information. MF refers to the biochemical activity of a gene product,

whereas CC is related to the cellular location at which these MFs typically occur. The

BP ontology refers to the biological objective to which a gene or gene product

contributes (Ashburner et al., 2000). The primary interest of this study is the

identification of markers of differentiation, which is itself a biological process. Thus, the

BP ontology was the primary lens through which the FEA was performed.

Each ontology type (MF, CC, and BP) within the GO database has a defined set of ‘GO

terms’ for (Ashburner et al., 2000). These GO terms comprise a group of genes/gene

products which represent a biologically meaningful class. The relationship between GO

terms can be described as nodes in a network, referred to as a directed acyclic graph.

Linked nodes in the graph represent ontologies which share common genes. This graph

is directed, as some nodes are ‘parents’ to others, meaning that they encompass all of

the genes in the ‘child’ term. This system allows a great deal of

experimentally-validated information about genes and their products to be represented

as part of this network (Ashburner et al., 2000). ClusterProfiler gathers human ontology
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information from the relevant databases through the use of the org.Hs.eg.db v3.16.0

package, available through bioconductor (Gentleman et al., 2004).

FEA was performed through the use of over-representation analysis (ORA), which

identifies statistically significant differences in the observed number of differentially

expressed genes when compared to the expected number if they were to be randomly

sampled. Specifically, p-values are calculated for each GO term using a hypergeometric

distribution. As the goal is to identify over-represented GO terms, statistically

under-represented terms are ignored. This corresponds to a one-sided version of Fisher’s

exact test. Essentially, the number of genes belonging to each GO term are counted and

related to the total number of supplied genes. This ratio is then also determined for the

‘universe’, which is the set of all genes supplied to prior statistical testing, i.e. all genes

whose expression was quantified in this study. In this case, the universe was the set of

genes that were previously supplied to DESeq2. Lastly, Benjamini-Hochberg correction

(Benjamini and Hochberg, 1995) is employed to adjust p-values, along with q-value

estimation to control for the false discovery rate (Storey, 2002).

As outlined in section 2.6, the GO database makes use of Entrez gene IDs (Maglott et

al., 2007), necessitating the conversion from Ensembl gene IDs (Martin et al., 2023).

The discrepancy in the conversion between these IDs had implications for FEA due to

the means by which clusterProfiler determines the statistical significance of the

over-representation of genes for a given GO term.

ORA was performed on the lists of DEGs using clusterProfiler’s ‘enrichGO’ function,

which utilised the most up to date annotations from the GO database (The Gene

Ontology Consortium et al., 2023). This process was then repeated for partitioned sets

of DEGs, namely those that were found to be differentially expressed in only one

treatment, or common to both treatments. In each case, a strict adjusted p-value

threshold of p < 0.05 was implemented, as well as a q-value threshold of q < 0.05. Thus,

five separate sets of significantly enriched GO terms were identified, each

corresponding to a specific set of DEGs.

GO enrichment results often have high levels of redundancy due to the

interconnectedness of similar terms (Wu et al., 2021). Therefore, clusterProfiler

implements a means of simplifying the resultant GO terms using the GOSemSim
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v2.24.0 (Yu, 2020) package. The graph-based Wang method (Wang et al., 2007) was

used to calculate the semantic similarity scores between GO terms. Groups of GO terms

sharing a semantic similarity higher than a specified threshold were excluded, retaining

only the single GO term from the group with the smallest adjusted p-value. A similarity

threshold of 0.7 was implemented to remove redundancy in the enrichment results.

2.9 Construction of transcription factor protein-protein interaction networks

In order to explain the distinct patterns of gene expression across the two treatments,

potential transcription factors were identified within the lists of DEGs, as well as the

genes encoding their known protein-protein interacting partners. This was achieved by

identifying genes belonging to the ‘sequence-specific DNA binding’ molecular function

GO term (Tripathi et al., 2013). BiomaRt was used to gather known GO term names for

each DEG associated with M-CSF and GM-CSF. The lists of DEGs were then filtered

for those belonging to the sequence-specific DNA binding GO term, allowing two lists

of potential transcription factors to be generated. These lists were then compared with

key GO enrichment results to identify transcription factors that were differentially

expressed and involved in key biological processes such as myeloid cell differentiation

and regulation of inflammatory response.

Known protein-protein interactions for the transcription factors were gathered via the

STRING v12.0 database (Szklarczyk et al., 2015). STRING aggregates protein-protein

interactions based from high-throughput experimental data, through the mining of

databases and literature, and from predictions based on genomic context analysis (von

Mering et al., 2005). Probability scores are assigned to each protein-protein interaction

from a given source, and these scores are then integrated to give a final probability score

(von Mering et al., 2005). The known protein-protein interactions for each transcription

factor were downloaded in the form of a .tsv file. Interaction parameters were set to a

maximum of 50 interactions with a high confidence threshold of 0.7 (von Mering et al.,

2005). This allowed for a large number of highly likely protein-protein interactions to

be identified for each transcription factor.
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Lastly, the full lists of interaction partners for each transcription factor were checked

against the lists of DEGs to identify those that were significantly differentially

expressed in association with one or both of the treatments. Interacting partners that

were not differentially expressed in at least one treatment were removed. The

differentially expressed transcription factors, along with their differentially expressed

interacting partners, were then used to construct networks using Cytoscape v3.10.1

(Shannon et al., 2003) in conjunction with stringApp v2.0.3 (Doncheva et al., 2019) and

Omics Visualiser v1.3.1 (Legeay et al., 2020). The clusterMaker2 v2.3.4 (Morris et al.,

2011) app was used to deconvolute networks via a Markov clustering algorithm (MCL).

A selection of the most interconnected and uniquely differentially expressed

transcription factors were retained and shown within the final network diagrams.
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Chapter 3: Results

3.1 Sequencing data quality

FastQC, and subsequently MultiQC, were used to aggregate ten metrics of sequence

data quality (Figure 3.1). Interpretation of these metrics was conducted as outlined by

Andrews (2010), with each file being marked as either successful (light blue), abnormal

(intermediate blue), or failing (dark blue) for each metric. As each pair of files

represents an individual donor and condition combination, file pairs (files sharing the

same code such as SRR16816545.1 and SRR16816545.2) are referred to as samples

henceforth.

Most importantly, the per base sequence quality was successful across all nine samples.

