
 

 

 

Transcriptomic diversification along the 

monocyte-macrophage continuum. 

 

 

Suzanne Kathryn Butcher 

ORCID: 0000-0003-0026-4922 

 

 

 

 

 

 

 

 
Doctor of Philosophy - Medicine, Dentistry and Health Sciences 

 

March 2019 

 

University of Melbourne 

Department of Anatomy and Neuroscience  

School of Biomedical Sciences 

 

 

This thesis is submitted in total fulfilment of the requirements for the degree of Doctor 

of Philosophy – Medicine, Dentistry and Health Sciences. 

 

 

 

 

 

 

 

 



Abstract 

Current models of innate immune responses describe hard wired, gene-centric signalling 

networks, with limited capacity to define the molecular mechanisms underpinning transcriptomic 

diversity. It is well established that a transcriptional spectrum of responses accompanies acute 

macrophage activation, however it is unclear whether this spectrum originates in monocytes and 

to what extent it continues throughout reinfection. The contribution of molecular mechanisms 

such as enhancers and alternative transcription start sites is also undetermined. Given the critical 

roles that myeloid cells play in directing acute infection and priming adaptive immunity, it is 

important the regulation of their responses be understood. 

 

This thesis employed bioinformatic analysis of Cap Analysis Gene Expression (CAGE) and 

microarray data to describe transcriptional diversity along the monocyte-macrophage continuum. 

Using CAGE to map transcription start sites for capped RNAs, this thesis has shown that 

pathogen-specific transcriptional diversification commences early in monocyte infection 

(Chapters Three and Four) and continues throughout acute macrophage infection (Chapter Five). 

Transcriptomic diversity during acute infection was the product of kinetic and pathogen-specific 

engagement of distinct transcription start sites. Engagement of multiple transcription start sites 

drove responsiveness by regulating expression amplitude in functionally focused inflammatory 

gene sets and diversifying secondary response networks via expression of distinct protein 

isoforms. Chapter Six extended these studies of acute infection, demonstrating that transcriptional 

phenotypes continue to diversify during reinfection. These findings highlight the importance of 

studying innate immune responses at the isoform level and prompt the need to revise current 

models of innate immune signalling, such that monocyte-macrophage biology should no longer 

be modelled as a series of static states, but rather, as a continually evolving continuum. 
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Chapter One: Introduction 

1.0 Preface 

The underlying role of monocytes in the generation of macrophage phenotypes is poorly 

understood. Biologically, the monocyte/macrophage response to infection represents a 

continuum, encompassing monocyte recruitment, activation of differentiated macrophages, and 

invocation of a new level of homeostasis upon resolution of infection. But while models 

describing the plasticity of activated macrophages are well established, little is known about the 

origin or fate of phenotypic diversity at either end of the continuum. Furthermore, since existing 

models of phenotypic diversity in innate immune cells are gene-centric in nature, their ability to 

elucidate the molecular mechanisms underpinning transcriptomic diversity is restricted. Given 

the role that monocytes and macrophages play in resolving acute infection and priming adaptive 

immunity, it is important the origins and molecular mechanisms of macrophage diversity be 

understood. Current knowledge surrounding these concepts will be reviewed below and 

explored further throughout this thesis. 

1.1 Classical blood monocytes drive inflammatory innate immune responses 

In an infection context, the logical starting point of the monocyte-macrophage continuum is the 

blood monocyte. Several subsets of monocytes circulate in human blood. These are 

categorically defined as “Classical”, “Intermediate” and “Non-Classical” by their levels of 

CD14 and CD16 expression [1] (Table 1.1). Overlapping gene, transcription factor and 

enhancer profiles suggest Intermediate monocytes (CD14++CD16+) may literally represent 

intermediates along a progression between Classical (CD14++CD16-) and Non-classical 

(CD14+CD16++) monocytes [2], although the possibility that each subset arises independently 

from common precursors cannot be excluded.  
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Non-Classical and Classical monocytes are functionally and metabolically disparate. Non-

Classical monocytes “crawl” along endothelial surfaces patrolling for viral nucleic acids (via 

TLR7 and TLR8) [3]. They show poor phagocytic and defensive capabilities with respect to 

extracellular bacteria, and a high propensity for oxidative metabolism [2, 3]. In contrast, 

Classical monocytes are professional phagocytes, characterised by strong responses to stimuli, 

anti-apoptotic behaviour and carbohydrate-based, anaerobic metabolism [2, 4]. Classical 

monocytes are precursors to at least two important macrophage populations: in mice, CCR2+/ 

Ly6C+ monocytes (which resemble human Classical monocytes) continuously repopulate sub-

populations of resident pleural and peritoneal macrophages [5]; and, during human infection, 

ligation of CCR2 (by MCP-1/CCL2) [6] on Classical monocytes facilitates their chemotactic 

recruitment and selectin/integrin-mediated extravasation [7] to sites of infection, where they 

differentiate into inflammatory macrophages (Figure 1.1). This latter scenario represents the 

continuum of greatest interest to the field of acute infection biology. 

 

 

 

 

 

Figure 1.1. Blood monocytes initiate the monocyte-inflammatory macrophage continuum. 

Classical (CD14++/CD16-) monocytes (blue) circulating in the blood are recruited to sites of infection via 

chemokine gradients secreted by resident cells (green). During acute infection, ligation of chemokine 

receptors by chemokines (purple triangles) causes the monocyte to adopt an integrin- and selectin- 

mediated rolling and adhesion phenotype, eventually exiting the blood vessels and differentiating into 

monocyte-derived inflammatory macrophages (red). Upon resolution of infection, macrophages adopt a 

new ground state (orange), which may be followed by reinfection with the same pathogen (black ovals), 

and/or cross infection with a different pathogen (purple ovals). 
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1.2 Phenotypic diversity along the monocyte-macrophage continuum 

1.2.1 Diversity is unexplored in acutely infected monocytes 

Despite being a precursor to such biologically important populations of macrophages, little is 

known about the capacity of Classical monocytes to exhibit diversity in the context of specific 

infections. It is unknown whether monocytes serve simply as non-specific macrophage 

precursors, or whether different pathogens can induce diverse transcriptional programs in 

monocytes with the potential to impact on macrophage outcome. The few studies that have 

explored pathogen-specific effects in primary human monocytes suggest they possess some 

capacity for phenotypic diversity. For example, Lachmandas and Colleagues [8] demonstrated 

that while infection of CD14+ monocytes with lipopolysaccharide (LPS), Pam3CSK4, 

Escherichia coli, Staphylococcus aureus and Mycobacterium tuberculosis all increase 

glycolysis, LPS downregulates oxidative phosphorylation and expression of associated genes. 

This LPS induced downregulation is dose-dependent, and metabolic changes are more 

pronounced after longer periods (24 hours versus four hours), suggesting monocyte 

responsiveness is impacted by both the level of exposure and the duration of infection. In a 

separate study, human cord blood monocytes infected with Staphylococcus epidermidis and E. 

coli demonstrated a large commonly differentially expressed gene signature, alongside 

pathogen-specific elements of their expression program [9]. However, given the known impact 

of aging on innate immune capabilities [10], it is difficult to determine whether the distinct 

responses observed in this study were the consequence of donor age, as these pathogens were 

likely the first pathogens those cells had ever been exposed to. Thus, although several studies 

imply the capacity for monocyte diversification exists, no solid conclusions can be formed thus 

far, given the limited number of pathogens investigated, the vastly different ages of the 

contributing donors, and the general absence of large scale, multi-pathogen transcriptomic 

investigations into monocyte infection. 

 

1.2.2 Transcriptomic diversity during reinfection has not been explored 

Diversity at the opposite end of the monocyte-macrophage continuum is also poorly 

characterised. It is unknown whether diversity is a consequence of acute infection, how the 

scope for transcriptomic complexity changes throughout infection, and when or if the capacity 

for diversification is reset in its entirety upon the resolution of infection. It is well established 

that macrophages exposed to LPS restrict their pro-inflammatory gene expression program upon 

reinfection, or cross-infection [11]. The opposite effect has also been observed after acute and 

subsequent infection with Candida albicans [12]. These phenomena, known as tolerance and 

training respectively, suggest repeated infection restricts phenotypic diversity, at least 
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transiently, to either a state of lowered or heightened inflammatory capabilities. However there 

has been no comparative analysis performed of pathogen-specific diversity with respect to 

tolerance and training, so it is unknown whether all ligands/ pathogens induce the same extent 

of transcriptional restriction upon reinfection, such that the expression program becomes more 

generic regardless of the infection type. As repeated and cross-infection are highly relevant to 

chronic infection scenarios it is important that transcriptomic diversity, and the reset of the 

macrophage ground state following infection be investigated. 

 

1.2.3 Transcriptomic diversity in acutely infected macrophages is well established 

In contrast, the capacity of acutely infected macrophages to produce distinct responses to 

distinct pathogens is well established. Typically, this has been modelled in vivo by culturing 

CD14+ monocytes in the presence of CSF1 or GM-CSF, followed by activation with pathogenic 

or other immune stimuli. Models representing the transcriptional diversity of activated 

macrophages have evolved from simplistic dichotomous paradigms [13, 14], to complex 

spectrum-based architypes borne from large scale expression data [15, 16]. The first spectrum-

based model of macrophage activation was described by Xue and Colleagues [15], who 

demonstrated that the transcriptomes of GM-CSF (n = 275) and M-CSF (n = 24)-derived 

macrophages exposed to 28 different immune- and pathogen-based stimuli could be classified 

into at least nine different activation states. More recently, Sudan and Colleagues [16] built 

upon this, showing that M-CSF-derived macrophages diversified into two major, and 13 minor 

activation states in response to 33 different pro-and anti-inflammatory stimuli (including 

PAMPs (Pathogen Associated Molecular Patterns), cytokines, growth factors, and combinations 

thereof).  These results hint at a broad scope for building divergent, pathogen-specific responses 

in acutely infected macrophages, yet this notion conflicts with the convergent nature of our 

current models of innate immune signalling. 

 

1.3 Innate immune signalling: constructing divergence from convergence 

1.3.1 The bow-tie nature of innate immune signalling 

Current models of innate immune signalling are convergent in nature. These have been built 

from reductionist studies of single pathways and ligands, using few representative genes to 

measure pathway response. Such studies were instrumental in defining the building blocks of 

pathogen responses and highlighting the convergence endemic to innate immune signalling 

pathways: we now have a baseline understanding of many Pattern Recognition Receptors 

(PRRs), their cognate ligands, and the overarching signalling cascades activated by their 

interaction (Figure 1.2). These signal transduction cascades schematically reflect bow ties, 
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where the PRR/ input end of the bowtie accepts many stimuli, converges the signal upon a 

restricted hub of adaptor molecules and transcription factors [17], and projects well-defined 

inflammatory outputs at the effector end of the bow tie (Figure 1.2 (A)). This design holds true 

for most classes of PRRs, with signals from CLRs (C-type Lectin Receptors), TLRs (Toll-like 

Receptors) and NLRs (Nod-like Receptors) consolidating upon adaptors such as SYK, MyD88 

and TRIF, and transcription factors including NFκB, IRFs and AP-1 (Figure 1.2 (B)). The 

convergent nature of PRR-driven pathways suggests the responses they activate should be 

generic to the combined output of the key transcription factors activated. However, simple 

activation of transcription factor target genes and the summarisation of information to gene 

level does not account for the broad spectrum of responses described in the literature. As such, 

and since the innate immune system lacks the capacity for somatic gene rearrangement, we must 

look beyond general models of signal transduction and explore the scope for generating 

diversity within other regulatory layers of the hardwired innate genome. For example, 

alternative splicing, alternative transcription start sites (TSSs) and non-coding RNAs all have 

the capacity to increase diversity within a convergent signalling framework, yet all are 

systematically under-explored in the context of innate immune responses. 

 

 

 

 

 

Figure 1.2. The convergent, bow-tie nature of innate immune signalling networks. 

Following page: A. Schematic representation of bow-tie network structure. Many environmental signals 

(dark purple) converge upon a restricted set of pattern recognition receptors (PRRs; green). These shunt 

signals to a central core of adaptors and transcription factors (black) that directs the output at the effector 

end of the bow tie (purple). B. Schematic representation of key PRR (green)-driven signalling pathways 

which direct signals to central molecules (black) such as SYK, MYD88, TRIF, and transcription factors. 

These factors direct outputs such as pro-inflammatory cytokines and Type I interferons. 
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1.3.2 Expression of isoforms drives diversity within hardwired signalling networks  

Activation of distinct isoforms can diversify genomic output from within gene loci. Differences 

in untranslated and intronic regions can alter the regulatory qualities of transcripts, while 

changes in coding regions can alter the intracellular location, interactive and functional 

capacities of the ensuing protein (Table 1.2). Such differences can impact the specificity of 

ligand-induced responses. For example, the chemokine receptor CXCR3 is expressed on many 

cells including lymphocytes, endothelial cells and Cd11c+ myeloid-derived dendritic cells [18]. 

Its ligands include CXCL4 [19], CXCL9 [20], CXCL10 [20] and CXCL11 [21], and it is 

expressed as three isoforms that differ from the canonical version (CXCR3A) by the presence of 

a longer N-terminal region (CXCR3B), and truncated transmembrane and C-terminal regions 

(CXCR3Alt) [22]. Context specific expression of CXCR3 isoforms has been reported in 

prostate cancer [23] and Crohn’s disease [24], and each isoform activates distinct signalling 

pathways in a manner that is also dependent on the activating ligand [22]. These differences are 

proposed to be regulated by isoform-specific availability of residues for phosphorylation and 

sulfation in the distinct N- and C-terminal regions of the CXCR3 variant proteins [22]. Such 

differences in proteins hold great capacity to alter and redirect network outcomes, particularly if 

occurring at critical junctions in signalling networks. Importantly the differences between 

isoforms need not be large to generate distinctly different outcomes; even gain or loss of 

individual post-translationally modified amino acids may polarise outcomes due to altered 

signalling potential. Furthermore, because the choice of signalling pathways can be influenced 

by both ligand and variant, the potential for isoform-induced diversification of phenotype in 

response to different infection contexts is high. 

The most studied mechanism of generating alternative isoforms is alternative splicing. 

Alternative splicing is a post-transcriptional mechanism of mRNA processing where portions of 

transcripts are removed by splicing machinery prior to translation. In a broad cellular context, 

alternative splicing is common, predicted to impact over 90% of genes [25]. Genes express as 

many as 10-12 isoforms per gene [26], and although one isoform typically dominates expression 

levels [26, 27], only 15% of splicing impacts the dominant gene isoform. Most splicing instead 

targets minor isoforms [28]. Splicing often involves untranslated exons [28], or substitution of 

homologous exons [29] and it has been argued that splicing may not contribute significantly to 

proteomic diversity [29, 30]. 

Unfortunately, splicing has been predominantly explored in developmental and tissue specific 

contexts and not in an infection context, so it is unclear whether these trends apply to responsive 
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cells. The TLR pathway is subject to alternative splicing [31] and inhibition of splicing 

machinery (SF3A) in macrophages interferes with expression of components that regulate 

inflammation, such as MYD88S [32] IRAK1, CD14, and IKKβ [33]. Infection-specific splicing 

seems probable, as different strains of M. tuberculosis invoke different splicing events [34, 35], 

and different signals within differentiation media alter splicing outcomes. Differentiation using 

a combination of LPS- and Interferon-γ (IFNγ) provokes many more splicing events than 

Interleukin (IL)-4-, IL10- or IL1β-induced polarisation of M-CSF derived macrophages [36], 

and little overlap exists in the gene sets spliced in response to each stimulus (although the 

authors concede this may be dose-related). It is particularly important to note that splicing 

events do not always occur in the same pathways as genes that are differentially expressed [36, 

37]. Thus, there is a need to look beyond differential expression and explore splicing, as a 

mechanism for generating diversity, at a system wide-level when exploring distinct infection 

contexts. 

 

Table 1.2: An overview of changes induced by transcript isoforms. 

Location Feature Consequence 

5’end Upstream Open Reading 

Frame (ORF) 

Altered/ reduced expression of downstream ORF 

[38] 

Length/ secondary 

structure 

Length alters secondary structure, with impacts on 

translational efficiency [39] 

 Responsive elements Responsive elements such as for Iron Regulatory 

Protein impact translational efficiency [40]. 

3’ end MicroRNA (miRNA) 

binding sites  

miRNAs target specific seed sequences (typically 

located in the 3’UTR of transcripts), causing 

transcript destabilisation and/ or translational 

repression [41] 

Binding sites for RNA 

Binding Proteins 

RNA binding proteins bind to sequences such as 

AU-rich elements to regulate translation [42]. 

 Premature termination 

codons 

Premature termination codons signal for the 

transcript to be removed by nonsense mediated 

decay (NMD) [43]. 

Various Altered protein coding 

sequences 

Changes in transcript sequences (N-terminal, C-

terminal or internal exons, retained introns) can 

result in changes to protein sequence, including 

gain/ loss of: 

- Domains 

- Binding sites 

- Post-translationally modified residues 

- Signal peptides 

- Premature stop codons 
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Isoform-specific activity can also be introduced via engagement of alternative transcription start 

and termination sites, both of which are predicted to be a more common mechanism of tissue 

specific isoform production than alternative splicing [28]. The Functional Annotation of the 

Mammalian Genome-5 (FANTOM5) project discovered that across approximately 1400 sample 

types, genes engaged an average of five TSSs per gene [44]. However, despite immune cells 

showing some of the most dynamic TSS use, and alternative TSS engagement having been 

shown in isolated immune genes [31, 45], the ability of specific infections to engage distinct 

TSS repertoires has not been explored outside LPS infection. Comparison of the LPS response 

in monocyte-derived and induced pluripotent stem cell (iPS)-derived macrophages found 180 

cases of alternative promoter use, 28% of which altered the coding sequence of the ensuing 

protein [46]. Many also changed the identity of the most highly expressed transcript from the 

locus [46]. However, because the study of iPS-derived macrophages is its relative infancy 

compared with primary cell types, the relevance of this to in vivo infection is unknown.  

 

Few studies have compared TSS use in primary immune cells. A comparison of splicing and 

alternative promoter engagement in peripheral blood mononuclear cells (PBMCs) and M-CSF-

derived macrophages found alternative promoter use was more strongly enriched in 

differentially expressed genes than splicing was, and unlike splicing, there was significant 

overlap in the genes impacted by alternative promoter use in LPS-polarised macrophages and 

LPS-treated PBMCs [37] (Table 1.3). These dynamics suggest splicing may play more of a role 

in the differentiation process, while alternative TSS use may be a response-driven mechanism. 

This seems logical, as provided the opportunity for TSS expression exists, alternative TSS 

selection allows for rapid isoform generation and an immediate response, without relying on 

recruitment and assembly of splicing machinery. Multiple TSS engagement also offers 

redundancy to gene loci, as the availability of TSSs provides more opportunity for expression 

from the locus to occur. Such redundancy is an important part of robust systems, particularly 

those with critical roles such as the containment of pathogens during early infection. Clearly 

there is a need to explore the contribution of multiple TSS engagement to pathogen specific 

responses, and the mechanisms by which TSS selection occurs along the monocyte-macrophage 

continuum. 
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Table 1.3: Characteristics of Alternative Splicing and Alternative TSS engagement 

Mechanism Characteristics 

Splicing • Post-transcriptionally regulated

• Low overlap with differentially expressed genes during

differentiation [36, 37]

• Impacts distinct gene sets in PBMCs and macrophages [37]

• Requires assembly of splicing apparatus

Alternative TSS 

Engagement 
• Transcriptional process

• High overlap with differentially expressed genes during

differentiation [37]

• Impacts common gene sets in PBMCs and macrophages [37]

• Requires opportunity/ availability of TSS and relevant

transcriptional regulators

• Provides redundancy and diversity

1.4 Switching on opportunity: specificity is driven by controlled access to 

enhancers and promoters  

1.4.1 Promoters and enhancers link opportunity with activation 

Before there can be specificity of response, the opportunity needs to exist to activate 

transcription in a specific manner. On one level, opportunity is controlled by the availability of 

the transcription factor combinations required to activate expression from a locus. However, the 

opportunity for transcription factors to activate transcription at a specific TSS is defined by the 

regulatory landscape at its promoters and enhancers. Promoters are DNA segments that overlap 

TSSs and assimilate the regulatory signals that drive expression. Promoters recruit transcription 

factors and RNA polymerase II to TSSs, with their activation typically resulting in production 

of stable, multi-exonic, poly-adenylated transcripts [47, 48]. In contrast, enhancers act three 

dimensionally to enhance expression from target genes. They are often located distally from the 

TSSs they regulate and interact with the regulatory space via looping of DNA [49, 50]. This 

arrangement allows enhancers to regulate many promoters in a temporally and spatially distinct 

manner [51, 52], albeit within the confines of the cell-specific enhancer landscape defined by 

lineage factors (for example, PU.1, AP1, IRFs and RUNX) during differentiation [53].  

Short RNAs transcribed from enhancers (eRNAs) are indicative of enhancer activity.  Enhancer 

RNAs differ from promoter-derived mRNAs, in that they are unstable, shorter in nature, lack 

poly-adenylation, and are un-spliced [26, 47]. These characteristics likely influence eRNA and 

mRNA fate, with the latter being exported to the cytoplasm for translation to proteins, while the 

former remain nuclear, purportedly involved in tasks such as releasing of stalled RNA 

polymerase II, establishing and maintaining enhancer-promoter looping, and directing 
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chromatin modifications at target gene promoters [49, 50, 54-56]. Intragenic enhancers have 

also been implicated as alternative gene promoters [57], and many intergenic long non-coding 

RNAs (lncRNAs) are the product of transcribed enhancers [58], suggesting a broad functional 

role for eRNAs in genomic regulation. While the exact roles of eRNAs have not been clearly 

defined, eRNA transcription precedes activation of both transcription factor and target gene 

expression [59-61], peaking early in temporal processes such as differentiation and response to 

stimuli [61]. This suggests eRNA expression and enhancer activation reflect the creation of 

opportunity for gene expression in response to stimuli. It therefore seems logical that stimulus 

specific enhancer activation could direct stimulus specific gene expression programs during 

subsequent rounds of transcription. 

 

In support of this hypothesis, system wide studies of enhancer activation have shown enhancers 

can be activated in a stimulus specific manner. Mouse macrophages activated by IFNγ or 

IL4/1L13 induce stimulus specific enhancer sets resulting in activation of stimulus specific 

target gene sets [62]. Given that cytokines are a product of PRR signalling, it seems self-evident 

that PRR signalling will also activate enhancers. This has been demonstrated for TLR4, which 

activates many primed peaks containing enhancer chromatin signatures and associated lineage 

factors [63], as well as de novo (latent) enhancer regions that are un-primed by either lineage 

factors or enhancer chromatin signatures [64, 65]. Despite these pivotal findings, comparative 

analyses of stimulus specific enhancer activity in innate immune cells are lacking, and the 

hypothesis that stimulus specific enhancer cohorts create the opportunity for stimulus specific 

expression programs has not been tested. 

  

1.4.2 The Chromatin Landscape Controls Opportunity 

Underlying the opportunity for specific expression programs from both enhancers and 

promoters is the chromatin landscape. Nucleosomes physically restrict the opportunity for 

expression, with most transcription factors apart from pioneer/ lineage factors being unable to 

bind DNA where nucleosomes are present [66-68]. At constitutively active gene promoters, 

very high G and C content promotes nucleosome depletion [69, 70] in an RNA Polymerase II-

dependent manner [71], providing the opportunity for expression to occur. In contrast, at 

nucleosome-rich sites such as stimulus-inducible promoters, competitive flux between 

transcription factors and nucleosome remodelling influences expression from loci [72, 73]. 

Nucleosome remodelling impacts expression programs with respect to both specificity and time. 

Genes requiring remodelling are typically expressed later in activation time courses [70, 74], 

and remodelling contributes to divergent responses from within the convergent TLR network. 
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For example, up until two hours after stimulation, TLR3 and TLR4 express similar cohorts of 

SWI/SNF-dependent and -independent genes, but after two hours, TLR3 and TLR4 strongly 

activate a group of SWI/SNF-dependent genes that are not activated by TLR2 [70]. Thus, 

nucleosome remodelling, driven by complexes such as SWI/SNF, plays a role in defining the 

transcriptional landscape available to cells during infection. 

 

Post-translational modifications of nucleosomal histones at TSSs can also reflect and direct 

activation or repression of expression (Figure 1.3). Promoters can be distinguished from 

enhancers by their ratio of trimethylation compared to mono- and di-methylation at histone 

H3K4; promoters exhibit high tri-methylation of this residue, whereas enhancers exhibit a high 

level of mono-methylation compared with tri-methylation [53, 75, 76]. Acetylation of specific 

H3 and H4 lysines is also associated with active promoters [77], while methylation of H3K27 

and H4K20 is associated with repression [78, 79].  

 

As most genome wide studies of histone modification to date have focused on acetylation and 

methylation signatures, the roles of other modifications in directing the opportunity for gene 

expression are less clear. Histone H4 sumoylation is implicated in transcriptional repression 

[80], but sumolyation of transcription factors can promote transcription [81]. Phosphorylation 

[82], ubiquitinylation [83] and cross talk between histone modifications [82] also influence 

transcriptional regulation, however, it is difficult to draw generalised conclusions regarding 

their influence in either resting or stimulated cellular states due to the paucity of relevant 

genome wide studies in the current literature.  

 

 

 

Figure 1.3. Association of chromatin modifications with activation and repression. 

Coloured boxes show well characterised histone modifications associated with transcriptional 

activation (green) and repression (red). Refer to [53, 75-79]. The roles of other modifications, 

such as ubiquitinylation, sumoylation and phosphorylation remain to be seen (not shown). 
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In addition to signifying an activated or repressed state, histone modifications can indicate a 

primed state. For example, in macrophages H3K4Me3, H3K9ac and H3K14ac marks are found 

at the promoters of TLR4-induced genes prior to LPS stimulation, and RNA polymerase II is 

enriched at immediate/ early genes but not late genes [84]. The ground state of these chromatin 

marks differs between TLR-responsive cell types, being present at distinct subsets of TLR4-

induced genes in responsive cells including murine embryonic fibroblasts and macrophages, but 

less so in non-responsive cell types including embryonic stem cells and neural progenitors [84]. 

This suggests the opportunity for responsiveness is both defined and reflected by the chromatin 

landscape constructed as part of the cell’s ground state prior to activation.  

 

Nonetheless, exposure to stimuli can alter the ground state by priming genes and influencing 

subsequent expression programs. For example, IFNγ induces histone acetylation and RNA 

Polymerase II recruitment at promoters of LPS inducible genes including TNF, IL6 and IL12B, 

without activating them, such that they produce a heightened response upon subsequent 

exposure to LPS [85]. Similarly, as previously discussed (Section 1.4.1) un-primed/ latent 

enhancer regions lacking lineage factors and enhancer chromatin marks can also be activated by 

distinct stimuli. This is a priming effect itself, as many latent enhancers retain their acetylation 

marks after removal of the stimulus, resulting in faster and higher expression of putative target 

genes upon re-introduction of stimuli [65]. Thus, it is clear that enhancers, nucleosome 

remodelling, and the general chromatin landscape are integral to defining the opportunity for 

specific expression programs to occur, and as such, represent layers of information that should 

be incorporated into models of innate immune signalling.  

 

1.5 Mapping opportunity and specificity in innate immune responses 

The innate immune system is required by nature to be robust. It must rapidly adapt, respond and 

restore homeostasis to a variety of constantly evolving stimuli within the context of the hard-

wired innate genome. To do this, the innate immune system issues responses that vary with 

respect to specific gene content, molecular balance and the kinetics of molecular induction. This 

spectrum of responses is not explained by current models of innate immune signalling, neither 

have different regulatory layers addressing specificity and opportunity of expression been 

modelled in a comprehensive, system wide manner. 

 

The -omics era provides the tools to expand current signalling models to incorporate 

mechanisms that drive opportunity and specificity within immune responses. This thesis will 

map specificity in the context of pathogen specific responses along the monocyte-inflammatory 
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macrophage continuum.  Chapters Three and Four will explore diversity in the initial stage of 

the continuum, characterising the response spectrum of naïve blood monocytes to distinct 

pathogens. Chapter Four will build on Chapter Three, exploring the role of multiple TSSs in 

underlying monocyte diversity, and Chapter Five will explore TSS engagement in the context of 

an infection time course, aiming to characterise how diversity changes at the TSS level during 

infection. Finally, Chapter Six will address diversity in macrophages subjected to reinfection 

with different PAMPs to explore whether TLR-induced transcriptomic diversity is restricted in a 

ligand specific manner during reinfection. In so doing, this thesis will characterise the scope for 

diversity in myeloid cells at different stages of infection, laying the foundations for future 

mechanistic studies of transcriptional diversification and specification of pathogen induced 

responses. 
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Chapter Two: Methods common to 

Chapters Three, Four and Five 
 

2.0 Preface 

This Chapter describes methods common to Chapters Three, Four and Five. 

2.1 Dataset background  

2.1.1 A primer on CAGE 

Cap Analysis Gene Expression (CAGE) (Figure 2.1) uses a ‘cap trapper’ method to isolate full 

length RNA molecules containing a 5’ cap [1]. High throughput sequencing is used to sequence 

‘tags’ of 20-27 nucleotides that correspond to the 5’ end of the trapped RNAs (Figure 2.1). This 

allows an unbiased, quantitative survey of capped, transcribed messenger and non-coding RNAs 

expressed in samples. Through downstream analyses, CAGE allows sample specific mapping and 

prediction of regulatory elements including TSSs, promoter regions, transcription factor binding 

sites, and actively transcribed enhancers [2, 3]. CAGE has been validated as an accurate measure 

of gene expression [4], and as it provides information about the amino (N)-terminal of RNA, it 

can be used to identify N-terminal transcript variants from which expression of protein isoforms 

can be predicted. 

 

Figure 2.1. An overview of CAGE.  

CAGE captures capped RNA via the 5’ cap. High throughput sequencing of 20-27 nucleotide CAGE tags 

and mapping of their sequences to the genome allows identification of TSSs which can be used to predict 

regulatory regions and protein isoforms.  
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2.1.2 CAGE Data: acquisition, reproducible expression and nomenclature 

2.1.2.1 Data set acquisition 

Cap Analysis Gene Expression data generated as part of the FANTOM5 project was publicly 

available at the time of analysis. Relative Log Expression (RLE) normalised CAGE data and 

annotation tables for the FANTOM5 Promoterome [2, 5] were downloaded from the FANTOM5 

Table Extraction Tool (http://fanton.gsc.riken.jp/5/tet./#1/sources; accessed 03 November 2016). 

Normalised expression data for all data sets used was filtered to exclude multi-mapped CAGE 

tags (tags mapped to multiple Entrez or HGNC (Human Genome Organisation (HUGO) Gene 

Nomenclature Committee) identifiers) and tags that were not reproducibly expressed.  

 

2.1.2.2 Reproducible expression 

As the CAGE protocol isolates capped full length RNA, a tag count of greater than zero suggests 

that isolation of at least one capped RNA has occurred. Carninci describes that processing and 

normalisation of CAGE tags results in some tags having counts between zero and one, however 

these are not usually considered for downstream analysis [4]. Based on this, TSSs were considered 

to be “reproducibly expressed” if they were detected at a minimum of 1 TPM (normalised value) 

in all donors of at least one treatment condition (Chapters Three and Four) or time point (Chapter 

Five). 

  

2.1.2.3 CAGE data nomenclature 

The nomenclature assigned to TSS peaks by FANTOM5 is described in [2]. Briefly, TSSs peaks 

for each locus were ranked according to the total number of CAGE tags contributing to the peak 

across all FANTOM5 samples. The TSS with the highest ranking was assigned “p1” (for example, 

p1@LOCUS), and peaks were assigned in numerical order from highest to lowest support level. 

 

2.1.3 FANTOM5 Monocyte Infection Series Dataset 

2.1.3.1 Dataset overview 

The FANTOM5 Monocyte Infection Series data set was generated in the Wells’ laboratory prior 

to the commencement of this thesis. Briefly, CD14+ blood monocytes were extracted from three 

human donors and subjected to eight different infections and two control treatments for two hours 

before RNA extraction, preparation of CAGE libraries (Supplementary Table 2.1) and single 
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molecule sequencing by HelicosCAGE (Figure 2.2). Given that monocytes are activated in 

response to foreign materials and cellular stress, the Mock infection control (identical culture 

conditions to the infection scenarios, excluding pathogen) was used to establish the baseline 

phenotype acquired by monocytes during two hours of culture.  Similarly, as IFNγ is heavily 

involved in the response to intracellular pathogens such as mycobacterium species [6], IFNγ was 

applied concurrently with the mycobacterium bovis BCG and TDM treatments, and an IFNγ-only 

control established the baseline IFNγ-induced transcriptome. Monocytes were cultured by 

Anthony Beckhouse and Dipti Vijayan. Pathogen infections were performed by Anthony 

Beckhouse, Kelly Hitchens and Dipti Vijayan, and RNA extraction was performed by Anthony 

Beckhouse. Extracted RNA was subjected to CAGE library preparation and sequencing, tag 

mapping, annotation and normalisation by the FANTOM5 consortium [2]. The same three donors 

were consistently used throughout the infection series. Full methods for generation and processing 

of FANTOM5 datasets are described in [2]. Normalised data was downloaded and thresholded as 

described in Section 2.1.2. 

 

 

Figure 2.2. FANTOM5 Monocyte Infection Series Experimental Overview. 

Blood from three human donors was subjected to Ficoll separation and bead purification to extract CD14+ 

monocytes. Freshly isolated monocytes were subjected to each treatment (blue panel) for two hours prior 

to RNA extraction and CAGE sequencing and analysis. Monocyte image sourced from Reactome Icon 

Library [7]. 

 

23



2.1.3.2 Dataset filtering: Monocyte Infection Series 

Assessment of differentially expressed transcription start sites 

For each comparison (Table 2.1), all reproducibly expressed TSSs (Section 2.1.2.2) were filtered 

prior to assessment of differential expression. To be considered as input for differential expression 

analysis, a CAGE tag was required to be expressed at greater than 1 TPM in all donors of the 

treatment condition and have a mean treatment expression level greater than in the control 

condition (ie. up regulated), or; be expressed at greater than 1 TPM in all donors of the control 

condition and have a mean control expression level greater than in the treatment condition (ie. 

down regulated). Differential expression was assessed by the Rank Product method [8], using the 

“RankProd” package [9] in R (version 3.2.1) [10]. One thousand permutations were conducted 

per comparison. Statistically significant differential expression was defined as CAGE tags having 

a percentage of false prediction (PFP) [8] value of less than 0.05 and a (normalised) fold change 

of greater than 1.5. Differentially expressed genes were extracted from lists of differentially 

expressed TSSs. 

 

Table 2.1. Comparisons for assessing differential expression in monocytes 

Control Treatment 

Mock 

 

β-glucan 

Cryptococcus neoformans 

LPS 

Salmonella typhimurium 

Candida albicans 

Streptococcus.pyogenes 

IFNγ 

IFNγ + Mycobacterium bovis BCG 

IFNγ + TDM 

IFNγ 

 

IFNγ + BCG 

IFNγ + TDM 

Mock/ β-glucan/ C. neoformans* IFNγ/ TDM/ BCG* 

LPS/ S. typhimurium* 

C. albicans/ S. pyogenes* 

* Choice of pathogen combinations for cluster-based comparisons were derived from the 

results of the Principal Component Analysis (Figure 3.1)  

 

Filtering of differentially and abundantly expressed TSSs 

Reproducibly expressed TSSs for the FANTOM5 Monocyte Infection Series were filtered as 

described in Section 2.1.2.2. In instances where analysis was limited to differentially expressed 

and abundantly expressed TSSs, the “DE plus abundant” subset comprised all differentially 

expressed (any condition/s) gene-annotated TSSs, plus all consistently expressed gene-annotated 
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tags that were expressed above 2.5 TPM in all donors of all conditions. The threshold of 2.5 TPM 

was chosen based on the average median expression across all donor libraries (2.498 TPM) 

(Figure 2.3). 

 

 

     

                          

 

 

 

 

2.1.4 Macrophage LPS Infection Time Course Series 

2.1.4.1 Dataset overview 

The Macrophage LPS Infection Time Course Series data set, used in Chapter Five, was 

publicly available CAGE data prepared by the Roslin Institute (University of Edinburgh), 

and the FANTOM5 consortium [2, 11].  Briefly, CD14+ monocytes were extracted from 

human donors and differentiated into monocyte-derived macrophages using CSF1. 

Differentiated macrophages were treated with LPS for 15, 30, 45 and 60 minutes; 1 hour 

and 20 minutes; 1 hour and 40 minutes; 2.5-, 3-, 3.5-, 4-, 5-, 6-, 8-, 10-, 12-, 14-, 16-, 18-

, 20-, 22-, 24-, 36- and 48-hours. RNA was extracted at each time point, and from naïve 

cells, prior to sequencing by HelicosCAGE (Figure 2.4). Full methods are available in [2, 

11]. 

Figure 2.3. Monocyte Infection Series sample characteristics.  

A. Sample means and medians. Y-axis: points indicate log2 of mean (black) and median (red) TPM per 

sample (X-axis). Lines indicate log2 (TPM) of the average mean (black) and median (red) expression 

across all samples. X axis: samples (individual donors per condition are shown (donor identifiers are 1 to 

3, left to right, except LPS, where donor identifiers are 2 and 3)). B. Density distribution of all reproducibly 

expressed CAGE tags. Y-axis: density, X-axis: log2(TPM). Red line indicates log2 of the average median 

expression per sample across all samples (2.5 TPM). 

A B 
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Figure 2.4. Macrophage LPS Infection Time Course Series Experimental Overview. 

CD14+ monocytes were isolated from human donor blood and differentiated into monocyte-derived 

macrophages using CSF1. Macrophages were subjected to LPS infection for a range of time intervals 

(described in text) prior to RNA extraction, CAGE sequencing and analysis. Monocyte and Macrophage 

schematics sourced from Reactome Icon Library [7]. 
 

2.1.4.2 Dataset filtering: LPS Infection Time Course Series 

Cap Analysis Gene Expression data for the Macrophage LPS Infection Time Course Series was 

thresholded to include reproducibly expressed TSSs as described in Section 2.1.2.2. Most 

analyses in this Chapter were limited to CAGE tags that were expressed at a minimum of 1 TPM 

in all donors of at least five time points. This threshold was chosen after noting that many TSSs 

were activated sporadically, for example, there were 4518 (out of 32107) TSSs that were only 

expressed at one time point (Figure 2.5). This included many gene-annotated TSSs (2229/4518), 

including TSSs annotated to immune regulators (for example, IRF genes, NFKB1, NFKB2, RELA, 

SOCS2 and SOCS3). However, since it is difficult to determine whether this is genuine low-level 

stochasticity/ transcriptional bursting [12], the reflection of a heterogenous cell population, or 

noise, most analyses were conservatively restricted to include the 70% of TSSs that were 

expressed in at least five time points (22229 out of 32107 TSSs). 

 

  

Figure 2.5. Number of time- 

points that TSSs were 

expressed in.  
X axis: number of time-points 

that TSSs are expressed in. Y 

axis: Number of TSSs (total: n = 

32107 TSSs). Inset pie: 

proportion of all TSSs that were 

expressed in less than five time 

points (blue shading (n = 9808 

TSSs)) or more than five time 

points (orange shading (n = 

22299 TSSs)). 
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2.1.5 Acquisition of Enhancer Data and Identification of Enhancer-associated TSSs 

Human enhancer locations for 32693 enhancers (as published in [3]) were downloaded from 

SlideBase [13] (slidebase.binf.ku.dk). For the FANTOM5 Monocyte Infection Series dataset 

(Chapter Three) enhancer-associated TSSs were defined as TSSs expressed at a minimum of 1 

TPM in all donors of at least one infection condition that overlapped the human enhancer regions 

described above. Overlap was assessed using BEDTools (v2.25.0) (“intersect” function) [14]. 

 

2.2 Other methods common to Chapters Three, Four and Five 

2.2.1 Analysis of over-represented pathways and ontologies 

InnateDB [15] was used to assess pathway and ontology over-representation within gene lists of 

interest. Entrez Gene identifiers were uploaded to the InnateDB [15] web interface 

(http://www.innatedb.com/), and the hypergeometric algorithm with Benjamini-Hochberg 

correction were applied. Results were filtered to include only Reactome [16] pathways and using 

the adjusted p-values described throughout the text.  

 

2.2.2 Assessment of gene-centric TSS correlation 

Correlation of TSS expression was assessed on a gene-by-gene basis.  For each gene, a correlation 

matrix (Pearson) comparing TSS expression patterns across individual samples (Chapter Four) or 

sample means (Chapter Five) was generated. If all TSS pairs for a gene were highly correlated (r 

> 0.8), the gene was classified as a “single pattern gene”. If any TSS pair for a gene displayed a 

correlation score of r < 0.8, the gene was classified as a multi-pattern gene. Prior to selecting the 

correlation threshold of r > 0.8, correlation thresholds of 0.7 and 0.9 were also tested. The 

threshold of r > 0.8 was selected as a conservative intermediate following visual inspection of 

expression patterns across the entire gene set.  

 

2.2.3 Assessment of TSS engagement frequency by genes 

TSSs were annotated to Entrez Gene and HGNC gene identifiers by the FANTOM5 consortium, 

as described in [2, 5]. To determine TSS engagement, the number of expressed TSSs assigned to 

each Entrez Gene Identifier (or, if unavailable, HGNC identifier) was counted; genes with only 

one annotated TSS assigned were classed as “single TSS genes”, while genes with more than one 

expressed and annotated TSS were classed as “multiple TSS genes”. Note that these assignments 
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are data set specific; a gene may be a single TSS gene in one dataset (eg. Monocytes; Chapter 

Three/Four) but may be expressed from multiple TSSs in another dataset (eg. Macrophages; 

Chapter Five).  

 

2.2.4 Box and whisker plots  

Box plots were constructed in R [10] using the boxplot function. 

 

2.2.5 Calculation of nucleosome distance between tags and across genomic loci 

Inter-TSS distances were calculated by ordering all tags for each gene by their genomic start 

coordinate (increasing) and subtracting the peak centre of each CAGE tag from the peak centre 

of the adjacent downstream CAGE peak. The total TSS spread across each locus was calculated 

by subtracting the peak centre of the most upstream peak annotated to the gene of interest, from 

the peak centre of the most downstream peak annotated to the gene of interest (Figure 2.6). 

Distances were converted to “nucleosome distances” (as per the table in Figure 2.6) based on 

published data indicating that the length of DNA comprising a single nucleosome core particle is 

147 bp [17]. Note that as the length of linker DNA varies (reviewed in [18]), the resultant 

nucleosome distance calculations are indicative only.  

 

 

 

Figure 2.6. Calculation of inter-TSS distance and TSS spread across gene loci. 