This metric is determined using the per-base Phred scores present within the fastq files

as reported by the sequencing instrument. For each base, FastQC examines the median

and quartiles for Phred scores. A file is considered to be of passing quality if the lower

quartile Phred score for every base is ten or higher, and if the median score is 25 or

higher. A Phred score of 25 corresponds to a 99.68% accuracy in the base call, meaning

that the median quality score across all bases in all files was at least 99.68% accurate.

The per tile sequence quality for 14 of the 18 files was marked as a failure, with one file

being flagged as abnormal, and the final three files passing. Failures of this metric were

expected due to the stringent requirements for per tile sequence quality and the nature of

this particular dataset. If any tile shows a mean Phred score two or more below the

mean for that base across all tiles then this metric is marked as abnormal for the entire

sample. If any tile shows a mean Phred score five or more lower than the mean for that

base across all tiles then it is marked as a failure. However, an examination of the

individual plots reveals no large-scale errors within tiles (data not shown). Wherever a

tile was flagged, it was typically only for a small section of compromised bases,

indicating that reads produced from said file were still overall of high quality. As a

result, no tiles were filtered from any of the files.
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Figure 3.1 MultiQC heatmap of aggregate statistics. For each of the nine pairs of
fastq files the per base sequence quality, per tile sequence quality, per sequence quality,
per base sequence content, per sequence GC content, per base N content, sequence
length distribution, sequence duplication, overrepresented sequences, and adapter
content were determined. A light blue tile indicates the metric passed for the sample.
Intermediate blue indicates an abnormality, whereas dark blue indicates a failure.

The per sequence quality scores were acceptable for all nine samples. Unlike the per

base quality score, which examined each base averaged over all sequences, this metric

examined each individual sequence’s average Phred score, with a threshold of 27

(99.8% accuracy). As each of the nine samples met this quality metric, it can be firmly

stated that accurate reads were present across all samples.

The per base sequence content was marked as highly unusual, however this is to be

expected for RNA-seq data given the library preparation involved. Specifically, up to

the first twelve base pairs at the 5’ end of an RNA-seq read are likely to have a biassed

composition due to the use of random hexamers and fragmentation using transposases

(Roberts et al., 2011). The presence of this bias across all sequences can alter the

proportions of nucleotide bases beyond the 20% margin of error measured by FastQC.
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Hence, whilst there is an underlying technical bias present, it is the result of normal

RNA-seq library preparation. Furthermore, trimming these sections does not markedly

improve downstream analyses as salmon (Patro et al., 2017) accounts for such biases

through its bias models. Hence, no trimming was performed on reads.

Per sequence GC content was the most inconsistent metric across all nine samples.

Eight files passed, nine files were abnormal, and one file failed outright. Abnormalities

and failures of this metric are defined by summing the deviations from the modelled

normal distribution automatically determined by FastQC. Specifically, if more than 15%

or 30% of the reads are detected as deviating from the distribution then the sample is

marked as abnormal or a failure, respectively. This is a more complex metric to explain,

however it is likely that the highly varied nature of RNA-seq reads, in combination with

certain overrepresented sequences or highly expressed genes, could be enough to

perturb average GC content within a sample.

Both per base N content and sequence length distribution were successful metrics for all

samples. A base call of ‘N’ represents an ambiguous call by the sequencer and is

typically not systemic. FastQC raises a warning if any base position shows an N content

of > 5%, where all nine samples were closer to 0%. Sequence length distribution was

also unlikely to fail as all reads were exactly 151bp across all samples.

Sequence duplication levels were failed for all samples, indicating that more than 50%

of the total sequences within the first 100 000 were non-unique. RNA-seq typically

produces this phenomenon when utilising FastQC, as sequencing depth is prioritised in

order to capture lowly-expressed genes (Andrews, 2010). Hence, more common

transcripts are greatly over-represented, as is further indicated by the overrepresented

sequences metric being marked as abnormal for all samples.

Lastly, there was a high degree of adapter content within each sample. In particular,

‘Illumina Universal Adapters’ were detected as having a presence in more than 10% of

all reads. While this could affect mapping rates, correction for such bias would involve

trimming of adapter sequences. The degree to which trimming is performed has been

shown to affect RNA-seq expression estimates (Williams et al., 2016). Furthermore,
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trimming can vastly increase the computational burden. As a result, the decision was

made to perform no trimming in order to maintain a streamlined data pipeline.

3.2 Pseudoalignment mapping rates

Mapping performed by salmon produced low mapping rates relative to what would be

expected for RNA-seq data of substantive quality (Figure 3.2). In particular, the

untreated group achieved mapping rates of 28.31%, 39.16%, and 33.49% for donors

one, two, and three, respectively. This indicates that less than half of fragments within

the files mapped to a known feature on the human reference transcriptome. The six

treated samples had mapping rates ranging from 51.10% - 59.83%, substantially higher

than the untreated samples. One would typically expect rates between 60 and 70%

although this can be slightly lower when mapping to a reference transcriptome (Conesa

et al., 2016).

The discrepancy in mapping rates between the untreated and treated datasets could be

caused by underlying biological and technical differences. Biologically, monocytes and

macrophages have distinct patterns of gene expression. Distinctions in which transcripts

were present within the cells may thus be contributing to lower mapping rates for the

untreated samples. The FastQC analysis of the untreated files revealed a higher degree

of sequence duplication, which could be further contributing to the mapping rate

discrepancies. This presents an important shortcoming of these analyses, as unmapped

transcripts could represent meaningful underlying biological differences. However,

without the presence of technical replicates the nature of these unmapped fragments is

difficult to determine. As a result, despite the statistical rigour present throughout these

analyses, care should be taken when drawing biological conclusions in the absence of

further validation.

43

https://www.zotero.org/google-docs/?2aGEBy
https://www.zotero.org/google-docs/?2aGEBy


Figure 3.2 Percentage of mapped reads per sample. The turquoise portion of the bars
represent the percentage of reads successfully mapped to the reference transcriptome
during salmon quantification, while the dark blue portion shows unmapped reads.
Samples were grouped according to treatment type, specifically untreated (left),
M-CSF-treated (middle), and GM-CSF-treated (right).

3.3 Filtering and quality control

The count matrix constructed using tximport retained 28 340 features for subsequent

analyses. The total normalised and unnormalised counts for each sample were examined

to determine how DESeq2’s normalisation via size factors altered the number of counts

per sample (Figure 3.3). Donor two’s untreated sample displayed a smaller number of

total counts (and hence lower sequencing depth) when compared to all other samples.

Therefore, normalisation vastly increased this sample’s total counts. The three

M-CSF-treated samples were varied in their total counts prior to normalisation.

Following normalisation this variation was removed, generally reducing overall count
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levels. A similar reduction in total counts was observed for the three GM-CSF-treated

samples, although they lacked initial variation in total counts.

Figure 3.3 Barplots of total counts before and after normalisation. Total counts per
column (sample) of the count matrix were determined pre and post normalisation. The
total unnormalised counts for the untreated samples (turquoise) were substantially
increased via DESeq2’s normalisation, whereas the opposite was true for GM-CSF
(dark blue) and M-CSF (light green).

Given the unusual distribution of total counts with respect to donor two’s untreated

sample, as well as the overall count variations, the normalised counts produced by

DESeq2’s algorithm were subjected to a PCA to examine the clustering of the nine

samples (Figure 3.4). A tight clustering was observed for each sample group based on

treatment type, with PC1 splitting untreated samples from treated samples and

accounting for 70% of variance. PC2 accounted for 22% of variance and distinctly

separated the M-CSF and GM-CSF samples. This distinctive clustering indicates that

each biological replicate was highly similar to other members of its treatment group

following normalisation.
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Figure 3.4 PCA of normalised counts. Untreated (blue) and treated (red) groups were
heavily split by PC1, with M-CSF and GM-CSF treatments being split by PC2. Clusters
were distinct, with replicates from a given group converging tightly for M-CSF and
GM-CSF. There was slightly more dispersion in the untreated cluster, with one replicate
further distancing itself along the first principal component.

3.4 Macrophage marker gene expression changes

Four known markers of differentiation in monocyte-derived-macrophages (MDMs),

namely SPP1, CSF1R, FCGR3A, and MRC1, were examined in order to validate that

differentiation had successfully occurred within the treated cells. All of these selected

genes were significantly differentially expressed and upregulated by both M-CSF and

GM-CSF (Figure 3.5). MRC1 showed the highest level of counts, followed by SPP1,

CSF1R, and finally FCGR3A. For each of these genes, the untreated samples displayed

low counts with a small degree of variance. The expression of genes such as FCGR3A

and SPP1 was varied within treatment groups, being especially pronounced for

GM-CSF. Given the importance of these markers in distinguishing monocytes from

macrophages, these results clearly indicate the successful differentiation of these

monocytes into macrophages.
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Figure 3.5 Boxplots of known marker genes of MDMs. Four differentially expressed
known markers of differentiated monocyte-derived-macrophages. Each of the boxplots
are titled by gene name and show normalised counts for the three replicates based on
condition. Untreated are green (left), GM-CSF are red (orange), and M-CSF is blue
(right) for each of the plots. The thresholds for significance were an adjusted p-value <
0.05 and a LFC > |1|.

Given that M-CSF and GM-CSF are known to polarise macrophages towards the M2

and M1 subtypes, respectively, the relative expression change of 15 M1 and 15 M2

macrophage subtype marker genes was examined (Figure 3.6). Six M1 and nine M2

markers were significantly differentially expressed in at least one treatment. Of these

significantly differentially expressed markers, all M1 genes were downregulated in both

treatments. Conversely, seven of the nine differentially expressed M2 genes were

upregulated in M-CSF, while five were significantly upregulated for GM-CSF. FOLR2

was not differentially expressed in association with GM-CSF treatment, while IGF1 and

IL10 were significantly downregulated. Finally, IL10 and PPARD were slightly

downregulated for M-CSF, although this was not significant enough to represent

differential expression. The direction of expression change was largely consistent across
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both treatments, with the notable exception of IGF1. IGF1 was the only differentially

expressed marker to have an inverse direction of change between treatments, as it was

upregulated in M-CSF and downregulated in GM-CSF.

Figure 3.6 Heatmap of known macrophage subtype markers for M-CSF and
GM-CSF. 30 known markers of differentiated monocyte-derived-macrophages were
examined, with M1 markers on the right and M2 markers on the left. Tiles are coloured
according to the LFC of a given treatment's normalised counts relative to the untreated
samples. The outer ring of the heatmap represents the M-CSF treated samples relative to
the untreated samples. The inner ring of the heatmap represents the GM-CSF treated
samples relative to the untreated samples. Entirely grey bars indicate genes that were
not present within the count matrix. The thresholds for significance were an adjusted
p-value < 0.05 and a LFC > |1|.
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3.5 Differential gene expression analysis

Following the evaluation of specific marker genes, a broader examination of the

differential gene expression results was conducted. Of the 28 340 features present

within the count matrix a total of 5 737 (~20%) DEGs were identified across both

treatments (Figure 3.7A). M-CSF treatment produced 4 072 DEGs while GM-CSF

treatment produced 4 399 DEGs. The full lists of DEGs can be found in the appendices

(Tables S1 and S2). A substantial number of DEGs (2 734) were differentially expressed

for both treatments, meaning that ~47% of the total number of DEGs across both lists

were common.

These DEGs were further separated by their LFC, with a positive LFC indicating an

increase in expression and a negative LFC indicating a reduction in expression in

relation to the expression levels in the untreated monocytes. A higher number of

downregulated DEGs (Figure 3.7C) were observed relative to the number of

upregulated DEGs (Figure 3.7B). However, the degree of commonality among

upregulated and downregulated DEGs across the two treatments was very consistent, at

~46% and ~47%, respectively.

The total set of DEGs across both treatments skewed towards being downregulated, as

3 677 (~64%) of the total 5 737 DEGs were downregulated, while only 2 085 (~36%) of

all DEGs were upregulated. Upon inspection there appears to be a discrepancy in the

total number of DEGs between figures. However this is due to a set of 25 genes that

were inversely regulated, being upregulated in one treatment and downregulated in

another. Given the high number of DEGs, even when splitting based on LFC, reduced

sets of known marker genes were examined to elucidate the potential phenotypic

characteristics of the macrophages following treatment.
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Figure 3.7 Venn diagrams of differentially expressed genes. Three Venn diagrams are
shown, namely; (A) all genes (left), (B) upregulated genes (top right), and (C)
downregulated genes (bottom right). Red circles represent DEGs from GM-CSF
treatment, whereas blue circles show DEGs from M-CSF treatment. Overlaps of the two
circles show the number of genes shared between the two given lists. The proportion of
DEGs unique to a given list are represented by the non-overlapping regions of the
circles. The thresholds for significance were an adjusted p-value < 0.05 and a LFC > |1|.