Following page: To calculate inter-TSS distance, mapped CAGE tags were sorted in order of their starting 

genome coordinate and the distance between adjacent peak centres was calculated. To calculate TSS spread 

across the entire locus, the peak centre of the most 5’ (upstream) gene-annotated CAGE tag was subtracted 

from the most 3’ (downstream) gene-annotated CAGE tag. Base-pair distances were converted to 

approximate nucleosome distances using the guide in the inset table. 
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2.2.6 Calculation of expression amplitude 

For each gene, locus expression levels were derived by summing together the average normalised 

expression measurements per TSS per condition for all TSSs under examination for the gene of 

interest.  

2.2.7 Computational environment 

Unless otherwise noted, all analysis was performed in R (v3.2.1) [10], running under Ubuntu 

14.04.5 LTS. 

2.2.8 Heatmaps 

Expression heatmaps were generated using the pheatmap function within the pheatmap package 

(v1.0.8) [19] in R (v3.2.1) [10]. Unless otherwise noted, data was scaled to the standard deviation 

per row. Rows and/ or columns were clustered as described throughout the text. 

2.2.9 Hypergeometric Optimization of Motif EnRichment (HOMER) analysis of 

transcription factor binding site enrichment 

Hypergeometric Optimization of Motif EnRichment (HOMER [20], v4.8.3) was used to analyse 

enrichment of transcription factor binding sites within and surrounding TSSs. Genomic regions 

500 nucleotides up- and downstream of each CAGE peak centre were analysed for the presence 

of known transcription factor binding motifs available in the HOMER motif library (HOMER 

human (v5.8) genome hg38 (v5.7), and, for enhancers, hg19 (v5.7)). Where genomic regions 

overlapped or book-ended on the same strand, they were merged into a single region using 

BEDTools (v2.25.0) (“merge” function) [14] as described in Figure 2.7. Enrichment within each 

test set (T) was assessed against a background (B) of all CAGE tags (+/- 500 nucleotides) 

expressed above 1 TPM in all three Mock donors (Chapters Three and Four) or all naïve (00 hr 

00 min) macrophage donors (Chapter Five). These backgrounds were selected to allow 

subtraction of the PU.1 motif signature which dominates hematopoietic cell lineages [21-23] and 

shows particularly high expression in myeloid cells [22]. For example, comparison of TSSs 

enriched in Mock-treated monocytes compared to the human genome (hg38) showed Pu.1 and 

related ETS family signatures were found in up to 68% of TSS regions (not shown).  
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Figure 2.7. Identifying CAGE peak regions for analysis of transcription factor binding site 

enrichment. 

Search regions of 500 base pairs were added up and downstream of the centre of mapped CAGE peaks. 

Where the resultant 1000 bp regions of adjacent tags overlapped (as in P1 and P3 below), the search region 

was taken to encompass from the most upstream point (*) to the most downstream point (^). This avoided 

duplication of search regions and consequential impacts on motif enrichment values. 

 

 

Where motifs were clustered (Figure 3.11), significantly enriched (q value < 0.01) motifs 

identified using HOMER [20] were assigned a binary value of one if they were significantly 

enriched in that condition, or zero if the motif was not significantly enriched in that condition. A 

binary distance matrix was calculated and motifs were hierarchically clustered using R [10]. 

 

2.2.10 Naïve state analysis 

In Chapter Five (Section 5.2.5), TSS engagement during infection was compared to that in naïve 

macrophages. For each gene with consistently expressed TSSs (> 1 TPM, minimum five time 

points), the number of TSSs expressed in each time point were counted, binned and assigned a 

colour (zero TSSs: blue; one TSS: green; two TSSs: red; three TSSs: yellow; four TSSs: brown; 

five or more TSSs: black). Heatmaps were generated using R [10] (heatmap.2 function, gplots 

package (v 3.0.1) ([24]) and depict Pearson correlation of genes according to their TSS 

engagement. 
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2.2.11 Partitioning Around Medoids clustering of single and multi-pattern gene sets 

For clustering of TSSs for single- and multi-pattern genes (Figures 4.14; 5.3 to 5.6) a correlation 

matrix based on the mean expression of each CAGE tag per condition was constructed. From this, 

a distance matrix was calculated (1-correlation matrix) and supplied to the “pam” function 

(‘cluster’ package (v2.0.6) [25]), which performs Partitioning Around Medoids (PAM) clustering. 

This method divides the data into a specified number of clusters by minimising the sum of 

dissimilarities. Unlike k-means, it accepts a dissimilarity matrix as input, allowing clustering by 

correlation rather than by amplitude of expression. Clustering was performed for up to ten clusters 

per pattern expression set, and the most appropriate number of clusters was selected by visual 

inspection. 

 

2.2.12 Prediction of TSS: protein relationship 

CAGE-derived TSSs were annotated to transcripts by the FANTOM5 consortium [2] using strict 

criteria. Briefly, CAGE peaks were assigned to the nearest transcript/s located on the same strand 

whose 5’ ends were within 500 bp of the CAGE peak. Transcripts were sourced by FANTOM5 

[2, 5] from GENCODE [26], RefSeq [27], and UCSC Genome Browser [28] databases. This 

widespread sourcing of transcripts (in terms of database source and evidence level) meant CAGE-

derived TSSs were annotated to multiple transcripts (an average of 10.34 transcripts per TSS for 

all expressed gene-annotated tags).  

 

This thesis conservatively filtered FANTOM5’s transcript mappings to a ratio of one TSS to one 

transcript, with the aim of predicting the protein isoforms arising from each TSS. The steps taken 

to obtain this TSS to transcript mapping are shown in Figure 2.8 (A).  Filters applied included 

removal of non-gene-annotated TSSs, TSSs for single TSS genes, and genes where all TSSs 

mapped to the same transcript. Only Ensembl and RefSeq mRNA identifiers (“ENST” and “NM” 

prefixes respectively) were considered as potential TSS-induced transcripts, and because 

additional transcript-related feature annotations were sourced from GENCODE [26] (v26) and 

Ensembl Biomart [29, 30] (GRCh38; v89, May 2017 archive), transcript to gene annotations were 

cross-checked for consistency between annotation sources Figure 2.8 (A)). Transcripts with 

conflicting annotations were removed, and synonymous transcript identifiers (i.e. those referred 

to by both their Refseq and Ensembl identifiers for a CAGE tag) were filtered to be included only 

once per CAGE tag.  
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Transcripts were conservatively filtered to include only protein coding transcripts, as 

approximately 25% of CAGE tags map to spliced exons [31], possibly reflecting re-capping of 

previously de-capped RNAs that are stored and released from polysomes. In some instances these 

re-enter translation [32], however, restricting analysis to known protein coding transcripts 

minimises the likelihood of attributing diversity to capped decay products. As each filtering step 

removed TSSs or transcripts, gene-level filters (* in Figure 2.8 (A)) were re-applied to ensure 

only unambiguously multi-transcript genes were passing through the analysis. 

 

Priority scores were assigned to each TSS’s transcripts based on the completeness, status 

(known/novel versus putative) and RefSeq/ CCDS availability for the TSS-mapped transcripts 

(Figure 2.8 (B)). For each TSS, the transcript with the priority score closest to one was designated 

as that TSS’s mapped transcript. In instances where prioritisation scoring failed to provide a one 

TSS to one transcript ratio, the closest transcript (absolute distance) to the TSS was selected, and 

if further differentiation was required, the longest transcript was selected.  

 

TSSs demonstrating a one TSS to one transcript mapping at this point were placed into a robust 

set. Those TSSs for which a one TSS to one transcript mapping could not be demonstrated were 

placed in an inspection set. Each TSS in the inspection set was examined to see whether all the 

mapped transcripts possessed the same Ensembl Protein identifier; if so, the TSS was moved to 

the robust set and the mapped transcripts identifiers were collapsed to form a joint transcript name. 

Otherwise, the TSS remained in the inspection set and was not included in the final analysis. 

Priority scores allowed sorting of the Robust Set into three evidence tiers (Tier One, Tier Two 

and Tier Three) (Figure 2.8 (B)). The Tier One dataset contained the most conservative 

predictions, and Ensembl Protein Identifiers assigned to Tier One filtered transcripts were used 

to predict whether different protein isoforms were likely being expressed from each gene locus. 

Provenance data describing dataset filtering can be found in Table 2.2 (Monocyte Infection 

Series) and Table 2.3 (LPS Infection Time Course Series). 

Figure 2.8. Overview of isoform prediction pipeline. 

Following pages: A. Isoform prediction pipeline overview. Left hand side: process for filtering CAGE tags 

and transcripts to obtain a one to one ratio of CAGE tag to transcript. Right hand side: generic examples of 

filters applied. Red highlights indicate removal of transcript/ gene/ TSS; green indicates retention. B. 

Schedule for prioritisation of transcripts. Each transcript assigned to a CAGE tag was assigned a priority 

score based on a combination of transcript completeness, status and presence of Refseq/ CCDS/ both. The 

transcript with the priority score closest to 1 for each TSS was deemed to represent that TSS, and only 

transcripts with Tier One evidence were further analysed. 
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2.2.13 Principal component analysis and identification of pathogen response classes 

Principal Component Analysis (Chapter Three) was conducted on all reproducibly expressed tags 

(Section 2.1.2.2). Analysis was performed in R (version 3.2.1) [10] using the "plotPCA" function 

within the "affycoretools" package [33].  

 

2.2.14 Protein isoform characteristics 

Protein level characteristics of transcript isoforms including domain locations and amino acid 

sequence alignments for predicted protein isoforms were obtained from UniProt [34]. 

 

2.2.15 Protein-protein interaction networks 

Protein-protein interaction networks were constructed using StringDB [35] by uploading gene 

lists via the web interface (https://string-db.org). Unless otherwise noted, medium confidence 

networks (interaction score 0.4) were constructed and only connected nodes are shown. 

 

2.2.16 Quantitative Polymerase Chain Reaction validation of predicted isoforms 

Quantitative real time Polymerase Chain Reaction (qPCR) was performed by Matthew Rutar 

(University of Melbourne) and Jonathan Li (University of Melbourne). cDNA synthesis was 

performed on extracted RNA samples using an iScript cDNA Synthesis kit (Bio-Rad), applied as 

per the manufacturer’s instructions. Briefly, 200ng of Total RNA was committed from each RNA 

sample into a 10μL reaction volume that contained reverse transcriptase, buffer cocktail, and a 

blend of oligo dT and random hexamer primers. Gene amplification was ascertained between 

cDNA samples with qPCR primers designed using the Primer3 online algorithm [36]. Primer 

details are provided in Table 2.4; each set of primers was calculated, via LinRegPCR [37], to have 

an efficiency of over 90%. Primers were applied at final concentration of 200nm in conjunction 

with a Fast SYBR Green Master Mix (Thermo Fisher Scientific). Reactions were assembled on 

either 96- or 384-well reaction plates that were then run on a ViiA7 qPCR system (Thermo Fisher 

Scientific). Amplification for each biological sample was performed in experimental triplicate 

over 40 cycles of amplification, with the mean Ct (cycle threshold) value then used to determine 

the fold change in expression. Fold change was calculated using the ΔΔCt method, wherein the 

expression of the target gene was normalised to the relative expression of the reference gene Beta-

2 microglobulin (b2m). To ensure amplification specificity, a melt curve was included at end of 

each qPCR for every gene. 
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Table 2.4. Primers used in validating transcript isoforms 

Target  Sequences Product size 

P3@CASP8 Left: TCTGGAGCATCTGCTGTCTG 

Right: CTGTCCAGTTGTTCCCCAAT 

189bp 

P4@CASP8 Left: ATAGGCCTGTGACGAAGGTG 

Right:GCTTCCTTTGCGGAATGTAG 

168bp 

CASP8 common exon Left: TCCAAATGCAAACTGGATGA 

Right: GGGCACAGACTCTTTTCAGG 

112 bp 

P1@CFLAR Left: TTTCTTTGCCTCCATCTTGG 

Right: TCACCAATCTCTGCCATCAG 

117 bp 

P26@CFLAR Left: AACCACAGAACTCCCCCACT 

Right: GAAGCTCACAAGGGTCTTGC 

128bp 

CFLAR common exon Left: TGATGGCAGAGATTGGTGAG 

Right: TCTGGGGCAACCAGATTTAG 

154 bp 

P1@CLEC12A Left: GCAGACATATGGGTGATTGG 

Right: TGCCAATTTCTGGGATTTTT 

255 bp 

P6_7_8_9@CLEC12A Left: TTTGACTTCTGCATGTGGATAGA 

Right: GAGGTGCTTTTTCCCCAAAT 

139 bp 

CLEC12A common exon Left: TCCACCACACTGCAAACAAT 

Right: AGCAGCACAGGCCATTTTAC 

171 bp 

P1@TANK Left: GCTGAAAGCGTGAACTGTACC 

Right: TATTGAGTTGCTCGCCAATG 

98 bp 

P2_4@TANK Left: TGGACAGTTTGAGCAGCATT 

Right: TCCATTCCTCTTCGTCCTGT 

169bp 

P3@TANK Left: GCTGAAAGCGTGAACTGTGA 

Right: AGGTCTCTCGTTTGGGTGTG 

150 bp 

TANK common exon Left: GGCGAGCAACTCAATAAAGC 

Right: AGCTGTTCCTGTTGTTCACG 

131 bp 

 

2.2.17 Secondary structure prediction 

Secondary structure and folding energy of 5’ untranslated regions (Figure 4.22) was obtained 

from the UCSC genome browser [28], which uses the RNAfold program from the Vienna RNA 

Package [38]. 

 

2.2.18 t-tests 

t-tests were conducted in R [10] using the t.test function, with significance as reported in text. 

2.2.19 Online Supplementary Data 

Online supplementary data for Chapters Three, Four and Five is available here. 
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Chapter Two - Supplementary Tables 
 

Supplementary Table 2.1. FANTOM5 Monocyte Infection Series Sample Information 

Supplementary Table 2.2. FANTOM5 Macrophage LPS Infection Series Sample Information 

Supplementary Table 2.3. Sample Information for FANTOM5  Comparison Datasets used in Chapter Four 
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Supplementary Table 2.1. FANTOM5 Monocyte Infection Series Sample Information 

 FANTOM5 Library Identifier 

 

Sample description 

Donor 1: 

Female, 69 years 

Donor 2: 

Male, 51 years 

Donor 3: 

Female, 21 years 

CD14+ monocytes, plus: 

   Mock treatment 

   B-glucan 

   M.bovis BCG 

   Candida albicans 

   Cryptococcus neoformans 

   Streptococcus pyogenes 

   IFNγ+ N-hexane 

   Lipopolysaccharide (LPS) 

   Salmonella typhimurium 

   Trehalose-6,6-dimycolate 

 

CNhs13468 

CNhs13474 

CNhs13465 

CNhs13473 

CNhs13472 

CNhs13469 

CNhs13466 

CNhs13470* 

CNhs13471 

CNhs13467 

 

CNhs13484 

CNhs13489 

CNhs13475 

CNhs13488 

CNhs13487 

CNhs13532 

CNhs13476 

CNhs13485 

CNhs13483 

CNhs13533 

 

CNhs13491 

CNhs13495 

CNhs13543 

CNhs13494 

CNhs13546 

CNhs13492 

CNhs13490 

CNhs13545 

CNhs13493 

CNhs13544 

* Library excluded during quality control. 
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Supplementary Table 2.2. FANTOM5 LPS Infection Series Sample Information 

 FANTOM5 Library Identifier 

Sample Description Donor 1 Donor 2 Donor 3 

00 hr 00 min CNhs11941* CNhs13379 CNhs13174 

LPS, 00 hr 15 min CNhs13145* CNhs13380 CNhs13175 

LPS, 00 hr 30 min CNhs13146* CNhs13381 CNhs13176 

LPS, 00 hr 45 min CNhs13147* CNhs13382 CNhs13177 

LPS, 01 hr 00 min CNhs13148* CNhs13383 CNhs13178 

LPS, 01 hr 20 min CNhs13149* CNhs13384 CNhs13179 

LPS, 01 hr 40 min CNhs13150* CNhs13385* CNhs13180* 

LPS, 02 hr 00 min CNhs13151* CNhs13386 CNhs13181 

LPS, 02 hr 30 min CNhs13152 CNhs13387 CNhs13182 

LPS, 03 hr 00 min CNhs12924 CNhs13388 CNhs13183 

LPS, 03 hr 30 min CNhs13153* CNhs13389 CNhs13184 

LPS, 04 hr 00 min CNhs13154* CNhs13391 CNhs13185 

LPS, 05 hr 00 min CNhs13155* CNhs13392 CNhs13186 

LPS, 06 hr 00 min CNhs12925* CNhs13393* CNhs13187* 

LPS, 07 hr 00 min CNhs12926* CNhs13394* CNhs13325* 

LPS, 08 hr 00 min CNhs12927 CNhs13395 CNhs13326 

LPS, 10 hr 00 min CNhs12928* CNhs13396 CNhs13327 

LPS, 12 hr 00 min CNhs12813 CNhs13397 CNhs13328 

LPS, 14 hr 00 min CNhs12929 CNhs13398 CNhs13329 

LPS, 16 hr 00 min CNhs12930* CNhs13399 CNhs13330 

LPS, 18 hr 00 min CNhs12814 CNhs13400 CNhs13331 

LPS, 20 hr 00 min CNhs12931 CNhs13401 CNhs13332 

LPS, 22 hr 00 min CNhs12815 CNhs13402 CNhs13333 

LPS, 24 hr 00 min CNhs12932 CNhs13403 CNhs13334 

LPS, 36 hr 00 min CNhs12933 CNhs13404 CNhs13335 

LPS, 48 hr 00 min CNhs11942 CNhs13405  

* Library excluded during quality control. 
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Supplementary Table 2.3. Sample Information for Comparison Datasets  
 

FANTOM5 Sample Description 

Library 

Identifier 

 

Donor gender, Age 

CD14+ Monocytes, donor1 

CD14+ Monocytes, donor2 

CD14+ Monocytes, donor3 

CNhs10852 

CNhs11954 

CNhs11997 

Male, 47 

Male, 57 

Male, 53 

CD14+CD16- Monocytes, donor1 

CD14+CD16- Monocytes, donor2 

CD14+CD16- Monocytes, donor3 

CNhs13224 

CNhs13216 

CNhs13540 

Male, 25 

Male, 23 

Male, 23 

CD14+CD16+ Monocytes, donor1 

CD14+CD16+ Monocytes, donor2 

CD14+CD16+ Monocytes, donor3 

CNhs13541 

CNhs13208 

CNhs13549 

Male, 25 

Male, 23 

Male, 23 

CD14-CD16+ Monocytes, donor1 

CD14-CD16+ Monocytes, donor2 

CD14-CD16+ Monocytes, donor3 

CNhs13229 

CNhs13207 

CNhs13548 

Male, 25 

Male, 23 

Male, 23 

Dendritic Cells - plasmacytoid, donor1 

Dendritic Cells - plasmacytoid, donor2 

Dendritic Cells - plasmacytoid, donor3 

CNhs10857 

CNhs12196 

CNhs12200 

Female, 22 

Male, 25 

Female, 24 

Dendritic Cells - monocyte derived, donor 1, rep. 1 

Dendritic Cells - monocyte derived, donor 1, rep. 2 

Dendritic Cells - monocyte derived, donor 2 

Dendritic Cells - monocyte derived, donor 3 

CNhs10855 

CNhs11062 

CNhs12195 

CNhs12000 

Female, 57 

Female, 57 

Male, 46 

Male, 65 

Basophils, donor1 

Basophils, donor2 

Basophils, donor3 
 

CNhs12546 

CNhs12563 

CNhs12575 

Unspecified 

Unspecified 

Unspecified 

Eosinophils, donor 1 

Eosinophils, donor 2 

Eosinophils, donor 3 

CNhs12547 

CNhs12548 

CNhs12549 

Unspecified 

Unspecified 

Unspecified 

Mast cell, donor 1 

Mast cell, donor 2 

Mast cell, donor 3 

Mast cell, donor 4 

CNhs12566 

CNhs12594 

CNhs12593 

CNhs12592 

Female, 76 

Female, 50 

Female, 41 

Female, 67 

Natural Killer Cells, donor 1 

Natural Killer Cells, donor 2 

Natural Killer Cells, donor 3 

CNhs10859 

CNhs11957 

CNhs12001 

Male, 47 

Male, 57 

Male, 53 

Neutrophils, donor 1 

Neutrophils, donor 2 

Neutrophils, donor 3 

CNhs1086 

CNhs11959 

CNhs11905 

Male, 66 

Male, 38 

Male, 29 

Fibroblast (dermal), donor 1 

Fibroblast (dermal), donor 2 

Fibroblast (dermal), donor 3 

Fibroblast (dermal), donor 4 

Fibroblast (dermal), donor 5 

Fibroblast (dermal), donor 6 

CNhs12499 

CNhs11379 

CNhs12028 

CNhs12052 

CNhs12055 

CNhs12059 

Male, 71 

Female, 68 

Female, 41 

Unknown, fetal 

Unknown, fetal 

Unknown, fetal 

Adipocytes (subcutaneous), donor 1 

Adipocytes (subcutaneous), donor 2 

Adipocytes (subcutaneous), donor 3 

CNhs12494 

CNhs11371 

CNhs12017 

Female, 53 

Female, 41 

Female, 42 

Cardiac myocytes, donor 1 

Cardiac myocytes, donor 2 

Cardiac myocytes, donor 3 

CNhs12341 

CNhs12350 

CNhs12571 

Sciencell #6205 

Sciencell #6205 

Sciencell #6205 

Skeletal muscle, donor 1 

Skeletal muscle, donor 2 

Skeletal muscle, donor 3 

Skeletal muscle, donor 4 

Skeletal muscle, donor 5 

CNhs11083 

CNhs11983 

CNhs12040 

CNhs12053 

CNhs12056 

Unknown, fetal (22 weeks) 

Female, fetal (20 weeks) 

Male, fetal (21 weeks) 

Unknown, fetal 

Unknown, fetal 
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Chapter Three: Diversity is initiated 

in early monocyte infection 
 

3.1   Introduction 

Polarisation of macrophages in response to exogenous and endogenous stimuli is well established. 

Large scale studies that characterise the transcriptomic spectra provoked by different immune 

stimuli have clearly demonstrated the plasticity of growth-factor derived, differentiated 

macrophages [1, 2]. The role of monocytes, as myeloid precursors, in the evolution of macrophage 

diversity is less clear. Metabolic shifts in response to stimulation with different TLR ligands have 

been described [3], suggesting monocytes can exhibit distinct transcriptional responses to 

different infections. However, investigations to date have occurred considerably late in infection 

(24 hours), so it is not known at what point along the monocyte-macrophage continuum that 

cellular phenotypes become distinguishable, and the breadth of available expression programs 

consequent to different acute infections has not been established.  

 

This Chapter explores the hypothesis that immediately after pathogen exposure, the 

transcriptional responses of monocytes begin to diversify with respect to distinct infections.  The 

stimuli under examination represent all major pathogen types (except viruses) and have relevance 

to clinical disease, predominantly as opportunistic pathogens (Table 3.1). At a molecular level, 

activation of multiple receptor driven pathways by each pathogen has been demonstrated within, 

and across different model systems (Table 3.1). These multi-factorial responses are driven by both 

pathogen complexity and redundancy of recognition (via many PRRs), however, the breadth of 

signalling outcomes activated by these pathogens in monocytes is unknown.  

 

This Chapter uses Cap Analysis Gene Expression (CAGE) [4] to explore monocyte responses two 

hours after infection. CAGE measures expression at gene- and enhancer-associated transcription 

start sites, allowing system wide measurement of transcriptomic activity. Standard bioinformatic 

approaches (such as differential expression analyses, pathway- and transcription factor motif 

enrichment) will define the overarching similarities and differences between pathogen-induced 

responses. Exploration of these facets so imminently after pathogen exposure will establish 

whether transcriptomic diversification precedes differentiation of monocytes into macrophages.   
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The following aims will be undertaken:  

1. Establish the transcriptional ground state of the peripheral blood monocyte population. 

2. Map the common and pathogen specific modules of early (two hours) monocyte 

responses onto known innate immune pathways. 

By completing these aims, this Chapter will describe the transcriptomic diversification possible 

in naïve monocytes and will provide the foundation for further studies of isoform level diversity 

in Chapter Four. 
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          Table 3.1. Pathogens and PAMPs investigated in this Chapter 

 Pathogen/ 

PAMP 

Clinical relevance Known receptors 

G
r
a
m

 n
e
g
a
ti

v
e
 b

a
c
te

r
ia

 

Salmonella 

typhimurium 

Food borne pathogen causing 

gastroenteritis. Estimated as the 

second most common causative 

agent of illness (behind 

Norovirus), but the most common 

cause of hospitalisation and death 

due to foodborne illness (United 

States Data) [5]. 

TLRs: TLR1 [6],  TLR2 [7],   TLR4 (LPS), 

TLR5 [8], TLR6 [6], TLR9 [6] 

 

CLRs:  Dectin-1 [9] 

 

NLRs: Nod1/2 [10], NLRC4 [11], NLRP3 

[12]  

LPS Constituent of gram-negative 

bacterial cell membrane. Causes 

local inflammation and can cause 

sepsis and death if released into 

blood. 

TLRs:   TLR4 [13] 

G
r
a
m

 p
o
si

ti
v
e
 

b
a
c
te

r
ia

 

Streptococcus 

pyogenes 

Causes high mortality conditions 

including toxic shock syndrome 

and necrotizing fasciitis [14]. 

 

 

TLRs:  TLR2 [15], TLR13 [16] 

 

CLRs:  MINCLE [17] 

 

NLRs:   NLRP3 [18, 19] 

F
u

n
g
i 

Candida 

albicans 

Opportunistic pathogen, causing 

high mortality in immune-

compromised individuals. 

Candida species represent the 

fourth most common hospital-

acquired infection [20], and C. 

albicans is the most common 

species isolated in cases of 

invasive candidiasis [21]. 

TLRs: TLR2 [22], TLR4 [23], TLR7  

(ssRNA) [24, 25], TLR9 [24] 
  

CLRs: Dectin-1 [26] [27], Dectin-2 [28], 

Dectin-3 [29], Mannose receptor [30, 31], 

Mincle [32], Galectin-3 [33], DC-SIGN 

[34], Langerin [35] 
  

NLRs: NLRP3 [36], NLRC4 [37],    

NLRP10 [38] 
  

Other: MBL [39, 40], SCARF1 [41], CD36 

[41] 

Cryptococcus 

neoformans 

A major cause of death in immune-

compromised individuals 

including those with HIV [42], 

leukaemia, autoimmune diseases 

and non-Hodgkins lymphoma 

[43]. 

 

TLRs: TLR2 [44, 45], TLR4 [46], TLR9 

[47-49] 
  

CLRs: Mannose Receptor [50], DC-SIGN 

[51] 
  

NLRs: [52] 
   

Other:  SCARF1 [41], CD36 [41],    

  MARCO [53], SP-D [54]  

β-glucan Carbohydrate-based PAMP of 

fungal cell walls. 

CLRs:   Dectin-1 [27, 55], Langerin  [35] 

Other:  Lactosylceramide [56], L-Ficolin 

[57] 

M
y
c
o
b

a
c
te

r
ia

 

Mycobacterium 

bovis BCG 

 

Bacille de Calmette et Guérin 

(BCG) derived from M. bovis. 

Used as a vaccine against. M. 

tuberculosis, the leading cause of 

infection related death and one of 

the top 10 overall causes of death 

worldwide [58]. 

TLRs:  TLR2/4 [59] 

 

CLRs:  Dectin-1 [60], Dectin-2 [61], DC-

SIGN [62] 

 

Other: IFI204 [63] 

Trehalose-6,6-

dimycolate 

Lipid component of Cord Factor, a 

Mycobacterial virulence factor. 

CLRs:  CLECSF8 [64], MINCLE [65, 66] 

Other:  MARCO [67] 
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3.2 Results 

3.2.1 The monocyte transcriptome diverges within two hours of infection  

Divergence of the monocyte transcriptome in response to different pathogens was evident, even 

at two hours after infection. A Principal Component Analysis (PCA) highlighting the major axes 

of variation amongst all expressed tags found four classes of response were promoted by the 

pathogens under investigation (Figure 3.1 (A)). These were identifiable by considering principal 

components (PC), PC1, PC2 and PC3, which cumulatively contributed 87% percent of variance 

within the dataset (70%, 9.5% and 7.5% respectively) (Figure 3.1 (B)). PC1 drove two responses, 

one shared by LPS, S. typhimurium, C. albicans and S. pyogenes, the other by Mock, β-glucan, 

C. neoformans, IFNγ, BCG and TDM. Principal Component 2 (PC2) allowed LPS and 

S. typhimurium to be distinguished from C. albicans and S. pyogenes, and PC3 enabled the 

response driven by Mock, β-glucan, and C. neoformans, to be distinguished from that induced by 

IFNγ, BCG and TDM (Supplementary Figure 3.1).  

 

 

 

 

Figure 3.1. The monocyte transcriptome diverges two hours after infection.  

A. Principal Component Analysis reduced the variation amongst all expressed TSSs and samples (small 

points (as per legend)) into four main responses (clusters (large translucent ovals)). X-axis: Principal 

Component 1 (PC1). Y-axis: Principal Component 2 (PC2). Clusters: MBC: Mock/ β-glucan/ 

C. neoformans; ITB: IFNγ/ TDM/ BCG; CS: C. albicans/ S. pyogenes; LS: LPS/ S. typhimurium. B. 

Screeplot demonstrating the proportion of variance contributed by each of the Principal Components. 

 

A B 
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Table 3.2. Differential expression by pathogens compared to mock infection 

Pathogen    Element Up Down 

β-glucan 

 

Genes    

Gene-annotated TSSs 

Enhancer-associated TSSs 

Non-annotated TSSs 

111 

151 

78 

163 

131 

164 

7 

33 

C. neoformans 

                                  

                                  

                                  

   Genes 

   Gene-annotated TSSs 

   Enhancer-associated TSSs 

   Non-annotated TSSs 

89 

116 

37 

77 

61 

70 

0 

9 

C. albicans 

 

   Genes 

   Gene-annotated TSSs 

   Enhancer-associated TSSs 

   Non-annotated TSSs 

116 

166 

295 

385 

210 

269 

7 

96 

S. pyogenes 

    

 

   Genes 

   Gene-annotated TSSs 

   Enhancer-associated TSSs 

   Non-annotated TSSs 

109 

163 

338 

365 

206 

244 

6 

57 

Mock v LPS 

    

 

   Genes 

   Gene-annotated TSSs 

   Enhancer-associated TSSs 

   Non-annotated TSSs 

64 

78 

34 

79 

285 

380 

7 

79 

S. typhimurium 

 

   Genes 

   Gene-annotated TSSs 

   Enhancer-associated TSSs 

   Non-annotated TSSs 

168 

251 

167 

329 

300 

400 

11 

49 

IFNγ 

    

   Genes 

   Gene-annotated TSSs 

   Enhancer-associated TSSs 

   Non-annotated TSSs 

215 

367 

67 

174 

130 

158 

6 

52 

TDM 

    

 

   Genes 

   Gene-annotated TSSs 

   Enhancer-associated TSSs 

   Non-annotated TSSs 

157 

216 

146 

233 

218 

287 

7 

52 

BCG 

 

   Genes 

   Gene-annotated TSSs 

   Enhancer-associated TSSs 
   Non-annotated TSSs 

165 

235 

204 
272 

257 

337 

9 
152 

 

To explore the biologies within the four main responses, we examined the expression programs 

differentially induced by each pathogen individually, and in the context of their PCA-derived 

cluster. Each pathogen up regulated a combination of gene- and enhancer-associated TSSs, and 

cohorts of non-annotated TSSs (TSSs that did not meet FANTOM5 criteria for annotation to 

known genomic elements) (Table 3.2).  While the latter highlight the potential for further 

discoveries within the human genome, their exploration is beyond the scope of this project, so 

they were excluded from further analysis. Many more TSSs than genes were up regulated by each 
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infection (Table 3.2), suggesting multiple TSSs were being up regulated per gene. This 

observation is explored further in Chapter Four, and the nature of each pathogen’s expression 

programs is explored below. 

 

3.2.2 The closeness of PAMP/ pathogen relationships varies with infection 

Most of the four main pathogen clusters (Figure 3.1 (A)) reflected PAMP-pathogen relationships, 

with the overlap in inducible genes suggesting PAMPs activated a subset of their intact pathogen 

response. This was most evident between LPS and S. typhimurium, where nearly all differentially 

expressed TSSs and genes (Figure 3.2; Online Supplementary Data - Ch3) and pathway themes 

(Supplementary Figure 3.3; Supplementary Tables 3.5 and 3.6) up regulated by LPS were also up 

regulated by S. typhimurium. Mycobacterium bovis BCG and TDM also up regulated overlapping 

gene sets (Figure 3.2; Online Supplementary Data - Ch3). These were driven largely by IFNγ, 

evidenced by the large amount of overlap with IFNγ-induced responses at the gene (Figure 3.2; 

Online Supplementary Data - Ch3) and pathway level (Supplementary Figure 3.3; Supplementary 

Tables 3.7, 3.8 and 3.9). While enhancer-associated TSSs were influenced by IFNγ, many were 

up regulated only by BCG and TDM, highlighting that both exogenous stimuli and endogenous 

cytokines play a role in dictating enhancer expression (Figure 3.2).  

 

Figure 3.2. Pathogens up regulate overlapping but distinct TSS and gene sets. 
 

Overlap in significantly up regulated (PFP < 0.05; fold change > 1.5) gene-annotated TSSs (left), genes 

(middle), and enhancer-associated TSSs (right) between members of each cluster identified by PCA (Figure 

3.1). Comparisons refer to each pathogen versus Mock, as per Table 3.2. Full lists available in Online 

Supplementary Data - Ch3. 
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In contrast, clustering of fungal ligands and pathogens was not defined by PAMP-pathogen 

relationships. β-glucan clustered with fungal pathogen C. neoformans, but not with the more 

inflammatory fungus C. albicans. Candida albicans significantly induced 48 genes (Figure 3.3 

(A)) and 585 TSSs (Figure 3.3 (B)) that were not significantly up regulated by β-glucan or 

C. neoformans. Many of these Candida-specific (ie. not up regulated by β-glucan or 

C. neoformans) TSS and gene contingents were also up regulated by S. pyogenes infection. For 

example, key cytokines regulating Th17 immunity (IL12B, IL23A and IL36G) (Figure 3.3 (C)), 

inflammasome component NLRP3 (Figure 3.3 (C)), chemokines CCL4 and CCL5 (Figure 3.7) 

and IFNB1 (Figures 3.8 and 3.9) showed induction in C. albicans and S. pyogenes infection but 

were minimally induced by β-glucan. Disparate regulation of such key genes likely contributed 

to the clustering of C. albicans and S. pyogenes together, and at a distance from β-glucan and 

C. neoformans, explaining the divergence of fungal PAMP/ pathogen responses in this case.  
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Figure 3.3. Disparate regulation by fungal pathogens and PAMPs.  

Previous page: A and B. Overlap between significantly up regulated genes (A) and TSSs (B) between β-

glucan, C. neoformans and C. albicans. C. Log2 expression (TPM) of TSSs for IL23 sub units (top left: 

IL12B, top right: IL23A (representative TSS), IL36G (bottom left), and NLRP3 (bottom right). Y-axis: log2 

expression, X-axis: condition. Box and whisker plots are median, minimum, and maximum; n = 3 for all 

samples except LPS (n = 2). Large asterisk with bar indicates significant difference between pathogen 

cluster (LPS/ S. typhimurium; C. albicans/ S. pyogenes; IFNγ/ BCG/ TDM) and control cluster (Mock/ β-

glucan/ C. neoformans). Small asterisk indicates significant difference between individual pathogen and its 

respective control.  Significance: PFP < 0.05; fold change > 1.5. 

 

3.2.3 Down regulation of the gene expression program highlights a core inducible 

response 

Extensive overlap in the genes and TSSs (Figure 3.2) up regulated by cluster members led us to 

characterise each cluster’s response globally. Rank Product Analysis [68] was used to identify 

TSSs that were differentially expressed between each pathogen grouping and the Mock/ β-glucan/ 

C. neoformans cluster, and differentially expressed genes were identified by extraction of gene-

annotated TSSs. Enhancer-associated TSSs comprised a large proportion of up regulated 

responses, whereas most down regulated TSSs were annotated to gene loci (Figure 3.4, Table 3.3; 

Online Supplementary Data - Ch3).  This was particularly noticeable in the LPS/ S. typhimurium 

and C. albicans/ S. pyogenes clusters, whereas the IFNγ-driven conditions up regulated a larger 

proportion of genes, and a smaller group of enhancer-associated TSSs (Figure 3.4, Table 3.3).  

 

 

Figure 3.4. Proportion of gene- and enhancer-annotated TSSs comprising each expression 

program. X-axis: Condition and direction of significant (PFP < 0.05, fold change 1.5) expression for 

gene-annotated TSSs (blue) and enhancer-associated TSSs (orange). Y-axis: proportion of expression 

program. CS: C. albicans/ S. pyogenes; LS: LPS/ S. typhimurium; ITB: IFNγ/ BCG/ TDM. 
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Large scale down regulation of genes highlighted the focus of the expression program on a core 

group of inducible genes up regulated by multiple pathogen clusters. A group of 195 genes were 

commonly up regulated by at least two pathogen clusters (Figure 3.5 (A)). This included known 

immune genes (TNF, IL6, many cytokines and chemokines), as well as several non-coding RNAs 

and uncharacterized loci (CYTOR, MIR3945HG, MIR155HG, LINC-PINT, LOC101929709). A 

protein-protein interaction-based network (StringDB [69]) of up regulated genes highlighted 

network hubs targeted towards inflammatory and IFN signalling, united by IFNB1, SOCS3 and 

CXCL10 which traverse both aspects of monocyte responses (Figure 3.5 (B)). 

54



      

 

 

 

 

 

Figure 3.5. Infected monocytes induce inflammatory and IFN-driven gene networks. 

A. Overlap in genes significantly (PFP < 0.05, fold change > 1.5) up regulated by each pathogen cluster 

(LS: LPS/ S. typhimurium; CS: C. albicans/ S. pyogenes; ITB: IFNγ, TDM, BCG) compared with the MBC 

(Mock/ β-glucan/ C. neoformans) cluster. B. StringDB [69] protein-protein interaction network for genes 

that were significantly up regulated by at least two pathogen clusters. Only connected nodes are shown. 

A 

B 
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3.2.4 Inducible gene sets reflect common and divergent pathway engagement 

All commonly up regulated pathways (Figure 3.6) reflected well characterised aspects of 

monocyte responses, but subtle differences were observed in the genes underlying pathway 

engagement. Chemokine and cytokine signalling were enriched in all three inflammatory 

responses (Supplementary Tables 3.10, 3.11 and 3.12), but differential regulation of chemokine 

(Figure 3.7) and cytokine (Figure 3.8) subsets was evident, with some clusters of cytokine and 

chemokine TSSs being preferentially induced by specific pathogen groupings. The LPS/ 

S. typhimurium and C. albicans/ S. pyogenes clusters induced the most comprehensive chemokine 

and cytokine profile, indicative of an inflammatory Th1/Th17 response accompanied by 

recruitment of many innate immune cell types. This profile was likely a consequence of NFκB-

activating pathways (eg. TLRs, NLRs, RIG-I); JAK-STAT and IL23 signalling (LPS/ 

S. typhimurium and C. albicans/ S. pyogenes); and the NLRP3 inflammasome (C. albicans/ S. 

pyogenes) (Supplementary Table 3.10).  Despite the shared up regulation of these pathways, 

response specific activation of key elements was evident. For example, IL23A and IL12B (Figure 

3.3), and IFNB1 (Figure 3.9) were up regulated only in the LPS/ S. typhimurium and C. albicans/ 

S. pyogenes responses, while other cytokines exhibited more variable up regulation across 

additional conditions (eg. IL6, IL1B (Figure 3.9)).  

  

 

Figure 3.6. Cytokines and Chemokines dominate shared responses.  

Overlap in pathway themes significantly up regulated in each pathogen cluster. Full lists see Supplementary 

Tables 3.10, 3.11 and 3.12. 
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Figure 3.7. Chemokines display differential regulation amongst pathogen groups. 

Heatmap shows mean log2 of average expression (by row z-score) per sample (columns) of TSSs (rows) 

annotated to chemokine genes. Rows (TSSs) are clustered by Pearson correlation. Coloured bars (right hand 

side) identify major clusters amongst each response, with functional attributes adjacent. Chemokine 

identities were extracted from KEGG [70] pathway map “Cytokine-cytokine receptor interaction” (Map 

04060). 
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Figure 3.8. Cytokines display differential regulation amongst pathogen groups. 

Heatmap shows mean log2 of average expression (by row z-score) per sample (columns) of TSSs (rows) 

annotated to cytokine genes. Rows (TSSs) are clustered by Pearson correlation. Coloured bars (right hand 

side) identify major clusters amongst each response, with functional attributes adjacent. Cytokine identities 

were extracted from KEGG [70] pathway map “Cytokine-cytokine receptor interaction” (Map 04060). 
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Figure 3.9. Differential regulation of key inflammatory cytokines. 

Log2 expression (TPM) of exemplar cytokine genes (TSSs). Y-axis: log2 expression, X-axis: condition. 

Box and whisker plots are median, minimum, and maximum; n = 3 for all samples except LPS (n=2). Large 

asterisk with bar indicates significant difference between pathogen cluster (LPS/ S. typhimurium, C. 

albicans/ S. pyogenes or IFNγ/ TDM/ BCG) and control cluster (Mock/ β-glucan/ C. neoformans). Small 

asterisk indicates significant difference between individual pathogen and its respective control. 

Significance: PFP < 0.05, fold change > 1.5. 

 

The highly inflammatory nature of the LPS/ S. typhimurium and C. albicans/ S. pyogenes clusters 

contrasted the responses promoted by the Mock/ β-glucan/ C. neoformans cluster and the IFNγ/ 

TDM/ BCG cluster. Cytokines and chemokines with the highest expression in the Mock/ 

β-glucan/ C. neoformans conditions promoted surveillance, response readiness and monocyte 

chemotaxis, while the IFNγ-driven conditions suggested a reparative phenotype accompanied by 

monocyte/ T-cell recruitment (Figures 3.7 and 3.8). Pathways activated by the intracellular (IFNγ/ 

TDM/ BCG) cluster included many of those activated by LPS/ S. typhimurium and C. albicans/ 

S. pyogenes, however specific enrichment of pathways such as IL2 signalling, antigen processing/ 

presentation and adaptive immunity suggested the IFNγ/ TDM/ BCG cluster promoted a 

phenotype that is distinct but overlapping with the inflammatory phenotype promoted by LPS/ 

S. typhimurium and C. albicans/ S. pyogenes (Figure 3.7 and 3.8; Supplementary Tables 3.10, 

3.11 and 3.12). 