3.6 GO Enrichment Analysis

GO (Ashburner et al., 2000) enrichment analysis was performed on the full set of 4 072

and 4 399 DEGs resulting from each treatment. This resulted in 67 (Table S3) and 76

(Table S4) enriched GO terms for M-CSF and GM-CSF, respectively. A selection of the

GO terms most statistically overrepresented within the lists of DEGs was visualised as

an enrichment map to illustrate the relationships between the top GO terms for both

M-CSF and GM-CSF (Figure 3.8). The network comprises 48 nodes, 20 of which are

shared GO terms that were enriched for both treatments. One third of the network is

50

https://www.zotero.org/google-docs/?k48giT


made up of unconnected GO terms (16 nodes), indicating a range of independent

biological processes associated with the sets of DEGs.

Three main modules can be identified within the network, being those that have four or

more connections between terms. The smallest of these modules, located in the bottom

right of the network, contains five nodes exclusive to GM-CSF. The GO terms of this

module are involved in the process and regulation of DNA replication. Towards the top

of the network is the largest module, containing enriched GO terms unique to and

shared across the two treatments. A highly connected core of this module involves

biological processes related to chromosome and nucleosome organisation. However, the

largest node of this module is distant from this core and is shared by M-CSF and

GM-CSF, namely ‘myeloid cell differentiation’. The last of the three modules, located

on the left side of the network, contained seven nodes associated with leukocyte

functions. Four of these nodes were shared by M-CSF and GM-CSF, namely ‘leukocyte

migration’, ‘leukocyte chemotaxis’, ‘response to lipopolysaccharide’, and ‘regulation of

inflammatory response’. The myeloid cell differentiation and regulation of

inflammatory response GO terms were of particular interest in this study.

A potential avenue of further investigation was the use of partitioned DEG sets in ORA.

Using a partitioned set of DEGs (rather than the full set) in ORA provides a more

focused GO enrichment outcome, although it lacks the holistic context provided by the

full set. Partitioning of the full DEG set for each treatment was performed on the basis

of being unique to one of the treatments, or common across both. Neither the 1 338 nor

the 1 665 DEGs unique to M-CSF and GM-CSF, respectively, produced an enrichment

result, meaning that no biological processes were overrepresented within these lists of

DEGs. This leads one to expect that a high number of the commonly differentially

expressed genes would be involved in the biological processes enriched for the full sets

of DEGs. This was demonstrated in the enrichment result produced by this common set

of 2 734 DEGs, which comprised 47 GO terms. Included in this enrichment were the

GO terms ‘regulation of inflammatory response’ and ‘myeloid cell differentiation’,

which had already been deemed to be of interest.
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Figure 3.8 Enrichment map of GO terms for GM-CSF and M-CSF. A subset of GO
terms for GM-CSF (red) and M-CSF (blue) are displayed. Nodes (coloured circles)
represent GO terms and are sized according to the number of DEGs they contain. The
two circles in the bottom left of the figure show scale for node size according to the
smallest node (ten genes) and the largest node (165 genes). The grey lines connecting
two nodes indicate an overlap in the gene sets comprising the nodes, with thicker lines
showing greater overlap. GO terms that were enriched for both GM-CSF and M-CSF
are a mixture of red and blue.

In order to identify differences in gene expression within the aforementioned biological

processes across treatments, the degree of expression change in the corresponding genes

was examined. The ‘myeloid cell differentiation’ biological process contained 85 DEGs

52



common to both treatments, 32 DEGs unique to GM-CSF, and 22 DEGs unique to

M-CSF (Figure 3.9). Of the 85 common DEGs, inhibin subunit beta-A (INHBA) was the

only one to display an inverse direction of change across treatments. A number of other

common DEGs displayed different magnitudes of change in their expression across the

two treatments.

Figure 3.9 Heatmap of DEGs found within the myeloid cell differentiation GO
term. A total of 139 differentially expressed genes were associated with the myeloid
cell differentiation GO term across both treatments. The common genes (right) and the
uniquely differentially expressed genes (left) are split between the two arcs of the
heatmap. Tiles are coloured according to the LFC of a given treatment's normalised
counts relative to the untreated samples, with orange showing increased expression and
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blue representing decreased expression relative to untreated cells. Gene symbols are
displayed along the interior of the ring. The inner ring of the heatmap represents the
GM-CSF treated samples relative to the untreated samples. The outer ring of the
heatmap represents the M-CSF treated samples relative to the untreated samples. Grey
tiles indicate a lack of differential expression based on thresholds of an adjusted p-value
< 0.05 and a LFC > |1|.

The ‘regulation of inflammatory response’ biological process was closely examined

given its particular relevance to the distinct way in which M-CSF and GM-CSF are

expected to prime differentiated macrophages. A high degree of commonality was once

again observed, with 70 DEGs common to both treatments, 24 DEGs unique to

GM-CSF, and 30 DEGs unique to M-CSF (Figure 3.10). Two genes displayed inverse

expression changes, namely CC chemokine receptor 2 (CCR2) and IGF1, being

upregulated in GM-CSF and M-CSF, respectively.

54



Figure 3.10 Heatmap of DEGs found within the regulation of inflammatory
response GO term. A total of 124 differentially expressed genes were associated with
the regulation of inflammatory response GO term across both treatments. The common
genes (right) and the uniquely differentially expressed genes (left) are split between the
two arcs of the heatmap. Tiles are coloured according to the LFC of a given treatment's
normalised counts relative to the untreated samples, with orange showing increased
expression and blue representing decreased expression relative to untreated cells. Gene
symbols are displayed along the interior of the ring. The inner ring of the heatmap
represents the GM-CSF treated samples relative to the untreated samples. The outer ring
of the heatmap represents the M-CSF treated samples relative to the untreated samples.
Grey tiles indicate a lack of differential expression based on thresholds of an adjusted
p-value < 0.05 and a LFC > |1|.
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3.7 Transcription factor network construction

Given the large number of DEGs involved in both the ‘myeloid cell differentiation’ and

‘regulation of inflammatory response’ GO terms, a targeted examination of the

transcription factors was conducted. Of the 4 072 and 4 399 DEGs for M-CSF and

GM-CSF, respectively, 233 and 222 were identified as possible transcription factors due

to having sequence specific DNA-binding activity (Tables S5 and S6). These full lists of

transcription factors were cross-referenced with the DEGs associated with the two GO

terms of interest. The DEGs associated with myeloid cell differentiation contained 27

potential transcription factors, while 15 were associated with regulation of inflammatory

response (Table S7). The known protein-protein interactions (PPIs) for each of these

differentially expressed transcription factors were obtained from the STRING database

as described in section 2.9.