 

3.2.5 Infected monocytes down regulate functionally restricted gene sets 

Despite comprising larger numbers of genes, down regulated gene sets were more functionally 

restricted than up regulated gene sets. Commonly down regulated gene sets were enriched for 

regulators of chromatin organisation/ transcription (GATAD2A, GATAD2B, SIN3A, CHD9, 

KLF16, KLF11, HDAC5, NCOR2, SETD1B, KDM2B), and actin and focal adhesion dynamics 
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(CFLN1, LIMK1, WIPF1, ARAP1, ARAP3, ARHGAP22, ARHGEF2) (Figure 3.10). The IFNγ/ 

TDM/ BCG cluster also down regulated genes enriched in pathways for carbohydrate and vitamin 

metabolism, haemostasis and purinergic signalling (Supplementary Table 3.14).  

 

 

Figure 3.10. Infected monocytes commonly down regulate functionally restricted gene sets. 

A. Overlap in genes significantly (PFP < 0.05, fold change > 1.5) down regulated by each pathogen cluster 

(LS: LPS/ S. typhimurium; CS: C. albicans/ S. pyogenes; ITB: IFNγ/ TDM/ BCG) compared with the MBC 

(Mock/ β-glucan/ C. neoformans) cluster. B. StringDB [69] protein-protein interaction network for genes 

that were significantly (PFP < 0.05, fold change > 1.5) down regulated by all three pathogen clusters.  
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3.2.6 Dynamically regulated transcription factor subsets underlie monocyte 

responses 

Distinct binding of transcription factors provides the opportunity for generation of context-

specific gene expression programs. This was suggested in our data, as each transcriptome was 

enriched for distinct, but overlapping combinations of transcription factor motifs. Binary 

clustering of motifs revealed a core group of STAT, NFκB, IRF and bZIP transcription factor 

motifs was enriched amongst the TSSs regulating the three major infection responses (Figure 

3.11). Shared enrichment of Homeobox members and NFκB-p50/52 was observed within the 

transcriptome promoted by extracellular pathogen clusters (LPS/ S. typhimurium and C. albicans/ 

S. pyogenes), and a mixture of STAT3, ETS, IRF, ZF and bZIP motifs was enriched within

C. albicans/ S. pyogenes and IFNγ/ TDM/ BCG-induced TSS regions. A small cohort of motifs

was uniquely enriched amongst each of the C. albicans/ S. pyogenes and IFNγ/ TDM/ BCG 

clusters: C. albicans/ S. pyogenes showed unique enrichment for TEAD, RUNX, and BHLH 

motifs, and IFNγ/ TDM/ BCG showed enrichment of ZF motifs including GATA1/2 and PRDM1. 

Although LPS showed unique enrichment of two homeobox motifs, these resembled other 

homeobox motifs that were also enriched in other pathogen subsets.  

The transcription factor cohorts being actively transcribed also differed between pathogen 

responses. A large group of transcription factor TSSs (black cluster, Figure 3.12) were highly 

expressed in naïve cells but were repressed with the presence of infection. This was accompanied 

by up regulation of transcription factor cohorts in each of the four main pathogen groups, and in 

some cases, individual pathogens.  These reflected the transcription factors that were enriched 

amongst the TSSs driving the major responses (described above, and in Figure 3.11), indicating 

that most of the factors for the enriched motifs were being actively transcribed. Motifs for 

transcription factors that were not expressed typically shared a similar or palindromic motif with 

another transcription factor of the same family that was expressed. For example, GATA1 was not 

expressed but its motif is reciprocal to GATA2, which was expressed.  

Figure 3.11. Common and distinct combinations of transcription factors underlie pathogen 

induced monocyte responses.  

Following page: Transcription factor binding motifs significantly enriched (q < 0.01) in TSSs that were 

differentially expressed (PFP < 0.05, fold change > 1.5) in each cluster (CS: C. albicans/ S. pyogenes; ITB: 

IFNγ/ TDM/ BCG; LS: LPS/ S. typhimurium) compared with the MBC: Mock/ β-glucan/ C. neoformans 

cluster (test sets (T)). Columns show percentage enrichment of motif in test set (T) versus background (B) 

of all TSSs expressed above 1 TPM in Mock infection (as described in Section 2.2.9). Motif profiles were 

clustered using binary clustering (Section 2.2.9). Total number of sequences per set: LS: T=3260, B=11585; 

ITB: T=2498, B=12195; CS: T=3653, B=11608. Full results available in Online Supplementary Data - Ch3. 
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Figure 3.12. Pathogen induced 

transcription factor expression 

profiles.  

Heatmap shows mean log2 of average 

expression (by row z-score) per sample 

(columns) of TSSs (rows) annotated to 

transcription factor genes. Transcription 

factor gene identities were sourced from 

[71]. Rows (TSSs) are clustered by 

Pearson correlation. Coloured bars (right 

hand side) highlight major clusters with 

exemplar transcription factors adjacent. 

n = 3 for all samples except LPS (n = 2).  
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Transcriptional regulators were amongst the most dynamic genes, showing both up- and down 

regulation. In some cases, this occurred at the gene level, in a response specific manner. For 

example, IRF5 showed a similar pattern in all TSSs, being up regulated in response to IFNγ, but 

down regulated or unchanged by extracellular pathogens (Figure 3.13 (A)). In other cases, 

differential regulation of distinct TSSs in different infection contexts was evident. For example, 

p1@NFATC1 and p3@NFATC1 were induced by the LPS/ S. typhimurium and C. albicans/ 

S. pyogenes clusters (Figure 3.13 (B); pink cluster, Figure 3.12), while p2@NFATC1

demonstrated highest expression in Mock (Figure 3.13 (B); black cluster, Figure 3.12), but was 

not induced by pathogens.  Similarly, p3@RELA (Figure 3.13 (C); green cluster, Figure 3.12) 

was inducible by IFNγ, while p1@RELA remained stably expressed in comparison, regardless of 

infection (Figure 3.13 (C), orange cluster, Figure 3.12). This context specific TSS-level regulation 

of transcription factor expression may be a mechanism for fine-tuning phenotypic variation within 

transcriptomic responses, allowing diversity to arise from the hardwired innate immune gene 

network. 

A

\

A

B

\

A
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Figure 3.13. Dynamic regulation of transcription factors TSSs.

Previous page: Log2 expression (TPM) of TSSs for exemplar transcription factor genes (A: IRF5, B: 

NFATC1, C: RELA). Y-axis: log2 expression, X-axis: condition. Box plots are median, minimum, and 

maximum; n = 3 for all samples except LPS (n=2). Large asterisk with bar indicates significant difference 

between pathogen cluster (C. albicans/ S. pyogenes; IFNγ/ TDM/ BCG; LPS/ S. typhimurium) and the 

control cluster (Mock/ β-glucan/ C. neoformans). Small asterisk indicates significant difference between 

individual pathogen and its respective control. Significance: PFP < 0.05, fold change > 1.5). 

3.2.7 Enhancer-associated TSSs are up regulated in a pathogen specific manner 

Enhancers regulate both the opportunity for, and activation level of target gene expression. Of 

23729 TSSs expressed in naïve cells, 923 (3.9%) were associated with FANTOM5-defined 

enhancer regions. These were strongly enriched for bZIP and ETS motifs, which were present in 

nearly half the naïve enhancer-associated TSS repertoire (Table 3.4).  Few enhancer-associated 

TSSs were commonly up regulated by all three pathogen clusters, but many enhancer-associated 

TSSs were significantly up regulated in a response specific manner (Figure 3.14). The 

C. albicans/ S. pyogenes and LPS/ S. typhimurium clusters up regulated the largest groups of

enhancer-associated TSSs, with the large overlap between them likely consequent to shared 

enrichment of transcription factor motifs, whereas the strong bHLH motif enrichment amongst 

C. albicans/ S. pyogenes -induced enhancers likely drove these responses apart (Figure 3.14). The

IFNγ/ TDM/ BCG cluster differentially up regulated the lowest number of enhancer-associated 

TSSs, with most of these up regulated only by the IFNγ driven conditions (Figure 3.14).  Strong 

STAT and ZF motif enrichment amongst IFNγ/ TDM/ BCG -driven enhancers likely contributes 

to the uniqueness of the IFNγ-driven enhancer profile. The down regulated enhancer-associated 

TSS profile was considerably smaller than the up regulated profile. Some overlap was observed 

between clusters, however, the majority of down regulated enhancer-associated TSSs were down 

regulated in a cluster-specific manner (Figure 3.15). 
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Figure 3.14: Transcription factor enrichment amongst enhancer-associated TSSs.  

A. Central venn: overlap between enhancer-associated TSSs significantly up regulated within each cluster (CS: C. albicans/ S. pyogenes, ITB: IFNγ/ TDM/ BCG, LS: 

LPS/ S. typhimurium) compared to the MBC (Mock/ β-glucan/ C. neoformans) cluster. Peripheral tables: Transcription factor motif enrichment amongst differentially 

up regulated enhancer-associated TSS cohorts for each cluster (CS: blue, top left, ITB: green, top right, LS: red, bottom). Top five motif families are shown with logos. 

Other significantly enriched (q value < 0.01) motif families are listed at the bottom of each table. Full results available in Online Supplementary Data - Ch3. 
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Figure 3.15. Overlap between down regulated enhancer-associated TSSs. 

Overlap between enhancer-associated TSSs significantly (PFP < 0.05, fold change > 1.5) down regulated 

by each cluster (CS: C. albicans/ S. pyogenes, ITB: IFNγ/ TDM/ BCG, LS: LPS/ S. typhimurium) compared 

to the MBC (Mock/ β-glucan/ C. neoformans). Significance: PFP < 0.05, fold change > 1.5.  
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3.3 Discussion 

Transcriptomic diversity has been shown in macrophages exposed to distinct immune stimuli, 

however the capacity of monocytes, as macrophage precursors, to underlie this diversity has not 

been previously characterised. To provide this analysis, this Chapter explored the hypothesis that 

monocyte responses are broadened by transcriptional diversification in response to different 

pathogens and that this diversification commences early in infection. Naïve blood monocytes 

were exposed to ten different pathogens, PAMPs, and control treatments, and their transcriptomic 

responses to infection were measured. After two hours, divergence of pathogen induced 

expression programs was evident, demonstrating that monocytes have the capacity to respond 

differently to distinct infections imminently after infection.  

Globally, the transcriptomic response to infection comprised massive down regulation of the gene 

expression program, with focussed up regulation of comparatively small common and pathogen 

specific gene sets. The inducible responses observed typically exemplified PAMP-pathogen 

relationships and reflected known and novel biology surrounding the pathogens under 

investigation. The activation of inflammatory NFκB-dependent responses and IFNB1 by LPS/ S. 

typhimurium and C. albicans/ S. pyogenes was expected, as was activation of C-type Lectin- and 

inflammasome signalling by C. albicans. Clustering of S. pyogenes with C. albicans was 

surprising, but informative, as the receptor-driven pathways involved in S. pyogenes signalling 

have not been clearly elucidated. Both MYD88-dependent [19, 72-74] and MYD88-independent 

[18, 19, 75] pathways have demonstrated involvement in recognition of S. pyogenes and its 

PAMPs, but in vitro results implicating specific PRRs (TLR2 [15, 76], Tlr9 [77], Tlr13 [16, 76, 

78], and TLR8 [79], and Nlrp3 [19] have not been verified conclusively with respect to in vivo 

infection or in human cells [19, 73, 76, 80]. In this Chapter, clustering of S. pyogenes with C. 

albicans, together with their shared up regulation of C-type Lectin Receptor network components, 

hinted at participation of the C-type lectin network in S. pyogenes recognition and signalling. This 

possibility was explored further by collaborators, who subsequently demonstrated that Mincle (a 

C-type lectin receptor that also binds C. albicans and TDM), recognises S. pyogenes via its

lipoteichoic acid anchor monoglucosyldiacylglycerol, resulting in CARD9-mediated production 

of cytokines (TNF, MIP-2 and IL-6) as similarly seen in this Chapter [17]. 

In an exception to PAMP- pathogen clustering, β-glucan and C. neoformans drove distinct 

responses from C. albicans despite their common fungal origin. This is not unexpected given the 
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distance between Candida and Cryptococcal species in the fungal phylogenetic tree [81]. 

Although both C. albicans and C. neoformans contain β-glucan, the structure of the β-glucan used 

in this study may be a contributing factor. While particulate and immobilised β-glucans (found in 

fungal cell walls) promote inflammation via DECTIN1, soluble β-glucan (used in this study) 

binds Dectin-1 without activating it [82].  Soluble β-glucan can activate monocytes via CR3 in 

the presence of serum [83], however the removal of serum and soluble factors during cell 

preparation effectively reduced such activation in this study. The ability of C. albicans but not 

soluble β-glucan to activate DECTIN1 could explain the higher expression of IL23 subunits, TNF 

and IL6 by C. albicans treated cells, as these molecules are all induced via DECTIN1 signalling 

[84, 85], and together with IL36G, promote Th17-induced responses upon fungal infection. Thus, 

the divergent activation of inflammatory pathways observed between fungal pathogen C. albicans 

and its cognate PAMP β-glucan, may be explained by the experimental parameters of this study. 

In contrast, the disparate responses observed between fungal pathogens C. albicans and 

C. neoformans is consequent to the pathogens themselves. Although the presence of immobilised

β-glucan within C. neoformans cell walls implies provocation of an inflammatory response, the 

presence of an outer polysaccharide capsule means that unlike C. albicans, Cryptococcal β-glucan 

is inaccessible for recognition by DECTIN1. This concealment of PAMPs explains the lower 

activation of PRR-driven pathways observed in this data set, and is consistent with previous 

observations that many of the known PRR arsenal (including Dectin-1 [86, 87], Dectin-2 [88], 

Dectin-3 [89, 90], Mincle [91], and several Tlrs [44-46, 92, 93] lack indispensable involvement 

in enacting protective/ inflammatory responses to encapsulated Cryptococci. Activation of 

inflammatory anti-Cryptococcal activity by macrophages requires STAT1 signalling [94, 95] and 

macrophage activation via an IFNγ and Th1 promoting/ facilitated environment  [96-98]. Such a 

milieu was not available in this study due to the short time frame of the experiment and the 

absence of non-monocytic and adaptive immune cell types. As such, the less inflammatory 

phenotype known to be promoted by C. neoformans [98] was observed; this phenotype is 

promoted by the Cryptococcal capsule, which facilitates fungal proliferation within, and in some 

cases, escape from, phagocytes without causing cell death [99, 100]. Cumulatively, the 

observations surrounding fungal infections in this Chapter highlight the need for follow up in vivo 

studies (which allow innate/ adaptive immune cell interplay to be examined) and demonstrate that 

even pathogens and PAMPs from the same Kingdom of origin can instigate diametrically 

opposing monocyte responses as early as two hours after infection. 
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The IFNγ/ TDM/ BCG cluster promoted the most unique response, reflecting the known biology 

of IFNγ exposure. Despite up regulating the largest gene set, including shared activation of PRR-

driven and IFN signalling pathways with the LPS/ S. typhimurium and C. albicans/ S. pyogenes 

clusters, the IFNγ/ TDM/ BCG cluster demonstrated the least overlap in genes, TSSs and 

pathways with any other condition. The IFNγ/ TDM/ BCG cluster was most closely related to the 

Mock/ β-glucan/ C. neoformans cluster. This may be due to a large percentage of differentially 

expressed TSSs within the IFNγ/ TDM/ BCG cluster containing motifs for transcription factors 

such as PU.1 (31%), GATA1 and GATA2 (21-23%). These factors are expressed in naïve cells 

and cross regulation between them regulates monocyte differentiation and cell fate [101]. The 

uniqueness of the IFNγ/ TDM/ BCG-driven response also likely reflects the presence of IFNγ, 

which, as a Th1-cell cytokine, suggests adaptive immunity has already been activated. Amongst 

this cluster, there was enrichment of genes that regulate adaptive immunity, such as antigen 

presentation pathway components, and transcription factors that contribute to the established 

phenotype of IFNγ stimulated cells. For example, PRDM1, IRF1 and IRF2 competitively 

modulate expression of key components within Class I [102] and II [103] antigen presentation 

pathways, while cross talk between STAT1 and STAT3 influence the balance of NFκB-activation 

and type I IFNs [104]. Several of these factors were not significantly enriched amongst the other 

infection types, and hence likely contribute to the uniqueness of the IFNγ response observed in 

this study. 

One of the striking observations within this Chapter was the massive down regulation of gene-

annotated TSSs in parallel with large scale up regulation of enhancer-associated TSSs. As CAGE 

measures capped RNA levels, rather than the active transcription process itself, it is difficult to 

tell whether down regulation reflects active repression of loci, higher RNA turnover, or both. In 

contrast, up regulation measured by CAGE suggests transcription is occurring at a rate higher 

than RNA turnover. The results herein imply that during early infection, the monocyte’s 

transcriptional energy is devoted to expressing a restricted immune regulatory gene set and a large 

set of enhancers. In terms of genes, this focusing of the expression program is consistent with 

previous characterisations of innate immune responses where critical drivers of early 

inflammation are expressed rapidly and at high amplitude. For example, early responses included 

inducible genes such as CXCL2, SOD2, CCL5 and IL6 which are known to recruit NFκB either 

immediately with no need for chromatin rearrangement, or within two hours of macrophage 

stimulation with some chromatin rearrangement required [105]. Such genes, and others up 

regulated in the acute responses herein likely represent loci where the greatest opportunity for 

expression exists. 
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The opportunity for expression also exists at enhancers, created by lineage factors that establish 

the enhancer landscape available to specific cell types [106]. The observed enrichment of ETS, 

ETS/IRF bZIP and RUNX motifs in the enhancer-associated regions of naïve cells is consistent 

with previous studies linking these factors to the definition of myeloid specific “enhanceromes” 

[107] [108-111]. That few enhancer-associated TSSs were down regulated likely reflects the cells 

maintaining and building upon this poised homeostatic, opportunistic state. The subsequent 

realisation of the opportunity inherent to enhancers depends on stimulus specific transcription 

factors [112]. Here, large groups of enhancer-associated TSSs were activated in a pathogen/ 

cluster-specific manner. These were enriched for distinct cohorts of motifs for transcription 

factors known to be involved in the response to each pathogen/ cluster. As recent studies have 

shown that enhancer RNA transcription precedes activation of target genes [113], it seems self-

evident that this stimulus specific activation of enhancer regions likely primes stimulus specific 

expression opportunities for subsequent rounds of transcription. Further exploration of enhancers 

and their RNAs is beyond the scope of this thesis, but this Chapter justifies future studies of 

enhancer activation and function in early human monocyte responses to pathogens. 

 

In summary, this Chapter has shown that in vitro, human monocyte gene and enhancer programs 

diverge as early as two hours after infection. This suggests the spectrum of macrophage 

phenotypes reported in the literature [1, 2] likely originates in the transcriptomic events occurring 

in precursor monocytes. Chapter Four will explore these transcriptomic events further, with a 

focus on determining whether transcriptomic diversity extends to the engagement of alternative 

TSSs to direct stimulus-specific programs of isoform expression. 
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Supplementary Figure 3.1. Principal Component 3 separates MBC and ITB clusters.  

Principal Component Analysis reduced the variation amongst all reproducibly expressed TSSs and samples 

(small points (as per legend)) into four main responses (clusters (large translucent ovals)). X-axis: Principal 

Component 1 (PC1). Y-axis: Principal Component 3 (PC3). Clusters: MBC: Mock/β-glucan/ C. 

neoformans; ITB: IFNγ/TDM/ BCG; CS: C. albicans/ S. pyogenes; LS: LPS/ S. typhimurium. 
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Differentially down regulated TSS and gene sets 

 

 

Supplementary Figure 3.2. Pathogens down regulate overlapping but distinct TSS and gene 

sets. 

Overlap in significantly down regulated (PFP < 0.05; fold change > 1.5) gene-annotated TSSs 

(left), genes (middle) and enhancer-associated TSSs (right) between members of each cluster 

identified in PCA (Figure 3.1). All comparisons refer to each pathogen versus Mock, as per Table 

3.2. 
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Supplementary Figure 3.3. Pathogens share overlapping pathway enrichment amongst up 

regulated genes. 

Overlap in pathway themes significantly enriched (adjusted p < 0.05) amongst differentially up 

regulated genes between members of each cluster identified in PCA (Figure 3.1). All comparisons 

refer to each pathogen versus Mock, as per Table 3.2. Full tables are available below.
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Supplementary Figure 3.4. Genes 

up regulated by pathogen clusters. 

Overlap in genes significantly (PFP 

< 0.05, fold change > 1.5) up 

regulated by each cluster.  
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Supplementary Figure 3.5. Genes down regulated by one pathogen cluster. 

Overlap in genes significantly (PFP < 0.05, fold change > 1.5) down regulated by only one cluster.  
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Supplementary Figure 3.6. Genes down regulated by multiple pathogen clusters. 

Overlap in genes significantly (PFP < 0.05, fold change > 1.5) down regulated by more than one cluster.  
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Supplementary Table 3.1. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by β-glucan 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Chemokine receptors bind chemokines 7/53 (3.50E-06) CCL20; CCL2; CCRL2; CXCL1; 

CXCL2; CXCL3; IL8;  

Signalling by Interleukins 6/110 

(0.001493) 

CSF2; IL1A; IL1B; IL1RN; IL6; 

IRAK2;  

Interleukin-1 signalling 4/43 (0.002441) IL1A; IL1B; IL1RN; IRAK2;  

Peptide ligand-binding receptors 7/185 

(0.002891) 

CCL20; CCL2; CCRL2; CXCL1; 

CXCL2; CXCL3; IL8;  

Cytokine Signalling in Immune system 8/267 

(0.004411) 

CSF2; EIF4E; GBP1; IL1A; IL1B; 

IL1RN; IL6; IRAK2;  

Cellular Senescence 6/164 

(0.006626) 

ETS2; IL1A; IL6; IL8; KDM6B; NBN;  

Interleukin-1 processing 2/7 (0.006658) IL1A; IL1B;  

Cellular responses to stress 7/240 

(0.007767) 

ETS2; IL1A; IL6; IL8; KDM6B; NBN; 

SOD2;  

Transcriptional regulation of white 

adipocyte differentiation 

4/77 (0.009172) EGR2; LPL; PPARG; TNF;  

Nuclear Receptor transcription pathway 3/39 (0.010908) NR4A1; NR4A2; PPARG;  

Death Receptor Signalling 2/14 (0.015826) CFLAR; TNF;  

Extrinsic Pathway for Apoptosis 2/14 (0.015826) CFLAR; TNF;  

Class A/1 (Rhodopsin-like receptors) 7/307 

(0.019248) 

CCL20; CCL2; CCRL2; CXCL1; 

CXCL2; CXCL3; IL8;  

G alpha (i) signalling events 6/231 

(0.019513) 

CCL20; CXCL1; CXCL2; CXCL3; 

IL8; RGS1;  

MAP kinase activation in TLR cascade 3/59 (0.026509) DUSP4; IL6; IRAK2;  

ATF4 activates genes 2/25 (0.038711) CCL2; IL8;  

PERK regulates gene expression 2/28 (0.046753) CCL2; IL8;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes up 

regulated/total number of genes in pathway. 
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Supplementary Table 3.2. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by C. neoformans 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Chemokine receptors bind chemokines 6/53 (4.62E-05) CCL20; CCL2; CCRL2; CXCL2; 

CXCL3; IL8;  

Interleukin-1 processing 3/7 (2.17E-04) IL1A; IL1B; NFKB2;  

Signalling by Interleukins 6/110 (8.35E-04) IL1A; IL1B; IL1RN; IL6; IRAK2; 

NFKB2;  

Interleukin-1 signalling 4/43 (0.001807) IL1A; IL1B; IL1RN; IRAK2;  

ATF4 activates genes 3/25 (0.00551) ATF3; CCL2; IL8;  

PERK regulates gene expression 3/28 (0.007156) ATF3; CCL2; IL8;  

Peptide ligand-binding receptors 6/185 (0.007638) CCL20; CCL2; CCRL2; CXCL2; 

CXCL3; IL8;  

MyD88 dependent cascade initiated on 

endosome 

4/86 (0.008614) DUSP4; IL6; IRAK2; NFKB2;  

Toll Like Receptor 7/8 (TLR7/8) 

Cascade 

4/86 (0.008614) DUSP4; IL6; IRAK2; NFKB2;  

TRAF6 mediated induction of NFkB and 

MAP kinases upon TLR7/8 or 9 

activation 

4/84 (0.008772) DUSP4; IL6; IRAK2; NFKB2;  

Nuclear Receptor transcription pathway 3/39 (0.008859) NR4A1; NR4A2; PPARG;  

MyD88 cascade initiated on plasma 

membrane 

4/83 (0.009061) DUSP4; IL6; IRAK2; NFKB2;  

Toll Like Receptor 10 (TLR10) Cascade 4/83 (0.009061) DUSP4; IL6; IRAK2; NFKB2;  

Toll Like Receptor 5 (TLR5) Cascade 4/83 (0.009061) DUSP4; IL6; IRAK2; NFKB2;  

Toll Like Receptor 9 (TLR9) Cascade 4/89 (0.009166) DUSP4; IL6; IRAK2; NFKB2;  

MyD88:Mal cascade initiated on plasma 

membrane 

4/92 (0.009747) DUSP4; IL6; IRAK2; NFKB2;  

Toll Like Receptor TLR6:TLR2 Cascade 4/92 (0.009747) DUSP4; IL6; IRAK2; NFKB2;  

MyD88-independent cascade  4/97 (0.00981) DUSP4; IL6; IRAK2; NFKB2;  

TRIF-mediated TLR3/TLR4 signalling  4/97 (0.00981) DUSP4; IL6; IRAK2; NFKB2;  

Toll Like Receptor 3 (TLR3) Cascade 4/97 (0.00981) DUSP4; IL6; IRAK2; NFKB2;  

Toll Like Receptor 2 (TLR2) Cascade 4/95 (0.010074) DUSP4; IL6; IRAK2; NFKB2;  

Toll Like Receptor TLR1:TLR2 Cascade 4/95 (0.010074) DUSP4; IL6; IRAK2; NFKB2;  

Cellular responses to stress 6/240 (0.010133) IL1A; IL6; IL8; KDM6B; NBN; 

SOD2;  

Cellular Senescence 5/164 (0.010281) IL1A; IL6; IL8; KDM6B; NBN;  

Signalling by PDGF 5/174 (0.012121) EREG; IL6; NR4A1; SPP1; THBS1;  

Activated TLR4 signalling 4/110 (0.013205) DUSP4; IL6; IRAK2; NFKB2;  

Cytokine Signalling in Immune system 6/267 (0.014458) IL1A; IL1B; IL1RN; IL6; IRAK2; 

NFKB2;  

MAP kinase activation in TLR cascade 3/59 (0.015632) DUSP4; IL6; IRAK2;  

Toll Like Receptor 4 (TLR4) Cascade 4/122 (0.016656) DUSP4; IL6; IRAK2; NFKB2;  

Class A/1 (Rhodopsin-like receptors) 6/307 (0.024361) CCL20; CCL2; CCRL2; CXCL2; 

CXCL3; IL8;  

Toll-Like Receptors Cascades 4/140 (0.024676) DUSP4; IL6; IRAK2; NFKB2;  

SHC1 events in ERBB4 signalling 2/25 (0.025338) EREG; IL6;  

Transcriptional regulation of white 

adipocyte differentiation 

3/77 (0.026554) EGR2; LPL; PPARG;  
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G alpha (i) signalling events 5/231 (0.027539) CCL20; CXCL2; CXCL3; IL8; 

RGS1;  

GRB2 events in ERBB2 signalling 2/27 (0.027615) EREG; IL6;  

Unfolded Protein Response (UPR) 3/81 (0.028263) ATF3; CCL2; IL8;  

SHC1 events in ERBB2 signalling 2/28 (0.028322) EREG; IL6;  

TAK1 activates NFkB by 

phosphorylation and activation of IKKs 

complex 

2/30 (0.030136) IRAK2; NFKB2;  

Signal Transduction 19/1965 

(0.030197) 

CCL20; CCL2; CCRL2; CXCL2; 

CXCL3; DUSP4; EREG; GNAL; 

HEY1; IL6; IL8; INHBA; LPL; 

NR4A1; PDE4B; PRKCH; RGS1; 

SPP1; THBS1;  

Senescence-Associated Secretory 

Phenotype (SASP) 

3/84 (0.030303) IL1A; IL6; IL8;  

NOD1/2 Signalling Pathway 2/35 (0.036924) IRAK2; TNFAIP3;  

PPARA activates gene expression 3/107 (0.04747) G0S2; PLIN2; PPARG;  

NGF signalling via TRKA from the 

plasma membrane 

4/191 (0.048018) DUSP4; EREG; IL6; NR4A1;  

Regulation of lipid metabolism by 

Peroxisome proliferator-activated 

receptor alpha (PPAR alpha) 

3/109 (0.048672) G0S2; PLIN2; PPARG;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes up 

regulated/total number of genes in pathway.  
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Supplementary Table 3.3. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by C. albicans 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Chemokine receptors bind chemokines 6/53 (2.79E-05) CCL20; CCR7; CCRL2; CXCL2; 

CXCL3; IL8;  

Interleukin-1 processing 3/7 (1.54E-04) IL18; IL1A; IL1B;  

Signalling by Interleukins 6/110 (8.71E-04) CSF2; IL18; IL1A; IL1B; IL1RN; 

IL6;  

Peptide ligand-binding receptors 7/185 (0.00169) CCL20; CCR7; CCRL2; CXCL2; 

CXCL3; EDN1; IL8;  

Cellular Senescence 6/164 (0.004237) ETS2; IL1A; IL6; IL8; KDM6B; 

MDM2;  

Cytokine Signalling in Immune system 7/267 (0.007751) CSF2; GBP3; IL18; IL1A; IL1B; 

IL1RN; IL6;  

Interleukin-1 signalling 3/43 (0.010222) IL1A; IL1B; IL1RN;  

Death Receptor Signalling 2/14 (0.01204) CFLAR; TNF;  

Extrinsic Pathway for Apoptosis 2/14 (0.01204) CFLAR; TNF;  

G alpha (i) signalling events 6/231 (0.014064) CCL20; CCR7; CXCL2; CXCL3; 

IL8; RGS1;  

Class A/1 (Rhodopsin-like receptors) 7/307 (0.014209) CCL20; CCR7; CCRL2; CXCL2; 

CXCL3; EDN1; IL8;  

Nucleotide-binding domain, leucine rich 

repeat containing receptor (NLR) 

signalling pathways 

3/50 (0.014219) BCL2; NLRP3; TNFAIP3;  

Inflammasomes 2/16 (0.01458) BCL2; NLRP3;  

Cellular responses to stress 6/240 (0.016171) ETS2; IL1A; IL6; IL8; KDM6B; 

MDM2;  

Oncogene Induced Senescence 2/30 (0.040716) ETS2; MDM2;  

Immune System 14/1127 

(0.041987) 

ACTR3; BCL2; CD274; CSF2; 

GBP3; IL18; IL1A; IL1B; IL1RN; 

IL6; MDM2; NLRP3; TBK1; 

TNFAIP3;  

Senescence-Associated Secretory 

Phenotype (SASP) 

3/84 (0.042169) IL1A; IL6; IL8;  

Negative regulators of RIG-I/MDA5 

signalling 

2/33 (0.044004) TBK1; TNFAIP3;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes up 

regulated/total number of genes in pathway. 
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Supplementary Table 3.4. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by S. pyogenes 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Chemokine receptors bind 

chemokines 

7/53 (1.23E-06) CCL20; CCR7; CCRL2; CXCL10; 

CXCL2; CXCL3; IL8;  

Cytokine Signalling in Immune 

system 

12/267 (1.83E-06) CSF2; GBP1; GBP3; IFIT1; IFIT2; 

IFIT3; IFNB1; IL1A; IL1B; IL1RN; 

IL6; SOCS3;  

Peptide ligand-binding receptors 8/185 (1.91E-04) CCL20; CCR7; CCRL2; CXCL10; 

CXCL2; CXCL3; EDN1; IL8;  

Interferon alpha/beta signalling 5/59 (3.06E-04) IFIT1; IFIT2; IFIT3; IFNB1; SOCS3;  

Immune System 19/1127 (3.38E-04) ACTR3; CD274; CSF2; DUSP4; 

EREG; GBP1; GBP3; IFIT1; IFIT2; 

IFIT3; IFNB1; IL1A; IL1B; IL1RN; 

IL6; NLRP3; SOCS3; TBK1; 

TNFAIP3;  

Interferon Signalling 7/158 (4.62E-04) GBP1; GBP3; IFIT1; IFIT2; IFIT3; 

IFNB1; SOCS3;  

Signalling by Interleukins 6/110 (4.91E-04) CSF2; IL1A; IL1B; IL1RN; IL6; 

SOCS3;  

G alpha (i) signalling events 7/231 (0.003207) CCL20; CCR7; CXCL10; CXCL2; 

CXCL3; IL8; RGS1;  

Class A/1 (Rhodopsin-like receptors) 8/307 (0.003391) CCL20; CCR7; CCRL2; CXCL10; 

CXCL2; CXCL3; EDN1; IL8;  

Interleukin-1 processing 2/7 (0.003841) IL1A; IL1B;  

Interleukin-6 signalling 2/10 (0.006267) IL6; SOCS3;  

Tryptophan catabolism 2/11 (0.007324) IDO1; KMO;  

Interleukin-1 signalling 3/43 (0.008388) IL1A; IL1B; IL1RN;  

Death Receptor Signalling 2/14 (0.0105) CFLAR; TNF;  

Extrinsic Pathway for Apoptosis 2/14 (0.0105) CFLAR; TNF;  

TRAF3-dependent IRF activation 

pathway 

2/14 (0.0105) IFNB1; TBK1;  

Cellular Senescence 5/164 (0.011217) IFNB1; IL1A; IL6; IL8; KDM6B;  

GPCR ligand binding 8/433 (0.015311) CCL20; CCR7; CCRL2; CXCL10; 

CXCL2; CXCL3; EDN1; IL8;  

Interferon gamma signalling 3/63 (0.018598) GBP1; GBP3; SOCS3;  

Regulation of IFNA signalling 2/22 (0.02101) IFNB1; SOCS3;  

Signalling by Leptin 2/23 (0.021975) IL6; SOCS3;  

SHC1 events in ERBB4 signalling 2/25 (0.024505) EREG; IL6;  

Signalling by GPCR 13/1035 (0.025848) CCL20; CCR7; CCRL2; CSF2; 

CXCL10; CXCL2; CXCL3; EDN1; 

IL6; IL8; PDE4B; PRKCH; RGS1;  

GRB2 events in ERBB2 signalling 2/27 (0.027719) EREG; IL6;  

SHC1 events in ERBB2 signalling 2/28 (0.028643) EREG; IL6;  

RIG-I/MDA5 mediated induction of 

IFN-alpha/beta pathways 

3/78 (0.028743) IFNB1; TBK1; TNFAIP3;  

TRAF6 mediated IRF7 activation 2/31 (0.032437 IFNB1; TBK1;  

Senescence-Associated Secretory 

Phenotype (SASP) 

3/84 (0.032607 IL1A; IL6; IL8;  

Cellular responses to stress 5/240 (0.034758) IFNB1; IL1A; IL6; IL8; KDM6B;  
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Negative regulators of RIG-I/MDA5 

signalling 

2/33 (0.035331) TBK1; TNFAIP3;  

MyD88-independent cascade  3/97 (0.042667) DUSP4; IL6; TBK1;  

TRIF-mediated TLR3/TLR4 

signalling  

3/97 (0.042667) DUSP4; IL6; TBK1;  

Toll Like Receptor 3 (TLR3) 

Cascade 

3/97 (0.042667 DUSP4; IL6; TBK1;  

Innate Immune System 8/563 (0.044781) ACTR3; DUSP4; EREG; IFNB1; IL6; 

NLRP3; TBK1; TNFAIP3;  

*Adjusted p-value < 0.05. ^ PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes up 

regulated/total number of genes in pathway. 
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Supplementary Table 3.5. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by S. typhimurium 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Cytokine Signalling in Immune system 21/267 (9.78E-12) CSF2; DDX58; GBP1; GBP3; IFIT1; 

IFIT2; IFIT3; IL18; IL1A; IL1B; 

IL1RN; IL6; IL7R; ISG15; MX1; 

NFKB2; OAS2; OASL; PELI1; 

SOCS3; STAT5A;  

Chemokine receptors bind chemokines 9/53 (6.09E-08) CCL20; CCL2; CCR7; CCRL2; 

CXCL10; CXCL1; CXCL2; CXCL3; 

IL8;  

Signalling by Interleukins 11/110 (2.01E-07) CSF2; IL18; IL1A; IL1B; IL1RN; 

IL6; IL7R; NFKB2; PELI1; SOCS3; 

STAT5A;  

Immune System 30/1127 (2.03E-06) CD274; CFB; CSF2; DDX58; 

DHX58; EREG; GBP1; GBP3; 

IFIH1; IFIT1; IFIT2; IFIT3; IL18; 

IL1A; IL1B; IL1RN; IL6; IL7R; 

ISG15; MX1; NFATC1; NFKB2; 

NLRP3; OAS2; OASL; PELI1; 

RNF144B; SOCS3; STAT5A; 

TNFAIP3;  

Interferon alpha/beta signalling 8/59 (2.07E-06) IFIT1; IFIT2; IFIT3; ISG15; MX1; 

OAS2; OASL; SOCS3;  

Interferon Signalling 11/158 (5.55E-06) DDX58; GBP1; GBP3; IFIT1; IFIT2; 

IFIT3; ISG15; MX1; OAS2; OASL; 

SOCS3;  

Interleukin-1 processing 4/7 (5.82E-06) IL18; IL1A; IL1B; NFKB2;  

Peptide ligand-binding receptors 10/185 (1.35E-04) CCL20; CCL2; CCR7; CCRL2; 

CXCL10; CXCL1; CXCL2; CXCL3; 

EDN1; IL8;  

RIG-I/MDA5 mediated induction of 

IFN-alpha/beta pathways 

6/78 (0.001039) DDX58; DHX58; IFIH1; ISG15; 

NFKB2; TNFAIP3;  

Negative regulators of RIG-I/MDA5 

signalling 

4/33 (0.002252) DDX58; IFIH1; ISG15; TNFAIP3;  

Interferon gamma signalling 5/63 (0.002522) GBP1; GBP3; OAS2; OASL; 

SOCS3;  

Class A/1 (Rhodopsin-like receptors) 10/307 (0.004279) CCL20; CCL2; CCR7; CCRL2; 

CXCL10; CXCL1; CXCL2; CXCL3; 

EDN1; IL8;  

Interleukin-1 signalling 4/43 (0.004385) IL1A; IL1B; IL1RN; PELI1;  

Signalling by Leptin 3/23 (0.007465) IL6; SOCS3; STAT5A;  

TRAF6 mediated NF-kB activation 3/24 (0.008255) DDX58; IFIH1; NFKB2;  

ATF4 activates genes 3/25 (0.009083) ASNS; CCL2; IL8;  

PERK regulates gene expression 3/28 (0.01102) ASNS; CCL2; IL8;  

Antiviral mechanism by IFN-

stimulated genes 

4/68 (0.016395) DDX58; IFIT1; ISG15; MX1;  

ISG15 antiviral mechanism 4/68 (0.016395) DDX58; IFIT1; ISG15; MX1;  

Interleukin-6 signalling 2/10 (0.016522) IL6; SOCS3;  

Cellular Senescence 6/164 (0.016711) ETS2; IL1A; IL6; IL8; KDM6B; 

NBN;  

Interleukin-7 signalling 2/11 (0.016778) IL7R; STAT5A;  
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NF-kB activation through FADD/RIP-

1 pathway mediated by caspase-8 and -

10 

2/12 (0.018493) DDX58; IFIH1;  

G alpha (i) signalling events 7/231 (0.021145) CCL20; CCR7; CXCL10; CXCL1; 

CXCL2; CXCL3; IL8;  

Innate Immune System 12/563 (0.022378) CFB; DDX58; DHX58; EREG; 

IFIH1; IL6; ISG15; NFATC1; 

NFKB2; NLRP3; PELI1; TNFAIP3;  

Death Receptor Signalling 2/14 (0.022461) CFLAR; TNF;  

Extrinsic Pathway for Apoptosis 2/14 (0.022461) CFLAR; TNF;  

TRAF3-dependent IRF activation 

pathway 

2/14 (0.022461) DDX58; IFIH1;  

Cellular responses to stress 7/240 (0.023121) ETS2; IL1A; IL6; IL8; KDM6B; 

NBN; SOD2;  

GPCR ligand binding 10/433 (0.02329) CCL20; CCL2; CCR7; CCRL2; 

CXCL10; CXCL1; CXCL2; CXCL3; 

EDN1; IL8;  

Interleukin-2 signalling 3/45 (0.025049) CSF2; IL6; STAT5A;  

Growth hormone receptor signalling 2/22 (0.046694) SOCS3; STAT5A;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes up 

regulated/total number of genes in pathway. 
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Supplementary Table 3.6. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by LPS 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Cytokine Signalling in Immune system 12/267 (2.03E-08) DDX58; GBP1; GBP3; IFIT1; IFIT2; 

IFIT3; IL1A; IL1B; IL1RN; IL6; 

IL7R; ISG15;  

Chemokine receptors bind chemokines 7/53 (4.94E-08) CCL20; CCRL2; CXCL10; 

CXCL11; CXCL2; CXCL3; IL8;  

Interferon Signalling 7/158 (3.31E-05) DDX58; GBP1; GBP3; IFIT1; IFIT2; 

IFIT3; ISG15;  

Immune System 16/1127 (3.70E-

05 

CD274; CFB; DDX58; DHX58; 

GBP1; GBP3; IFIT1; IFIT2; IFIT3; 

IL1A; IL1B; IL1RN; IL6; IL7R; 

ISG15; TNFAIP3;  

Peptide ligand-binding receptors 7/185 (7.05E-05) CCL20; CCRL2; CXCL10; 

CXCL11; CXCL2; CXCL3; IL8;  

Signalling by Interleukins 5/110 (4.02E-04) IL1A; IL1B; IL1RN; IL6; IL7R;  

Interferon alpha/beta signalling 4/59 (4.22E-04) IFIT1; IFIT2; IFIT3; ISG15;  

Class A/1 (Rhodopsin-like receptors) 7/307 (7.57E-04) CCL20; CCRL2; CXCL10; 

CXCL11; CXCL2; CXCL3; IL8;  

RIG-I/MDA5 mediated induction of 

IFN-alpha/beta pathways 

4/78 (8.75E-04) DDX58; DHX58; ISG15; TNFAIP3;  

Interleukin-1 processing 2/7 (9.23E-04) IL1A; IL1B;  

Negative regulators of RIG-I/MDA5 

signalling 

3/33 (9.35E-04) DDX58; ISG15; TNFAIP3;  

G alpha (i) signalling events 6/231 (9.44E-04) CCL20; CXCL10; CXCL11; 

CXCL2; CXCL3; IL8;  

Interleukin-1 signalling 3/43 (0.001643) IL1A; IL1B; IL1RN;  

Death Receptor Signalling 2/14 (0.002967) CFLAR; TNF;  

Extrinsic Pathway for Apoptosis 2/14 (0.002967) CFLAR; TNF;  

GPCR ligand binding 7/433 (0.00341) CCL20; CCRL2; CXCL10; 

CXCL11; CXCL2; CXCL3; IL8;  

Antiviral mechanism by IFN-stimulated 

genes 

3/68 (0.004871) DDX58; IFIT1; ISG15;  

ISG15 antiviral mechanism 3/68 (0.004871) DDX58; IFIT1; ISG15;  

Cellular Senescence 4/164 (0.00726) IL1A; IL6; IL8; NBN;  

Senescence-Associated Secretory 

Phenotype (SASP) 

3/84 (0.007647) IL1A; IL6; IL8;  

Cellular responses to stress 4/240 (0.023224) IL1A; IL6; IL8; NBN;  

Innate Immune System 6/563 (0.035205) CFB; DDX58; DHX58; IL6; ISG15; 

TNFAIP3;  

Interferon gamma signalling 2/63 (0.03551) GBP1; GBP3;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes up 

regulated/total number of genes in pathway.  
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Supplementary Table 3.7. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by IFNγ 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Cytokine Signalling in Immune system 36/267 (4.39E-24) BLNK; CIITA; CISH; CSF2RB; 

DDX58; GBP1; GBP2; GBP3; 

GBP4; GBP5; HERC5; ICAM1; 

IFI35; IFIT2; IFIT3; IFITM1; 

IL2RA; IL7; IRF1; IRF7; IRF8; 

ISG15; MX1; OAS1; OAS2; OAS3; 

PML; PSMB8; RELA; SOCS1; 

SOCS3; STAT1; STAT2; TRIM25; 

UBE2L6; XAF1;  

Interferon Signalling 30/158 (6.48E-24) CIITA; DDX58; GBP1; GBP2; 

GBP3; GBP4; GBP5; HERC5; 

ICAM1; IFI35; IFIT2; IFIT3; 

IFITM1; IRF1; IRF7; IRF8; ISG15; 

MX1; OAS1; OAS2; OAS3; PML; 

PSMB8; SOCS1; SOCS3; STAT1; 

STAT2; TRIM25; UBE2L6; XAF1;  

Interferon alpha/beta signalling 18/59 (4.29E-18) GBP2; IFI35; IFIT2; IFIT3; IFITM1; 

IRF1; IRF7; IRF8; ISG15; MX1; 

OAS1; OAS2; OAS3; PSMB8; 

SOCS1; SOCS3; STAT2; XAF1;  

Immune System 53/1127 (2.90E-

15) 

AIM2; BLNK; CASP10; CD274; 

CIITA; CISH; CSF2RB; DDX58; 

DEFB1; DTX3L; DUSP3; FBXO6; 

GBP1; GBP2; GBP3; GBP4; GBP5; 

HERC5; ICAM1; IFI16; IFI35; 

IFIH1; IFIT2; IFIT3; IFITM1; 

IL2RA; IL7; IRF1; IRF7; IRF8; 

ISG15; LCP2; MB21D1; MX1; 

OAS1; OAS2; OAS3; PDCD1LG2; 

PDGFRA; PML; PSMB8; PSMB9; 

RBCK1; RELA; SOCS1; SOCS3; 

STAT1; STAT2; TAP1; TLR8; 

TRIM25; UBE2L6; XAF1;  

Interferon gamma signalling 16/63 (9.37E-15) CIITA; GBP1; GBP2; GBP3; GBP4; 

GBP5; ICAM1; IRF1; IRF7; IRF8; 

OAS1; OAS2; OAS3; PML; SOCS1; 

SOCS3;  

RIG-I/MDA5 mediated induction of 

IFN-alpha/beta pathways 

10/78 (5.68E-06) CASP10; DDX58; HERC5; IFIH1; 

IRF1; IRF7; ISG15; RELA; 

TRIM25; UBE2L6;  

Negative regulators of RIG-I/MDA5 

signalling 

6/33 (1.74E-04) DDX58; HERC5; IFIH1; ISG15; 

TRIM25; UBE2L6;  

NF-kB activation through FADD/RIP-1 

pathway mediated by caspase-8 and -10 

4/12 (4.23E-04) CASP10; DDX58; IFIH1; TRIM25;  

TRAF3-dependent IRF activation 

pathway 

4/14 (7.78E-04) DDX58; IFIH1; IRF7; TRIM25;  

Antiviral mechanism by IFN-stimulated 

genes 

7/68 (8.41E-04) DDX58; HERC5; ISG15; MX1; 

STAT1; TRIM25; UBE2L6;  

ISG15 antiviral mechanism 7/68 (8.41E-04) DDX58; HERC5; ISG15; MX1; 

STAT1; TRIM25; UBE2L6;  

TRAF6 mediated IRF7 activation 5/31 (0.001209) DDX58; IFIH1; IRF1; IRF7; 

TRIM25;  
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Innate Immune System 19/563 

(0.003044) 

AIM2; CASP10; DDX58; DEFB1; 

DUSP3; HERC5; IFI16; IFIH1; 

IRF1; IRF7; ISG15; LCP2; 

MB21D1; PDGFRA; RELA; 

SOCS1; TLR8; TRIM25; UBE2L6;  

TRAF6 mediated NF-kB activation 4/24 (0.003714) DDX58; IFIH1; RELA; TRIM25;  

Death Receptor Signalling 3/14 (0.008415) CASP10; FAS; TNFSF10;  

Extrinsic Pathway for Apoptosis 3/14 (0.008415) CASP10; FAS; TNFSF10;  

Chemokine receptors bind chemokines 5/53 (0.008522) CCL2; CCL7; CXCL10; CXCL11; 

CXCL9;  

BMAL1:CLOCK,NPAS2 activates 

circadian gene expression 

4/37 (0.014823) ARNTL2; CCRN4L; PRIC285; 

SMARCD3;  

FasL/ CD95L signalling 2/5 (0.016707) CASP10; FAS;  

TRAIL signalling 2/6 (0.023624) CASP10; TNFSF10;  

Growth hormone receptor signalling 3/22 (0.02556) CISH; SOCS1; SOCS3;  

Regulation of IFNA signalling 3/22 (0.02556) SOCS1; SOCS3; STAT2;  

Adaptive Immune System 17/604 

(0.027343) 

BLNK; CD274; DTX3L; FBXO6; 

ICAM1; IFITM1; LCP2; 

PDCD1LG2; PDGFRA; PSMB8; 

PSMB9; RBCK1; RELA; SOCS1; 

SOCS3; TAP1; UBE2L6;  

Signalling by Interleukins 6/110 (0.029624) BLNK; CSF2RB; IL2RA; IL7; 

RELA; SOCS3;  

Circadian Clock 4/55 (0.042226) ARNTL2; CCRN4L; PRIC285; 

SMARCD3;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes up 

regulated/total number of genes in pathway. 
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Supplementary Table 3.8. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by IFNγ + BCG (vs IFNγ) 

 

Pathway Name 

Enrichment# 

(Adjusted p) 

 

Gene Symbols 

Chemokine receptors bind chemokines 5/53 (8.10E-05) CCL20; CCRL2; CXCL2; CXCL3; 

IL8;  

Peptide ligand-binding receptors 6/185 (0.001852) CCL20; CCRL2; CXCL2; CXCL3; 

EDN1; IL8;  

Interleukin-1 processing 2/7 (0.002863) IL1A; IL1B;  

Interleukin-1 signalling 3/43 (0.004753) IL1A; IL1B; IL1RN;  

Cytokine Signalling in Immune system 6/267 (0.005413) EIF4E; GBP3; IL1A; IL1B; IL1RN; 

IL6;  

Signalling by Interleukins 4/110 (0.006074) IL1A; IL1B; IL1RN; IL6;  

Class A/1 (Rhodopsin-like receptors) 6/307 (0.008651) CCL20; CCRL2; CXCL2; CXCL3; 

EDN1; IL8;  

SHC1 events in ERBB4 signalling 2/25 (0.017274) EREG; IL6;  

SHC1 events in ERBB2 signalling 2/28 (0.017985) EREG; IL6;  

Cellular Senescence 4/164 (0.018035) IL1A; IL6; IL8; KDM6B;  

GRB2 events in ERBB2 signalling 2/27 (0.018087) EREG; IL6;  

Senescence-Associated Secretory 

Phenotype (SASP) 

3/84 (0.018181) IL1A; IL6; IL8;  

Haemostasis 7/508 (0.018717) EHD1; F3; MMP1; PLAUR; 

PRKCH; STX4; THBD;  

Immune System 11/1127 

(0.022326) 

ACTR3; CLEC5A; EIF4E; EREG; 

GBP3; IL1A; IL1B; IL1RN; IL6; 

TBK1; TNFAIP3;  

Negative regulators of RIG-I/MDA5 

signalling 

2/33 (0.022671) TBK1; TNFAIP3;  

Formation of Fibrin Clot (Clotting 

Cascade) 

2/36 (0.025943) F3; THBD;  

GPCR ligand binding 6/433 (0.027163) CCL20; CCRL2; CXCL2; CXCL3; 

EDN1; IL8;  

G alpha (i) signalling events 4/231 (0.040603) CCL20; CXCL2; CXCL3; IL8;  

Cellular responses to stress 4/240 (0.044042) IL1A; IL6; IL8; KDM6B;  

Ribosomal scanning and start codon 

recognition 

2/55 (0.04779) EIF4E; RPS9;  

Translation initiation complex formation 2/55 (0.04779) EIF4E; RPS9;  

Activation of the mRNA upon binding of 

the cap-binding complex and eIFs, and 

subsequent binding to 43S 

2/56 (0.048121) EIF4E; RPS9;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes up 

regulated/total number of genes in pathway. 
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Supplementary Table 3.9. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by IFNγ + TDM (vs IFNγ) 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Hydroxycarboxylic acid-binding 

receptors 

2/3 (0.00291) HCAR2; HCAR3;  

Nuclear Receptor transcription pathway 3/39 (0.022475) NR4A1; NR4A2; PPARG;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes 

upregulated/total number of genes in pathway.  
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Supplementary Table 3.10. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by C. albicans/S. pyogenes (versus Mock/β-glucan/C. neoformans) 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Cytokine Signalling in Immune 

system 

18/267 (1.34E-07) CSF2; EGR1; EIF4E; GBP1; GBP3; IFIT1; 

IFIT2; IFIT3; IFNB1; IL18; IL1A; IL1B; 

IL1RN; IL6; IL7R; PTK2B; RIPK2; 

SOCS3;  

Chemokine receptors bind 

chemokines 

9/53 (4.68E-07) CCL20; CCL3; CCR7; CCRL2; CXCL10; 

CXCL1; CXCL2; CXCL3; IL8;  

Signalling by Interleukins 10/110 (1.86E-05) CSF2; IL18; IL1A; IL1B; IL1RN; IL6; 

IL7R; PTK2B; RIPK2; SOCS3;  

Interleukin-1 processing 3/7 (7.72E-04) IL18; IL1A; IL1B;  

Interferon alpha/beta signalling 6/59 (7.92E-04) EGR1; IFIT1; IFIT2; IFIT3; IFNB1; 

SOCS3;  

Peptide ligand-binding receptors 10/185 (8.00E-04) CCL20; CCL3; CCR7; CCRL2; CXCL10; 

CXCL1; CXCL2; CXCL3; EDN1; IL8;  

Interferon Signalling 9/158 (1.13E-02) EGR1; EIF4E; GBP1; GBP3; IFIT1; IFIT2; 

IFIT3; IFNB1; SOCS3;  

Immune System 26/1127 (4.58E-

03) 

ACTR3; BCL2; CD274; CSF2; EGR1; 

EIF4E; FCGR2A; GBP1; GBP3; IFIT1; 

IFIT2; IFIT3; IFNB1; IL18; IL1A; IL1B; 

IL1RN; IL6; IL7R; MDM2; NLRP3; 

PTK2B; RIPK2; SOCS3; TBK1; 

TNFAIP3;  

Cellular Senescence 8/164 (5.49E-03) ETS2; IFNB1; IL1A; IL6; IL8; KDM6B; 

MDM2; NBN;  

Class A/1 (Rhodopsin-like receptors) 11/307 (6.74E-03) ADRB2; CCL20; CCL3; CCR7; CCRL2; 

CXCL10; CXCL1; CXCL2; CXCL3; 

EDN1; IL8;  

Interleukin-1 signalling 4/43 (1.02E-02) IL1A; IL1B; IL1RN; RIPK2;  

Nucleotide-binding domain, leucine 

rich repeat containing receptor (NLR) 

signalling pathways 

4/50 (1.58E-02) BCL2; NLRP3; RIPK2; TNFAIP3;  

Sodium/Proton exchangers 2/9 (2.28E-02) SLC9A7; SLC9A8;  

Interleukin-6 signalling 2/10 (2.49E-02) IL6; SOCS3;  

G alpha (i) signalling events 8/231 (2.50E-02) CCL20; CCR7; CXCL10; CXCL1; 

CXCL2; CXCL3; IL8; RGS1;  

Tryptophan catabolism 2/11 (2.86E-02) IDO1; KMO;  

Cellular responses to stress 8/240 (2.89E-02) ETS2; IFNB1; IL1A; IL6; IL8; KDM6B; 

MDM2; NBN;  

Dissolution of Fibrin Clot 2/13 (3.63E-02) PLAUR; SERPINB2;  

Death Receptor Signalling 2/14 (3.97E-02) CFLAR; TNF;  

Extrinsic Pathway for Apoptosis 2/14 (3.97E-02) CFLAR; TNF;  

TRAF3-dependent IRF activation 

pathway 

2/14 (3.97E-02) IFNB1; TBK1;  

GPCR ligand binding 11/433 (4.36E-02) ADRB2; CCL20; CCL3; CCR7; CCRL2; 

CXCL10; CXCL1; CXCL2; CXCL3; 

EDN1; IL8;  

Inflammasomes 2/16 (4.65E-02) BCL2; NLRP3;  

Interleukin-2 signalling 3/45 (4.84E-02) CSF2; IL6; PTK2B;  

*Adjusted p-value < 0.05. ^*PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes 

upregulated/total number of genes in pathway.  
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Supplementary Table 3.11. Reactome Pathways significantly* enriched amongst genes significantly^ up 

regulated by IFNγ/TDM/BCG (versus Mock/β-glucan/C. neoformans) 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Cytokine Signalling in 

Immune system 

53/267 

(2.03E-26) 

ADAR; BLNK; CIITA; CISH; CSF2RB; CUL1; DDX58; 

EIF2AK2; GBP1; GBP2; GBP3; GBP4; GBP5; HERC5; 

ICAM1; IFI35; IFIT2; IFIT3; IFITM1; IFITM3; IL1A; IL1B; 

IL2RA; IL7; IRF1; IRF2; IRF5; IRF7; IRF8; ISG15; ISG20; 

JAK2; MX1; MX2; NOD2; OAS1; OAS2; OAS3; OASL; 

PIK3R1; PML; PSMB8; RELA; RIPK2; RNASEL; SOCS1; 

SOCS3; STAT1; STAT2; STAT3; TRIM25; UBE2L6; XAF1;  

Immune System 103/1127 

(1.08E-24) 

ADAR; AIM2; BLNK; C1QB; C2; CASP10; CASP4; CASP8; 

CD226; CD274; CD59; CDKN1A; CFH; CIITA; CISH; 

CSF2RB; CTSL1; CUL1; DAPP1; DDX58; DEFB1; DHX58; 

DTX3L; DUSP3; DUSP6; EIF2AK2; FBXO6; FYB; GBP1; 

GBP2; GBP3; GBP4; GBP5; HERC5; ICAM1; IFI16; IFI35; 

IFIH1; IFIT2; IFIT3; IFITM1; IFITM3; IL1A; IL1B; IL2RA; 

IL7; IRF1; IRF2; IRF5; IRF7; IRF8; ISG15; ISG20; ITPR1; 

JAK2; JUN; KIF2A; KIR2DL4; LCP2; MAPKAPK3; MB21D1; 

MX1; MX2; NCF4; NLRC5; NOD2; OAS1; OAS2; OAS3; 

OASL; P2RX7; PDCD1LG2; PDGFRA; PIK3R1; PML; 

PPP2R5C; PSMB8; PSMB9; PVR; RASGRP3; RBCK1; RELA; 

RIPK1; RIPK2; RNASEL; SOCS1; SOCS3; STAT1; STAT2; 

STAT3; TANK; TAP1; TAP2; TICAM2; TLR7; TLR8; 

TMEM173; TRIM21; TRIM25; TUBA1A; UBE2L6; UBR1; 

XAF1;  

Interferon Signalling 40/158 

(4.70E-24) 

ADAR; CIITA; DDX58; EIF2AK2; GBP1; GBP2; GBP3; 

GBP4; GBP5; HERC5; ICAM1; IFI35; IFIT2; IFIT3; IFITM1; 

IFITM3; IRF1; IRF2; IRF5; IRF7; IRF8; ISG15; ISG20; JAK2; 

MX1; MX2; OAS1; OAS2; OAS3; OASL; PML; PSMB8; 

RNASEL; SOCS1; SOCS3; STAT1; STAT2; TRIM25; 

UBE2L6; XAF1;  

Interferon alpha/beta 

signalling 

26/59 

(2.64E-22) 

ADAR; GBP2; IFI35; IFIT2; IFIT3; IFITM1; IFITM3; IRF1; 

IRF2; IRF5; IRF7; IRF8; ISG15; ISG20; MX1; MX2; OAS1; 

OAS2; OAS3; OASL; PSMB8; RNASEL; SOCS1; SOCS3; 

STAT2; XAF1;  

Interferon gamma 

signalling 

20/63 

(1.19E-13) 

CIITA; GBP1; GBP2; GBP3; GBP4; GBP5; ICAM1; IRF1; 

IRF2; IRF5; IRF7; IRF8; JAK2; OAS1; OAS2; OAS3; OASL; 

PML; SOCS1; SOCS3;  

RIG-I/MDA5 mediated 

induction of IFN-

alpha/beta pathways 

16/78 

(1.19E-07) 

CASP10; CASP8; DDX58; DHX58; HERC5; IFIH1; IRF1; 

IRF2; IRF7; ISG15; NLRC5; RELA; RIPK1; TANK; TRIM25; 

UBE2L6;  

Innate Immune System 45/563 

(1.26E-07) 

AIM2; C1QB; C2; CASP10; CASP4; CASP8; CD59; CDKN1A; 

CFH; CTSL1; DDX58; DEFB1; DHX58; DUSP3; DUSP6; 

HERC5; IFI16; IFIH1; IRF1; IRF2; IRF7; ISG15; ITPR1; JAK2; 

JUN; LCP2; MAPKAPK3; MB21D1; NLRC5; NOD2; P2RX7; 

PDGFRA; PIK3R1; RELA; RIPK1; RIPK2; SOCS1; TANK; 

TICAM2; TLR7; TLR8; TMEM173; TRIM21; TRIM25; 

UBE2L6;  

NF-kB activation 

through FADD/RIP-1 

pathway mediated by 

caspase-8 and -10 

6/12  

(3.87E-05) 

CASP10; CASP8; DDX58; IFIH1; RIPK1; TRIM25;  

Toll-Like Receptors 

Cascades 

17/140 

(5.40E-05) 

CASP8; CTSL1; DUSP3; DUSP6; IRF7; JAK2; JUN; 

MAPKAPK3; NOD2; RELA; RIPK1; RIPK2; SOCS1; TANK; 

TICAM2; TLR7; TLR8;  
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Death Receptor 

Signalling 

6/14  

(8.23E-05) 

CASP10; CASP8; FAS; RIPK1; TNFRSF1A; TNFSF10;  

Extrinsic Pathway for 

Apoptosis 

6/14  

(8.23E-05) 

CASP10; CASP8; FAS; RIPK1; TNFRSF1A; TNFSF10;  

Activated TLR4 

signalling 

14/110 

(1.79E-04) 

CASP8; DUSP3; DUSP6; IRF7; JAK2; JUN; MAPKAPK3; 

NOD2; RELA; RIPK1; RIPK2; SOCS1; TANK; TICAM2;  

Signalling by 

Interleukins 

14/110 

(1.79E-04) 

BLNK; CSF2RB; CUL1; IL1A; IL1B; IL2RA; IL7; JAK2; 

NOD2; PIK3R1; RELA; RIPK2; SOCS3; STAT3;  

MyD88-independent 

cascade  

13/97 

(1.92E-04) 

CASP8; DUSP3; DUSP6; IRF7; JAK2; JUN; MAPKAPK3; 

NOD2; RELA; RIPK1; RIPK2; TANK; TICAM2;  

TRIF-mediated 

TLR3/TLR4 signalling  

13/97 

(1.92E-04) 

CASP8; DUSP3; DUSP6; IRF7; JAK2; JUN; MAPKAPK3; 

NOD2; RELA; RIPK1; RIPK2; TANK; TICAM2;  

Toll Like Receptor 3 

(TLR3) Cascade 

13/97 

(1.92E-04) 

CASP8; DUSP3; DUSP6; IRF7; JAK2; JUN; MAPKAPK3; 

NOD2; RELA; RIPK1; RIPK2; TANK; TICAM2;  

Toll Like Receptor 4 

(TLR4) Cascade 

14/122 

(4.08E-04) 

CASP8; DUSP3; DUSP6; IRF7; JAK2; JUN; MAPKAPK3; 

NOD2; RELA; RIPK1; RIPK2; SOCS1; TANK; TICAM2;  

TRAF6 mediated IRF7 

activation 

7/31  

(6.77E-04) 

DDX58; IFIH1; IRF1; IRF2; IRF7; TANK; TRIM25;  

Negative regulators of 

RIG-I/MDA5 signalling 

7/33  

(9.57E-04) 

DDX58; HERC5; IFIH1; ISG15; NLRC5; TRIM25; UBE2L6;  

MyD88 dependent 

cascade initiated on 

endosome 

11/86 

(9.64E-04) 

DUSP3; DUSP6; IRF7; JAK2; JUN; MAPKAPK3; NOD2; 

RELA; RIPK2; TLR7; TLR8;  

Toll Like Receptor 7/8 

(TLR7/8) Cascade 

11/86 

(9.64E-04) 

DUSP3; DUSP6; IRF7; JAK2; JUN; MAPKAPK3; NOD2; 

RELA; RIPK2; TLR7; TLR8;  

Adaptive Immune 

System 

36/604 

(1.10E-03) 

BLNK; CD226; CD274; CDKN1A; CTSL1; CUL1; DAPP1; 

DTX3L; FBXO6; FYB; ICAM1; IFITM1; ITPR1; KIF2A; 

KIR2DL4; LCP2; NCF4; PDCD1LG2; PDGFRA; PIK3R1; 

PPP2R5C; PSMB8; PSMB9; PVR; RASGRP3; RBCK1; RELA; 

RIPK2; SOCS1; SOCS3; TAP1; TAP2; TRIM21; TUBA1A; 

UBE2L6; UBR1;  

Toll Like Receptor 9 

(TLR9) Cascade 

11/89 

(1.23E-03) 

DUSP3; DUSP6; IRF7; JAK2; JUN; MAPKAPK3; NOD2; 

RELA; RIPK2; TLR7; TLR8;  

Antiviral mechanism by 

IFN-stimulated genes 

9/68  

(2.93E-03) 

DDX58; EIF2AK2; HERC5; ISG15; MX1; MX2; STAT1; 

TRIM25; UBE2L6;  

ISG15 antiviral 

mechanism 

9/68  

(2.93E-03) 

DDX58; EIF2AK2; HERC5; ISG15; MX1; MX2; STAT1; 

TRIM25; UBE2L6;  

TRAF6 mediated 

induction of NFkB and 

MAP kinases upon 

TLR7/8 or 9 activation 

10/84 

(2.98E-03) 

DUSP3; DUSP6; JAK2; JUN; MAPKAPK3; NOD2; RELA; 

RIPK2; TLR7; TLR8;  

FasL/ CD95L signalling 3/5  

(3.67E-03) 

CASP10; CASP8; FAS;  

Growth hormone 

receptor signalling 

5/22  

(4.77E-03) 

CISH; JAK2; SOCS1; SOCS3; STAT3;  

TRAIL signalling 3/6  

(5.61E-03) 

CASP10; CASP8; TNFSF10;  

TRAF3-dependent IRF 

activation pathway 

4/14  

(6.65E-03) 

DDX58; IFIH1; IRF7; TRIM25;  

Caspase-8 activation by 

cleavage 

3/7  

(8.28E-03) 

CASP8; RIPK1; TNFSF10;  

Dimerization of 

procaspase-8 

3/7  

(8.28E-03) 

CASP8; RIPK1; TNFSF10;  

Interleukin-1 processing 3/7  

(8.28E-03) 

IL1A; IL1B; RELA;  

Regulation by c-FLIP 3/7  

(8.28E-03) 

CASP8; RIPK1; TNFSF10;  
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Chemokine receptors 

bind chemokines 

7/53 

 (8.97E-03) 

CCL2; CCL7; CCR1; CCRL2; CXCL10; CXCL11; CXCL9;  

STING mediated 

induction of host 

immune responses 

4/17  

(1.23E-02) 

IFI16; MB21D1; TMEM173; TRIM21;  

MyD88:Mal cascade 

initiated on plasma 

membrane 

9/92  

(1.47E-02) 

DUSP3; DUSP6; JAK2; JUN; MAPKAPK3; NOD2; RELA; 

RIPK2; SOCS1;  

Toll Like Receptor 

TLR6:TLR2 Cascade 

9/92  

(1.47E-02) 

DUSP3; DUSP6; JAK2; JUN; MAPKAPK3; NOD2; RELA; 

RIPK2; SOCS1;  

MAP kinase activation in 

TLR cascade 

7/59  

(1.54E-02) 

DUSP3; DUSP6; JAK2; JUN; MAPKAPK3; NOD2; RIPK2;  

Toll Like Receptor 2 

(TLR2) Cascade 

9/95 

(1.69E-02) 

DUSP3; DUSP6; JAK2; JUN; MAPKAPK3; NOD2; RELA; 

RIPK2; SOCS1;  

Toll Like Receptor 

TLR1:TLR2 Cascade 

9/95  

(1.69E-02) 

DUSP3; DUSP6; JAK2; JUN; MAPKAPK3; NOD2; RELA; 

RIPK2; SOCS1;  

Apoptosis 12/155 

(1.89E-02) 

BMX; CASP10; CASP7; CASP8; FAS; LMNB1; PMAIP1; 

PSMB8; PSMB9; RIPK1; TNFRSF1A; TNFSF10;  

Hydroxycarboxylic acid-

binding receptors 

2/3  

(1.98E-02) 

HCAR2; HCAR3;  

Interleukin-6 signalling 3/10  

(2.02E-02) 

JAK2; SOCS3; STAT3;  

TRIF-mediated 

programmed cell death 

3/10  

(2.02E-02) 

CASP8; RIPK1; TICAM2;  

MyD88 cascade initiated 

on plasma membrane 

8/83  

(2.32E-02) 

DUSP3; DUSP6; JAK2; JUN; MAPKAPK3; NOD2; RELA; 

RIPK2;  

Toll Like Receptor 10 

(TLR10) Cascade 

8/83  

(2.32E-02) 

DUSP3; DUSP6; JAK2; JUN; MAPKAPK3; NOD2; RELA; 

RIPK2;  

Toll Like Receptor 5 

(TLR5) Cascade 

8/83  

(2.32E-02) 

DUSP3; DUSP6; JAK2; JUN; MAPKAPK3; NOD2; RELA; 

RIPK2;  

Cytosolic sensors of 

pathogen-associated 

DNA  

7/67  

(2.43E-02) 

IFI16; IRF7; MB21D1; RELA; RIPK1; TMEM173; TRIM21;  

Nucleotide-binding 

domain, leucine rich 

repeat containing 

receptor (NLR) 

signalling pathways 

6/50  

(2.49E-02) 

AIM2; CASP4; CASP8; NOD2; P2RX7; RIPK2;  

BMAL1:CLOCK,NPAS

2 activates circadian 

gene expression 

5/37  

(2.86E-02) 

ARNTL2; CCRN4L; NAMPT; PRIC285; SMARCD3;  

P2Y receptors 3/12  

(2.89E-02) 

LPAR6; P2RY13; P2RY14;  

Regulation of IFNG 

signalling 

3/12  

(2.89E-02) 

JAK2; SOCS1; SOCS3;  

TRAF6 mediated NF-kB 

activation 

4/24  

(3.10E-02) 

DDX58; IFIH1; RELA; TRIM25;  

Circadian Clock 6/55  

(3.40E-02) 

ARNTL2; CCRN4L; CUL1; NAMPT; PRIC285; SMARCD3;  

Trafficking and 

processing of endosomal 

TLR 

3/13  

(3.53E-02) 

CTSL1; TLR7; TLR8;  

Signalling by NGF 16/271 

(5.26E-02) 

AKAP13; ARHGEF3; CDKN1A; DUSP3; DUSP6; FURIN; 

ITPR1; JAK2; MAPKAPK3; PDGFRA; PIK3R1; PLEKHG2; 

RALA; RELA; RIPK2; STAT3;  

Interleukin receptor SHC 

signalling 

4/27  

(4.44E-02) 

CSF2RB; IL2RA; JAK2; PIK3R1;  
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Interleukin-1 signalling 5/43  

(4.82E-02) 

CUL1; IL1A; IL1B; NOD2; RIPK2;  

TRAF6 mediated IRF7 

activation in TLR7/8 or 9 

signalling 

3/15 

(4.94E-02) 

IRF7; TLR7; TLR8;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes 

upregulated/total number of genes in pathway. 
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Supplementary Table 3.12. Reactome Pathways significantly* enriched amongst genes 

significantly^ up regulated by LPS/S. typhimurium (versus Mock/β-glucan/C. neoformans) 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Cytokine Signalling in 

Immune system 

36/267 (6.14E-19) ADAR; CSF2; DDX58; EIF4E; GBP1; GBP3; GBP4; 

GBP5; HERC5; IFIT1; IFIT2; IFIT3; IFNB1; IL18; 

IL1A; IL1B; IL1R1; IL1RN; IL2RA; IL6; IL7R; ISG15; 

ISG20; MX1; NFKB1; NFKB2; OAS1; OAS2; OAS3; 

OASL; PELI1; RIPK2; SOCS3; STAT5A; USP18; 

XAF1;  

Interferon alpha/beta 

signalling 

15/59 (1.13E-11) ADAR; IFIT1; IFIT2; IFIT3; IFNB1; ISG15; ISG20; 

MX1; OAS1; OAS2; OAS3; OASL; SOCS3; USP18; 

XAF1;  

Interferon Signalling 22/158 (1.39E-11) ADAR; DDX58; EIF4E; GBP1; GBP3; GBP4; GBP5; 

HERC5; IFIT1; IFIT2; IFIT3; IFNB1; ISG15; ISG20; 

MX1; OAS1; OAS2; OAS3; OASL; SOCS3; USP18; 

XAF1;  

Immune System 52/1127 (9.51E-09) ADAR; AKT3; BIRC2; CD274; CD80; CFB; CSF2; 

DDX58; DHX58; EIF4E; EREG; FCGR2A; GBP1; 

GBP3; GBP4; GBP5; HERC5; IFIH1; IFIT1; IFIT2; 

IFIT3; IFNB1; IL18; IL1A; IL1B; IL1R1; IL1RN; 

IL2RA; IL6; IL7R; ISG15; ISG20; MX1; NFATC1; 

NFKB1; NFKB2; NLRP3; OAS1; OAS2; OAS3; 

OASL; PELI1; RIPK2; RNF144B; SOCS3; STAT5A; 

TBK1; TLR4; TNFAIP3; TUBB6; USP18; XAF1;  

Signalling by 

Interleukins 

15/110 (7.39E-08) CSF2; IL18; IL1A; IL1B; IL1R1; IL1RN; IL2RA; IL6; 

IL7R; NFKB1; NFKB2; PELI1; RIPK2; SOCS3; 

STAT5A;  

Chemokine receptors 

bind chemokines 

11/53 (1.16E-07) CCL20; CCL22; CCR7; CCRL2; CXCL10; CXCL11; 

CXCL1; CXCL2; CXCL3; CXCL5; IL8;  

Interleukin-1 

processing 

5/7 (1.82E-06) IL18; IL1A; IL1B; NFKB1; NFKB2;  

RIG-I/MDA5 mediated 

induction of IFN-

alpha/beta pathways 

10/78 (3.46E-05) DDX58; DHX58; HERC5; IFIH1; IFNB1; ISG15; 

NFKB1; NFKB2; TBK1; TNFAIP3;  

Interferon gamma 

signalling 

9/63 (4.44E-05) GBP1; GBP3; GBP4; GBP5; OAS1; OAS2; OAS3; 

OASL; SOCS3;  

Interleukin-1 signalling 7/43 (1.94E-04) IL1A; IL1B; IL1R1; IL1RN; NFKB1; PELI1; RIPK2;  

Negative regulators of 

RIG-I/MDA5 

signalling 

6/33 (3.90E-04) DDX58; HERC5; IFIH1; ISG15; TBK1; TNFAIP3;  

TRAF3-dependent IRF 

activation pathway 

4/14 (1.23E-03) DDX58; IFIH1; IFNB1; TBK1;  

Peptide ligand-binding 

receptors 

12/185 (1.84E-03) CCL20; CCL22; CCR7; CCRL2; CXCL10; CXCL11; 

CXCL1; CXCL2; CXCL3; CXCL5; EDN1; IL8;  

Antiviral mechanism 

by IFN-stimulated 

genes 

7/68 (2.55E-03) DDX58; EIF4E; HERC5; IFIT1; ISG15; MX1; USP18;  

ISG15 antiviral 

mechanism 

7/68 (2.55E-03) DDX58; EIF4E; HERC5; IFIT1; ISG15; MX1; USP18;  

Innate Immune System 22/563 (5.59E-03) AKT3; BIRC2; CD80; CFB; DDX58; DHX58; EREG; 

FCGR2A; HERC5; IFIH1; IFNB1; IL6; ISG15; 

NFATC1; NFKB1; NFKB2; NLRP3; PELI1; RIPK2; 

TBK1; TLR4; TNFAIP3;  

TRAF6 mediated NF-

kB activation 

4/24 (7.63E-03) DDX58; IFIH1; NFKB1; NFKB2;  
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Activated TLR4 

signalling 

8/110 (7.87E-03) BIRC2; IL6; NFKB1; NFKB2; PELI1; RIPK2; TBK1; 

TLR4;  

Toll Like Receptor 4 

(TLR4) Cascade 

8/122 (1.36E-02) BIRC2; IL6; NFKB1; NFKB2; PELI1; RIPK2; TBK1; 

TLR4;  

MyD88-independent 

cascade  

7/97 (1.38E-02) BIRC2; IL6; NFKB1; NFKB2; RIPK2; TBK1; TLR4;  

TRIF-mediated 

TLR3/TLR4 signalling  

7/97 (1.38E-02) BIRC2; IL6; NFKB1; NFKB2; RIPK2; TBK1; TLR4;  

Toll Like Receptor 3 

(TLR3) Cascade 

7/97 (1.38E-02) BIRC2; IL6; NFKB1; NFKB2; RIPK2; TBK1; TLR4;  

Neurophilin 

interactions with 

VEGF and VEGFR 

2/4 (1.41E-02) FLT1; NRP2;  

TRAF6 mediated IRF7 

activation 

4/31 (1.56E-02) DDX58; IFIH1; IFNB1; TBK1;  

Toll-Like Receptors 

Cascades 

8/140 (2.66E-02) BIRC2; IL6; NFKB1; NFKB2; PELI1; RIPK2; TBK1; 

TLR4;  

MyD88:Mal cascade 

initiated on plasma 

membrane 

6/92 (3.97E-02) IL6; NFKB1; NFKB2; PELI1; RIPK2; TLR4;  

Toll Like Receptor 

TLR6:TLR2 Cascade 

6/92 (3.97E-02) IL6; NFKB1; NFKB2; PELI1; RIPK2; TLR4;  

Regulation of IFNA 

signalling 

3/22 (4.15E-02) IFNB1; SOCS3; USP18;  

Toll Like Receptor 2 

(TLR2) Cascade 

6/95 (4.40E-02) IL6; NFKB1; NFKB2; PELI1; RIPK2; TLR4;  

Toll Like Receptor 

TLR1:TLR2 Cascade 

6/95 (4.40E-02) IL6; NFKB1; NFKB2; PELI1; RIPK2; TLR4;  

Signalling by Leptin 3/23 (4.44E-02) IL6; SOCS3; STAT5A;  

Recruitment of NuMA 

to mitotic centrosomes 

3/24 (4.71E-02) CCNB1; NUMA1; TUBB6;  

Interleukin-2 signalling 4/45 (4.74E-02) CSF2; IL2RA; IL6; STAT5A;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes 

upregulated/total number of genes in pathway.  
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Supplementary Table 3.13. Reactome Pathways significantly* enriched amongst genes significantly^ 

down regulated by C. albicans/S. pyogenes (versus Mock/β-glucan/C. neoformans) 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Gene Expression 123/1118 

(5.88E-05) 

AARS; CARS; CD2BP2; CHD9; CLP1; CNOT6; 

COBRA1; CSTF1; DARS2; DDX20; DDX23; 

DNMT1; E2F4; EDC3; EIF2B4; EIF2C4; EIF5; EIF5B; 

EPRS; FAU; GATAD2A; GATAD2B; GEMIN6; 

GTF3C4; HARS2; HIPK2; HIST1H2AC; HKR1; 

HNRNPK; IPO8; LSM1; MAML3; MED31; MED8; 

MTERF; NCBP1; NCOR2; NUP153; NUP214; 

NUP50; PCBP1; PHAX; PHF19; POLR1A; POLR2D; 

POLR3A; POLR3C; PPARG; PRPF6; PSMB5; 

PSMC5; PSMD7; RPL28; RPL30; RPL7; RPS26; 

RRP8; SAP30L; SIRT1; SLBP; SMAD2; SMAD3; 

SMAD4; SMG8; SNAPC3; SP1; SRSF11; TAF10; 

TAF4; TARS2; TBL1XR1; TCEB3; TNKS1BP1; 

TNRC6A; TRIM33; TSN; UBTF; VDR; XPO1; 

YWHAZ; ZFP1; ZNF155; ZNF160; ZNF197; ZNF211; 

ZNF230; ZNF264; ZNF282; ZNF324; ZNF33A; 

ZNF34; ZNF354A; ZNF37A; ZNF398; ZNF43; 

ZNF434; ZNF436; ZNF490; ZNF543; ZNF557; 

ZNF561; ZNF585B; ZNF587; ZNF606; ZNF615; 

ZNF616; ZNF624; ZNF627; ZNF688; ZNF691; 

ZNF701; ZNF707; ZNF708; ZNF740; ZNF746; 

ZNF764; ZNF770; ZNF776; ZNF777; ZNF782; 

ZNF785; ZNF791; ZNF79;  

Generic Transcription Pathway 59/458 

(1.13E-03) 

CHD9; E2F4; HIPK2; HKR1; MAML3; MED31; 

MED8; NCOR2; PPARG; SMAD2; SMAD3; SMAD4; 

SP1; TBL1XR1; TRIM33; VDR; ZFP1; ZNF155; 

ZNF160; ZNF197; ZNF211; ZNF230; ZNF264; 

ZNF282; ZNF324; ZNF33A; ZNF34; ZNF354A; 

ZNF37A; ZNF398; ZNF43; ZNF434; ZNF436; 

ZNF490; ZNF543; ZNF557; ZNF561; ZNF585B; 

ZNF587; ZNF606; ZNF615; ZNF616; ZNF624; 

ZNF627; ZNF688; ZNF691; ZNF701; ZNF707; 

ZNF708; ZNF740; ZNF746; ZNF764; ZNF770; 

ZNF776; ZNF777; ZNF782; ZNF785; ZNF791; 

ZNF79;  

Chromatin modifying enzymes 31/193 

(2.34E-03) 

ACTL6A; ARID1A; ARID2; ATXN7L3; BRD8; 

C17orf79; DR1; ELP3; GATAD2A; GATAD2B; 

HIST1H2AC; ING4; KAT6A; KDM2A; KDM2B; 

KDM5A; KIAA1267; MSL2; NCOR2; PHF2; REST; 

SAP30L; SMARCC2; TADA2B; TADA3; TAF10; 

TAF5L; TBL1XR1; USP22; VPS72; WDR5;  

Chromatin organization 31/193 

(2.34E-03) 

ACTL6A; ARID1A; ARID2; ATXN7L3; BRD8; 

C17orf79; DR1; ELP3; GATAD2A; GATAD2B; 

HIST1H2AC; ING4; KAT6A; KDM2A; KDM2B; 

KDM5A; KIAA1267; MSL2; NCOR2; PHF2; REST; 

SAP30L; SMARCC2; TADA2B; TADA3; TAF10; 

TAF5L; TBL1XR1; USP22; VPS72; WDR5;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes down 

regulated/total number of genes in pathway. 
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Supplementary Table 3.14. Reactome Pathways significantly* enriched amongst genes 

significantly^ down regulated by IFNγ/TDM/BCG (versus Mock/β-glucan/C. neoformans) 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Diseases of glycosylation 

Glycosaminoglycan metabolism 

Mucopolysaccharidoses 

14/120 

(6.52E-03) 

CHST15; CHST2; CHST7; GLB1L; 

HEXA; HPSE; HS3ST1; HS3ST2; 

HYAL2; SDC2; SLC26A2; ST3GAL2; 

ST3GAL6; VCAN;  

Platelet activation, signalling and 

aggregation 

20/219 

(9.68E-03) 

AKT3; ARRB1; BRPF3; CALU; CD9; 

CFL1; DAGLB; DGKZ; GNA12; LAT; 

MGLL; P2RY1; PFN1; PIK3CD; PIK3R5; 

PRKCD; SERPINE1; TIMP1; VAV3; 

VEGFA;  

Glycogen storage diseases 

Metabolism of carbohydrates 

Myoclonic epilepsy of Lafora 

21/253 

(2.00E-02) 

CHST15; CHST2; CHST7; ENO3; 

GLB1L; HEXA; HPSE; HS3ST1; 

HS3ST2; HYAL2; NUP214; NUP50; 

NUP62; PFKFB4; SDC2; SLC26A2; 

SLC2A1; SLC2A3; ST3GAL2; ST3GAL6; 

VCAN;  

Vitamin C (ascorbate) metabolism 4/8  

(2.40E-02) 

CYB5A; GSTO1; SLC2A1; SLC2A3;  

Nucleotide-like (purinergic) receptors 4/16  

(4.58E-02) 

ADORA2B; P2RY11; P2RY1; P2RY2;  

Rho GTPase cycle 

Signalling by Rho GTPases 

12/120 

(4.65E-02) 

ABR; AKAP13; ARAP1; ARAP3; 

ARHGAP22; ARHGAP30; ARHGDIA; 

ARHGEF2; FGD4; GDI1; RHOF; VAV3;  

HuR stabilizes mRNA 3/8  

4.69E-02) 

NUP214; PRKCD; XPO1;  

*Adjusted p-value < 0.05. ^PFP, raw fold change > 1.5. # Enrichment: Number of genes down 

regulated/total number of genes in pathway. 
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Supplementary Table 3.15. Reactome Pathways significantly* enriched amongst genes significantly^ 

down regulated by LPS/S. typhimurium (versus Mock/β-glucan/C. neoformans) 

 

Pathway Name 

Enrichment 

(Adjusted p) 

 

Gene Symbols 

Chromatin modifying enzymes 30/193 

(1.70E-02) 

ARID1A; ARID4A; ATXN7L3; BRD8; BRPF1; 

C17orf79; CCDC101; CDK4; DNMT3A; ELP2; 

ELP5; GATAD2A; GATAD2B; HDAC3; 

HIST1H2AC; ING4; KDM2B; KDM4A; KIAA1267; 

MEAF6; NCOR2; SAP30; SAP30L; SMARCC2; 

TADA2B; TAF12; TAF5L; USP22; VPS72; ZZZ3;  

Chromatin organization 30/193 

(1.70E-02) 

ARID1A; ARID4A; ATXN7L3; BRD8; BRPF1; 

C17orf79; CCDC101; CDK4; DNMT3A; ELP2; 

ELP5; GATAD2A; GATAD2B; HDAC3; 

HIST1H2AC; ING4; KDM2B; KDM4A; KIAA1267; 

MEAF6; NCOR2; SAP30; SAP30L; SMARCC2; 

TADA2B; TAF12; TAF5L; USP22; VPS72; ZZZ3;  

*Adjusted p-value < 0.05. ^PFP < 0.05, raw fold change > 1.5. # Enrichment: Number of genes down 

regulated/total number of genes in pathway.  
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Chapter Four: Monocyte Responses 

are Diversified by Multiple TSS Use  
 
4.1 Introduction 

As monocytes and macrophages instruct recruitment and activation of innate and adaptive 

immunity, it is self-evident that diversification of their transcriptomic responses has scope to 

broaden infection outcome. Chapter Three established that monocytes induce pathogen specific 

gene and enhancer expression programs within two hours after infection. However, pathogen 

specific diversification from within gene loci has not been comprehensively explored in 

monocytes responding to infection. 