Of the 27 differentially expressed transcription factors associated with myeloid cell

differentiation, four were selected due to their high number of PPIs, relevance in the

literature, and their treatment-specific differential expression. MAFB, MYC, RUNX1,

and SPI1 are all known to play important roles in coordinating the differentiation of

monocytes into macrophages. A brief description of each of these transcription factors

and their roles is provided in Table 3.1. A network was constructed based on these

transcription factors and their differentially expressed interacting partners (Figure 3.11).

These networks were constructed to display the LFC of both M-CSF and GM-CSF in a

ring around each node (gene), with the left hand half representing M-CSF and the right

hand half representing GM-CSF.
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Table 3.1 Uniquely differentially expressed transcription factors involved in

myeloid cell differentiation.

Treatment Transcription
Factor

Log2
Fold

Change

Function Reference

GM-CSF MAFB -5.96341 Regulation of lineage-specific
hematopoiesis via repression of
ETS1-mediated transcription of
erythroid-specific genes in
myeloid cells.

(Kelly et al.,
2000)

MYC 1.997188 Forms a heterodimer with the
related transcription factor MAX,
which in turn regulates the
transcription of genes involved in
cell cycle progression, apoptosis
and cellular transformation.

(Lüscher,
2001)

M-CSF RUNX1 -2.74228 Binds to the core element of many
enhancers and promoters for
genes involved in the
development of normal
hematopoiesis.

(de Bruijn
and Dzierzak,
2017)

SPI1 -1.68897 Activates gene expression during
myeloid and B-lymphoid cell
development via promoters of
target genes, and regulates their
expression in coordination with
other transcription factors and
cofactors.

(Li et al.,
2020)

The network resulting from the four myeloid cell differentiation transcription factors

comprised four main modules, one for each transcription factor. The MYC gene, being

uniquely differentially expressed in M-CSF, had the highest degree of connectivity

involving 33 other DEGs. The other modules were smaller than MYC, with SPI1 having

14 other genes in its network, MAFB having five, and RUNX1 having three. Lastly, the
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SRC and NCF1 genes, although having known interactions with one or more of the

query transcription factors, clustered separately.

Figure 3.11 STRING network of select transcription factors involved in myeloid
cell differentiation. Nodes represent differentially expressed genes. Nodes coloured
black represent the selected transcription factors, while grey nodes represent interacting
partners. Nodes are connected via edges, the thickness of which is proportional to
confidence of the protein-protein functional interaction. Each node is surrounded by a
ring representing the Log2 fold change the gene experienced under each treatment, with
the left hand half representing M-CSF and the right hand half representing GM-CSF. In
cases where one of these halves are grey, it indicates that the gene was not differentially
expressed in the corresponding treatment (significance thresholds being an adjusted
p-value < 0.05 and a LFC > |1|).

Of the 15 differentially expressed transcription factors associated with the regulation of

inflammatory response, five were selected following a similar justification to the

previous network (Table 3.2). The network for these five genes was likewise

constructed following the same approach, but now involved NFKB1, NR1D2, PPARD,

CLOCK, and RB1 (Figure 3.12).
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Table 3.2 Uniquely differentially expressed transcription factors involved in the
regulation of inflammatory response.

Treatment Transcription
Factor

Log2 Fold
Change

Function Reference

GM-CSF NFKB1 -1.99603 DNA binding subunit of the
NF-κB protein complex, which
directly controls inflammatory
gene expression.

(Cartwright et
al., 2016;
Somma et al.,
2021)

NR1D2 -3.31761 Transcriptional repressor
involved in circadian rhythms
and metabolism.

(Chen et al.,
2020; Ikeda et
al., 2019)

PPARD 1.718916 Integrator of transcriptional
repression and nuclear receptor
signalling involved in lipid
metabolism.

(Chawla,
2010)

M-CSF CLOCK 2.432183 Regulation of circadian
rhythms.

(Chen et al.,
2020)

RB1 4.10156 Negative regulator of the cell
cycle and inflammation.

(Hutcheson et
al., 2015)

Four main modules were once again observed, due to CLOCK and NR1D2 clustering

together. NFKB1 was found within the largest module, being associated with 36 other

DEGs. The smaller modules comprised twelve, twelve, and four interacting partners in

addition to the transcription factors CLOCK/NR1D2, RB1, and PPARD, respectively.

Lastly, the BTRC, CRABP2, and RARA genes did not cluster together with any of the

query transcription factors.
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Figure 3.12 STRING network of select transcription factors involved in the
regulation of inflammatory response. Nodes represent differentially expressed genes.
Nodes coloured black represent the selected transcription factors, while grey nodes
represent interacting partners. Nodes are connected via edges, the thickness of which is
proportional to confidence of the protein-protein functional interaction. Each node is
surrounded by a ring representing the Log2 fold change the gene experienced under
each treatment, with the left hand half representing M-CSF and the right hand half
representing GM-CSF. In cases where one of these halves are grey, it indicates that the
gene was not differentially expressed in the corresponding treatment (significance
thresholds being an adjusted p-value < 0.05 and a LFC > |1|).
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Chapter 4: Discussion

M-CSF and GM-CSF are known to induce differentiation in monocytes, as well as

distinctly priming the resultant macrophages. This study aimed to identify the distinct

changes in gene expression which occur as a result of these two treatments. Differential

expression analysis identified the genes which experienced significant change in

expression correlated with the two treatments. Over-representation analysis was then

used to determine the GO terms which were statistically overrepresented within the two

lists of DEGs. Of the large number of biological processes which were overrepresented,

myeloid cell differentiation and the regulation of inflammatory response were of

particular interest in addressing the aforementioned aim. The genes involved in these

processes were examined, in particular, those whose expression changed in different

ways across the two treatments. Finally, potential transcription factors were identified,

along with their associated interacting partners, in an attempt to further characterise

distinct expression changes.

4.1 Marker gene expression changes

The examination of 30 known M1 and M2 macrophage markers revealed that

M-CSF-induced macrophages did not exhibit a definitive M2-like gene expression

profile and GM-CSF-induced macrophages did not exhibit a definitive M1-like gene

expression profile. The M1 marker genes displayed a distinct lack of significant

upregulation, while significant downregulation occurred for CXCL2, IL1B, IL6, NFKB1,

NFKB2, and PELI1. This indicates an avoidance of the M1-like gene expression profile

in macrophages produced by both M-CSF and GM-CSF. Conversely, the M2 marker

genes CCL22, CD163, CD209, FOLR2, IGF1, MSR1, and PDCD1LG2 experienced

upregulation, particularly associated with M-CSF. Where M-CSF-induced macrophages

experienced downregulation of M2 markers, such was the case with IL10 and PPARD,

this downregulation was not significant. Three M2 markers experienced downregulation

in association with GM-CSF. IGF1 and IL10 were significantly downregulated and

FOLR2 was not.
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The lack of definitive polarisation towards either M1 or M2 was further evident in those

marker genes that were not differentially expressed. For example, essential M1 subtype

genes encoding enzymes and cell surface markers such as NOS2, CD80, CD86, and

TNF were not differentially expressed. A similar lack of commitment to M2-like

behaviour was observed in the lack of significant change in ARG1, IL4R, and

CLEC10A. Although limited conclusions can be drawn from the lack of differential

expression of known marker genes, this lack of differential expression was in itself

significant.

Certain M1 and M2 marker genes demonstrated a unique expression change for one or

more treatments. PPARD was the only M2 marker gene to be significantly upregulated

in GM-CSF and not differentially expressed for M-CSF. Loss of PPARD expression has

been associated with a progression towards an M1 phenotype and increased expression

of inflammatory genes such as IL1B (Chawla, 2010). Thus, increased expression of

PPARD in GM-CSF-induced macrophages is incongruous with the expected progression

towards M1 polarisation. This may indicate a tempering of inflammatory behaviour in

unstimulated GM-CSF-induced macrophages, and will be discussed further in section

4.4. IGF1 experienced an inverse change in expression, being significantly upregulated

in M-CSF and significantly downregulated in GM-CSF. IGF1 expression is strongly

upregulated in IL-4-treated murine macrophages and is crucial in tissue repair mediated

by M2 macrophages (Spadaro et al., 2017). These results demonstrate that, even in the

absence of macrophage stimulation, IGF1 expression may be distinct between M-CSF

and GM-CSF-induced macrophages. Finally, NFKB1 was significantly downregulated

in GM-CSF but not differentially expressed in M-CSF, the implications of which are

discussed in section 4.4.

While numerous gene expression changes were observed that did not correspond with

the expected M1/M2 paradigm, this was not universal. Potentially the most M1-like

behaviour exhibited by GM-CSF macrophages was the downregulation of IL10, which

is well documented within inflammatory macrophages (Iyer and Cheng, 2012).

Although there were both expected and unexpected patterns of marker gene expression,

these results indicate that neither M-CSF nor GM-CSF, in isolation of activating

molecules, caused commitment towards their respective M2 and M1 polarisation states.
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It should be noted that the lack of polarisation may belie a discrepancy in the ability of

macrophages to undergo polarisation depending on the means by which they were

stimulated. M-CSF-treated macrophages may more readily polarise towards an M2

state, while the same may be true of GM-CSF-treated macrophages and an M1 state.

This was further investigated through an examination of the genes associated with the

myeloid cell differentiation and regulation of inflammatory response GO terms.

4.2 Inversely regulated differentially expressed genes

139 and 124 differentially expressed genes were identified in association with myeloid

cell differentiation and the regulation of inflammatory response, respectively. It was

noted, however, that among these differentially expressed genes, only three were

inversely differentially expressed. These were INHBA, involved in myeloid cell

differentiation, and CCR2 and IGF1, involved in the regulation of inflammatory

response. The expression changes of these genes represent clear points to distinguish

between M-CSF and GM-CSF induced macrophages.

INHBA expression was downregulated in M-CSF upregulated in GM-CSF. The INHBA

gene encodes the βA-subunit of the activin/inhibin protein complexes. These complexes

fall under the transforming growth factor-beta (TGF-β) superfamily of proteins, which

represent important inflammatory cytokines in a wide range of cells. Certain

tissue-specific macrophages have been shown to utilise TGF-β as a means of

downregulating pro-inflammatory cytokine production (Smythies et al., 2005). The

observed expression changes in INHBA therefore appear to contradict the expected

inflammatory paradigm of M-CSF and GM-CSF macrophages. However, TGF-β

activity is known to be context-dependent, with blood monocytes and macrophages

increasing inflammatory activity in its presence (Maekawa et al., 2022). Thus, the

observed INHBA expression changes may indicate the context-dependent potential for

macrophages to be pro- and anti-inflammatory in association with GM-CSF and

M-CSF, respectively.
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CCR2 expression was downregulated in M-CSF and upregulated in GM-CSF. CCR2

enables chemotaxis in monocytes and macrophages through binding of monocyte

chemoattractant protein-1 (MCP-1), which is encoded by the CCL2 gene (Tsou et al.,

2007). The resultant signalling cascade enables infiltration of sites of infection, where

MCP-1 is prevalent. CCR2 deficiency has been shown to impair wound healing through

disruption of inflammation initiation in murine models (Boniakowski et al., 2018). The

CCR2/CCL2 axis of control has been shown to be affected uniquely by both GM-CSF

and M-CSF and enable the polarisation towards their respective M1 and M2 states

(Sierra-Filardi et al., 2014). Increased CCR2 expression associated with GM-CSF

therefore indicates a proclivity towards macrophage recruitment and initiation of

inflammation. The inverse is likely true, as M-CSF macrophages are potentially less

sensitive to MCP-1, preventing them from being recruited in early infection and

enabling the initial inflammatory response to develop.

IGF1 expression was upregulated in M-CSF and downregulated in GM-CSF. As

previously mentioned, IGF1 is a traditional M2 macrophage subtype marker. IGF1 has a

broad range of effects including cell growth, proliferation, metabolism, and tissue repair

and regeneration (Spadaro et al., 2017). Early transcriptomic examinations of

macrophage polarisation revealed a ~6 fold difference in the expression of IGF1

between M1 and M2 macrophages (Martinez et al., 2006). This difference has been

determined to be less extreme between M0 and M2 macrophages (Spadaro et al., 2017).

These findings therefore suggest IGF1 as a potential early indicator of polarisation in

M-CSF and GM-CSF-induced macrophages.

This study has highlighted that INHBA, CCR2 and IGF1 may be useful as markers of

differentiation in MDMs, with the potential to distinguish macrophages induced by

M-CSF and GM-CSF. Further research is required to validate the expression levels of

these genes and the resultant proteins in M-CSF and GM-CSF-induced MDMs.
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4.3 Transcription factors involved in myeloid cell differentiation

Four uniquely differentially expressed transcription factors belonging to the myeloid

cell differentiation GO term were identified and deemed to be of interest.