 

One way to introduce diversity from within gene networks is through expression of multiple 

isoforms from a single gene locus. This can occur through alternative splicing or alternative TSS 

usage, and common sense dictates that proteins that vary in location, function, or interactive 

capabilities may result. Reductionist approaches from the pre-omics era reliably established 

splicing induced isoforms for immune genes including the Fcγ receptor [1], interferon receptor 

subunit 2 (IFNAR2), and cytokine genes including IL2, IL4 and IL6 [2] (reviewed in [3]). More 

recently, at the system level, substantial involvement of splicing and transcript isoforms has been 

shown in both macrophage polarisation [4] and mycobacterial infection [5, 6]. In contrast, 

alternative TSS use by myeloid cells has not been thoroughly explored. In mouse macrophages, 

alternative TSS usage was described for genes in the TLR cascade, including Ticam1, Tollip, Tlr3 

and Pellino2 [7]. Genes integral to myeloid cell regulation, including RARA, CEBPE, FOXP1, 

MITF and KLF6, are also expressed from multiple TSSs [8]. Thus, there is a precedent for further 

exploring TSS engagement along the monocyte-macrophage continuum.  

 

The CAGE-derived FANTOM5 promoter and enhancer atlases [9, 10] provide the tools to explore 

context specific engagement of TSSs as a means for generating transcriptomic diversity. 

FANTOM5 profiled TSS expression in nearly 1400 sample types encompassing human and 

mouse primary cells, cancer cell lines and tissues.  Only a small percentage of TSSs (20%) were 

ubiquitously engaged in more than 50% of FANTOM5 samples. On average, five TSSs were 

engaged per gene across all 975 human sample types within the FANTOM5 data set, and 1.2 

TSSs were engaged per gene (on average) within sample types [8, 9]. While this advocates that 
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the TSS repertoire engaged by specific cell types is likely restricted [8], responsive and plastic 

cells including neurons and immune cells were among the most dynamic samples, showing the 

lowest conservation of TSSs between species, and the highest proportion of cell type specific 

enhancer usage [9, 10]. This raises the hypothesis that TSS and enhancer engagement might 

represent dynamic mechanisms that aid adaptation to environmental and endogenous stimuli. 

 

In this Chapter, to test the hypothesis that the spectrum of monocyte responses to infection is 

broadened by transcriptional diversification of pathogen induced molecular pathways, the 

following aims have been undertaken: 

1. Investigate whether pathogens and PAMPs activate multiple TSSs per gene. 

2. Explore relationships between TSS arrangement, inducibility and expression patterns. 

3. Predict whether multiple TSS engagement leads to production of distinct protein isoforms 

capable of diversifying pathway outputs. 

These aims will be explored by constructing a logical, conservative pipeline based on the 

robustness of existing evidence and annotations in reputable genomic databases (described in 

Chapter Two).  Together with characterisation of gene sets via standard bioinformatic tools, this 

pipeline will allow assessment of multiple TSS use in monocytes and prediction of the transcript 

isoforms underlying monocyte response pathways. By characterising these aspects in monocytes, 

this Chapter provides a comparative foundation for studies in Chapter Five, which examines the 

dynamics of TSS engagement in macrophages across an infection time course. 
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4.2   Results 

4.2.1 Monocyte genes engage multiple TSSs during early responses 

Context specific engagement of transcription start sites may impact gene expression or diversify 

locus output via alternative transcript isoforms. Having anecdotally noted in Chapter Three that 

large groups of gene-annotated TSSs (Figure 4.1 (A)) drove expression of smaller numbers of 

genes (Figure 4.1 (B)), and that TSSs for the same gene can be differentially engaged in a context 

specific manner (Figure 3.13), this Chapter aimed to characterise TSS engagement, and its 

contribution to transcriptomic diversity in naïve and infected monocytes. 

 

              

Figure 4.1. Large groups of TSSs regulate smaller groups of genes.  

Overlap between gene-annotated TSSs (A) and genes (B) that were differentially up- and down regulated 

by each pathogen cluster compared with the Mock/ β-glucan/ C. neoformans cluster. Significance: 

PFP < 0.05, fold change > 1.5. 

 

 

4.2.1.1 Multi TSS genes are integral to monocyte responses 

Genes expressed from multiple TSSs are integral to monocyte inflammatory responses. Even in 

their resting state, 41.4% (4069/9828) of monocyte genes expressed multiple TSSs (Figure 4.2 

(A)). This was on par with other innate immune cell types, and higher than other exemplar cell 

types (Table 4.1). When all TSSs and all conditions were considered, the proportion of genes 

expressed from multiple TSSs increased, such that there were equivalent numbers of single and 

multi TSS genes (50.1% and 49.9% percent of 11114 genes respectively) (Figure 4.2 (B); Online 

Supplementary Data – Ch4). However, in any individual condition, the proportion of single TSS 

A B
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genes was greater than that of multi TSS genes, suggesting each infection induced a restricted, 

but somewhat distinct TSS repertoire (Figure 4.2 (C)).  Many innate response genes were already 

expressed from multiple TSSs in naïve cells and recruited additional start sites with infection 

(Supplementary Table 4.1). Additionally, 66% of differentially expressed genes (Figure 4.3 (A)) 

and 84% of the core up regulated gene set were multi TSS genes (Figure 4.3 (B)). 
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Figure 4.2. Multiple TSS engagement is common in naïve and infected monocytes.   

A. Engagement of expressed (> 1 TPM) gene-annotated TSSs (n = 18191) by genes (n = 9829) in naïve 

monocytes (Mock) B. Engagement of expressed (> 1 TPM) gene-annotated TSSs (n = 25244) by genes (n 

= 11113) across all conditions. A and B. X-axis: number of TSS engaged. Y-axis: number of genes engaging 

each number of TSSs. Insets: pie chart view of the proportion of single TSS genes (light blue) and multi 

TSS genes (dark blue). C. Proportion of genes engaging one (light blue) or multiple (dark blue) TSSs in 

each infection.  

A 

B 

C 
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Figure 4.3. Most differentially and commonly up regulated genes are expressed from 

multiple TSSs.  A. Venn diagram showing the number of differentially expressed (PFP < 0.05; fold 

change > 1.5, any comparison) genes having one (left) or multiple (right) TSSs expressed at any level 

greater than 1 TPM. B.  Protein-protein (StringDB [11]) interaction network of genes up regulated in two 

or more pathogen clusters (as per Figure 3.5), with multi TSS genes highlighted in green, and single TSS 

genes highlighted in pink.  

A 

B 
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4.2.1.2 Pathogens drive variance amongst multi TSS genes 

Pathogens were a strong driver of variance amongst multi TSS gene expression (Figure 4.4 (A)). 

Dimensionality reduction via PCA showed that TSSs for multi TSS genes clustered 

predominantly by the overarching pathogen responses, whereas single TSS genes showed donor 

induced variance and minimal clustering of pathogens (Figure 4.4 (B)). It was therefore 

unsurprising that multi TSS genes were significantly enriched for immunologically important 

pathways (Table 4.2A) and driven by over 200 different transcription factor motifs (Table 4.2B). 

In contrast, single TSS genes were found in pathways related to cellular maintenance and function 

(Table 4.3 (A)), induced by a restricted transcription factor repertoire (Table 4.3 (B)). 

 

 

 

Figure 4.4. Pathogens drive variance amongst immunologically focussed multi TSS genes.  

A and B. Left: Principal Component Analysis demonstrating variance amongst multi TSS (A) and single 

TSS (B) genes. X-axis: Principal Component 1 (PC1). Y-axis: Principal Component 2 (PC2). Right: 

Screeplot demonstrating the proportion of variance contributed by each Principal Component.  

 

A 

B 
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Table 4.2A. Pathway enrichment amongst multi TSS genes 
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Table 4.2B. Motif enrichment amongst multi TSS genes 
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Table 4.3A. Pathway enrichment amongst single TSS genes 
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Table 4.3B. Motif enrichment amongst single TSS genes 
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4.2.1.3 Multiple TSS engagement drives amplitude of expression 

The amplitude of TSS expression varied within gene loci and the total locus amplitude increased 

with engagement of additional TSSs (Figure 4.5 (A)). Single TSS genes displayed the lowest 

average expression level per gene, and recruitment of additional start sites produced an additive 

effect, with an increase in the number of expressed TSSs coinciding with an increase in the 

amplitude of locus expression, up until approximately eight TSSs (Figure 4.5 (A)). This additive 

effect was confirmed by qPCR in exemplar genes such as TANK, where expression of an exon 

common to the transcripts induced by p1@TANK, p3/4@TANK and p2@TANK was measured 

at a level similar to the summative total of the individual TSS-induced transcripts (Figure 4.5 (B)).  

 

 

 

 

  

                            

Figure 4.5. Engagement of additional TSSs increases the amplitude of locus expression. 

A. Average expression level (Y-axis) of genes (n = 11113) engaging each number of TSSs (X-axis). Box 

and whisker plots are median, minimum, and maximum. Table underneath plot: Number of genes engaging 

each number of TSSs. B. Left: LPS-induced expression of selected TANK TSSs measured by CAGE. X-

axis: TSS, Y-axis: log2 ratio fold change relative to Mock. Error bars: standard error. Right: LPS-induced 

expression of selected TANK TSSs measured by qPCR. X-axis: TSS, Y-axis:  fold change relative to Mock. 

Error bars: standard error. 

A 

B 
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4.2.1.4 TSS engagement is not uniform within differentially and abundantly expressed loci 

Within loci, the amplitude of individual TSSs was not uniform. Although most differentially and 

abundantly expressed genes were expressed from multiple TSSs (Figure 4.6 (A)), abundant (> 2.5 

TPM all conditions) or differential (PFP < 0.05, fold change > 1.5) expression was typically 

observed from only one TSS (Figure 4.6 (B)), with one, or small cohort of TSSs dominating much 

of the expression per gene.   

  

 

 

 

 

Figure 4.6.  Differentially and abundantly expressed genes engage multiple TSSs, but one 

differentially expressed TSS.  A. Proportion of differentially (PFP < 0.05, fold change > 1.5) and 

abundantly (> 2.5 TPM, all conditions) expressed genes (n = 7582) that expressed either one (light blue) or 

multiple (dark blue) TSSs at any level over 1 TPM. B.  Engagement of differentially expressed (DE) and 

abundantly expressed TSSs (n=11896) by differentially and abundantly expressed genes (n = 7582). X-

axis: number of TSS engaged. Y-axis: number of genes engaging each number of TSSs.  

A 

B 

121



4.2.1.5 Correlation of TSS expression drives amplitude of infection 

When all TSSs for a locus were expressed in a correlated pattern, the impact of TSS engagement 

on amplitude was higher. Although most multi TSS genes (93%) expressed their TSSs in a 

mixture of expression patterns, a small group of 412 multi TSS genes displayed high (Pearson) 

correlation of all TSS pairs (r > 0.8; “single pattern genes”) across samples (Online 

Supplementary Data – Ch4; examples follow in Figures 4.10 to 4.12). Most TSSs (70.2%) for 

these single pattern genes were abundantly/ differentially expressed (compared with only 44% of 

multi pattern TSSs) (Figure 4.7 (A)), and single pattern genes demonstrated the highest average 

expression (compared with multi pattern and single TSS genes) at the TSS level (Figure 4.8 (A)) 

and at locus level when the number of TSSs per gene were considered (Figure 4.8 (B)). 

 

 

            

 

Figure 4.7. Most TSSs for single pattern genes are differentially expressed. 

Proportion of TSSs (Y-axis) for single pattern genes and multi pattern genes (X-axis) that were 

differentially expressed. Single pattern genes: n = 982 TSSs, n = 412 genes; multi-pattern genes: n = 18692 

TSSs, n = 5131 genes. 
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Figure 4.8. Single pattern genes show higher amplitude of expression at locus and TSS level. 

A. Log2 of average expression level per TSS (Y-axis) of single TSS, single pattern and multi pattern genes 

(pink, blue and orange respectively) by pathogen cluster (X-axis). B. Log2 of average expression level (Y-

axis) of single TSS (n = 5570), single pattern (n = 412) and multi pattern (n = 5131) gene loci engaging 

each number of TSSs (X-axis). Table: number of genes per category in plot B. A and B. Box and whisker 

plots are median, minimum, and maximum. Asterisks indicate significant difference in average expression 

between the two categories indicated by the solid black bar (t-test, p < 0.05). 

 

B 

A 

123



In many, but not all cases, correlation of TSS expression appears to be facilitated by distance. Of 

412 single pattern genes, 74% had all their TSSs located within a single nucleosome distance, 

compared with only 39% of multi pattern genes (Figure 4.9). For example, TSSs for single pattern 

gene CLEC5A (Figure 4.10 (A)) spanned a total distance of 96 bp (peak centre to peak centre) 

(Figure 4.10 (C)), and the Pearson correlation of all CLEC5A TSS pairs was above 0.90 (Figure 

4.10 (B)). However, proximity is unlikely to be the sole determinant of high intra-locus TSS 

correlation, as evidenced by 109 (out of 412) single pattern genes that were separated by more 

than a single nucleosome distance but displayed a high level of TSS correlation. For example, the 

two active TSSs for single pattern gene SOCS1 (p1@SOCS1 and p3@SOCS1) (Figure 4.11 (A)) 

were located 682 bp apart (Figure 4.11 (C)). Although these TSSs differed in amplitude, their 

expression pattern was highly correlated, with a Pearson correlation coefficient of 0.88 (Figure 

4.11 (B)). 

 

 

 

Figure 4.9. Exploring the relationship between distance and TSS correlation. 

Proportion (y-axis) of single pattern genes (n = 412) and multi pattern genes (n = 5131) (X-axis) whose 

TSSs are contained within one to five or more nucleosome distances (147 base pairs per nucleosome 

(colour)).   
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Figure 4.10. Closely located TSSs for CLEC5A are highly correlated. 

A. Average log2 expression (y-axis) of all expressed TSSs for single pattern gene CLEC5A per condition 

(n = 3, except LPS (n = 2)). Box and whisker plots are median, minimum, and maximum. Large asterisk 

with bar indicates significant difference between pathogen cluster under bar and control cluster (Mock/ β-

glucan/ C. neoformans). Small asterisk indicates significant difference between individual pathogen and its 

respective control. B. Pearson correlation scores for CLEC5A TSSs. C. Genomic context of CLEC5A TSSs 

and the transcripts each CAGE tag is mapped to. Tag distance is from peak centre to peak centre. Image 

constructed using snapshots from UCSC genome browser [12]. 

A 

B 

C 

125



 

 

 

 

 

Figure 4.11. Distant TSSs for SOCS1 are highly correlated. 

A. Average log2 expression (y-axis) of all expressed TSSs for single pattern gene SOCS1 per condition (n 

= 3, except LPS (n = 2)). Box and whisker plots are median, minimum, and maximum. Large asterisk with 

bar indicates significant difference between pathogen cluster under bar and control cluster (Mock/ β-glucan/ 

C. neoformans). Small asterisk indicates significant difference between individual pathogen and its 

respective control. B. Pearson correlation scores for SOCS1 TSSs. C. Genomic context of SOCS1 TSSs and 

the transcripts each CAGE tag is mapped to. Tag distance is from peak centre to peak centre. Image 

constructed using snapshots from UCSC genome browser [12]. 
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The complexity of multi pattern gene loci further suggests distance is not the only regulator of 

TSS correlation. Some multi pattern genes were identified whose TSSs were located within a 

single nucleosome distance but displayed poor correlation. For example, p1@CARD6 and 

p2@CARD6 (Figure 4.12 (A)) exhibited a correlation score of 0.59 (Figure 4.12 (B)) but were 

located just 101 bp apart (Figure 4.12 (C)), highlighting the fine resolution with which TSS 

expression is controlled (Figure 4.12).  

 

 

 

 

Figure 4.12. Closely located TSSs for CARD6 are poorly correlated. 

A. Average log2 expression (y-axis) of all expressed TSSs for single pattern gene CARD6 per condition (n 

= 3, except LPS (n = 2)). Box and whisker plots are median, minimum, and maximum. Large asterisk with 

bar indicates significant difference between pathogen cluster under bar and control cluster (Mock/ β-glucan/ 

C. neoformans). Small asterisk indicates significant difference between individual pathogen and its 

respective control. B. Pearson correlation of CARD6 TSS pairs. C. Genomic context of CARD6 TSSs and 

the transcripts each CAGE tag is mapped to. Image constructed using snapshots from UCSC genome 

browser [12]. 
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Many multi pattern genes displayed a complex correlation structure of multiple patterns, each 

with multiple contributing TSSs. Start sites for WARS were expressed in an IFNγ-inducible 

pattern, an IFNγ repressible pattern, and a stably expressed pattern (represented in Figure 4.13 

(A)). The TSSs displaying IFNγ inducibility (p1,13,11,5,12; highlighted purple in Figure 4.13) 

were located within three regions: p11@WARS was located 19227 base pairs upstream of 

p13@WARS; p13@WARS was in turn located 13606 base pairs upstream of the centre of a 

p1/p5/p12@WARS cluster that spread a distance of 62bp from peak centre (p1@WARS) to peak 

centre (p12@WARS) (Figure 4.13 (B)). Despite the large distance separating these three IFNγ-

inducible clusters, all TSSs displaying this pattern were highly correlated to each other (average: 

0.80) (Figure 4.13 (C)). TSSs displaying repression in IFNγ driven conditions (highlighted green 

in Figure 4.13) were located within a total distance of 173 base pairs from peak centre 

(p7@WARS) to peak centre (p4@WARS) (average correlation 0.74) (Figure 4.13 (B)). Both the 

IFNγ inducible TSSs and IFNγ repressible TSSs were poorly correlated to the stably expressed 

p2@WARS (highlighted yellow in Figure 4.13) (average: 0.27 and 0.25 respectively) (Figure 

4.13 (C)) and their peak centres were located 997 base pairs (closest IFNγ inducible cluster 

(p1/p5/p12@WARS)) and 655 base pairs (IFNγ repressible cluster 

(p7/p3/p6/p8/p14/p4@WARS)) from the centre of p2@WARS respectively (Figure 4.13 (B)), 

which could explain this lack of correlation. Yet, the IFNγ inducible TSSs were also poorly 

correlated (average score: -0.536) to the IFNγ repressible TSSs (182 bp from peak centre to peak 

centre (Figure 4.13 (C)) and 21 base pairs between peripheral cluster edges (Figure 4.13 (B))) 

suggesting that while distance in some instances appears to contribute to correlation of TSS 

expression, there are exceptions where closely spaced TSSs can display anti-correlated expression 

activity. 

 

Figure 4.13. The WARS gene displays a complex correlation structure. 

Following pages: A. Average log2 expression (Y-axis) of representative TSSs for multi pattern gene WARS 

per condition (n = 3, except LPS (n = 2)). Box and whisker plots are median, minimum, and maximum. 

Large asterisk with bar indicates significant difference between pathogen cluster under bar and control 

cluster (Mock/ β-glucan/ C. neoformans). Small asterisk indicates significant difference between individual 

pathogen and its respective control. Coloured bars under plots indicate the plot represents one of the three 

patterns expressed in the WARS locus: purple: IFNγ inducible; green: IFNγ repressible; yellow: stably 

expressed. B. Genomic context of WARS TSSs and the transcripts each CAGE-derived TSS is mapped to. 

TSSs are highlighted in the aforementioned colours to indicate which expression pattern they demonstrated. 

Full locus is shown at top and zoom of area highlighted in the blue box is shown below. Image constructed 

using snapshots from UCSC genome browser [12]. C. Correlation matrices: top matrix shows correlation 

scores per TSS pair; bottom matrix shows average correlation scores of all TSSs within a pattern (“within 

cluster”) and between clusters of TSS showing the same pattern (“between clusters”). 
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4.2.1.6 Genes with highly correlated TSSs drive the biology of infection 

Given the apparent inducibility of single pattern genes, it is not surprising they reflect the shared 

biologies induced within the pathogen clusters under investigation (Figure 4.14). Genes for many 

secreted factors (CCL20; CCL2; CCL3; CCL7; CCR2; CCR5; CXCL10; CXCL1; CXCL2) fell into 

this category, and clustering of TSSs showed that the major expression patterns amongst single 

pattern genes reflected induction in each of four main pathogen groups (Figure 4.14 (A, B)).  TSSs 

expressed at the highest level in Mock treated cells but repressed by other infections (Cluster 1, 

Figure 4.14 (A, B)) drove genes related to GPCR/ RhoGTPase signalling, and DNA repair (Figure 

4.14 (C)). Clusters 2 and 4 showed strongest induction in the LPS/ S. typhimurium and IFNγ/ 

TDM/ BCG clusters respectively (Figure 4.14 (A, B)) and were each enriched for different cohorts 

of cytokines and chemokines (Figure 4.14 (C)), while Cluster 3 showed induction in the C. 

albicans/ S. pyogenes cluster (Figure 4.14 (A, B)). The genes in this cluster drove a smaller 

number of pathways (Figure 4.14 (C)), but this may reflect the less characterised nature of these 

infections compared with the LPS- and IFNγ-centred biologies, or the higher proportion of non-

genomic elements engaged by these infections. As a group, single pattern genes demonstrated 

significant enrichment of motifs for a restricted set of known immune regulators within their TSS 

regions (Table 4.4). This likely underlies the observed immune-centric nature of these genes. 
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 Figure 4.14. Single pattern 

genes drive biologies shared 

by major pathogen clusters. 

A. Heatmaps showing average 

expression per condition (columns) 

of TSSs (rows) for single pattern 

genes expressed in the monocyte 

infection series dataset (n = 3 for all 

conditions except LPS (n = 2)). 

Colour indicates row z-score of 

mean log2 expression. X axis: 

treatment. Y-axis: Clustering of z-

scores by PAM. B.  Mean log2 

expression pattern for all TSSs in 

each cluster (Y-axis) per condition 

(X-axis). C. Themes enriched in 

each cluster, derived from 

InnateDB [13] analysis of 

significantly enriched (adjusted p < 

0.01) Reactome [14] pathways (left 

column). Genes found in pathways 

contributing to themes are shown 

in right hand side column. Number 

of genes: cluster 1: 95; cluster 2: 

93; cluster 3: 89; cluster 4: 165. 
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Table 4.4. Motif enrichment amongst single pattern genes  
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4.2.17  Multi pattern genes drive a broad repertoire of pathways driven by many transcription 

factors 

The organised nature of single pattern genes contrasted the majority (93%) of multi TSS genes, 

which displayed a mixture of patterns and functions.  Differentially and abundantly expressed 

multi pattern genes appear to be influenced by both donor and pathogen, particularly during 

infection (Figure 4.15 (A)), and multi pattern genes were enriched for many more pathways (694) 

(Table 4.5A) and transcription factor motifs (Table 4.5B) than either single TSS (180; Table 4.3A 

and B) or single pattern genes (41; Figure 4.14; Table 4.4). In the case of single pattern genes 

these disparate numbers may be influenced by the number of genes in each category (single 

pattern: 412; multi pattern: 5131; single TSS: 5570), however the numbers of single TSS and 

multi pattern genes analysed were similar, suggesting that single TSS and single pattern genes 

may be more functionally specialised, while multi pattern genes participate in functionally diverse 

activities.  

 

 

 

Figure 4.15. Multi pattern genes are influenced by donor and pathogen. 

Left: Principal Component Analysis of differentially expressed and abundant TSSs (n = 5306) for multi 

pattern genes. Numbers indicate sample donor identifiers. Right: Screeplot showing the proportion of 

variance contributed by each component. 
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Table 4.5A. Pathway enrichment amongst multi pattern genes 
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Table 4.5B. Motif enrichment amongst multi pattern genes 
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4.2.1.8 Multi pattern genes are a source of isoform induced diversity in immunologically 

important pathways 

Multi pattern genes are predicted to be a source of isoform-induced diversity within monocyte 

responses. Across the entire expressed transcriptome (11113 genes), 1492 genes (27% of all 

expressed monocyte multi TSS genes) were conservatively predicted to express at least two 

protein isoforms at greater than 1 TPM.  Of these, the majority (1434/1492) were multi pattern 

genes, with only 58 predicted multi isoform genes expressing their TSSs in a highly correlated 

pattern (Figure 4.16). Approximately half (2068/4110) of the TSSs for the predicted multi-

isoform gene set were differentially or abundantly expressed, suggesting that differential 

expression is not a pre-requisite for diversification via alternative TSSs. 

 

Figure 4.16. TSSs for predicted multi isoform genes are expressed in multiple patterns. 

Breakdown of predicted multi isoform genes (n = 1492) whose TSSs (n = 4110) are expressed in a highly 

correlated (r > = 0.8) pattern (blue circle) and in multiple patterns (r < 0.8; orange circle). 

 

Multi isoform genes intersected many pivotal pathways of the early monocyte response. 

Apoptosis, PRR-driven signalling, and pathways central to monocyte maturation (eg. Rho 

GTPase signalling, cytoskeletal rearrangement, phagocytosis) were all enriched for predicted 

multi isoform genes, providing support for the notion of isoform induced diversification of 

monocyte responses (Table 4.6). This notion was explored further by examining and validating 

transcript isoforms from arising from candidate gene loci within key immune response pathways; 

these will be discussed in Section 4.2.2. 
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Table 4.6. Multi isoform genes target immune-centric pathways 
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4.2.2 Validation of candidate multi isoform genes in key immune pathways 

4.2.2.1 Apoptotic switches: CFLAR and CASP8 

Apoptotic pathways were enriched amongst multi TSS genes, including those predicted to express 

multiple protein isoforms (Figure 4.17; Table 4.6). CASP8 and CFLAR are central to extrinsic 

apoptosis, which initiates when oligomerisation of death receptors results in formation of the 

Death Induced Signalling Complex (DISC). The DISC is a complex of proteins encoded by the 

CASP8, FAS (or other death receptors), FADD and CASP10 genes, with interactions mediated by 

Death Domains, or structurally similar Death Effector Domains (DED). Known protein isoforms 

arising from the CFLAR gene critically influence the consequences of DISC formation.    These 

isoforms (c-FLIPL, c-FLIPS and c-FLIPR) are thought to arise from alternative splicing, and they, 

and their cleavage products direct DISC output towards either apoptosis or cell survival, via 

regulation of CASP8 autoactivation. They also regulate death receptor-induced NFκB activation 

in a concentration dependent manner [15]. As this interplay between CASP8 and CFLAR gene 

products has the potential to influence monocyte phenotype in terms of inflammation and 

survival, we chose to explore the major isoforms predicted to result from multi TSS engagement 

in these genes.  

 

 

 

 

Figure 4.17. Apoptotic pathways are enriched amongst multi isoform genes.  

Following page: Apoptosis pathway (KEGG [16]) coloured to show single TSS genes (magenta), 

multi TSS single pattern genes (blue), and multi TSS, multi pattern genes (orange). Black stars 

indicate genes predicted to express multiple isoforms (> 1 TPM). 
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CASP8 And FADD Like Apoptosis Regulator (CFLAR) 

The apoptotic switch CFLAR, also known as Flice-like inhibitory protein (FLIP), was expressed 

from a total of 30 TSSs across all infections (Figure 4.18). No infection induced expression from 

the entire cohort of TSSs, although 11 TSSs were abundantly or differentially expressed in at least 

one pathogen cluster (asterisks in Figure 4.18 (A)). Correlation based clustering of differentially/ 

abundantly expressed TSSs identified several correlated patterns: p4@CFLAR, p7@CFLAR and 

p26@CFLAR were highly correlated to each other, as were p2@CFLAR, p5@CFLAR and 

p9@CFLAR (Figure 4.18 (C)). These were predominantly induced by the LPS/ S. typhimurium 

and C. albicans/ S. pyogenes clusters, although the latter was also induced in β-glucan, 

C. neoformans, and BCG infection (Figure 4.18 (A)). In contrast to these inducible TSSs, 

p1@CFLAR maintained a steady level of expression across all samples, dominating in all 

conditions except the LPS/ S. typhimurium and C. albicans/ S. pyogenes clusters, where 

p4@CFLAR dominated.  P1@CFLAR exhibited low or anti-correlation to all differentially 

expressed TSSs except p3@CFLAR (0.56), and p13@CFLAR (0.67) (Figure 4.18 (C)). 

FANTOM5’s nomenclature rules indicate p1@CFLAR was the highest expressed of all CFLAR 

TSSs across all FANTOM5 samples; this, together with its behaviour in this dataset, suggests 

p1@CFLAR represents the housekeeping TSS in monocytes, and is responsible for maintaining 

a base level of CFLAR expression.  

 

 

 

Figure 4.18. Expression characteristics of CFLAR. 

Following page: A. Heatmap showing normalised mean expression per infection (columns) of TSSs (rows) 

for all CFLAR TSSs that were expressed in the monocyte infection series dataset. Colour indicates row z-

score of mean log2 expression. X axis: treatment. Y-axis: Clustering of z-scores by Pearson correlation. 

Asterisk indicates TSS was differentially or abundantly expressed (PFP < 0.05, or > 2.5 TPM all donors, 

all conditions). B. Number of CFLAR TSSs expressed above 1 TPM in all donors of each condition. C. 

Pearson correlation scores per TSS pair for differentially expressed CFLAR TSSs. 
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Several different isoforms are predicted to arise from the CFLAR locus during monocyte 

infection. Of the differentially expressed TSSs, distinct protein isoforms were predicted to be 

expressed from p1@CFLAR, p13@CFLAR and p26@CFLAR. The transcripts driven by 

p1@CFLAR and p26@CFLAR were selected for validation, as they showed distinct patterns of 

engagement and were located sufficiently far apart to be distinguishable by qPCR (Figure (4.19 

(A)). P26@CFLAR mapped to ENST00000440180 (CFLAR-212), a 1198 nucleotide transcript 

that encodes a known CFLAR isoform, FLIP-S (Figure 4.19 (B, C)). CAGE analysis revealed 

p26@CFLAR was predominantly inducible by extracellular pathogens (LPS/ S. typhimurium and 

C. albicans/ S. pyogenes) (Figure 4.18 (A)), and LPS inducibility of this transcript was validated 

by qPCR (Figure 4.19 (B)). P1@CFLAR was located over 13000 bp upstream of p26@CFLAR 

and overlapped the start site for ENST00000443227 (CFLAR-214) (Figure 4.19 (A, C, E)). 

Although p1@CFLAR was also mapped by FANTOM5 to the canonical transcript 

(ENST00000309955/CFLAR-201), the analysis pipeline employed herein gave the canonical 

transcript a lower priority score as it starts 40 bp upstream of the p1@CFLAR CAGE tag region 

(not shown). QPCR analysis confirmed expression of a transcript lacking exon 2 of the canonical 

transcript (Figure 4.19 (B)), suggesting that p1@CFLAR was correctly mapped to CFLAR-214.  

 

 

Figure 4.19. Genomic context and transcript mapping of selected CFLAR TSSs. 

Following page: A. Genomic context of p1@CFLAR and p26@CFLAR, the transcripts they map to, and 

the PCR products used in transcript validation. Image constructed using snapshots from UCSC genome 

browser [12]. B. Left: expression of validated CFLAR TSSs measured by CAGE. X-axis: TSS and condition 

(colours), Y-axis: log2 ratio fold change relative to Mock. Right: expression of selected CFLAR TSSs 

measured by qPCR. X-axis: TSS and condition (colours), Y-axis:  fold change relative to Mock. n = 3 

donors, except for LPS CAGE (n = 2). Error bars: standard error. C. Characteristics of transcripts and 

proteins mapped to differentially expressed CFLAR TSSs predicted to express distinct protein isoforms. 
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The transcripts predicted to arise from CFLAR encode distinct proteins likely to have different 

functional consequences. CFLAR-212, arising from p26@CFLAR encodes a known isoform, 

FLIP-S, which contains two DED domains, but lacks the Caspase region present in the canonical 

and other CFLAR variants (Figure 4.20). In contrast, despite their start sites being in close 

proximity (Figure 4.19 (A)), the protein predicted to be expressed from p1@CFLAR (CFLAR-

214) lacks the first 96 amino acids of the canonical protein, instead encoding a 384-amino acid 

protein containing a single DED domain, and a Caspase region that is absent from the 

p26@CFLAR-induced transcript (Figure 4.20). These differences likely impact the ability of the 

resultant proteins to interact with the DISC and to catalytically activate target proteins.  

  

 

Figure 4.20. Features of predicted protein isoforms arising from the CFLAR locus. 

Amino acid sequence (A) and protein domains/ features present (B) in the proteins predicted to be translated 

from validated CFLAR TSSs.  Green: p1@CFLAR; Magenta: p26@CFLAR; yellow highlights: death 

effector domain (DED), blue highlights: caspase region; numbers indicate amino acid position relevant to 

each protein isoform. 
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Caspase 8 (CASP8) 

CASP8 was expressed from six TSSs across all samples (Figure 4.21 (A)). Nearly all conditions 

expressed the full cohort of TSSs (Figure 4.21 (B)), and four out of the six TSSs were 

differentially or abundantly expressed (Figure 4.21). In most cases, TSS expression was down 

regulated compared with Mock-treated cells; the exception to this was p3@CASP8, which 

demonstrated significant induction specific to IFNγ-driven conditions (Figure 4.21 (A)). 

P2@CASP8 also demonstrated induction, although not significantly. Clustering of differentially/ 

highly expressed TSSs revealed p1@CASP8 and p4@CASP8 shared a highly correlated 

expression pattern (r = 0.89), while p3@CASP8 and p6@CASP8 did not (Figure 4.21 (C)). 

P3@CASP8, with its IFNγ inducibility, showed the most distinct expression pattern (average 

correlation of 0.52 to other TSSs) (Figure 4.21 (C)), while p1@CASP8 remained the dominant 

TSS across all conditions. 
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Figure 4.21. Expression characteristics of CASP8. 

Previous page: A. Heatmap showing normalised mean expression per infection (columns) of TSSs 

(rows) for CASP8 TSSs. Colour indicates row z-score of mean log2 expression. X axis: treatment. 

Y-axis: Clustering of z-scores by Pearson correlation. Asterisks indicates TSS was differentially 

expressed (PFP < 0.05, fold change > 1.5, any condition). B. Number of CASP8 TSSs expressed 

above 1 TPM all donors each condition. C. Correlation scores per TSS pair for differentially/ 

abundantly expressed CFLAR TSSs. 

 

Two protein isoforms were predicted to be expressed from the CASP8 locus during monocyte 

infection. P3@CASP8 overlapped the start site for ENST00000392258 (CASP8-206), a 1060 

nucleotide transcript encoding a 235-amino acid protein (Figure 4.22 (A, C)). This transcript was 

induced in the IFNγ driven conditions, as evidenced by CAGE and qPCR (Figure 4.22 (B)). 

Conversely, expression of p4@CASP8 was down regulated or maintained at naïve levels upon 

infection (Figure 4.22 (B)). This TSS was predicted to drive expression of ENST00000323492 

(CASP8-203), which encodes a 464-amino acid protein from a 2650 nucleotide transcript (Figure 

4.22 (A, C)). Despite the proteins predicted to arise from p3@CASP8 and p4@CASP8 sharing 

the same starting methionine, their N-terminal UTRs differ by length: the UTR of CASP-206 

(p3@CASP8) is 240 nucleotides in length, whereas that of CASP8-203 (p4@CASP8) is 140 

nucleotides in length. Although beyond the scope of this thesis, this difference potentially 

manifests in distinct secondary mRNA structures that may impact the translational efficiency of 

each isoform, as evidenced by the more negative folding energy displayed by p3@CASP8’s 

5’UTR  (Figure 4.22 (D)) [17-19]. 

 

 

Figure 4.22. Genomic context and transcript mapping of selected CASP8 TSSs. 

Following pages: A. Genomic context of p3@CASP8 and p4@CASP8, the transcripts they map to, and the 

PCR products used in transcript validation. Image constructed using snapshots from UCSC genome browser 

[12]. B. Left: expression of selected CASP8 TSSs measured by CAGE. X-axis: TSS and condition (colours), 

Y-axis: log2 ratio fold change relative to Mock. Right: expression of selected CASP8 TSSs measured by 

qPCR. X-axis: TSS and condition (colours), Y-axis:  fold change relative to Mock. n = 3 donors, except for 

LPS CAGE (n = 2). Error bars: standard error. C. Characteristics of transcripts and proteins mapped to 

those CASP8 TSSs predicted to express distinct protein isoforms. D. Predicted secondary structure of the 

5’ untranslated regions of the CASP8 transcripts arising from p3@CASP8 and p4@CASP8. More negative 

fold energy indicates higher degree of secondary structure. Source: UCSC genome browser [12] 

(Viennafold RNA package [17]).  
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P3@CASP8 and p4@CASP8 are predicted to express proteins with different functional 

capabilities. The protein predicted to arise from p4@CASP8 is identical to the canonical CASP8 

protein apart from lacking amino acids 184 to 198 (Figure 4.23 (A)). As such, this isoform 

contains both the active sites and two DED domains responsible for catalytic activity and 

interaction with other DED-containing proteins respectively (Figure 4.23 (B)). In contrast, the 

isoform predicted to be expressed from p3@CASP8 lacks the C-terminal portion of the canonical 

protein, including the active sites (Figure 4.23), suggesting it has the capacity to interact with 

other DED-containing proteins but perhaps lacks catalytic activity. 

 

 

 

Figure 4.23. Features of predicted protein isoforms arising from the CASP8 locus. 

Following page: Amino acid sequence (A) and protein domains/ features present (B) in the proteins 

predicted to be translated from validated CASP8 TSSs.  Magenta: p3@CASP8; green: p4@CASP8; blue 

highlights: death effector domain, red (A) and black (B) highlights: active site; numbers indicate amino 

acid position relevant to each protein isoform. 
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4.2.2.2 TRAF family member associated NFκB activator (TANK) 

TRAF family member associated NFκB activator (TANK) is integral to many immune pathways, 

including TNF-receptor signalling, and NFκB activation via PRRs. It acts as a negative regulator 

of TLR signalling by sequestering and preventing ubiquitination of TRAF family members that 

are necessary for downstream activation of the IKK complex and hence, NFκB (Figure 4.24). 

While several other genes in the TLR-signalling pathway were predicted to express multiple 

protein isoforms (Figure 4.24), TANK was selected for validation due to its central role in 

regulating NFκB-driven pro-inflammatory output from this pathway. 

 

 

 

Figure 4.24. TANK is central to regulation of TLR-driven signalling.  

Toll-like receptor pathway (KEGG [16]) coloured to show single TSS genes (magenta), multi TSS single 

pattern genes (blue), and multi TSS multi pattern genes (orange). Black stars indicate predicted multi 

isoform genes. 

 

 

TANK was expressed from seven TSSs across all conditions in this dataset (Figure 4.25 

(A)), including from four TSSs in naïve monocytes (Figure 4.25 (B)). Inflammation 
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induced expression from additional TSSs, with five TSSs being differentially or 

consistently highly expressed above the dataset median (Figure 4.25 (A)). Clustering of 

differentially/ highly expressed TSSs identified several correlated patterns: p1@TANK, 

p11@TANK and p3@TANK were highly correlated (r > 0.8) to each other, as were 

p2@TANK and p4@TANK (Figure 4.25 (C)). P1@TANK remained the dominant TSS 

in most conditions, except for those of the C. albicans/ S. pyogenes and LPS/ S. 

typhimurium clusters, where p2@TANK dominated. 

 

 

 

Figure 4.25. Expression characteristics of TANK. 

A. Heatmap showing normalised mean average expression per infection (columns) of TSSs (rows) for all 

TANK TSSs that were expressed in the monocyte infection series dataset. Colour indicates row z-score of 

mean log2 expression. X axis: treatment. Y-axis: Clustering of z-scores by Pearson correlation. Asterisk 

indicates TSS was differentially (PFP < 0.05, fold change > 1.5, any condition) or abundantly (> 2.5 TPM, 

all donors, all conditions) expressed. B. Number of TANK TSSs expressed above 1 TPM all donors each 

condition. C. Correlation scores for differentially and abundantly expressed TSS pairs. 
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Multiple isoforms are expressed to be expressed from the TANK locus during monocyte 

infection, with isoforms expressed from p1@TANK, p2/p4@TANK, and p3@TANK 

selected for validation due to their distinguishable location and induction patterns. 

P2@TANK and p4@TANK were located just 12 base pairs apart and were predicted to 

induce the same transcript (ENST00000259075) (Figure 4.26 (A) and (C)). When 

measured by CAGE, these TSSs showed strongest inducibility in LPS, and this was 

mirrored in qPCR analysis designed to specifically detect the predicted transcript (Figure 

4.26 (B)). P1@TANK and p3@TANK, which were each predicted to induce distinct 

transcripts (Figure 4.26 (A) and (C)), showed modest changes in response to LPS and 

IFNγ by CAGE that were reflected in qPCR data (Figure 4.26 (B)). Although the 

transcript predicted to arise from p1@TANK encodes the same protein as that predicted 

to arise from p2@TANK and p4@TANK (the canonical TANK isoform), these transcripts 

differ in their N-terminal untranslated regions (Figure 4.26 (C)). Conversely, p3@TANK 

is predicted to drive expression of a shorter transcript, and consequently, a smaller protein 

(Figure 4.26 (C)).  

 

 

Figure 4.26. Genomic context and transcript mapping of selected TANK TSSs. 

Following page: A. Genomic context of p1@TANK, p2@TANK, p3@TANK and p4@TANK, the 

transcripts they map to, and the PCR products used in transcript validation. Image constructed using 

snapshots from UCSC genome browser [12]. B. Left: expression of selected TANK TSSs measured by 

CAGE. X-axis: TSS and condition (colour), Y-axis: log2 ratio fold change relative to Mock. Right: 

expression of selected TANK TSSs measured by qPCR. X-axis: TSS and condition (colour), Y-axis:  fold 

change relative to Mock. n = 3 donors, except for LPS CAGE (n = 2). Error bars: standard error. C. 

Characteristics of transcripts and proteins mapped to those TANK TSSs predicted to express distinct protein 

isoforms. 
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The distinct proteins predicted to be expressed from p1@TANK, p2/4@TANK and p3@TANK 

contain different features that may impact infection outcome.  The short (239 amino acid) IFNγ-

inducible protein predicted to arise from p3@TANK differs from the canonical protein predicted 

to arise from p1@TANK, p2@TANK and p4@TANK in that it contains an additional exon at the 

N-terminus, and lacks the C-terminal Zinc finger domain required for TNF-induced, NEMO 

mediated recruitment to the IKK complex [20] (Figure 4.27). This could result in increased NFκB 

activity due to the shorter isoform’s inability to be recruited to the IKK complex where it typically 

negatively regulates NFκB activation. 

 

 

 

          

Figure 4.27. Features of predicted protein isoforms arising from the TANK locus. 

Amino acid sequence (A) and protein domains/ features present (B) in the proteins predicted to be translated 

from validated TANK TSSs.  Purple: P2/P4; Magenta: P3; Green: P1; yellow highlights: ZC3H12A 

interaction; blue highlights: TBK1/IKK interaction; red: zinc finger. Numbers indicate amino acid position 

relevant to each protein isoform. 
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4.2.2.3 C-type lectin domain family 12 member A (CLEC12A) 

The CLEC12A gene encodes a C-type lectin receptor (CLEC12A, also known as MICL) that is 

expressed on myeloid cells [21]. By virtue of its Immunoreceptor Tyrosine-based Inhibitory Motif 

(ITIM), CLEC12A negatively regulates the inflammatory signalling of Immunoreceptor 

Tyrosine-based Activation Motif (ITAM)-based receptors in response to danger signals 

associated with sterile inflammation and cell death, such as uric acid [22]. Although CLEC12A 

transcription has been reported to be down regulated in response to TLR agonists including LPS 

[23], up regulation of this gene in response to extracellular pathogens was observed in this data.  

 

CLEC12A was expressed from nine TSSs across all conditions in this dataset (Figure 4.28 (A)), 

including from three TSSs in naïve monocytes (Figure 4.28 (B)). Inflammation induced 

expression from additional TSSs, with seven TSSs being differentially or consistently highly 

expressed above the dataset median (Figure 4.28 (A)). Clustering of differentially/ highly 

expressed TSSs identified several correlated patterns: p1@CLEC12A, p2@CLEC12A and 

p3@CLEC12A were highly correlated (r > 0.8) to each other, as were p6@CLEC12A, 

p7@CLEC12A, p8@CLEC12A and p9@CLEC12A (Figure 4.28 (C)). P1@CLEC12A remained 

the dominant TSS in all conditions, with the remainder of TSSs increasing their expression in 

response to pathogens of the LPS/ S. typhimurium and C. albicans/ S. pyogenes clusters (Figure 

4.28 (A)). 

 

 

 

Figure 4.28.  Expression characteristics of CLEC12A. 

Following page: A. Heatmap showing normalised mean average expression per infection (columns) of TSSs 

(rows) for all CLEC12A TSSs that were expressed in the monocyte infection series dataset. Colour indicates 

row z-score of mean log2 expression. X axis: treatment. Y-axis: Clustering of z-scores by Pearson 

correlation. Asterisk indicates TSS was differentially (PFP < 0.05; fold change > 1.5) or abundantly (> 2.5 

TPM, all donors, all conditions) expressed. B. Number of CLEC12A TSSs expressed above 1 TPM in all 

donors of each condition. C. Correlation scores for differentially and abundantly expressed TSSs for 

CLEC12A.  
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Multiple isoforms are predicted to be expressed from the CLEC12A locus during 

monocyte infection. P6@CLEC12A, p7@CLEC12A, p8@CLEC12A and 

p9@CLEC12A spanned a range of 99 bp and were predicted to induce 

ENST00000355690 (CLEC12A-203), a 1428 nucleotide transcript predicted to encode a 

275 amino acid protein (known in the literature as Isoform 1 [24]) (Figure 4.29 (A, C)). 

P1@CLEC12A, located over 19000 base pairs downstream, was predicted to induce a 

1545 nucleotide transcript (ENST00000304361/ CLEC12A-201), coding for the 
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C 

156



canonical 265-amino acid protein (known as alpha, and Isoform 2 [25]) (Figure 4.29 (A, 

C)). These TSSs showed inducibility in LPS when measured by CAGE and this was also 

observed in qPCR analysis designed to specifically detect the predicted transcripts 

(Figure 4.29 (B)).  The predicted proteins induced from these TSSs differed only in the 

N-terminal, with Isoform 1 (transcribed from p6/7/8/9@CLEC12A) containing a longer 

cytoplasmic tail region (Figure 4.30). While functionally characterising the significance 

of this extra cytoplasmic portion is outside the scope of this thesis, it is interesting to note 

the additional portion of this protein includes a tyrosine residue, which may alter the 

signalling potential of this region. 

 

 

 

 

 

 

 

Figure 4.29. Genomic context and transcript mapping of selected CLEC12A TSSs. 

Following page: A. Genomic context of p1@CLEC12A, p6@CLEC12A, p7@CLEC12A, p8@CLEC12A 

and p9@CLEC12A, the transcripts they map to, and the PCR products used in transcript validation. Image 

constructed using snapshots from UCSC genome browser [12]. B. Left: expression of selected CLEC12A 

TSSs measured by CAGE. X-axis: TSS and condition (colour), Y-axis: log2 ratio fold change relative to 

Mock. Right: expression of selected CLEC12A TSSs measured by qPCR. X-axis: TSS and condition 

(colour), Y-axis:  fold change relative to Mock. n = 3 donors, except for LPS CAGE (n = 2). Error bars: 

standard error. C. Characteristics of transcripts and proteins mapped to CLEC12A TSSs. 
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Figure 4.30. Features of predicted protein isoforms arising from the CLEC12A locus. 

Amino acid sequence (A) and protein domains/ features present (B) in the proteins predicted to be translated 

from CLEC12A TSSs.  Magenta: P6/7/8/9; Green: P1; purple: ITIM; orange: transmembrane region; blue: 

C-type lectin domain. 
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4.3 Discussion 

Monocytes exposed to pathogens undergo rapid phenotypic development accompanied 

by transcriptional changes that drive macrophage maturation. In addition to activation of 

cytokine-mediated inflammatory processes, a secondary response is initiated that 

encompasses cytoskeletal remodelling, metabolic changes, and protection from 

apoptosis. While it is known that alternative TSSs play important roles in maturation and 

development of many cell lineages, the contribution of TSS engagement to infection-

mediated monocyte maturation has not been previously explored. This Chapter has shown 

for the first time that almost immediately after ‘seeing’ a pathogen, monocyte genes 

engage multiple TSSs to drive the biology of monocyte maturation. This occurs via two 

main mechanisms: activation of primary responses by mediating the amplitude of 

cytokine expression; and, introducing diversity to secondary response pathways via 

pathogen specific regulation of alternative protein isoforms. The presence of such 

diversity so imminently after infection predicts that the transcriptomic diversity reported 

in acutely infected macrophages [26, 27], likely has its origins in the transcriptomic events 

occurring in monocytes 

 

The prevalence of multiple TSS engagement suggests it is a mechanism to facilitate 

responsiveness. This surmise arose from the observation that while less plastic cells 

expressed a lower proportion of multi TSS genes, naïve immune cells expressed over 40% 

of their gene expression program from multiple TSSs and increased this engagement in 

the presence of infection. The response focused, dynamic nature of multi TSS genes, as 

opposed to the stably expressed, housekeeping themes of single TSS genes supports this 

notion. Responsiveness manifested in the increased amplitude of highly correlated single 

pattern genes, and the diversification of locus output that was prevalent amongst multi 

pattern genes. These characteristics were influenced by complex relationships between 

TSS separation distance and correlation of TSS expression. Most single pattern genes 

demonstrated tight runway-style clustering of TSSs, higher amplitude and coordination 

of expression, and a restricted set of transcriptional regulators, compared with multi 

pattern genes, whose TSSs were more sparsely separated, expressed with lower 

correlation and amplitude, and were driven by many more transcription factors. This 
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arrangement raises the hypothesise that the TSS runways of single pattern genes may be 

designed to facilitate rapid, high level induction of critical response genes, perhaps via a 

common transcriptional regulator at each TSS. An alternative is that these TSS runways 

represent a redundancy mechanism to ensure activation of critical response genes in the 

event of a mutation in a transcription factor binding region.  In contrast, distant TSSs and 

distinct transcriptional regulators may facilitate diversification from within gene loci via 

different protein isoforms. These hypotheses are supported by enrichment of cytokines, 

chemokines and other critical drivers of pathogen induced biology amongst the single 

pattern subset, compared with more broad functional categories amongst multi pattern 

genes. These hypotheses will be further discussed after additional investigations in 

Chapter Five. 

  

This Chapter has constructed a series of biological presumptions surrounding TSS 

engagement that perform well in the Monocyte Infection Series data set. However, as 

with any rubrics drawn from large-scale categorisation of biological behaviour, there 

were exceptions to the “norm”, and repeated observation of data conformity across many 

datasets will add weight to the biological rules and conclusions proposed herein. To 

strengthen the robustness of these conclusions, Chapter Five will investigate the dynamics 

of TSS engagement in macrophages across an LPS infection time course. This will allow 

the temporal characteristics of TSS engagement to be defined and will establish whether 

the rules of TSS engagement in monocytes also hold true in differentiated macrophages. 

The significance of the findings reported in Chapters Four and Five will then be discussed 

in the context of current literature. 
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4.5. Chapter Four – Supplementary Information  

Supplementary Table 4.1. TSS engagement by exemplar immune genes 
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Chapter Five: The Kinetics of TSS 

Engagement During Infection 

 

5.1 Introduction  

Chapter Four built a series of rules surrounding TSS engagement in acutely activated monocytes. 

These rules can be summarised as: 1. Multiple TSS engagement is common and increases during 

infection, and; 2. Multiple TSS engagement regulates amplitude of expression and diversification 

of locus output. These findings in monocytes suggested that increased amplitude is associated 

with high correlation and proximity of TSSs, particularly in urgently required gene loci. In 

contrast, diversification via transcript isoforms is associated with a higher intra-TSS distance, and 

distinct expression patterns from different TSSs. It is not known whether these characteristics 

vary in different cell types, or across infection time. 

 

Chapter Five will explore whether these monocyte-derived rules of TSS engagement hold in 

macrophages, and how they perform across a complex infection time course. The data utilised in 

this Chapter is publicly available CAGE data describing monocyte-/CSF1-derived macrophages 

exposed to LPS for time periods ranging from zero to 48 hours [1, 2]. This infection model was 

designed to represent monocyte-derived macrophages within the inflammatory environment 

characteristic to inflammatory bowel disease [1]. As such, with respect to the monocyte-

macrophage continuum described in Chapter One, this data provides an in vitro model for 

monocyte-derived inflammatory macrophages. The kinetics of gene and enhancer induction in 

this data have been previously described [1]. However, while multiple TSS engagement was 

noted, the genome-wide TSS engagement characteristics have not been comprehensively 

summarised. As such, this Chapter will apply the methodology developed in Chapter Four 

(described in Chapter Two) to explore TSS engagement within this data, with a specific focus on 

comparing TSS engagement in macrophages and monocytes, examining the impact of time on 

TSS engagement, and further exploring the contribution of TSS engagement to transcriptomic 

diversity. 

The following aims will be undertaken: 

1. Characterise the macrophage transcriptome in the context of the monocyte-derived rules 

of TSS engagement established in Chapter Four.  
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2. Explore the kinetics of TSS engagement across different stages of infection. 

3. Compare the functional aspects of gene and TSS engagement in monocytes and 

macrophages 

4. Determine the influence of the non-activated macrophage state upon TSS engagement 

during infection. 

By completing these aims, this Chapter will further explore the hypothesis raised in Chapter Four: 

that multiple TSS engagement is a mechanism for responsiveness. Together with Chapter Four, 

it will also provide a comprehensive overview of the kinetic and pathogen specific aspects of TSS 

engagement along the monocyte-macrophage continuum. 
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5.2 Results  

5.2.1 The overarching rules of TSS engagement in monocytes hold in macrophages 

5.2.1.1 Multiple TSS engagement is common in macrophages and increases with infection 

The overarching characteristics of macrophage TSS engagement reflected those of monocytes 

(Chapter Four). Multiple TSS use was common, even in uninfected macrophages, where the 

proportion of genes engaging more than one TSS was 41.6% (4386/10554 genes) (Figure 5.1 

(A)). This level of engagement was consistently observed at each individual time point (Figure 

5.1 (B)) but rose to 51% (6035/11749 genes) when all time points were considered (Figure 5.1 

(C), Online Supplementary Data – Ch5). This suggests multi TSS genes engaged a restricted TSS 

repertoire per time point, but a broad repertoire across the course of infection. Consistent with 

this, many TSSs were expressed only sporadically; 30% (9808/32107) of all expressed TSSs were 

expressed at less than five time points, including half that were expressed at only one time point 

(Figure 2.5). As discussed in Section 2.1.4.2, it is difficult to determine whether this is genuine 

expression, so we conservatively restricted the bulk of our analyses to TSSs that were expressed 

at above 1 TPM in a minimum of five time points. 

 

  

 

 

 

 

Figure 5.1. Multiple TSS 

engagement is common in 

macrophages and increases with 

infection.  A. Engagement of expressed 

gene annotated TSSs (n = 18608) by genes 

(n = 10554) in naïve macrophages (> 1 

TPM all donors). B. Engagement of 

expressed gene annotated TSSs (n = 

25341) by genes (n = 11749) across all 

time points. A and B. X-axis: number of 

TSSs engaged. Y-axis: number of genes 

engaging each number of TSSs. Insets: pie 

chart view of the proportion of single TSS 

genes (light blue) and multi-TSS genes 

(dark blue). C. Proportion of genes 

engaging one (light blue) or multiple (dark 

blue) TSSs in each infection.  
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5.2.2 Identical consequences of multiple TSS engagement in monocytes and macrophages 

5.2.2.1 Multiple TSS engagement regulates amplitude 

The consequences of single and multi-TSS engagement were similar in monocytes (Chapter Four) 

and macrophages. Increasing the number of engaged TSSs within loci increased the average 

amplitude of locus expression (Figure 5.2 (A)), and this was further increased when all 

consistently expressed (> 1 TPM, minimum five conditions) TSSs for the gene were highly 

correlated (r > 0.8) (Figure 5.2 (B)). Most of the 324 genes that exhibited such highly correlated 

behaviour used a series of TSSs that were concentrated within a single nucleosome distance 

(Figure 5.2 (C)). Such genes were functionally focussed within responsive pathways including 

immune signalling, respiratory metabolism, and cellular motility (Table 5.1 (A)), compared with 

multi pattern genes, which showed more variety in the distance distribution of TSSs across the 

gene locus (Figure 5.2 (C)) and a broader range of functional activities in which they participated 

(Table 5.1 (B)).   

 

 

Figure 5.2. Amplitude increases with TSS engagement.  

Following page: A. Average expression level (Y-axis) of genes engaging each number of TSSs (X-axis). 

Box and whisker plots are median, minimum, and maximum. Table underneath plot: Number of genes 

engaging each number of TSSs. B. Log2 of average expression (Y-axis) of genes engaging each number of 

TSSs (X-axis) in either a highly correlated (r > 0.8) pattern (blue; SP; n = 324 genes), or multiple patterns 

(orange; MP; n = 4193 genes). Magenta: single TSS genes (n = 6090 genes). Asterisk indicates significant 

difference (t-test, p < 0.005) between the comparisons underneath the black bar. Table: number of genes 

per category in plot B. C. Proportion (Y-axis) of single pattern genes (n = 324) and multi pattern genes (n 

= 4193) whose TSSs are contained within one to five or more nucleosome distances (147 base pairs) 

(colour). Data refers to TSSs expressed at > 1 TPM, all donors, at least five time points (n = 22299 TSSs, 

n = 10607 genes). 
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5.2.2.2 The kinetics of single pattern gene expression 

To further investigate the regulation and functional outcomes of correlated TSS behaviour, the 

major patterns of TSS expression amongst single pattern and multi pattern genes were explored. 

The highest confidence TSS set for each group was characterised, being those TSSs expressed at 

> 1TPM in a minimum of five conditions; and, with all TSSs contained within one nucleosome 

distance for single pattern genes (n = 269 genes; 592 TSSs), or two or more nucleosome distances 

for multi-pattern genes (n = 2118 genes; 7681 TSSs). TSSs within each group were clustered by 

PAM clustering (Online Supplementary Data – Ch5). It was hypothesised that TSSs for single 

pattern genes would show similar behaviour and be regulated by a restricted transcription factor 

repertoire, whereas TSSs for multi pattern genes should fall across multiple clusters and be 

regulated by a broad repertoire of transcription factors.  

 

Inducible single pattern genes fell into four clusters demonstrating induction at approximately 30 

minutes, one hour and 20 minutes, two hours, and 10 hours after infection (Figure 5.3). The 

earliest genes induced (early induction cluster, Figure 5.3) included several with immune 

functions (IL23A, PELI1A, P2RX7, LINC00346), stress related functions (SELK, USP12, 

DNAJB4, PPP1R15B), and RAS GTPases (ARL5B, RASGEF1B). These were closely followed 

by additional immune regulators including JAK3, STAT1, STAT3, C1S, C3AR1 and CD55 (mid-

early/ mid-late induction clusters, Figure 5.3). Though small numbers of TSSs likely restricted 

statistical significance, each inducible cluster was enriched for a distinct transcription factor 

motif, with NFκB (p50/p52) enriched amongst TSSs of the early-induced response, followed by 

STAT (mid-early), and ISRE (mid-late) motif enrichment within the first two hours of infection.  

Figure 5.3. TSSs for single pattern genes displayed four patterns of induction. 

Following page: Single pattern genes whose TSS peak centres were all located within a single nucleosome 

distance (147 base pairs) of each other were clustered by PAM into six clusters, including four inducible 

patterns (Figure 5.3) and two non-inducible patterns (Figure 5.4). For each cluster: A. Transcription factor 

motif enrichment (for significant enrichment, q < 0.05, else, p-value is shown). T: test set (TSS regions (as 

defined in Section 2.2.9) in each cluster; B: Background set (all TSS regions (as defined in Section 2.2.9) 

expressed above 1 TPM in all naïve (00 hr 00 min) macrophage donors). Early induction: T: 19 sequences, 

B: 10576 sequences; Mid-early induction: T: 36 sequences, B: 11155 sequences; Mid-late induction: T: 54 

sequences, B: 10935 sequences; Late induction: T: 50 sequences; B: 10678 sequences. B. Heatmaps 

showing average expression of TSSs (rows) across time (columns). See Chapter Two for number of samples 

per time point. Rows were clustered by Pearson correlation of row z-scores (colour). C. Mean log2 

expression pattern for all TSSs in each cluster (Y-axis) per time point (X-axis). D. Exemplar themes 

enriched in each cluster, derived from InnateDB [3] analysis of enriched pathways (left column). 

Enrichment statistics:  number of genes in cluster/ number of genes in pathway; adjusted p-value. Genes 

found in pathways contributing to themes are shown in right hand column. Single pattern gene set includes 

only TSSs expressed at > 1 TPM, all donors, at least five time points. 
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Two clusters of TSSs for single pattern genes demonstrated non-inducible TSS expression (Figure 

5.4), including one cluster where some recovery of expression was evident late in the time course 

(Figure 5.4 (repressed-recovered cluster)). These non-inducible clusters were enriched for 

metabolic genes, but some immune regulators were also included. These clusters were not 

significantly enriched for any transcription factors either on their own, or when both clusters were 

combined. 

 

 

 

 

Figure 5.4. Non-induced TSSs for single pattern genes displayed two patterns. 

Single pattern genes whose TSS peak centres were expressed at > 1 TPM, all donors, at least five time 

points, and all located within a single nucleosome distance (147 base pairs) were clustered by PAM into 

six clusters, including four inducible patterns (Figure 5.3) and two non-inducible patterns (Figure 5.4). For 

each cluster: A. Heatmaps showing average expression of TSSs (rows) across time (columns). See Chapter 

Two for number of samples per time point. Rows were clustered by Pearson correlation of row z-scores 

(colour). B. Mean log2 expression pattern for all TSSs in each cluster (Y-axis) per time point (X-axis). C. 

Exemplar themes enriched in each cluster, derived from InnateDB [3] analysis of enriched pathways (left 

column). Enrichment statistics:  number of genes in cluster/ number of genes in pathway; adjusted p-value. 

Genes found in pathways contributing to themes are shown in right hand side column. 

 

5.2.2.3 The kinetics of TSS expression in multi pattern genes 

The kinetics of TSS induction for multi pattern genes resembled those of single pattern genes. 

The first wave of induction occurred approximately 30 minutes (early induction cluster (Figure 

5.5)). This was short lived compared to the mid-induction wave which commenced at 

approximately one hour and 20 minutes but was sustained for much of the time course (mid-

induction cluster (Figure 5.5). The final wave of induction amongst TSSs for multi pattern genes 
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occurred between five and eight hours (mid-late induction cluster (Figure 5.5)). TSSs induced 

predominantly in the first two hours (early- and mid-induction clusters) were enriched for NFκB 

(p65-Rel), bZIP and IRF motifs, and regulated genes involved in TLR and cytokine signalling 

(Figure 5.5).  Later induction was accompanied by enrichment of NFκB (P50/52), ETS and ZF 

motifs, driving genes involved in antigen presentation and chromatin rearrangement (Mid-late 

induction cluster (Figure 5.5)). In contrast, non-inducible TSSs were enriched for motifs including 

ETS, Homeobox, bHLH and Zinc Finger family members (Figure 5.6). Genes involved in 

chromatin organisation and adaptive immunity showed initial repression and recovery of 

expression late in the time course (Figure 5.6 (repressed-recovered cluster), whereas other genes 

failed to recover expression during the 48-hour time course (Figure 5.6 (not-induced cluster)). 

 

 

 

 

Figure 5.5. TSSs for multi pattern genes displayed three inducible patterns. 

Following page: TSSs for multi pattern genes expressed at > 1 TPM, all donors, at least five time points, 

and whose peak centres were all located within two or more nucleosome distances (147 base pairs) were 

clustered by PAM into five clusters, including three inducible patterns (Figure 5.5) and two non-inducible 

patterns (Figure 5.6).  For each cluster: A. Transcription factor motif enrichment (significant enrichment q 

< 0.05, else, p-value is shown). T: test set (TSS regions (as defined in Section 2.2.9) in each cluster; B: 

Background set (all TSS regions (as defined in Section 2.2.9) expressed above 1 TPM in all naïve (00 hr 

00 min) macrophage donors). Early induction: T: 381 sequences, B: 10994 sequences; Mid-induction: T: 

659 sequences, B: 10705 sequences; Mid-late induction: T: 1052 sequences, B: 10204 sequences. B. 

Heatmaps showing average expression of TSSs (rows) across time (columns). See Chapter Two for number 

of samples per time point. Rows were clustered by Pearson correlation of row z-scores (colour). C. Mean 

log2 expression pattern for all TSSs in each cluster (Y-axis) per time point (X-axis). D. Exemplar themes 

enriched in each cluster, derived from InnateDB [3] analysis of enriched pathways (left column). 

Enrichment statistics:  number of genes in cluster/ number of genes in pathway; adjusted p-value. Genes 

found in pathways contributing to themes are shown in right hand side column.  
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Figure 5.6. TSSs for multi pattern genes displayed two non-inducible patterns. 

TSSs for multi pattern genes expressed at > 1 TPM, all donors, at least five time points, and whose peak centres were all located within a two or more nucleosome 

distances (147 base pairs) were clustered by PAM into five clusters, including three inducible patterns (Figure 5.5) and two non-inducible patterns (Figure 5.6). For each 

cluster: A. Transcription factor motif enrichment (for significant enrichment (q < 0.05), else, p-value is shown). T: test set (TSS regions (as defined in Section 2.2.9) in 

each cluster; B: Background set (all TSS regions (as defined in Section 2.2.9) expressed above 1 TPM in all naïve (00 hr 00 min) macrophage donors). Repressed-

recovered: T: 1353 sequences, B: 9861 sequences; Not induced: T: 1246 sequences, B: 9933 sequences. B. Heatmaps showing average expression of TSSs (rows) across 

time (columns). See Chapter Two for number of samples per time point. Rows were clustered by Pearson correlation of row z-scores (colour). C. Mean log2 expression 

pattern for all TSSs in each cluster (Y-axis) per time point (X-axis). D. Exemplar themes enriched in each cluster, derived from InnateDB [3] analysis of enriched 

pathways (left column). Enrichment statistics:  number of genes in cluster/ number of genes in pathway; adjusted p-value. Genes found in pathways contributing to 

themes are shown in right hand side column.  
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Many multi-pattern genes fell across multiple clusters (Figure 5.7 (A)), indicating kinetically 

distinct regulation of different TSSs. Exemplar genes where this occurred include IL18BP (Figure 

5.7 (B) and IL10 (Figure 5.7 (C)). Start sites for IL18BP fell across three clusters: p3@IL18BP 

and p10@IL18BP both fell into the early-induction cluster (Figure 5.5 (top)), showing a short 

burst of induction between from one hour to two hours 30 minutes after infection. Both 

p2@IL18BP and p7@IL18BP fell into the mid-induction cluster (Figure 5.5 (middle)), increasing 

their expression between two and three hours after infection and sustaining this heightened 

expression until the end of the time course. Finally, the remaining TSSs for IL18BP fell into the 

non-induced cluster (Figure 5.6 (bottom)) due to their relatively stable expression across the time 

course. Similarly, for IL10, p1@IL10 and p5@IL10 fell into the mid-induction cluster (Figure 

5.5 (middle)), increasing and sustaining their expression across the time course, whereas 

p2@IL10 fell into the early induction cluster (Figure 5.5 (top)), demonstrating short lived early 

induction that dropped back to approximately naïve levels by midway through the time course. 

These results highlight that kinetic regulation of individual TSSs contributes to transcriptional 

complexity in macrophages during infection. 

 

 

Figure 5.7 TSSs for multi-pattern multi-nucleosome genes display distinct kinetics of TSS 

activity. 

Following page: A. Overlap between genes in each PAM-derived cluster of multi pattern multi-nucleosome 

genes. Number of genes per cluster are shown in parentheses. Venn constructed using InteractiVenn [4]. B. 

Log2 (TPM) mean expression (Y-axis) for IL18BP TSSs (colour) across infection time (X-axis). B. Log2 

(TPM) mean expression (Y-axis) for IL10 TSSs (colour) across infection time (X-axis). See Chapter Two 

for number of donors per condition. Only TSSs expressed at > 1 TPM all donors, minimum five conditions 

are shown. Multi-pattern multi-nucleosome gene set includes multi-pattern genes (with TSSs expressed at 

> 1 TPM, all donors, at least five time points) whose TSSs were spread across a minimum of two 

nucleosome distances.  
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5.2.3 Predicted multi-isoform genes target key immune networks 

Multiple TSS engagement by macrophage genes enhanced the capacity for diversification of key 

immune networks. Out of 10607 genes, 1208 were predicted to express multiple protein isoforms 

at greater than 1 TPM in at least five time points during infection (Online Supplementary Data – 

Ch5). This includes 12 out of the 24 genes (Supplementary Table 5.1) predicted by Arner and 

Colleagues [5] to show alternative TSS use leading to loss of domain-containing exons in this 

data set (though it is important to note that vastly different approaches were taken in filtering and 

defining alternative protein isoforms). Ninety-five percent of predicted multi isoform genes 

expressed their TSSs in multiple patterns, with only a small percentage (4.7%) displaying highly 

correlated TSS expression across time (r > 0.8) (Figure 5.8 (A)). Predicted macrophage multi 

isoform genes were found in similar pathways to those in monocytes, including critical response 

pathways such as Apoptosis, Adaptive Immunity and VEGF signalling (Table 5.2). This extensive 

functional overlap reflects the overlapping content of the macrophage and monocyte multi 

isoform gene sets, with 85% of the monocyte multi isoform (differentially/ abundantly expressed) 

gene set also predicted to express multiple isoforms in macrophages (Figure 5.8 (B)).  

 

 

 

Figure 5.8. Macrophage genes express multiple protein isoforms. 

A. Proportion of genes with consistently expressed (> 1 TPM, all donors, minimum five time points) 

isoforms that are expressed in a single highly correlated (r > 0.8) pattern (blue) or multiple patterns (orange). 

B. Overlap between monocyte and macrophage predicted multi-isoform gene sets (monocyte: differentially 

expressed, or expressed > 2.5 TPM, all donors, all conditions; macrophage: > 1 TPM, all donors, minimum 

five time points). 
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5.2.4 The fate of monocyte TSS engagement in macrophages 

Most genes that were expressed in naïve monocytes were also expressed in naïve macrophages, 

however, there were subsets of genes were unique to each differentiation state (Figure 5.9). The 

major theme enriched amongst genes unique to naïve monocytes was chemokines and their 

receptors, while naïve macrophages expressed a plethora of genes related to cell cycle that were 

not expressed in monocytes (Figure 5.9). The latter may be related to the macrophage culture 

medium, which contained CSF1. These themes are further explored in the context of TSS 

engagement below.  

 

 

Figure 5.9. Monocytes and macrophages expresse overlapping but distinct gene sets. 

A.  Overlap between the gene sets expressed in naïve monocytes (n = 9828 genes, > 1 TPM all donors, 

Mock condition)  and naïve macrophages (n = 10554 genes, > 1 TPM, all donors, 00 hr 00 min). Major 

themes enriched in each gene set are shown peripheral to each circle. 
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There was extensive overlap in the monocyte and macrophage single- and multi-TSS gene sets 

(Figure 5.10). Most genes expressed from a single TSS (Figure 5.10 (A)) or multiple (Figure 5.10 

(B)) TSSs in naïve monocytes maintained these engagement characteristics in naïve differentiated 

macrophages, although there were subsets of genes that gained and lost TSSs during the monocyte 

to macrophage transition. Compared with naïve monocytes, naïve macrophages expressed more 

TSSs for genes in respiratory metabolism and mitochondrial translation genes and expressed less 

TSSs for genes in cell adhesion, protein translation and cytokine (predominantly chemokine) 

signalling pathways (Figure 5.10, Online Supplementary Data - Ch5).   
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Figure 5.10. Fate of monocyte genes by TSS engagement characteristics. 

Previous page: A. Macrophage fate of genes that were expressed from one TSS in naïve monocytes. B. 

Macrophage fate of genes that were expressed from multiple TSSs in monocytes. C. Break down (by TSS 

engagement) of genes that were expressed in macrophages but not in monocytes.  Right hand column 

displays major themes amongst each gene set based on enrichment of pathways derived from InnateDB [3] 

analysis. Extended pathway results are shown in Online Supplementary Data – Ch5. Number of genes: 

naïve monocytes (n = 9829, > 1 TPM, all donors, Mock condition); naïve macrophages: n = 10554, > 1 

TPM, all donors, 00hr 00 min time point). 

 

 

5.2.4.1 Single TSS genes are driven from the same TSS in monocytes and macrophages while 

multi-TSS gene cohorts vary  

Within gene loci, there was extensive overlap in the identity of TSSs engaged between monocytes 

and macrophages. This was most evident for single TSS genes, which typically engaged the same 

TSS in both cell types regardless of infection. Of 4213 genes expressed from a single TSS in both 

naïve cell types, only 33 changed the TSS they were expressed from between naïve monocytes 

and macrophages; similarly, for infected cells, only 61 out of 3855 single TSS genes changed the 

TSS they used between monocytes and macrophages.  This suggests single TSS genes are stably 

engaged from the same TSS regardless of infection or differentiation state and explains the nearly 

identical pathways and transcription factor cohorts enriched amongst single TSS genes in 

monocytes (Chapter Four) and macrophages (Table 5.3A and Table 5.3B). In contrast, although 

the transcription factor repertoire driving multi TSS genes (Table 5.3C) showed similar breadth 

and content as in monocytes (Chapter Four, Table 4.2B), many (1569/3119) multi TSS genes 

engaged at least one different TSS in either naïve monocytes or macrophages. Similarly, during 

infection, 1548 out of 2750 multi-TSS genes engaged at least one different TSS between the two 

cell types. These characteristics are in concert with the dynamic nature of multi-TSS genes 

observed in monocytes (Chapter Four). 
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Table 5.3C. Motif enrichment amongst multi TSS genes 
 

 

 

5.2.5 The complexity of transcription during infection reflects the naïve state 

5.2.5.1 Genes that are “off” in naïve macrophages rarely switch on more than one TSS 

Genes that were not expressed in naïve macrophages (“naïve-off”) were also not expressed at the 

majority of infection time points (Figure 5.11). Only 76/462 naïve-off genes switched on multiple 

TSSs simultaneously at any time point (magenta arrow, Figure 5.11; Online Supplementary Data 

– Ch5). Cytokines were enriched amongst this group of genes, whereas chemokines were enriched 

amongst the 386 naïve-off genes that never simultaneously switched on more than one TSS (green 

arrow, Figure 5.11, Online Supplementary Data – Ch5). 
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Figure 5.11. TSS engagement by naïve-off genes.  

Heatmap indicates the number of consistently expressed (> 1 TPM, all donors, minimum five conditions) 

TSSs engaged by genes that were not expressed in naïve cells. X axis: time. Y-axis: Pearson correlation 

clustering of genes by number of TSSs (colour) engaged at any time point during infection. Exemplar genes 

in main clusters are indicated to right of heatmap. Arrows to left of heatmap show naïve-off genes that 

never simultaneously switched one more than one TSS (green), or that switched on multiple TSSs at some 

time points (magenta). 

 

5.2.5.2 Genes expressed from one TSS in naïve cells remain expressed from one TSS during 

infection 

Most (5706/6197) genes expressed from one TSS in naïve macrophages never simultaneously 

engaged more than one TSS during infection (green arrow, Figure 5.12; Online Supplementary 

Data – Ch5). Of these, just over half (2720/5706) fluctuated between zero and 1 TSS, with many 

losing TSSs as time progressed, while 2986 genes consistently engaged one TSS at every time 

point. Only 8% (491/6197) of naïve single TSS genes engaged additional TSSs in at least one 

time point during infection (Magenta arrow, Figure 5.12; Online Supplementary Data – Ch5). 

These were predominantly response-focused, within cytokine- and PRR-signalling pathways.  
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Figure 5.12 TSS engagement by naïve single TSS genes.  
Heatmap indicates the number of consistently expressed (> 1 TPM, all donors, minimum five conditions) 

TSSs engaged by genes that were expressed from one TSS in naïve macrophages. X axis: time. Y-axis: 

Pearson correlation clustering of genes by number of TSSs (colour) engaged at any time point during 

infection. Exemplar genes in main clusters are indicated to right of heatmap. Arrows to left of heatmap 

show naïve-single TSS genes that never simultaneously switched on more than one TSS (green), or that 

switched on multiple TSSs at some time points (magenta). 

 

5.2.5.3 Naïve multi-TSS genes fluctuate their TSS engagement during infection  

Approximately 39% (3948/10145) of genes expressed in naïve cells were expressed from multiple 

TSSs (Figure 5.13; Online Supplementary Data – Ch5). Twenty percent (781/3948) of these on 

average maintained or increased the number of TSSs they engaged across the infection time 

course, whereas 80% (3167/3948) of naïve multi-TSS genes showed a decrease in the average 

number of TSSs engaged across the infection period (compared to the number of TSSs expressed 

in naïve cells) (Figure 5.13). There was some overlap in the pathways enriched amongst genes 
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that increased (Table 5.4A) and decreased (Table 5.4B) their number of engaged TSSs, such as 

antigen presentation and PRR signalling, but also some unique facets, such as enrichment of 

cytokine signalling and respiratory electron transport amongst genes that maintained/ increased 

their average number of TSSs throughout infection. 

 

 

 

Figure 5.13 TSS engagement by naïve multi-TSS genes.  
Heatmap indicates the number of consistently expressed (> 1 TPM, all donors, minimum five conditions) 

TSSs engaged by genes that were expressed from multiple TSS in naïve macrophages. X axis: time. Y-

axis: Pearson correlation clustering of genes by number of TSSs (colour) engaged at any time point during 

infection. 
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Table 5.4A. Naïve multi-TSS genes that increase their TSS engagement in infection 
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Table 5.4B. Naïve multi-TSS genes that decrease their TSS engagement in infection 
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5.3 Discussion 

This Chapter has demonstrated that multi TSS genes show kinetically distinct regulation of TSS-

driven isoforms during infection. The results herein add further support to the hypothesis raised 

in Chapter Four: that multiple TSS engagement is a mechanism for responsiveness.  The temporal 

dimension added in this Chapter revealed that while the transcriptional complexity of most genes 

during infection reflected their state in uninfected cells, genes required for responsiveness bucked 

this trend, gaining TSSs regardless of their naïve state. Like monocytes, critically required genes 

demonstrated highly correlated expression of closely spaced TSSs, whereas distantly spaced TSSs 

displayed distinct expression patterns and often encoded distinct isoforms. Thus, the monocyte-

derived rules of TSS engagement described in Chapter Four also hold in infected macrophages. 

 

It is now important to decipher the underlying mechanisms and establish the consequences of TSS 

engagement behaviour. A key finding of Chapters Four and Five was that highly correlated 

expression from runways of closely spaced TSSs can result in increased amplitude of locus 

expression. This was predominantly observed amongst genes for cytokine signalling, reflecting 

the functional responsibilities of myeloid cells during infection. However, this Chapter also 

demonstrated that the single pattern gene design can promote coordinated down regulation of 

TSSs. This was evident in TSSs for electron transport components including sub units for 

cytochrome C oxidase (COX7A2L, COX6C, COX8A), ATP synthase (ATP5C1) and the NADH-

ubiquinone oxidoreductase complex (NDUFV3, NDUFB6, MT-ND6).  This down regulation 

likely reflects the well documented LPS-induced shift from oxidative, to Warburg-style 

metabolism, characterised by increased glycolysis, reduced oxidative phosphorylation, and 

divergence of mitochondrial resources for biosynthetic purposes [6].  Cumulatively, these results 

suggest the purpose of the single pattern gene design is to modulate expression of genes that are 

required to be urgently up- or down regulated. More specifically, since few single pattern genes 

were predicted to encode multiple isoforms, the TSS runways of single pattern genes seem to 

coordinate high amplitude up- or down regulation of a single protein isoform.  

 

The mechanism of coordinated expression from TSS runways remains to be determined. It seems 

reasonable to posit that a common transcriptional regulator activates each TSS in the runway 

(Figure 5.14 (A)). The comparative hypothesis predicts dissociation or inactivation of activators 

or alternatively, binding of multiple repressive factors to be the driving force behind co-ordinately 

down regulated TSS runways. This Common Regulator Runway Hypothesis predicts the 
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promoter regions of single pattern genes will resemble homotypic transcription factor clusters 

(clusters of repeated motifs for a transcription factor) which are common in gene promoters and 

enhancers [7]. Such an arrangement could facilitate both coordinated expression and increased 

amplitude, since increasing the number of transcription factor binding sites in a homotypic cluster 

is positively associated with increased gene expression, depending on the factor involved [8]. No 

studies of homotypic clusters have been conducted in an immune context, although immune 

regulators ETS1 and SP1 have both demonstrated increased expression of target genes 

concomitant with an increase in the number of their motifs in a homotypic cluster [8]. Most 

homotypic clusters studied thus far have been described across larger regions than the runways 

proposed herein, many of which were located with a single nucleosome distance (147 base pairs). 

Nonetheless, the insulin receptor gene may describe a precedent for this hypothesis, as binding of 

SP1 to four GC-boxes in a small region upstream (-593 to -618) of the translation initiation codon 

has been shown by DNAse I foot printing to be necessary for efficient expression of the Insulin 

Receptor gene [9].  Our data justifies similar investigations in single pattern gene loci, initially 

focussing on the transcription factor families driving sequential waves of activation: NFκB, 

STAT, IRF and NFAT. 

 

If coordinated expression is the product of common transcriptional regulators, it seems logical 

that uncoordinated expression (as per multi pattern genes) is the product of distinct transcriptional 

regulators (Figure 5.14 (B)). As TSSs for many of these genes were separated by multiple 

nucleosome distances, this hypothesis could be tested using Chip-Seq or Chip-PCR, with a focus 

on the known immune regulators driving waves of multi-pattern TSS expression in this dataset 

(NFKB, BZIP, IRF, ETS family members).  In contrast, because the TSSs for most single pattern 

genes are located so close together, the Common Regulator Runway Hypothesis may be difficult 

to validate with the resolution of technologies currently available, although foot printing assays 

such as described for the Insulin Receptor gene may be useful [9]. In the first instance, validating 

the binding of a common regulator to atypical single pattern genes (those that showed coordinated 

expression from distantly located start sites) may provide support for the Common Regulator 

Hypothesis, and identification of distinct regulators at multi pattern TSSs would provide insight 

into the mechanisms of TSS selection. 
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Figure 5.14 Hypotheses for TSS-driven gene regulation. 