The MYC gene encodes the c-MYC transcription factor which binds specific DNA

sequences through a basic-helix-loop-helix motif (Blackwell et al., 1990).

Dysregulation of c-MYC is typically associated with tumorigenesis due to its important

role in cellular metabolism and proliferation (Dang, 2013). In macrophages, c-MYC has

been shown to enable M2 polarisation through regulating the expression of key

anti-inflammatory genes such as STAT6 and PPARG (Pello et al., 2012). However,

neither STAT6 nor PPARG were significantly differentially expressed. The upregulation

of MYC by GM-CSF may therefore present an explanation for the lack of M1-like gene

expression. The lack of differential expression of MYC in M-CSF may be the result of

expression levels returning to baseline following differentiation.

MAFB expression was significantly downregulated in association with GM-CSF

treatment. MAFB, in conjunction with MAF, plays an extensive role in regulating

differentiation of numerous cell lineages (Eychène et al., 2008). In the context of

macrophage biology, both MAFB and MAF drive M2-like gene expression (Cuevas et

al., 2017; Kang et al., 2017). MAFB upregulation in M-CSF and GM-CSF polarised

macrophages has been shown to increase expression of genes such as IL10 and CCL2,

correlated with severe COVID-19 pathogenesis in the lung (Simón-Fuentes et al.,

2023). Therefore, the downregulation of MAFB by GM-CSF would indicate a

suppression of these M2-like characteristics. However, MAF expression experienced

significant upregulation in M-CSF and GM-CSF. Given that these transcription factors

regulate similar gene sets, this could present a mechanism by which cell-fate

commitment is being modulated in these inactivated macrophages.

Both SPI1 and RUNX1 were downregulated in association with M-CSF treatment, but

not GM-CSF. The SPI1 gene encodes the PU.1 transcription factor, an essential

regulator of haematopoiesis (Gupta et al., 2009). The RUNX1 gene is similarly essential,

with normal haematopoiesis being disrupted in deficient murine models (Okuda et al.,

1996). High levels of PU.1 are essential for myeloid cell differentiation, including

65

https://www.zotero.org/google-docs/?9tNrAx
https://www.zotero.org/google-docs/?S6WoU9
https://www.zotero.org/google-docs/?OoddQ4
https://www.zotero.org/google-docs/?Jif4ha
https://www.zotero.org/google-docs/?oThkAy
https://www.zotero.org/google-docs/?oThkAy
https://www.zotero.org/google-docs/?bGD3mk
https://www.zotero.org/google-docs/?bGD3mk
https://www.zotero.org/google-docs/?ZgUKMN
https://www.zotero.org/google-docs/?Dg8Sez
https://www.zotero.org/google-docs/?Dg8Sez


monocyte-to-macrophage differentiation (Li et al., 2020). In macrophages, PU.1 has

been shown to upregulate CSF1R, thereby controlling macrophage behaviour and

sensitivity to M-CSF (Celada et al., 1996). CSF1R was highly upregulated in

association with M-CSF, and to a lesser extent in GM-CSF. When taken in combination,

this may imply a return to baseline expression levels of SPI1 and RUNX1 in

M-CSF-induced macrophages, with the transcription factors having completed their

activity in those cells. Conversely, GM-CSF-induced macrophages did not significantly

downregulate SPI1 or RUNX1 expression. Murine models lacking PU.1 activity

exhibited impaired inflammatory gene expression (Karpurapu et al., 2011). The lack of

change in SPI1 expression may therefore indicate an increased capability to rapidly alter

expression of inflammatory genes.

4.4 Transcription factors involved in the regulation of inflammatory

response

Five uniquely differentially expressed transcription factors belonging to the regulation

of inflammatory response GO term were identified and deemed to be of interest.

The NFKB1 gene was uniquely downregulated in GM-CSF induced macrophages.

NFKB1 encodes one of the subunits for the NF-κB transcription factor (Sen and

Baltimore, 1986). The NF-κB complex acts as a master regulator of many

inflammation-related genes, and its activity is tightly regulated by a number of other

proteins (Miraghazadeh and Cook, 2018; Mussbacher et al., 2023). However, NFKB1 is

merely one of a family of five genes which contribute to the NF-κB dimer, the others

being NFKB2, REL, RELA, and RELB (Pasparakis et al., 2006). Furthermore, numerous

inhibitors of NF-κB exist, which bind dimers within the cytoplasm and prevent

translocation to the nucleus, termed the inhibitors of kappa B kinases (IKKs;

Miraghazadeh and Cook, 2018).

An examination of the protein-protein interaction network reveals that many of the

genes responsible for regulating NF-κB activity were differentially expressed, including

the IKK genes NFKBIA, NFKBIZ, and NFKBIE. These genes were almost exclusively
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downregulated across both treatments, with the exception of NFKBIE, which was only

downregulated in M-CSF-induced macrophages. However, it must be noted that the

complexities of NF-κB regulation and activity are not fully captured by transcriptomics

alone, as regulation of NF-κB-target genes does not directly correlate with the level of

expression of NFKB1 (Mussbacher et al., 2023). Nevertheless, these results suggest

large-scale changes in the activity of NF-κB which may be halting the progression

towards an M1-like phenotype in GM-CSF-induced macrophages.

The CLOCK and REV-ERBβ transcription factors are encoded by the CLOCK and

NR1D2 genes, respectively, and regulate gene expression in accordance with the

circadian rhythm (Ikeda et al., 2019). CLOCK upregulation was only observed in

M-CSF-induced macrophages, while NR1D2 was downregulated in GM-CSF-induced

macrophages. CLOCK expression naturally fluctuates over 24-hour cycles through

negative feedback loops with PER and CRY. In macrophages, CLOCK regulates the

expression of genes involved in antigen presentation, phagocytosis, and general immune

function (Keller et al., 2009). The deletion of PER1 and PER2 in murine models has

been shown to promote an M1-like phenotype in macrophages (Xu et al., 2014). It is

difficult to say whether or not the downregulation of CRY2, NR1D2, PER1, and PER2

and the upregulation of CLOCK is due to the natural rhythm or if it may be the result of

differentiation. These results point to CLOCK and other circadian rhythm genes as

potentially playing a role in macrophage polarisation. Differences in the way this system

is regulated may contribute to the differences in polarisation between M-CSF and

GM-CSF-induced macrophages.

RB1, E2F1, and their associated genes are all involved in cell-cycle regulation. RB1 has

long been known as a tumour suppressor gene given its ability to halt cell-cycle

progression. In recent years, RB1 has also been implicated in innate immune activity

(Hutcheson et al., 2015). Conversely, E2F1 controls the transition from the growth to

synthesis phases of the cell cycle (Weinberg, 1995). RB1 expression was upregulated for

M-CSF, while E2F1 expression was upregulated for GM-CSF. These results suggest

that GM-CSF-induced macrophages were engaged in cell cycle progression, while

M-CSF-induced macrophages were not. This is at odds with the expected results of

these treatments, as M-CSF is known to induce a higher degree of proliferation than
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GM-CSF (Draijer et al., 2019). This may be explained by the time at which cells were

sequenced and the increased expression of CSF1 by GM-CSF-induced macrophages.

Cells were sequenced after seven days, allowing for M-CSF-treated macrophages to

complete their differentiation. However, the increased expression of CSF1 in

GM-CSF-induced macrophages may have caused an increase in proliferation closer to

the time at which they were sequenced. Nonetheless, these differences in cell cycle

control further distinguish the macrophages induced by the two treatments.

GM-CSF-induced macrophages showed an increase in PPARD expression. The PPARD

gene encodes the PPARδ transcription factor, a member of the broader PPAR

transcription factor family which is known to affect macrophage polarisation and

inflammatory behaviour (Toobian et al., 2021). Unlike PPARγ, PPARδ’s role in

contributing towards inflammation is poorly understood (Toobian et al., 2021).

However, murine models have demonstrated the ability of PPARδ to decrease

M1-related cytokines such as IL-6, IL-1β, TNFα, and NF-κB. The SCARB1/2 and

FABP4/5 genes with which PPARδ interacts are all involved in lipid metabolism, which

is differently regulated by M1 and M2 macrophages (Remmerie and Scott, 2018). There

is evidence to suggest that PPARδ enables a switch from the M1 to the M2 phenotype

through changes in lipid metabolism (Schug and Li, 2009). Therefore, the upregulation

of PPARD may be further evidence of a move away from the M1 polarisation state in

GM-CSF-induced macrophages.

It is clear that all nine of the transcription factors discussed above play a role, to one

extent or another, in macrophage polarisation. In particular, the unexpected expression

changes observed in MYC, NFKB1, and PPARD may underlie the lack of M1-like

polarisation in GM-CSF-induced macrophages. Furthermore, the lack of differential

expression in certain transcription factors in M-CSF-induced macrophages may also

underlie the expected lack of polarisation which is characteristic of the treatment.
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4.5 Study limitations

No true biological or technical replicates were present for any of the nine samples,

further necessitating the pooling of similar samples across donors. The introduction of

technical replicates is typically not feasible due to the expense in producing RNA-seq

datasets, and is thus an inherent limitation within the field. However, the tools used in

differential gene expression analysis take these limitations into account.

An important consideration is the loss of resolution when performing ORA due to the

need to convert between gene identifier types. For example, of the 28 340 genes that

formed the background set for ORA, only 15 025 had matching annotation data within

the GO database. The number of DEGs for M-CSF and GM-CSF were 4 072 and 4 399,

respectively. However these numbers were reduced to 3 425 and 3 634 during the ID

conversion process. This reduction in features is unavoidable, as this is an inherent

limitation of the databases. However, the impact of this limitation is potentially

mitigated by the fact that those genes for which ID conversion was unsuccessful are

likely poorly characterised as a result of less functional relevance. Therefore, they may

be less important for this study and the characterisation of monocyte-to-macrophage

differentiation.

When examining DGE analysis results, it is important to consider that a lack of

differential expression does not equate with a lack of expression. The corollary of this

can also be true, where differential expression does not directly equate with the

magnitude of gene expression. Furthermore, this change is measured only at two given

time points, and does not capture nuanced fluctuations in gene expression between time

points. These factors limit the breadth of applicability of the conclusions of studies such

as this.
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4.6 Concluding remarks

This study aimed to identify markers of differentiation in MDMs induced with M-CSF

or GM-CSF. A large number of differentially expressed genes were identified, many of

which were shared across both treatments. An examination of the enriched biological

processes based on the sets of differentially expressed genes, in conjunction with known

macrophage marker genes revealed that the resultant macrophages lacked changes in

expression of genes commonly associated with M1 and M2 polarisation states.

Interrogation of important biological processes revealed three of the commonly

differentially expressed genes to be inversely regulated by the two treatments, namely

CCR2, IGF1 and INHBA. These genes may be of interest in the characterisation of

unstimulated MDMs following their differentiation. Furthermore, nine uniquely

differentially expressed transcription factors involved in key biological processes were

identified, each of which may be contributing to the lack of complete polarisation

following differentiation. Specifically, the downregulation of NFKB1 and upregulation

of MYC and PPARD may be contributing to an absence of inflammatory markers in

GM-CSF-induced macrophages. Ultimately, these results reveal that M-CSF and

GM-CSF-induced macrophages, in the absence of activation, experience highly similar

gene expression changes and a distinct lack of change in key polarisation marker genes.

4.7 Future work

This study identified CCR2, IGF1, and INHBA as genes whose expression changes

distinguished M-CSF and GM-CSF-induced macrophages relative to monocytes.

Experimental validation of the expression levels of these genes through techniques such

as RT-qPCR could strengthen these conclusions. Furthermore, the findings of this study

could benefit from the integration of other data types, including proteomic and

metabolomic data. Integrating RNA-seq data from intermediary time points (between

zero and seven days) could also improve understanding of the way in which MDMs

develop from their monocyte precursors in early differentiation.
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Supplementary Tables

Table S1 M-CSF differentially expressed genes. S1_MCSF_DEGs

Table S2 GM-CSF differentially expressed genes. S2_GMCSF_DEGs

Table S3 M-CSF enriched GO terms. S3_MCSF_GO. Within tables S3 and S4, ID

indicates the identifier for the GO term. Description shows the description for the GO

term of that row. Gene ratio shows the number of DEGs that belong to that GO terms,

divided by the total number of DEGs. Bg ratio represents the total number of genes

from the background set annotated to that GO term, divided by the total number of

genes supplied as the background. P value and p adjusted are metrics for significance.

Table S4 GM-CSF enriched GO terms. S4_GMCSF_GO

Table S5 Potential transcription factors differentially expressed for M-CSF.

S5_MCSF_DETFs

Table S6 Potential transcription factors differentially expressed for GM-CSF.

S6_GMCSF_DETFs

Table S7 Transcription factors associated with GO terms of interest.

S7_GO_DETFs
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