A. This thesis proposes that a Common Regulator Runway Model of transcription regulates single pattern 

genes, where TSSs are located close together to drive amplitude changes of a single protein isoform. These 

TSSs are predicted to be regulated by a common transcriptional regulator (black ovals) whose binding sites 

are located within homotypic clusters. B. Multi pattern gene loci (bottom) are predicted to drive pathway 

diversification via expression of distinct protein isoforms driven by distinct transcriptional regulators (blue 

and green ovals), from distant TSSs. 

 

To fully unravel the mechanisms underlying TSS selection, consideration must be given to the 

role of enhancers. This is warranted given the known roles of enhancers in regulating gene 

expression (reviewed in Chapter One) (including temporally during LPS infection [1]), and the 

large-scale pathogen specific up regulation of enhancers observed in monocytes in Chapter Three.  

At present, our ability to validate enhancers as a mechanism for TSS selection is limited by our 

understanding of their specificity. Despite many new tools to study and predict enhancer activity 

A 
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[10-13], enhancer-promoter specificity has not been systematically measured at TSS-level 

resolution. Instead, much of what we currently assume about enhancer-TSS pairings comes from 

guilt by association. Correlation-based algorithms have suggested many (40%) enhancers pair 

with the nearest TSS, or TSSs within 500kb (64%) [14]. This proximity hypothesis is supported 

by findings that the human genome arranges itself into topologically associated domains (TADs) 

defined by boundaries of insulator binding proteins and housekeeping genes [15]. Smaller 

“insulated gene neighbourhoods” within TADs are thought to restrict enhancer activity to 

promoters within the insulated subdomain; these typically consist of one to eight genes and two 

enhancers and span a median distance of 110kb [16]. However, such arrangements cannot explain 

distant enhancer-TSS pairings, such as those regulating the sonic hedgehog locus [17, 18] and the 

Myc locus [19], each from over a mega base away. Investigating enhancers based solely on 

proximity can also not explain whether enhancers can activate expression of specific isoforms, 

whose TSSs, as discussed in Chapters Four and Five, can be located quite close together, yet 

display distinct expression kinetics (Figure 4.12), or alternatively, located at a distance, but 

display correlated expression patterns (Figure 4.11). 

 

To decipher isoform level specificity of enhancers and identify their place in the Common 

Regulator Hypothesis, increasing the resolution of enhancer studies to the sequence level may be 

more informative than correlation- and distance-based investigations of enhancer-TSS pairing. 

Studies in Drosophila provide evidence that specific motifs dictate whether an enhancer interacts 

with a housekeeping or developmental promoter [20, 21], and similar sequence-dependent 

interactions have been indicated in Zebrafish [22]. While system-wide studies of paired enhancer-

TSS sequences are lacking in mammalian cells, isolated examples of motif-dependent isoform 

activation of TSSs by enhancers has been shown in exemplar genes. Binding of CTCF (CCCTC-

binding factor) to specifically oriented [23], conserved binding sites in distinct protocadherin 

promoters and a downstream enhancer mediates specific interactions between the enhancer and 

each respective promoter that contains the CTCF consensus sequence [24]. This results in 

isoform-specific promoter activation from this locus [24]. Similar results have been shown in the 

β-globin gene [23]. These findings strengthen the hypothesis that enhancer regulation can be TSS 

specific, but further studies investigating the systemwide involvement of enhancers in specifically 

activating individual TSS-driven isoforms are essential. 

 

In addition to mechanistic exploration, several additional investigations will further unravel the 

transcriptional complexity evident in monocytes and macrophages from this thesis. Existential 
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and functional validation of the predicted protein isoforms described herein will strengthen the 

evidence for network diversification via protein isoforms. Additionally, although transcript level 

isoforms were excluded by the conservative approach taken in this thesis, these represent an area 

vastly underexplored during immune responses despite their potential as a mechanism for fine-

tuning system output. For example, distinct features of different isoforms alter the affinity of 

mRNA for ribosomes, impacting on translational levels [25]. The nature of the 3’ UTR is the third 

most accountable transcript feature impacting translation (behind coding sequence and mRNA 

level) [26]; shorter 3’ UTRs result in increased protein translation [27, 28], and isoforms with this 

characteristic are increased in activated T-cells and proliferating cells [28]. Likewise, isoforms 

with more exons [27] and splice junctions [27, 29, 30] are positively associated with translation, 

as are longer transcripts due to their physical capacity to attract more ribosomes. The nature of 

the 5’ UTR can also impact expression via alternative 5’ TSSs that encode upstream open reading 

frames that interfere with expression of downstream protein coding regions [31]. Some of this 

information can be predicted using the CAGE datasets herein, but more accurate assumptions 

could be drawn if this data is studied in concert with full length RNA sequencing in follow up 

studies. 

 

Chapters Three, Four and Five have highlighted the complexity of TSS engagement in human 

monocytes and macrophages during infection. Chapter Five showed that apart from genes 

required for responsiveness, TSS engagement by genes during infection largely reflected their 

engagement in naïve macrophages; in turn, TSS engagement by genes in naïve macrophages 

reflected their engagement characteristics in naïve monocytes. Genes required for responsiveness 

showed the most dynamic TSS engagement. This supports the hypothesis that TSS engagement 

drives responsiveness that manifests as changes in amplitude in subsets of genes requiring urgent 

expression changes, and in isoform-induced diversification of key immune pathways amongst the 

broader gene set. Respectively, these characteristics are predicted to be governed by the Common 

Regulator Runway Model of transcription, and by distinct transcriptional regulators at distant 

sites. These results highlight the complexities of transcriptional regulation during infection and 

clearly demonstrate that the transcriptomic state of monocytes and macrophages is not static, but 

rather is constantly and dynamically fine-tuned via TSS engagement. 
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5.5  Supplementary Information 

Supplementary Table 5.1.  Genes predicted by both this study and Arner [1] to express 

different isoforms in the FANTOM5 Macrophage LPS Infection Series time course. 

 

Gene Entrez Gene Identifier 

ARHGAP22 58504 

SLCO3A1* 28232 

OSBPL1A 114876 

IFI16 3428 

RASSF5 83593 

AK4 205 

PALLD 23022 

PLEC 5339 

GAS7 8522 

TBC1D2 55357 

NCOA7 29078 

ARAP1 116985 

* Expressed at less than five time points 

 

1. Arner, E., et al., Transcribed enhancers lead waves of coordinated transcription in 

transitioning mammalian cells. Science, 2015. 347(6225): p. 1010-4. 
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Chapter Six: TLR ligands induce a 

spectrum of innate immune memory 

responses 
 

6.1 Introduction  

Distinct from highly specific adaptive immune memory, innate immune memory encompasses 

tolerance (refractoriness) and training (enhanced responsiveness) of pro-inflammatory activities 

upon reinfection  [1]. These phenotypes are described as diametrically opposed, having earned 

their historic definitions from differential behaviour of representative cytokines in response to a 

limited ligand repertoire. LPS has been the ligand of choice to induce tolerance since the 1940s, 

when it was discovered that repeated endotoxin infection caused reduced pyrogenic responses 

in rabbits [2]. Early genome-wide studies built upon this definition of hypo-responsiveness, 

showing that while the LPS-tolerant state includes suppression of pro-inflammatory mediators, 

it also represents a shift to a reparative state that retains expression of defensive genes involved 

in pathogen recognition, antigen presentation and acute phase responses [3, 4].  

 

In contrast, training is a recently described phenomenon that differs from priming and tolerance 

in that it represents a long-term shift that provides non-specific protection against cross- and re-

infection [1, 5]. The concept of innate immune training was hypothesised by Netea in 2011 [6], 

and proof of principal was established by Quintin in 2012 [7]. After discovering that pre-

treatment of mice with sub-lethal doses of C. albicans promoted survival against a second lethal 

dose, Quintin found that β-glucan-primed monocytes displayed enhanced expression of Tnf and 

Il6, while LPS and E. coli tolerised these cytokines upon reinfection [7]. Subsequent genome-

wide studies described the epigenetic and transcriptomic profiles induced by LPS and β-glucan, 

cementing their place as model ligands for tolerance and training respectively [8, 9]. But while 

the contrasting impacts of β-glucan and LPS on key pro-inflammatory cytokines are well 

characterised, the phenotypes invoked by other TLR ligands during reinfection have not been 

comprehensively described.  

 

The convergent, bow-tie nature of the TLR signalling network predicts that regardless of the 

TLR engaged, TLR stimulation will invoke a limited phenotypic spectrum. As discussed in 

Chapter One, when viewed at a network-wide level, the TLR-driven signalling network forms 

one of many bow-tie shaped modules that contribute redundancy and robustness to the innate 

immune response. The recognition/ input end of the TLR bow-tie accepts pathogens and stimuli 

via TLRs, of which there are at least 10 in humans, and 13 in mice. Signals from these receptors 
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converge upon a central core of highly conserved adaptor molecules and transcription factors, 

and the effector responses available to the system (for example, cytokines and chemokines) fan 

out at the output end of the bow-tie [10]. The TLR bow-tie has been extensively modelled by 

Oda and Kitano, who described convergence of TLRs to a non-redundant core that is largely 

reliant on MYD88 [11]. They described the TRIF-dependent signalling network as a peripheral 

sub system or ‘detour’ pathway, although, the knowledge that TLR3 signals exclusively through 

TRIF, and that TRIF-mediated signalling comprises over 74% of the LPS-induced transcriptome 

[12] suggests the proposed inconsequential nature of this pathway could be reconsidered. 

Nonetheless, both TRIF and MYD88-dependent pathways activate NFκB, the master regulator 

of many innate immune genes. This convergence to NFκB predicts that regardless of the specific 

TLR driving network activation, the downstream consequences of TLR ligation will be similar. 

 

In acute infection, this is not the case. Xue and Colleagues [13] investigated the transcriptomic 

response of human macrophages to 28 different immune stimuli, including TLR ligands LPS 

and Pam3CSK4. They sent the M1/M2 paradigm immediately to obsolescence, showing that 

macrophages respond to acute stimulation with a spectrum of responses comprising at least nine 

activation states. In more specific comparisons of TLR signalling, several studies have shown 

that despite functional overlap, TLR3 and TLR4 initiate more comprehensive gene expression 

programs than TLR9, and that these programs vary in duration and the extent of involvement of 

key regulators such as IL1B and IFNB [14-16].  

 

But while the specificity of TLR-induced acute responses has been characterised, the spectrum 

of memory responses induced upon reinfection has not been systematically examined. 

Reductionist models of tolerance provide anecdotal evidence that ligands may induce distinct 

memory patterns. For example, “inflammatory” doses of LPS, flagellin, R848, Poly(I:C), and 

Pam3CSK4 invoke tolerance of Tnf and Il6 to further stimulation, while Tri-DAP and MDP 

induce training, and CpG invokes neither a training nor tolerant response [17].   However, while 

such studies hint that innate immune memory may be ligand-specific, it is difficult and 

presumptive to reconcile expression of a small number of representative cytokines with an entire 

phenotype.  

 

To effectively characterise the memory phenotypes elicited by different TLR ligands, genome-

wide analysis is necessary. Current -omic studies of innate memory are limited to either 

LPS/LPS reinfection, or cross-infection scenarios involving LPS and β-glucan as priming 

stimuli. As such, there exists a knowledge gap surrounding the induction and ligand specific 

nature of TLR-induced innate immune memory by non-LPS ligands. To curtail this gap, this 

Chapter uses standard bioinformatic approaches (such as differential expression analysis, 

pathway and transcription factor analysis) to analyse microarray data describing naïve 
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macrophages, acutely infected macrophages, and macrophages exposed, and then re-exposed to 

four TLR ligands (LPS, Pam3CSK4, CpG, and Poly(I:C)). In so doing, this Chapter tests the 

hypothesis that TLR ligands induce a spectrum of responses that, upon reinfection, encompass 

multiple memory patterns whose balance is tailored to the infecting ligand.   

 

To test this hypothesis, the following analytical aims will be undertaken: 

1. Map the common and ligand-specific modules of the macrophage response upon first 

and second stimulation with TLR ligands. 

2. Investigate whether innate immune memory patterns are regulated in a TLR-specific 

fashion. 

3.   Identify the transcription factors driving innate immune memory patterns. 

 

These aims allow comparison of the spectrum of innate immune memory induced by 

stimulation of different TLRs, providing scope to incorporate memory as a regulatory layer 

into models of innate immune signalling. 
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6.2  Methods 

6.2.1 Dataset generation, acquisition and pre-processing  

6.2.1.1 Dataset generation 

The data set used in this chapter was generated by Christine O’Carroll and Ruaidhri Carmody at 

the University of Glasgow. Briefly, bone-marrow derived macrophages (BMDMs) were derived 

from the femur and tibia bones of female C57BL/6 and ATG16L-/- mice at six to eight weeks 

old. Pooled bone marrow-derived cells (three mice per culture) were grown in L929 conditioned 

media for seven days, with media replaced on day three. On day seven, adherent, differentiated 

BMDMs were removed using ethylene-diamine-tetra-acetic acid (EDTA), before assessment of 

purity by flow cytometry (> 95% F4/80 positive) (Figure 6.1 (A)).   

 

To study innate immune memory, BMDMs were stimulated for 24 hours with 100 ng/ml LPS, 

100 ng/ml Pam3CSK4, 10 μg/ml Poly (I:C), or 1 μM CpG to generate an acute (A) infection 

scenario (Figure 6.1 (B)). To model a reinfection (R) scenario, acutely infected cells were 

washed and rested for one hour in fresh media and re-stimulated with the same ligand for four 

hours (Figure 6.1 (C)). Total RNA was isolated and DNase treated before triplicate samples were 

submitted for microarray profiling (Agilent mouse 8 x 60K microarrays (Agilent-028005)). Full 

details of wet-laboratory methods are available in the publication associated with this Chapter 

[18]. 

 

   

 

 

 

     

 

 

 

                    

A 

B 

203



 

 

Figure 6.1. Methods overview. 

Previous page: A. Naïve BMDMs (N) were generated by culture of mouse bone marrow in L929 

conditioned media for 7 days prior to assessment of purity by flow cytometry (>95% F4/80+). B. Acute 

(A) infection scenario was generated by infection of naïve BMDMs with each ligand (Pam3CSK4, Poly 

(I:C), LPS, CpG) for four hours. Re-infection (R) scenario was generated by resting of acutely infected 

cells for one hour followed by reinfection with the same ligand for four hours. Cell schematics from 

Reactome Icon Library [19]. 

 

6.2.1.2 Data normalisation 

Raw microarray data was processed by stemformatics.org [20] using their standard quality 

control and normalisation pipeline. Briefly, using the limma package [21] within the R software 

environment [22], expression data was background corrected using the robust multi-array 

average (RMA) method to account for non-specific binding of Cy3 labelled nucleotides. 

Background corrected data was quantile-normalised to adjust for between-array variations. This 

process resulted in removal of two samples (one donor each of LPS.R and Pam3CSK4.A). 

Background corrected, normalized, log2 expression data for 55681 probes for all remaining 

samples was downloaded from stemformatics.org for analysis. Further information about the 

stemformatics.org quality control and normalisation pipeline for microarrays can be found at 

https://www.stemformatics.org/Stemformatics_data_methods.pdf, and code is available at 

https://bitbucket.org/stemformatics/stemformatics_tools. 

 

6.2.1.3 Filtering of data prior to analysis 

Background corrected, normalised expression data from stemformatics.org [20] was annotated 

and filtered prior to downstream analysis. Probe to Ensembl gene identifier mappings for the 

relevant microarray chip (Agilent SurePrint G3 GE 8x60K 028005 028005 Probe Name 

Version) were downloaded from stemformatics.org, and probe to Ensembl (v67) transcript 

mappings were provided by Othmar Korn. Gene names were sourced from Ensembl (May 2012 

archive). Gene and transcript annotations were merged with normalised expression data into a 

single file containing annotated expression data for 55961 probes. After removal of unmapped 

and multi-mapped probes, the data subset referred to hereafter as “gene-annotated probe data” 

comprised 31720 probes (21609 genes) (Figure 6.2 (A)).  

 

6.2.2 Differential expression analysis 

For each comparison in Figure 6.2 (A), gene-annotated probes were filtered to include only 

probes expressed above a log2 expression value of 3.0 in at least two samples for either the 

control or treatment condition. This threshold was the detection floor calculated by 

stemformatics.org from the 95th percentile of the microarray negative controls. Differential 

expression was assessed using the “limma” package (version 3.26.9) in R [21, 22]. Briefly, a 
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design matrix was constructed that defined the contrasts to be compared and a linear model was 

fit using the lmFit function. The likelihood of differential expression for all probes was 

calculated using the eBayes function, which minimises the variance between probes and 

calculates moderated T-, B- and p-statistics for each probe.  Raw fold change was calculated by 

dividing 2^mean treatment / 2^mean control. Statistically significant differentially expressed 

probes were defined as those with a raw fold change of greater than or equal to 1.5-fold and an 

adjusted p-value of <= 0.05 (Figure 6.2 (B)). Unthresholded output from limma [21] was used 

in characterisation and verification of acute infection, as described below. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.2. Dataset filtering and work flow. 

A. Normalised data was pre-filtered to include only gene-annotated probes that passed a detection 

threshold for each comparison (N: Naïve, A: Acute, R: Re-infected). B. Filtered data from Figure 6.2 (A) 

was assessed for differential expression. Differentially expressed probes were defined by a statistical 

threshold (right hand side). Top 500 analysis was based on ranked adjusted p-value, but no adjusted p-

value threshold was applied. 

 

6.2.3 Characterisation and verification of acute infection 

To verify that all ligands induced an acute immune response, the top 500 most inducible genes 

were analysed (Figure 6.2 (B)). Up regulated probe lists (no threshold applied) for each naïve 

versus acute differential expression analysis was sorted in order of adjusted p-value (increasing) 

and fold change (decreasing). The top 500 unique Ensembl gene identifiers in each condition 

were taken from each list and were analysed for pathway and ontology over-representation using 

InnateDB [23], and transcription factor binding site enrichment using HOMER [24]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Number of probes (genes) differentially expressed 
Comparison LPS CpG Pam3CSK4 Poly (I:C) 

N vs A 5825 (4840) 

2617 ↑ 

3208 ↓ 

1077 (931) 

593 ↑ 

484 ↓ 

0 990 (817) 

640 ↑ 

350 ↓ 

A vs R  7198 (5903) 

4158 ↑ 

3040 ↓ 

241 (216) 

84 ↑ 

157 ↓ 

0 620 (554) 

254 ↑ 

366 ↓ 

Number of probes (genes) above threshold 
Comparison LPS CpG Pam3CSK4 Poly (I:C) 

N vs A 23969 

(16903) 

23918 

(16902) 

22913 

(16283) 

23679 

(16764) 

A vs R  23137 

(16349) 

23596 

(16662) 

22792 

(16194) 

23639 

(16729) 

Filter output for analysis 

A B 
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6.2.4 Identification of genes exhibiting innate immune memory 

To identify probes with interesting expression patterns, criteria for four patterns of interest were 

defined (Figure 6.3). Tolerised probes were defined by statistically significant up regulation 

between naïve and acute infection, and a 1.5-fold decrease in expression between acute and 

reinfection. Super-induced probes were defined by statistically significant up regulation between 

naïve and acute infection, and a 1.5-fold increase in expression between acute and reinfection. 

Super-repressed probes were defined by statistically significant down regulation between naïve 

and acute infection, and a 1.5-fold decrease in expression between acute and reinfection. 

Delayed-induced probes were defined by statistically significant down regulation between naïve 

and acute infection, and a 1.5-fold increase in expression between acute and reinfection. Lists of 

probes displaying each of these four patterns were identified for LPS, CpG and Poly (I:C). As 

no significantly differentially expressed probes were identified for Pam3CSK4, no probes were 

deemed to meet the defined criteria for patterns of interest for this ligand. Ligand based lists of 

probes for each pattern were combined in to a single list of all probes meeting the criteria for 

that pattern, and this global list was subjected to further analysis.  

                                  

 

 

Figure 6.3. Classification criteria for macrophage memory patterns. 

Naive (N), Acute (A) and Re-infected (R) BMDMs were generated by stimulation with ligands (red) as 

per figure 6.1. Four memory patterns (far right column) occurred by assessment of statistically significant 

differential expression between N and A conditions (left column), and fold change between A and R 

conditions (centre column). Macrophage schematic from Reactome Icon Library [19]. 

 

 

6.2.5 Clustering of probes within patterns of interest groups 

Within each pattern group (tolerised, super-induced, super-repressed or delayed-induced) sub 

groups were identified by clustering based on dissimilarities between expression profiles across 

all ligands and treatment conditions. Using R [22], a means table showing the mean expression 

of each probe per infection was constructed. A correlation (Pearson) matrix was constructed, 
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and from this, a distance matrix was calculated (1-correlation matrix). The distance matrix was 

supplied to the “pam” function (‘cluster’ package (v2.0.6) [25]), which performs Partitioning 

Around Medoids (PAM) clustering. This method divides the data into a specified number of 

clusters by minimising the sum of dissimilarities. Unlike k-means, it accepts a dissimilarity 

matrix as input, allowing clustering by correlation rather than by amplitude of expression. 

Clustering was performed for two to seven clusters per pattern expression set, and the most 

appropriate number of clusters was selected by visual inspection of expression patterns. 

 

6.2.6 Analysis of transcription factor binding site enrichment 

Hypergeometric Optimization of Motif EnRichment (HOMER v4.8.3) [24] was used to analyse 

enrichment of transcription factor binding sites within gene promoters. Ensembl identifiers were 

supplied to the perl script findMotif.pl provided as part of the HOMER package [24] 

(http://homer.ucsd.edu/homer/). The default “mouse” promoter set (v5.5) supplied with 

HOMER [24] was used, and gene lists were searched against a background of all expressed 

Ensembl gene identifiers on the microarray chip (21609 genes). Motifs were considered 

significantly enriched if their adjusted p-value was less than or equal to 0.05. 

 

6.2.6.1 Clustering of transcription factor motifs 

Clustering of significantly enriched motifs was used to assess the similarity of the motif profiles 

enriched the inducible gene sets of distinct TLRs. Motifs significantly enriched in the top 500 

inducible genes of any ligand were arranged in a matrix, where, for each motif and each 

condition, a score of 0 indicated no significant enrichment and 1 indicated significant 

enrichment. Using the ‘dist’ function, this matrix was transformed into a distance matrix via 

binary distance metric, and the distance matrix was hierarchically clustered in R [22]. 

 

6.2.7 Analysis of over-represented pathways and ontologies  

InnateDB [23] was used to assess pathway and ontology over-representation within gene lists of 

interest. For both pathway and ontology over-representation analysis, lists of Ensembl identifiers 

were uploaded to the InnateDB [23] web interface (https://www.innatedb.com/), and the default 

settings of Hypergeometric algorithm with Benjamini-Hochberg correction were applied. 

Results were filtered to include only Reactome [26] pathways. 

 

6.2.8 QPCR validation 

Real time PCR (qPCR) was performed by the Carmody Laboratory (University of Glasgow) 

using primer sequences and methodology as described in the publication associated with this 

Chapter [18]. Relative mRNA levels were calculated using the ΔΔCT method. 
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6.2.9. Heatmaps and box plots 

Expression heatmaps were generated using the pheatmap function within the pheatmap package 

(v1.0.8) [27] in R (v3.2.1) [22]. Unless otherwise noted, data was scaled to the standard deviation 

per row. Rows and/ or columns were clustered as described throughout the text. Box plots were 

constructed in R [22] using the boxplot function. 

 

6.2.10 Computational environment 

Unless otherwise noted, all analysis was performed in R (v3.2.1) [22], running under Ubuntu 

14.04.5 LTS. 

 

6.2.11 Online Supplementary data 

Supplementary data is available with the publication associated with this Chapter 

(https://www.frontiersin.org/articles/10.3389/fimmu.2018.00933/full) [18]. 
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6.3 Results 

6.3.1 Acute TLR-induced responses are built from shared and unique engagement 

of gene expression modules driven by different transcription factors 

6.3.1.1 TLR ligands induce a global Nfκb-centric response 

To examine the similarity of acute TLR-induced activation states, the genes most highly induced 

by four TLR ligands were identified and used to characterise the signalling modules each TLR 

engaged during acute infection.  Shared activation of gene sets was observed, with just over half 

(53.3%) of the 1146 most up regulated genes being induced by multiple ligands (Figure 6.4 (A)). 

Several of these were validated by qPCR (Figure 6.4 (B)).  

 

A core network of seventy genes up regulated by all four ligands centred on known constituents 

and targets of the pro-inflammatory TLR-network, including Il6, Irak2, Nfkb1, Nod2, and Nlrp3 

(Figure 6.4 (C); publication [18] supplementary data Figure S2 and Table 1). Nearly 20% of this 

core consisted of known NFκB target genes [28], and NFκB was the only transcription factor 

family enriched in the gene sets of all four ligands (Figure 6.4 (D)). The pro-inflammatory nature 

of the core and the strong involvement of NFκB was reflected in pathway level analyses 

(publication supplementary Table 1 [18]), where the most globally up regulated pathways 

encompassed PRR-driven networks, cytokine/ chemokine signalling, and mechanisms of NFκB 

activation. The existence and nature of such a core response validates the acute infection model 

and was expected given the known convergence of TLR-driven pathways towards NFκB-

mediated pro-inflammatory outcomes.  

 

Figure 6.4. Characterisation of the acute response to TLR ligands. 

Following two pages: A. Overlap between the top 500 most inducible genes per acute infection. B. 

Expression profile of Il6 (top) and Tnf (bottom) measured by microarray (left) and qPCR (right).  Asterisk 

indicates significant differential expression (adjusted p < 0.05) was observed in that condition. C. 

StringDB [29] protein-protein association network for the proteins encoded by the 70 genes commonly 

induced by the four TLR ligands indicated in (A). Nodes: proteins. Edges protein-protein association 

(either physical or shared contribution to a function).  D. Transcription factor binding motifs significantly 

enriched (adjusted p < 0.05) in the top 500 inducible genes per acute infection (test (T) gene set). Columns 

show percentage enrichment of motif in test set versus background (B) of all genes expressed on the array. 

Motif profiles were clustered using binary clustering (Section 6.2.6.1).  
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6.3.1.2 Peripheral pathways are preferentially engaged by ligand subsets 

Pathways peripheral to NFκB activation displayed more restricted expression profiles. MAP 

kinase signalling pathways were more significantly enriched in the gene sets induced by CpG 

and Pam3CSK4, while type I interferon pathways were enriched in Poly (I:C) and LPS-driven 

gene sets. A set of 198 genes (Figure 6.4 (A); publication [18] supplementary data Table 1) up 

regulated by LPS and Poly (I:C), but not CpG and Pam3CSK4 was rich in genes that regulate, 

and are driven by type I interferons. This included positive regulators Azi2 and Isg15, which are 

involved in TLR/TRIF-mediated activation [30], and stabilisation [31] of IRF3 respectively; and 

genes for IRF3/7-activating nucleic acid sensors cGAS (E330016A19Rik) [32], ZBP1 [33], RIG-

I (Dhx58) [34], and MDA5 (Ifih1) [35]. Negative regulators of type I interferon signalling were 

also induced, including Nlrc5 [36] and Usp18 [37]. As expected, the interferon rich nature of 

the LPS and Poly (I:C) driven gene sets was reflected in their transcription factor binding site 

profile, which was weighted towards IRF family members (Figure 6.4 (D)). 

 

6.3.1.3 Poly (I:C) induces a unique gene set rich in uncharacterised genes  

As 47% of the inducible gene set was ligand specific, evidence of modules whose engagement 

was restricted to ligation of a single TLR was sought. Clustering by Pearson correlation revealed 

a group of probes that displayed up regulation only in acute infection with Poly (I:C) (Figure 6.5 

(A)). Enrichment of functional modules in this group of genes was largely driven by expression 

of Fgf8 and Ppm1a, which permeate insulin, MAP kinase and Phosphoinositide 3-kinase (PI3K) 

signalling pathways (Figure 6.5 (B)). Outside these pathways, genes in this group encompassed 

many functional categories (Figure 6.5 (C)), including candidates for anti-viral (Papolb) and 

immune signalling activities (Ppm1a, Trim12c, Csmd2 and Tbx21). Few of the 55 genes have 

been characterised extensively in an immune context, and 15% of this gene set consists of genes 

uncharacterised in any context, highlighting the potential for further characterisation of the 

TLR3 induced transcriptome. 

 

Figure 6.5. Characterisation of probes induced only by Poly (I:C). 

Following page: A. Heat map of probes contributing to combined list of top 500 induced genes per acute 

condition. Probes clustered by Pearson correlation. Colour indicates row z-score, ranging from -2 (dark 

blue) to 2 (dark red). Black bar indicates cluster of probes highly induced only in Poly (I:C). Heat map 

constructed using www.stemformatics.org [20]. B. Pathway enrichment (adjusted p-value < 0.05) of 

probes induced uniquely by acute infection with Poly (I:C). Statistics: number of genes in test list/number 

of genes in pathway (adjusted p-value). C. Genes grouped by theme. 
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Pathway  Statistics Genes 

Insulin receptor signalling cascade 2/82 (0.006) Fgf8; Ppm1a 

IGF1R signalling cascade 2/81 (0.007) 

Signalling by type 1 Insulin-like 

growth factor 1 receptor 

2/81 (0.007) 

Signalling by insulin receptor 2/104 (0.009) 

IRS-related events 2/78 (0.009) 

IRS-related events triggered by 

IGF1R 

2/78 (0.009) 

IRS-mediated signalling 2/74 (0.014) 

MAPK signalling pathway 

(KEGG) 

3/253 (0.015) Fgf8; Mapt; Ppm1a 

Metabolism of proteins 3/555 (0.027) B4galt2; Isl1; Tubb3 

PI3K Cascade 2/61 (0.028) Fgf8; Ppm1a; 

Axon Guidance 2/268 (0.045) Efna2; Tubb3; 

Category  Genes 

Receptors Bai2; Clec2d; Cntfr;, Efna2; Gabrp; Olfr1500 

Signalling Map3k10; Ppmp1a; Ptprg 

Transcription  Hoxc5; Isl1; Tbx21 

Growth factors Fgf8 

RNA processing Rbfox2 

Adhesion/ Structural Cadm4; Cdc42ep1; Clstn3; Col9a2; Gpr124; Mapt; Tubb3 

Cell cycle Btg4; Mob3c; Rpa2; 

Enzymes Aco1; B4galt2; Cyp11a1; Dio3; Eno4; Papolb; Trim12c 

Chaperones Fam115e; Serpinh1 

NcRNAs Sox2ot 

Other Cecr2; Cpne5; Csmd2; Fmr1nb; Hspbap1; Isoc2a; Lrrc30; 

Lrrx3b; Psg27; Sez6l; Shisa7; Zfp369; Zfp423 

Uncharacterised 1700018C11Rik; 4930552P12Rik; 4933435F18Rik; 

6430527G18Rik; E230008N13Rik; BC020535; Gm106; 

Gm16863 

A 

B C 
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6.3.2 Reinfection of macrophages with TLR ligands concurrently instigates four 

different patterns of innate immune memory  

To investigate how reinfection alters the modules driving cell phenotype, the TLR-induced 

transcriptome was examined across naïve, acute and reinfection scenarios. Global lists of probes 

displaying patterns of tolerance, super-induction, delayed-induction and super-repression were 

compiled (Section 6.2.4). The most dominant memory pattern was the largely uncharacterised 

pattern of delayed-induction, where genes were repressed during acute infection, and re-induced 

upon reinfection. A large number of genes exhibited the reciprocal pattern of tolerance, while 

only small numbers of genes demonstrated consistent up regulation (super-induction) or down 

regulation (super-repression) across the exposure series (Table 6.1). 

  

Table 6.1.  Number of Probes (genes) displaying memory  

Pattern Criteria Number of probes 

(genes) 

Tolerance N v A: ↑ 1.5 fold, adjusted P < 0.05 

A v R: ↓ 1.5 fold 

1991 (1644) 

Super-induction N v A: ↑ 1.5 fold, adjusted P < 0.05 

A v R: ↑ 1.5 fold 

193 (174) 

Delayed-induction N v A: ↓ 1.5 fold, adjusted P < 0.05 

A v R: ↑ 1.5 fold 

2226 (1908) 

Super-repression N v A: ↓ 1.5 fold, adjusted P < 0.05 

A v R: ↓ 1.5 fold 

146 (133) 

 

 

6.3.2.1 LPS drives the most comprehensive tolerance and delayed-induction profiles 
 

Correlation based clustering showed that LPS drove the most comprehensive memory profiles 

of the ligands investigated. This was particularly evident for tolerised and delayed-induced 

probes. Except for probes that were induced in a ligand specific manner (for example, those 

induced only by Poly (I:C) (Figure 6.5)), all clusters of tolerised (Figure 6.6) and delayed-

induced (Figure 6.7) probes displayed each pattern predominantly in LPS, and typically, at least 

one other ligand. For example, the mean expression profile of Tolerised Cluster 1 probes 

demonstrates these probes are tolerised most strongly by infection with LPS and Poly (I:C), 

while Tolerised Cluster 2 probes show tolerance induced by all ligands except Poly (I:C). Cluster 

3 probes are tolerised by LPS only, and Cluster 4 probes are tolerised by all ligands (Figure 6.6 

(A) and (B)). Similarly, for delayed-induced probes, delayed-induction was observed in LPS 

and Poly (I:C), all ligands, and LPS only, in Clusters 1, 2 and 3 respectively (Figure 6.7 (A) and 

(B)). That LPS-induced genes show these patterns in every cluster suggests that LPS represents 

the most comprehensive state of tolerance and delayed-induction induced by the TLRs tested in 

this project. 
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6.3.2.2 Super-induction and Super-repression vary by ligand  
 

Dominance of LPS was less evident in probes showing super-induced and super-repressed 

patterns. While each of these patterns demonstrated at least one cluster where other ligands 

shared the pattern with LPS, there were also clusters where the super-induced or super-repressed 

effect was less pronounced in LPS. For example, probes in Super-repressed Cluster 2 showed 

repression across all conditions, however in Cluster 1, the mean pattern suggests repression is 

weaker in LPS, while being dominant in other conditions (Figure 6.8 (A) and (B)). Inspection 

of this cluster reveals example genes in which this occurs, such as Zfyve28 and Sh2d3c (Figure 

6.10 (A)). Similarly, for super-induced genes, Cluster 2 probes demonstrate super-induction in 

all conditions, and Cluster 3 shows super-induction predominantly in LPS and Poly (I:C). 

However, Cluster 1 probes demonstrate sustained up regulation rather than super-induction in 

LPS, and the strongest super-induction is induced by Poly (I:C) (Figure 6.9 (A) and (B)). This 

is evident in genes such as Ifi44 and H2-T10 (Figure 6.10 (B)). This could suggest that super-

induction and super-repression are applied in a more ligand-specific manner than delayed-

induction and tolerance, or that there may be differences in the kinetics of their expression that 

are not evident from this experiment.   

 

For each global pattern list, and each cluster within, the functional modules and their 

transcriptional drivers were identified. These results will be discussed in the context of key 

innate immune response pathways below. 
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Figure 6.6. Tolerised probes demonstrate four patterns of expression. 
Probes showing tolerance in at least one infection were clustered using PAM. A. Heat maps for each PAM-derived cluster. Colour indicates row z-score of mean log2 expression. X 

axis: treatment (N: Naïve, A: acute, R: re-infection). Y-axis: Intra-heat map clustering by Pearson correlation of z scores. B.  Mean log2 expression pattern for all probes in each cluster 

(y-axis) per condition (x-axis). C. Themes enriched in each cluster, derived from InnateDB [26] analysis of Reactome [26] pathways. Maximum adjusted p-value for all pathways 

significantly enriched in that theme are shown. D. Transcription factor binding motifs enriched in each cluster. Motif logos and adjusted p-values are representative for each transcription 

factor family.  
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Figure 6.7. Delayed-induced probes demonstrate three patterns of expression. 

Probes showing delayed-induction in at least one infection were clustered using PAM. A. Heat maps for each PAM-derived cluster. Colour indicates row z-score of mean log2 

expression. X axis: treatment (N: Naïve, A: acute, R: re-infection). Y-axis: Intra-heat map clustering by Pearson correlation of z scores. B.  Mean log2 expression pattern for all probes 

in each cluster (y-axis) per condition (x-axis). C. Themes enriched in each cluster, derived from InnateDB [23] analysis of Reactome [26] pathways. Maximum adjusted p-value for all 

pathways significantly enriched in that theme are shown. D. Transcription factor binding motifs enriched in each cluster. Motif logos and adjusted p-values are representative for each 

transcription factor family.  
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Figure 6.8. Super-repressed probes demonstrate two patterns of expression. 

Probes showing super-repression in at least one infection were clustered using PAM. A. Heat maps for each PAM-derived cluster. Colour indicates row z-score of mean log2 expression. 

X axis: treatment (N: Naïve, A: acute, R: re-infection). Y-axis: Intra-heat map clustering by Pearson correlation of z scores. B.  Mean log2 expression pattern for all probes in each 

cluster (y-axis) per condition (x-axis). C. Themes enriched in each cluster, derived from InnateDB [23] analysis of Reactome [26] pathways. Maximum adjusted p-value for all pathways 

significantly enriched in that theme are shown. D. Transcription factor binding motifs enriched in each cluster. Motif logos and adjusted p-values are representative for each transcription 

factor family.  
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Figure 6.9. Super-induced probes demonstrate three patterns of expression. 

Probes showing super-induction in at least one infection were clustered using PAM. A. Heat maps for each PAM-derived cluster. Colour indicates row z-score of mean log2 expression. 

X axis: treatment (N: Naïve, A: acute, R: re-infection). Y-axis: Intra-heat map clustering by Pearson correlation of z scores. B.  Mean log2 expression pattern for all probes in each 

cluster (y-axis) per condition (x-axis). C. Themes enriched in each cluster, derived from InnateDB [23] analysis of Reactome [26] pathways. Maximum adjusted p-value for all pathways 

significantly enriched in that theme are shown. D. Transcription factor binding motifs enriched in each cluster. Motif logos and adjusted p-values are representative for each transcription 

factor family.  
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Figure 6.10. Example genes showing ligand specific differences in super-induction and super-

repression. 

A. Log2 expression of example genes in Super-repressed Cluster 1 (A) and Super-induced Cluster 1 (B) 

that demonstrate different patterns in LPS. Asterisk indicates significant differential expression (adjusted 

p < 0.05) was observed in that condition. Coloured bars indicate memory patterns: green: tolerised; red: 

super-induced; magenta: super-repressed; blue: delayed-induced.  Box and whisker plots are median, 

minimum, and maximum. 

 

 

6.3.3 Innate immune memory is applied to key immune pathways 

6.3.3.1 Tolerance is a global road block to canonical Nfkb driven inflammation 

Tolerance is thought to modulate and prevent excessive inflammation. Analysis of tolerised 

genes in this dataset supported this notion, with 81% of the core acute inflammatory response 

being tolerised upon reinfection (Figure 6.11). The most globally tolerised genes (Tolerised 

Cluster 2) showed enrichment for both TLR and NLR driven pathways (Figure 6.6 (C)). 

However, while these pathways activate both NFκB and MAP kinase signalling, tolerance 

appears to preferentially impact those pathway components leading to NFκB activation.  
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Figure 6.11. Protein-protein association network highlighting memory status of the core acute 

response.  

StringDB [29] protein-protein association network for the proteins encoded by the 70 genes commonly 

induced during acute responses by the four TLR ligands indicated, as indicated in Figure 6.4 (C). Nodes: 

proteins. Edges protein-protein association (either physical or shared contribution to a function). Colours: 

Green: tolerised; Red: super-induced; Grey: no memory pattern. 

 

The NFκB and MAP kinase activation pathways downstream of TLRs (Figure 6.12) and NLRs 

(Figure 6.13) exhibit divergent memory programs. With the exception of Map2k4 (tolerised), 

differentially expressed MAP kinase genes (including Mapk13, Map2k6, Map2k7, and Fos 

(AP1)) typically clustered with genes displaying delayed-induction (Figure 6.12 (B)), despite 

being slightly outside the threshold of statistical significance. In contrast, few differentially 

expressed genes leading to NFκB activation exhibited a statistically significant pattern other than 

tolerance. Receptors (Tlr2, Nod1, Nod2); signal transducers/ transcription factors (Myd88, 

Ripk2, Nfkb1); and effectors (Cxcl1, Cxcl2, Tnf, Casp8) all exhibited tolerance, as did several 

negative regulators (Socs1, Tnfaip3, Tank, Ikba and Il10). This dual suppression of positive and 

negative NFκB regulators suggests tolerance may tune NFκB-directed TLR output to an 

appropriate balance of inflammatory activities, perhaps accompanied by greater involvement of 

MAP kinase signalling upon reinfection. 
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The suppression of pathways leading to NFκB activation resulted in decreased expression of 

NFκB target genes upon reinfection. Of 283 known NFκB target genes [28], 41% were 

differentially expressed in acute infections (Figure 6.14), and 44.2% were differentially 

expressed in re-stimulated infections (not shown). Of those target genes differentially expressed 

during acute infection, 55% displayed tolerance, and a further 8% shared a tolerance pattern in 

combination with either super-induction or delayed-induction (Figure 6.14). Tolerised genes 

encompassed all the NFκB target genes in the core response to acute infection, and genes across 

many functional categories (Table 6.2). Only 11% of differentially expressed NFκB target genes 

were super-induced, 12% were delayed-induced, and < 2% were super-repressed. Twelve 

percent showed no significant memory pattern (Figure 6.14). These results suggest tolerance is 

the dominant memory pattern applied to NFκB target genes. 

 

The dominant pattern of tolerance amongst NFκB target genes is reflected by the transcription 

factors driving the tolerised gene set. All clusters of tolerised genes were enriched for NFκB 

family transcription factor motifs (Figure 6.6 (D)), whereas NFκB motifs were significantly 

enriched in only one cluster of super-induced genes (Figure 6.9 (D)), and not at all in delayed-

induced or super-repressed genes. Rather, super-induced genes showed a dominance of IRF, 

bZIP and ZF motifs (Figure 6.9 (D)), and delayed-induced genes showed dominance of ETS and 

ZF motifs (Figure 6.7 (D)). This suggests that regulation by different transcription factors might 

be a contributing factor to the application of innate immune memory. In particular, the observed 

extent of tolerance of NFκB target genes suggests widespread application of tolerance to the 

NFκB pro-inflammatory network. 
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Figure 6.12. Application 

of innate immune memory 

to the TLR network. 

A.  KEGG [38] pathway 

map highlighting 

components (or their 

contributors) demonstrating 

memory patterns (coloured) 

in at least one condition. B. 

Heat map demonstrating 

relative expression (row z-

score) of differentially 

expressed probes for genes 

in the TLR network. Heat 

map is clustered by Pearson 

Correlation. Pattern clusters 

refer to PAM derived 

clusters shown in Figures 

6.6 – 6.9. “TF Families” 

refers to transcription 

factors from each noted 

Pattern Cluster that were 

identified in the promoter of 

the indicated gene. 

A 
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Figure 6.13. Application of innate 

immune memory to the NLR network. 
Current and next page: 

A. A. KEGG [38] pathway map highlighting 

components (or their contributors) 

demonstrating memory patterns (coloured) in 

at least one condition. B. Heat map 

demonstrating relative expression (row z-

score) of differentially expressed probes for 

genes in the NLR network. Heat map is 

clustered by Pearson Correlation. Pattern 

clusters refer to PAM derived clusters shown 

in Figures 6.6 – 6.9. “TF Families” refers to 

transcription factors from each noted Pattern 

Cluster that were identified in the promoter of 

the indicated gene. 

A 
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Figure 6.14. Characterisation of differential expression and memory status of NFκB target 

genes. 
A. Overlap between NFκB target genes and differentially expressed genes (adjusted p < 0.05, any acute 

infection).  B. Memory status of NFκB target genes. Number of genes per pattern are indicated in each 

coloured circle. Circle overlaps show numbers of genes with both patterns, either due to multiple 

differently behaving probes, or ligand-specific memory pattern differences. 
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Table 6.2: Application of innate immune memory to Nfκb target genes*  

Function Tolerised Super induced Delayed induced Super-repressed 

Transcriptional 

modulators 

Bmi1, Irf1, Nfkb1, 

Nfkb2, Nfkbia, Nfkbie, 

Relb, Stat5a, Tfec, 

Tnfaip3, Tnip3, Trp53, 

Ier2, Prdm1 

 Fos, Hoxa9, Ier2  

Cytokines and 

chemokines  

Cxcl1, Cxcl10, Il10, 

Il12a, Il15, Ltb, Cxcl9, 

Ccl17, Ccl3, Ccl4, 

Cxcl2, Tnf, Tnfsf10, 

Iigp1, Il27, Tnfsf15, 

Ifnb1, Il12b, Il6, Ccl2 

Ifnb1, Il12b, Il6, 

Ccl2, Il1a, Il1b, 

Ccl5, Cxcl5, 

Cxcl3 

  

Receptors Cd40, Cd80, Cd83, 

Cd86, Il2ra, Nod2, Tlr2 

Cd38 Cxcr2, Pglyrp1, 

Trem1 

 

Growth factors Angpt1, Fgf8, Kitl Csf3,Inhba,Nrg1 Mdk, Pdgfb  

Apoptotic 

regulators 

Cd274, Casp4, Cflar, 

Ptpn13, Bcl2a1c 

Traf1 Bnip3  

Cell adhesion 

molecules 

Cd44, Sele. Icam1, 

Vcam1, Cd209f, 

Cd209g 

   

Acute phase 

proteins 

Ptx3 

 

Saa1, Saa3   

Stress response Alox12, Mx1, Nos2, 

Ptgs2 

Nos2, Ptgs2 Map4k1  

Early response 

genes 

Tnfaip2  Klf10  

Enzymes Has1, Lipg, Lyz1, 

Mmp3, Mthfr, Mylk, 

Nox1, Pim1, Slfn2, Xdh, 

Nos2, Upp1 

Nos2, Upp1, 

Ass1, Ptges 

Abcb9, Chi3l1, 

Lyz2, Plk3 

Gcnt1, St6gal1 

*Target gene identities sourced from [28]. 

6.3.3.2 Infection up regulates key components of the non-canonical Nfkb pathway 

The canonical NFκB pathway is activated by TLRs. It converges upon the activating kinase 

TAK1 (Map3k7), culminating in activation of NFκB-p50/RELA homo- and heterodimers 

(encoded by Nfkb1 and Rela genes respectively). Stable expression of Map3k7 was observed 

across all conditions (Figure 6.15 (A), and strong up regulation and subsequent tolerance of 

Nfkb1 (NFκB-p50) was evident in all conditions (Figure 6.15 (B)). While Rela mRNA was 

significantly upregulated during acute LPS infection, its expression remained constant across all 

infection conditions, remaining on average within 2.5-fold above the untreated expression value 

(Figure 6.15 (B)). Up regulation of several post-transcriptional negative regulators of RELA was 

also observed. Messenger RNA for PDLIM2, which promotes degradation of RELA via 

ubiquitination exhibited delayed-induction, and Nfkbia (IKBα) was up regulated and sustained 

during acute and reinfection (Figure 6.16). If these results translate to the protein level, acute 

infection might drive increased availability of NFκB-p50 and increased cytoplasmic 

sequestration of RELA. This, coupled with potential PDLIM2 up regulation upon re-infection 

may promote an NFκB-p50-mediated repressive environment that has its origins in the dynamics 

of Nfkb1 up regulation observed during acute infection. 
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Figure 6.15. Key components of the canonical and non-canonical NFκB pathways exhibit 

different regulatory patterns. 
A. Log2 expression of two kinases central to the canonical (left) and non-canonical (right) NFκB 

pathways. B. Log2 expression of the dominant NFκB subunits activated by the canonical (left) and non-

canonical (right) NFκB pathways. Y-axis: Log2 expression. Asterisk indicates significant differential 

expression (adjusted p < 0.05) was observed in that condition. Coloured bars indicate memory patterns: 

green: tolerised; red: super-induced; magenta: super-repressed; blue: delayed-induced.  Box and whisker 

plots are median, minimum, and maximum. 
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Figure 6.16. Expression of post-transcriptional negative regulators of RelA (p65). 

Log2 expression profiles of two negative regulators of NFκB-p65. Asterisk indicates significant 

differential expression (adjusted p < 0.05) was observed in that condition. Coloured bars indicate memory 

patterns: green: tolerised; red: super-induced; magenta: super-repressed; blue: delayed-induced.  Box and 

whisker plots are median, minimum, and maximum. 

 

The non-canonical NFκB pathway differs from the canonical pathway principally in its 

mechanism of activation, choice of activating kinase, and the NFκB subunits involved. The 

pathway is dependent upon de novo protein synthesis in response to a stimulus, and its activating 

kinase NIK (Map3k14) is continually targeted for degradation [39, 40]. Map3k14 mRNA was 

down regulated during acute infection and up regulated during reinfection. This was particularly 

evident in CpG, Pam3CSK4 and Poly (I:C), but donor reproducibility for this gene during LPS 

infection was poor (Figure 6.15 (A)). Messenger RNA for both non-canonical NFκB subunits 

(Relb and Nfkb2) was up regulated during acute infection, and their expression levels were 

sustained across reinfections, particularly in LPS and Poly (I:C) (Figure 6.15 (B)). This suggests 

infection increases the availability of mRNAs for non-canonical NFκB subunits, and that 

expression of Map3k14, their activating kinase, is re-activated upon reinfection. If these results 

translate to the protein level, non-canonical NFκB might be available to modulate target genes 

upon reinfection, when canonical NFκB induced target gene expression is putatively repressed. 

 

6.3.3.3 A peripheral tolerance program impacts the type I interferon network 

As signalling from TRIF-dependent TLRs and several cytosolic DNA sensing pathways 

culminates in IRF3 and IRF7 activation, the memory patterns acting on these pathways were 

investigated.  The pathways leading to activation of IRF3 and IRF7 exhibited a restricted 
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memory profile, displaying tolerance predominantly in LPS alone (Tolerised Cluster 3), or LPS 

and Poly (I:C) (Tolerised Cluster 1) (Figure 6.6). While the TLR3/4-driven pathways to IRF3 

were suppressed by tolerance at multiple levels (Tlr3, Peli1, Tank and Azi2), other pathways to 

type I interferon activation were tolerised predominantly at the receptor level. This includes the 

RIG-like receptors (Figure 6.17) and the cytosolic DNA sensors driving expression of Irf3 via 

STING. The latter displayed tolerance or stable expression, except for Zbp1/Dai (super-induced 

(not shown)). Downstream of these cytosolic receptors, many genes displayed stable expression 

between acute and re-stimulated treatments. Two notable exceptions were genes for the 

TANK/NAP1/SINTBAD complex, which showed tolerance and delayed-induction in LPS 

(Figure 6.17); and Irf7, which in contrast to the stable expression of Irf3, displayed super-

induction, although just outside the significance threshold of p < 0.05 (p=0.067 (N vs LPS.A); 

FC > 4.5 (LPS.A v LPS.R)) (Figure 6.19).  

 

Despite the mixed memory patterns shown by Irf3 and Irf7, most of the type I interferons 

produced downstream of these transcription factors were tolerised (Figure 6.18). The majority 

fell into Tolerised Cluster 3, being tolerised only by LPS (Figure 6.6). Ifnb1 was a notable 

exception to this, showing super-induction by Poly (I:C) but tolerance in response to LPS 

(Figure 6.19).  
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Figure 6.17. Application of innate immune memory to the RLR network. 

Current and following page; A.  KEGG [38] pathway map highlighting components (or their contributors) demonstrating memory patterns (coloured) in at least one condition. B. Heat 

map demonstrating relative expression (row z-score) of differentially expressed probes for genes in the RLR network. Heat map is clustered by Pearson Correlation. Pattern clusters 

refer to PAM derived clusters shown in Figures 6.6 – 6.9. “TF Families” refers to transcription factors from each noted Pattern Cluster that were identified in the promoter of the 

indicated gene. 

A 
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Figure 6.18. The application of innate immune memory to type I interferons 

Heat map demonstrating relative expression (row z-score) of differentially expressed probes for type I 

interferon genes. Heat map is clustered by Pearson Correlation. Pattern clusters refer to PAM derived 

clusters shown in Figures 6.6 – 6.9. “TF Families” refers to transcription factors from each noted Pattern 

Cluster that were identified in the promoter of the indicated gene.   

 
 

 

 

Ligation of the type I interferon receptor by type I interferons activates JAK and TYK2 kinases, 

resulting in activation and assembly of the ISGF3 complex (STAT1, STAT2, IRF9), which 

mediates expression of interferon target genes. It is difficult to judge the memory status of the 

interferon receptor itself, as one of its contributing genes showed no significant memory pattern 

(Ifnar1) and its other gene (Ifnar2) was excluded from analysis as a multi-mapping probe. 

Downstream of the interferon receptor, none of Jak1, Tyk2, Stat1 or Irf9 showed significant 

memory patterns, although Tyk2 and Stat1 showed tolerance just outside the bounds of 

significance in LPS, and LPS and Poly (I:C) respectively (Figure 6.19). In contrast, Tyk2 showed 

stable expression in Poly (I:C), and Stat2 was not tolerised by re-infection with Poly (I:C), 

despite being significantly tolerised by LPS. The ligand-specific dynamics of these components 

likely contributes to differing levels of tolerance of interferon target genes upon reinfection with 

LPS and Poly (I:C).  
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Figure 6.19. mRNA expression of key proteins involved in type I interferon activation. 

Log2 expression profiles of key transcription factors and signalling adaptors that are integral to induction 

of type I interferons. Y-axis: Log2 expression. Asterisk indicates significant differential expression 

(adjusted p < 0.05). Coloured bars indicate memory patterns: green: tolerised; red: super-induced; 

magenta: super-repressed; blue: delayed-induced.  Box and whisker plots are median, minimum, and 

maximum. 
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The ISGF3 complex activates transcription of interferon target genes by binding to interferon 

stimulated response elements (ISREs) in their promoters. As genes in Tolerised Cluster 1 were 

enriched for type I interferon-related pathways and showed tolerance in both LPS and Poly (I:C), 

the memory patterns of interferon target genes in this cluster were explored. HOMER [24] 

analysis showed that 61 out of 481 genes (~13%) in this cluster possessed an ISRE in their 

promoter. These genes were tolerised most strongly by LPS, and to a lesser extent by Poly (I:C). 

Few showed significant tolerance in any other conditions, despite several of them (Socs1, Oasl1 

and Isg15) also being significantly induced by acute infection with CpG, highlighting the ligand-

specific nature of tolerance. The expression profiles of over 80% of ISRE-containing genes in 

this cluster were highly correlated (r > 0.8) with the expression profile of Ifnb1, likely 

highlighting the important role that IFNβ plays in activating their expression.  

 

 

 

 

Figure 6.20. The application of innate immune memory to interferon target genes in 

Tolerised Cluster 1. 
 

Following page: Heat map demonstrating relative expression (row z-score) of probes for type I IFN genes 

in Tolerised Cluster 1 that contain an ISRE in their promoter. Heat map is clustered by Pearson Correlation 

of z-score. Note that Ifnb1 does not possess an ISRE but is included here for comparison.  

 

 

 

 

 

 

 

 

236



                               

237



 

 

 

 

 

Figure 6.21. Cytokines exhibit variable memory patterns. 

Expression profile of exemplar tolerised (A) and super-induced (B) pro-inflammatory cytokines, anti-

inflammatory cytokines (C) and cytokines interacting with the adaptive immune system (D). Y-axis: Log2 

expression. Asterisk indicates significant differential expression (adjusted p < 0.05) was observed in that 

treatment. Coloured bars indicate memory patterns: green: tolerised; red: super-induced; magenta: super-

repressed; blue: delayed-induced.  Box and whisker plots are median, minimum, and maximum. 
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6.3.4 Cytokines and chemokines exhibit diverse patterns of innate immune 

memory 

6.3.4.1 Cytokines exhibit mixed memory patterns 

As PRR-driven pathways culminate in secretion of cytokines, and cytokine signalling pathways 

were enriched in both tolerised and super-induced gene sets (Figures 6.6 and 6.9), the application 

of innate immune memory to cytokines was examined (Figures 6.21-6.24). Several pro-

inflammatory (Figure 6.21 (A)) and anti-inflammatory cytokines (Figure 6.21 (C)) were 

tolerised. Many of these fell into Tolerised Clusters 2 and 4 (Figure 6.6), indicating tolerance 

across multiple ligands and suggesting a global suppression of pathways leading to their 

expression. Il1a, Il1b, and the IL1-receptor antagonist (Il1rn) (Figure 6.21 (B)) were exceptions 

to this. Il1a and Il1b were significantly super-induced by most ligands, and Il1rn demonstrated 

up regulation between acute and reinfection with LPS (3.4 fold; p =0.008) and Poly (I:C) (> 4 

fold; p=0.16). Of the cytokines that interact predominantly with the adaptive immune system, 

only Il15 showed a significant tolerance pattern (across all ligands), however Il2 and Il4 showed 

delayed-induction just outside the bounds of significance (p=0.06 and p=0.07 (U vs LPS.A) 

respectively) (Figure 6.21 (D)).  

 

6.3.4.2 Ligand specificity exists amongst cytokine memory patterns 

The ligand-specific nature of cytokine production and innate immune memory was highlighted 

through ligand-specific cytokine expression patterns. Some cytokines, such as Il5 (Figure 6.22), 

were only induced by one ligand. In other cases, cytokine subunits were induced by multiple 

ligands, but in a reciprocal manner, and with ligand-dependent memory patterns. This was 

evident in the IL12/ IL23 family of cytokines. Il12a, which encodes the p35 sub unit of IL12, 

was not expressed at all in response to Poly (I:C) exposure but was tolerised by LPS, and super-

induced by Poly (I:C) (p= 0.08 (U v A); 2.9-fold (A v R)) (Figure 6.22). A super-induction 

pattern was also evident in Pam3CSK4 treatment; however, significance was not calculated due 

to the p-value threshold applied to assessment of differential expression. In contrast, Il12b 

(which encodes the p40 subunit shared between IL12 and IL23) demonstrated a reciprocal 

pattern in CpG and Pam3CSK4, being tolerised in those conditions and LPS, but super-induced 

by Poly (I:C) treatment (Figure 6.22). The gene encoding the remaining sub unit of IL23 (Il23a) 

demonstrated a different pattern again, being up regulated only during acute CpG infection (3.9-

fold; p=0.12) and modestly (1.7 fold) up regulated during Pam3CSK4 infection (Figure 6.22). 

If these expression patterns translate to the protein level, this would suggest that during LPS 

infection, IL12 dominates, while Pam3CSK4 and CpG shift from IL23-dominant during acute 

infection to IL12-dominant during reinfection. Such ligand-specific application of memory to 

cytokine sub-units could be a mechanism to diversify the immune response by altering the 

balance of productive cytokines in a ligand-specific manner. 

239



 

 

Figure 6.22. Cytokines exhibit ligand-specific memory 

patterns 
Expression profile of exemplar cytokines that exhibit ligand specific 

memory profiles. Y-axis: Log2 expression. Asterisks indicates 

significant differential expression (adjusted p < 0.05) was observed 

in that treatment. Coloured bars indicate memory patterns: green: 

tolerised; red: super-induced; magenta: super-repressed; blue: 

delayed-induced. Box and whisker plots are median, minimum, and 

maximum.   

 

 

 

 

 

 

6.3.4.3 Innate immune memory of cytokines as a homeostatic mechanism 

One potential mechanism to modulate the impact of cytokine expression is through reciprocal 

application of memory to a cytokine and its cognate receptor. This was observed for the cytokine 

Il6, and its receptor, Il6ra during LPS and CpG infection. LPS reinfection saw tolerance of Il6, 

but delayed-induction of the receptor component Il6ra. Conversely CpG reinfection saw super-

induction of Il6 and delayed-induction of Il6ra. The gene encoding GP130 (Il6st, the shared 

component of many cytokine receptors including IL6) showed stable expression across all 

infections (albeit at a lower level than in untreated cells) (Figure 6.23). This reciprocal pattern 

was also observed in the genes for CSF and its receptor CSF-R (not shown). Csf1 displayed 

tolerance across most ligands, while its Csf1r demonstrated delayed-induction in LPS. Assuming 

translation to the protein level, this might alter the amount of available cytokine receptor and 

ligand to balance the strength of downstream signalling. 

 

240



Figure 6.23. Interleukin 6 and its receptor exhibit reciprocal memory patterns 
Previous page: Expression profile of Il6 and the components of its receptor (Il6ra and Il6st). X axis: 

treatment; Y-axis: Log2 expression. Asterisks indicate significant differential expression (adjusted p < 

0.05) was observed in that treatment.  Coloured bars indicate memory patterns: green: tolerised; red: 

super-induced; magenta: super-repressed; blue: delayed-induced.  Box and whisker plots are median, 

minimum, and maximum. 
  

6.3.4.4 Tolerance dominates chemokine memory but receptors are delayed-induced 

As chemokines can impact the course of infection by recruiting additional cells, the application 

of innate immune memory to chemokines was explored (Figure 6.24 (A) and (C)). Of the 18 

chemokine genes with significant memory patterns, the majority (12) displayed tolerance across 

multiple conditions. This includes all the chemokine genes in the highly inducible core gene set 

(Ccl12, Cx3cl1, Cxcl9, Cxcl10). A smaller number of chemokine genes were super-induced, 

predominantly by LPS and Poly (I:C) treatment, although donor variation in some cases made 

assessment of memory in response to CpG and Pam3CSK4 difficult. One cytokine gene, Ccl2, 

exhibited ligand-specific memory induction, being tolerised by LPS treatment and super-

induced by Poly (I:C).  Over 60% of the chemokine genes that exhibited memory patterns are 

known NFκB target genes [28]; these targets included both tolerised and super-induced 

chemokines, but not delayed-induced chemokines.  

 

Although rare amongst cytokine genes, delayed-induction was more prevalent amongst cytokine 

receptor genes. Only two cytokine genes (Ccl24, Cxcl14) bore this pattern. Three cytokine 

receptors demonstrated delayed-induction, but most other chemokine receptors clustered with 

delayed-induced probes, and only three (Ccr8, Ccr9 and Cxcr3) clustered with or exhibited a 

pattern other than delayed-induction. (Figure 6.24 (C)). As proposed for cytokines, these mixed, 

often reciprocal patterns of chemokine and receptor expression could modulate 

receptor/cytokine availability, and potentially influence downstream signalling to impact 

infection outcome. 

6.3.5 Delayed-induction targets cellular maintenance and metabolism pathways 

In stark contrast to tolerised genes, delayed-induced genes are targeted towards re-establishing 

intracellular homeostasis by promoting cellular maintenance, metabolic shifts and survival. This 

was evidenced through enrichment of growth factor and MAP kinase pathways, circadian and 

cell cycle genes, and pathways related to carbohydrate and lipid metabolism (Figure 6.7).  

Positive regulators of autophagy and autophagic senescence were also found amongst delayed-

induced genes, including genes for ULK and ATG family proteins (Figure 6.25), and anti-

apoptotic lipid processing enzymes such as Sphk2 and Cerk [41]. As genes for many positive 

regulators of apoptosis (p53, CASP8, CFLAR, TRAIL, TNF) were tolerised (Figure 6.25), this 

expression profile may promote a shift from apoptosis during acute infection to autophagy 

during reinfection. Cumulatively, these results suggest delayed-induction could be partially 

responsible for the reparative phenotype described by previous studies of macrophage tolerance. 
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Figure 6.24. Memory patterns 

amongst cytokines and 

chemokines 
Current and following page: A. 

KEGG [38] map highlighting 

components (or their contributors) 

demonstrating memory patterns 

(coloured) in at least one condition. 

B. and C. Heat maps demonstrating 

relative expression (row z-score) of 

differentially expressed probes for 

cytokine (B) and Chemokine (C) 

genes. Heat map is clustered by 

Pearson Correlation. Pattern 

clusters refer to PAM derived 

clusters shown in Figures 6.6 – 6.9. 

“TF Families” refers to 

transcription factors from each 

noted Pattern Cluster that were 

identified in the promoter of the 

indicated gene. 

A 

242



                      

 

B 

243



 

 

 

 

 

 

 

  

C 

244



 Figure 6.25. Application of innate 

immune memory to the autophagy and 

apoptotic networks. 

Current and following three pages: A and C.  

KEGG [38] pathway maps highlighting 

components (or their contributors) demonstrating 

memory patterns (coloured) in at least one 

condition. (A: Autophagy; C: apoptosis). B and 

D. Heat maps demonstrating relative expression 

(row z-score) of differentially expressed probes 

for genes in the autophagy (B) and apoptosis (D) 

pathway. Heat maps are clustered by Pearson 

Correlation. Pattern clusters refer to PAM derived 

clusters shown in Figures 6.6 – 6.9. “TF 

Families” refers to transcription factors from each 

noted Pattern Cluster that were identified in the 

promoter of the indicated gene. 
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6.4 Discussion 

Early studies of innate immune memory described tolerance and training as polar phenotypes 

instigated by different ligands acting on different pathways. More recent transcriptomic analyses 

have shown this is not the case, demonstrating that LPS- induced memory is a combination of 

tolerised and non-tolerised gene sets. The dominance of LPS as a model tolerance-inducing 

ligand means the transcriptomic memories of other TLR ligands and their similarities to LPS 

have not been described. This study builds on existing knowledge by demonstrating that TLR-

induced memory programs are comprised of four memory patterns that operate concurrently, 

rather than independently, to produce ligand-specific memory profiles. These profiles share 

some common trends, most notably, tolerance targeted towards NFκB activation, but differences 

in key molecules implicated in tolerance and innate immune responses were also observed. 

These findings support the hypothesis that macrophages respond to representative TLR ligands 

with a spectrum of responses that are tailored to each ligand during primary and reinfection.  

 

Ligation of TLR4 induced the most comprehensive memory profile of the receptors investigated 

in this study. This is unsurprising given that TLR4 engages multiple networks via MYD88 and 

TRIF, whereas TLR2 and TLR9 exclusively engage MYD88-dependent signalling, and TLR3 

exclusively engages TRIF-dependent signalling.  Despite these uniquely engaged pathways, 

groups of globally tolerised genes were evident, which infers that TLR-induced memory is not 

dictated by the signalling adaptor. Rather TLR-induced memory is activated by mechanisms 

shared by MyD88-dependent and independent pathways. In the case of tolerance, one such 

mechanism is NFκB. The NFκB-centric expression program of acute TLR-induced responses 

was largely tolerised regardless of ligand. This, and a dominance of NFκB motifs amongst the 

most broadly tolerised genes, leads us to surmise that the core tolerance program is mediated 

through, and targeted at, NFκB.  

 

The transcriptional dynamics of NFκB subunit genes observed in this study suggest the potential 

for altered subunit availability to contribute to tolerance. The NFκB-p50 subunit has established 

roles in tolerance; NFκB-p50 knockout mice fail to establish tolerance of TNF in response to 

LPS [42], and NFκB motifs have been shown to mediate recruitment of a HDAC3/NCOR/ 

NFκB-p50 repressosome specifically to tolerised, but not non-tolerised genes [43]. Up 

regulation of Nfkb1 mRNA during acute infection was evident, suggesting increased availability 

of NFκB-p50 to dimerise with either itself or RELA. However, Rela mRNA remained relatively 

stable across most infections, and mRNA for its negative regulator IKBα (Nfkbia) increased 

during acute infection. Although IKBα inhibits nuclear translocation of both NFκB-p50 and 

RELA [44], mRNA for the non-canonical IKK member BCL3 was also slightly up regulated 

during infection. BCL3 competes with IKBα to bind NFκB-p50 and promote its nuclear 

translocation [45]. It also prevents ubiquitination and degradation of DNA-bound NFκB-p50 
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homodimers, to facilitate NFκB-p50-mediated repression of gene expression [46]. Thus, if 

translated to protein level, these results could suggest an increased availability of BCL3-

mediated nuclear NFκB-p50 and potentially, reduced nuclear RELA following acute infection. 

This could contribute to repression of NFκB target genes when the cells are subsequently re-

infected. 

 

The results herein also suggest the non-canonical NFκB pathway may be activated during LPS 

and Poly (I:C) infection. Unlike the canonical NFκB pathway, the non-canonical pathway relies 

upon de novo protein synthesis [39, 40], and results in formation of NFκB-p52/RELB 

heterodimers. NFκB-p100, the protein product of Nfkb2, is processed into its active form (NFκB-

p52) when NIK (Map3k14) is released from a continuous degradation cycle maintained by 

TRAF2, TRAF3, CIAP1 and CIAP2 [47-51]. While Map3k14 typically exhibited delayed-

induction, up regulation of Nfkb2 and Relb was observed in all acute infections. This up 

regulation was sustained by LPS and Poly (I:C) reinfection. The purpose of such up regulation 

could be two-fold. Firstly, it could regulate Ifnb1 expression, a possibility that will be discussed 

below. Alternatively, non-canonical NFκB could contribute to sustained expression of those 

NFκB target genes that were not tolerised. This could occur through NIK-mediated liberation of 

RELA from cytoplasmic NFκB-p100 complexes [52], or via NFκB-p52 in concert with RELB 

or BCL3 [53]. For example, in RSV infection, expression of NFκB target genes Cxcl1 and Nfkb2 

is dependent on p52 and NIK [54]. Despite the extensive suppression of NFκB target genes and 

putative reduction in RELA during reinfection, both these genes remained up regulated during 

reinfection with LPS and Poly (I:C), suggesting a mechanism other than canonical NFκB 

contributes to their expression. The transcriptomic nature of this study, together with 

overlapping binding motifs of NFκB dimers [55, 56] and a lack of comprehensive profiling of 

non-canonical NFκB targets in the literature means the NFκB-p52/RELB-mediated maintenance 

of target gene expression cannot be assessed from this experiment, however this possibility poses 

an interesting hypothesis for future experiments.  

 

Outside the core NFκB-targeted tolerance program a peripheral tolerance program engaged 

predominantly during LPS and Poly (I:C) reinfection was evident. This program was rich in 

interferon target genes, reflecting the activation of TRIF-dependent signalling by these ligands. 

The mechanisms of tolerance targeting TRIF-dependent signalling have not been 

comprehensively addressed in the literature, surprisingly, since over 74% of the LPS-induced 

transcriptome is derived from TRIF-dependent signalling [12]. As TLR activation by Poly (I:C) 

uniquely activates TRIF-dependent signalling, this study provides a baseline measure of the 

memory state that TRIF-mediated signalling enables. The genes tolerised by LPS and Poly (I:C) 

were enriched for IRF, STAT, and NFκB motifs, however their tolerance seems unlikely to be 

mediated by transcriptional repression of the network’s ‘master regulators’ IRF3 and IRF7. Irf3 
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was constitutively expressed across all infections, and Irf7 mRNA was super-induced by all 

ligands, suggesting these transcription factors may be available to positively influence 

transcription upon reinfection. While their post-transcriptional repression cannot be ruled out, 

several other factors may contribute to tolerance amongst interferon target genes.  For example, 

downstream of the type I interferon receptor, Stat2 and Stat3 were tolerised, and Tyk2, which is 

essential to endotoxin tolerance [57], showed a tolerance pattern in LPS, but not Poly (I:C). 

Suppression of Ptpn22 (positive regulator [58]), and up regulation of Socs1 (negative regulator) 

was also evident during acute infection; this might invoke an environment non-conducive to 

interferon expression upon reinfection. However, the enrichment of NFκB motifs amongst LPS 

and Poly (I:C) tolerant genes prompts the need to investigate the influence of NFκB upon this 

network. 

 

Of the LPS and Poly (I:C) tolerant genes with NFκB motifs in their promoter, the most 

conspicuous candidate with potential to exert a network wide influence is Ifnb1. IFNβ is critical 

to transcription of type I interferon target genes both in LPS and Poly (I:C) infections [59], and 

extensive cross talk exists between NFκB and IFNβ. Canonical NFκB is required to establish 

full induction of Ifnb1 expression [60], and a basal level of Ifnb1 expression is maintained by 

RELA, independently of IRF3 and IRF7 [61]. In contrast, non-canonical NFκB dimers 

negatively regulate Ifnb1 expression in some contexts. During LPS and Poly (I:C) infection, 

NFκB-p52 represses Ifnb1 by interfering with RELA recruitment to its promoter [62]. As 

previously discussed, up regulation of Nfkb2 and Relb mRNA was evident during acute 

infection, consistent with their being NFκB target genes.  However, the concurrent down 

regulation of Map3k14 during acute infection could suggest NIK-mediated processing of any 

translated precursor protein to active NFκB-p52 might be inhibited during acute infection. 

Indeed, Map3k14 knockout facilitates rapid induction of type I interferons [62], and most type I 

interferons, including Ifnb1, were highly induced by acute infection with LPS and Poly (I:C) in 

this data, suggesting non-canonical NFκB likely exerts minimal inhibition on this pathway 

during acute infection. This is expected given the reliance of non-canonical NFκB on de novo 

synthesis, compared with the comparably instant availability of RELA. 

 

In contrast, the possibility of non-canonical NFKB contributions to Ifnb1 expression cannot be 

ruled out during LPS and Poly (I:C) reinfection. In reinfection, up regulation of Map3k14, Nfkb2 

and Relb expression could translate to increased availability of non-canonical dimers to compete 

with potentially decreased amounts of RELA (discussed above) for binding at the Ifnb1 

promoter. Together, the combined activities of non-canonical NFκB and the tolerance of 

interferon pathway components (Tyk2 and Stat2) could explain the robust degree of tolerance 

applied to Ifnb1 and its target genes during LPS reinfection. Conversely, the modest increase in 

Ifnb1 expression, and the lower extent of target gene tolerance during Poly (I:C) reinfection 
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could represent the balance between negative regulation provided by non-canonical NFκB, and 

the lesser amount of tolerance applied to genes like Tyk2 and Stat2 by Poly (I:C) compared with 

LPS. The nature of this study and under-exploration of non-canonical NFκB signalling in the 

literature means these hypotheses cannot be confirmed, however the prospect of non-canonical 

NFκB-mediated tolerance of Ifnb1 is intriguing, particularly given the integral role that IFNβ 

plays in infection and its known roles in endotoxin tolerance [57]. 

 

While tolerance serves to resolve inflammation, delayed-induction and super-induction were 

targeted towards cellular survival, growth, and immune surveillance. The prominence of 

delayed-induction in this dataset (comprising over 51% of the LPS-induced memory profile) is 

in contrast to Mages and colleagues [63] who noted that only small groups of genes behaved 

discordantly to the majority of the tolerised genome, however different experimental parameters 

underlie these observations. The involvement of delayed-induced genes in metabolic and 

autophagic processes supports the notion of resetting the cellular population to a growth, 

reparation and survival phenotype, as does enrichment of ETS family transcription factors and 

SP1 amongst Delayed-Induced genes. ETS factors are known for their role in macrophage 

differentiation and growth factor signalling, such as Csf1r induction by several ETS members in 

collaboration with PU.1 [64, 65]. Restoration and up regulation of surveillance and defence 

genes through delayed-induction and super-induction is akin to findings by Foster and 

colleagues [3], who reported that reinfection with LPS primes genes involved in anti-microbial 

defence. Collectively, these findings support the idea that reinfection establishes a new level of 

homeostasis focused on resolution of inflammation through tolerance, and establishment of 

protective and growth/ reparation capabilities via delayed- and super-induction of gene 

expression. 

 

The investigation herein highlights the need to study innate immune memory patterns 

holistically rather than in isolation. To date, the literature has discussed and investigated 

tolerance and training as opposing phenotypes, leading Netea [11] to pose the question of 

whether these are unique states, or composite elements of a general memory mechanism. This 

Chapter suggests that tolerance, super-induction, delayed-induction and super-repression are 

facets of a memory continuum rather than isolated phenotypes. Anecdotally, these patterns, 

particularly tolerance and delayed-induction, often occurred reciprocally between receptors and 

their ligands, and between members of signalling and cytokine complexes, suggesting innate 

immune memory could be a mechanism to fine tune pathway outputs, and consequently, 

homeostasis. This, together with the findings that hallmark genes such as Il6 exhibit ligand-

specific memory, cautions against the assumption that model genes represent an entire 

phenotype, or that they react in the same way to all ligands. 

 

252



This study is not without limitations and caveats. The conclusions and hypotheses raised herein 

are based on the assumptions that the selected time points are appropriate to the infection kinetics 

of all four ligands, and that mRNA availability represents protein availability. Furthermore, the 

nature of microarrays means a single probe may represent multiple mRNA isoforms that 

translate to functionally distinct proteins.  These caveats are important to address in future 

studies. Time course studies of innate immune memory will be important in addressing the 

contribution of different NFκB dimers to tolerance; flux in the balance and transcriptional 

efficiency of NFκB dimer combinations is known [66], and variability in engagement dynamics 

between ligands adds a further layer of complexity to be explored. Multi-omic studies that 

address transcriptome, proteome, epigenome and transcription factor binding concurrently will 

also be beneficial, as will single cell analysis to address the level of heterogeneity within 

populations. Through generation of large amounts of concurrently obtained data, such studies 

could provide the capacity to explore ligand-specific memory signatures and the mechanisms 

upon which they rely. This would provide a greater understanding of the dynamics of innate 

immune responses during repeated infections. Perhaps most importantly however is to assess 

the accuracy with which the immune memory inflicted by a PAMP represents that of a pathogen, 

and the extent to which assumptions drawn from a cell population represent an organism- and 

species-wide response.  For example, TLR3-signalling is known to differ between human cell 

types, and between mice and humans [67]. Design and execution of studies that address these 

issues would not be without challenges but doing so will improve the relevance of innate 

immune memory studies to the clinic, and eventually, may improve patient outcomes. 
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Chapter Seven: Discussion 

 

This thesis offers the first in depth characterisation of infection-driven transcriptomic diversity 

along the monocyte-macrophage continuum. Alternate sites of transcription initiation contribute 

to the repertoire and amplitude of genes expressed in acute monocyte infection (Chapters Three 

and Four), and further waves of alternate transcription accompany phenotypic changes in 

activated macrophages (Chapter Five). Tolerance studies in reinfected macrophages further 

demonstrate the range of alternate transcriptional phenotypes that are the hallmarks of innate 

memory (Chapter Six). This thesis therefore provides a new opportunity to model the continuum 

of monocyte-macrophage phenotypes in response to infectious challenge.  

 

The continuous nature of monocyte-macrophage biology should no longer be modelled as a series 

of static states, but rather, as a continually evolving continuum. To model an evolving continuum, 

we need updated models of cellular signalling. Current models of signalling across all biological 

fields describe static states that end in strongly delineated signalling outcomes. Such models 

remain valid and relevant, but they have not caught up to the -omics era. They ignore regulatory 

features such as chromatin modifications, enhancers, non-coding RNAs and transcript isoforms. 

They do not reflect or encompass the dynamic spectrum of responses observed by this, or other 

studies, and highly detailed, situation-specific information is summarised or missed in the 

generalisation of signalling pathways.  

 

The emergence of systems-scale transcriptomics data has presented new challenges for models of 

macrophage biology. Current models of myeloid cell signalling are simplistic and summary in 

nature because they reflect the information available at the time they were devised. Science has 

never in its history had access to the wealth of data provided by -omics technologies; so now, this 

data deluge must drive the maturation of our foundation models into multi-layer, systems-scale 

models that are relevant to clinical needs while remaining user friendly to the average biologist. 

This evolution is critical given the looming era of personalised medicine, even more so in an 

immune context, since it is now evident that almost everything (age [1], sex [2], ethnicity [3], 

previous drug [4]/ pathogen  exposures) leaves indelible footprints on a person’s immune ground 

state [5] which impact their response to disease and infection. The breadth of impact of these 

factors is still under exploration, and it may not be necessary to model all these variables. 
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However, it is not inconceivable that the personalised medicine era will be accompanied by a 

need for models of an individual’s transcriptomic network that can be artificially ‘poked’ with a 

stimulus or drug to predict the impact on the patient’s system. Thus, our models need to shift from 

simply describing what we know in a static state, to being predictive and interactive in a highly 

accurate manner. 

 

In the context of our current knowledge levels, construction of such complex models may seem 

idealistic or a pipe dream. But if we consider with foresight the level of data that will be rapidly 

gained via high throughput technologies such as single cell technologies, it is clear such models 

should be considered a long-term goal in the field’s 10 to 20-year plan. The overarching process 

of building such models can be summarised as three steps: gather data to construct layers of 

information, combine layers, and validate functional outcomes. Each of these steps are complex 

and should not be conducted in isolation but as an iterative process involving continual 

refinement. Some will be rate limiting, such as developing the computational facilities and 

statistical theorem to overcome the challenges of combining multi-layer, multi-platform data, 

particularly for new technologies like single cell analysis. Likewise, the predictive power of 

models is limited if the molecular function of the molecules involved is unknown. As such, there 

is a need for ongoing functional characterisation studies that conclusively demonstrate the role of 

isoforms, non-coding RNAs and other components of each regulatory layer. Thus, moving 

forward, a combination of system wide and reductionist approaches is necessary. Nonetheless, 

we must begin somewhere.   

 

This thesis provides a beginning, namely the foundations for an isoform-specific information 

layer surrounding transcriptional complexity during early myeloid responses. An outstanding 

question is whether the TSS-driven diversity observed in this thesis is uniform within cell 

populations, or whether it is a consequence of intentional or stochastic cellular heterogeneity. 

Single cell studies suggest isoform heterogeneity may vary by both cell type and the mechanism 

of isoform generation employed. Splice variants in individual LPS-infected BMDCs are often 

present as a single splice variant per cell [6], and in pluripotent stem cells, approximately 20% of 

alternatively spliced exons exhibit bimodality, being expressed in some cells but not others [7]. 

In contrast, simultaneous expression of multiple promoter-driven isoforms is common within 

mouse Th2 cells [8] and mouse brain cells, although in the latter, major and minor isoforms are 

simultaneously present [9]. This may vary by cell type however, as Vu and colleagues [10] found 
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isoforms are more commonly transcribed from the same TSS in multiple individual cells of breast 

and colon cancer cell lines, myoblasts and brain cells [10].  

 

A major limitation of the single cell isoform studies conducted thus far is their reliance on short 

read sequencing. Short read sequencing fails to capture entire transcripts, deals poorly with 

repetitive regions and is inaccurate for identification of transcript isoforms due to its reliance on 

reconstruction from contiguous sequence fragments. As such, interpretation of any short-read 

sequencing results, for either single cell- or population-based studies, must occur with caution 

and with the limitations of the technology in mind. For example, approximately 25% of CAGE 

tags map to spliced exons [11], possibly reflecting re-capping of previously de-capped and stored 

RNAs which can re-enter the translation process [12, 13]. To minimise the likelihood of 

misattributing isoform induced diversity to re-capped or nonsense mediated decay products, this 

thesis restricted analysis to known protein coding transcripts. This does not preclude the 

importance of recapped RNA, nonsense mediated decay, or other short RNA species measured 

by CAGE (tiny RNAs, miRNAs, TASRs, PASRs, tRNAs, snRNA, snoRNA-derived short RNAs 

[14]), however, their exploration is beyond the scope of this thesis. Nonetheless, their very 

presence highlights the need to follow up short read sequencing studies with long read sequencing 

validation, particularly when considering isoform induced diversity. 

 

Long read sequencing provides a higher level of confidence, inherent to its ability to read most 

full-length mRNAs. However, at present, long read sequencing cannot efficiently handle the large 

numbers of single cells required to attain statistical significance, neither is it affordable enough 

to be utilised as a laboratory staple. While full length cDNAs have been explored in population-

based studies [15, 16], including in an immune context [17], only a small number of studies have 

captured full length isoform information in single mammalian cells, with varying results. Karlsson 

and colleagues [18] found expression of multiple isoforms within individual oligodendrocytes (n 

= 7) is common and is predominantly (> 70%) generated through alternative TSS and termination 

sites. Increased gene expression is accompanied by an increased number of unique isoforms, 

many of which are protein coding; most cells express three to five protein isoforms, though some 

express over 20 coding isoforms of some genes [18]. Likewise, Byrne and colleagues showed 

expression of multiple isoforms in individual B-cells (n = 7), as well as differential expression of 

some isoforms between cells [19]. However, with only 14 cells sequenced between these two 

studies, and neither in an acute infection context, it is difficult to draw any conclusions thus far. 

While this thesis is not equipped to offer additional clarity with respect to intercellular/ intra-
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population isoform heterogeneity, it does provide a foundation level of population level data on 

which to compare future studies of TSS driven isoforms during acute infection.  

 

The second major outcome of TSS engagement in this study was responsiveness via regulation 

of amplitude in small subsets of functionally focused genes. Amplitude is often dismissed as a 

by-product rather than a fundamental driver of cell signalling, however, more attention needs to 

be given to establishing its role in fine-tuning expression programs. Single cell studies are critical 

in this regard. Whereas population-based studies assume a gene’s expression level reflects 

consistent expression across the population, single cells studies demonstrate that low expression 

may actually reflect high expression but from only a small percentage of the cell population [20]. 

The amplitude of gene expression can vary as much as 1000-fold between individual LPS infected 

BMDCs [20], and this holds at the protein level, where levels of TNF secretion vary between cells 

[21]. Housekeeping genes exhibit the smallest cell to cell variability in RNA expression levels 

[20], perhaps consistent with their being routinely expressed from a single TSS within our data. 

However, while some immune genes show consistently high expression, other genes are bimodal, 

being highly expressed in some cells but low or undetectable in others [20]. The consequence of 

this bimodal expression is a small sub population of ‘leader cells’ (less than 1% of the cell 

population) that express high levels of IFNB1 and anti-viral genes, and subsequently influence 

expression in other cells [20]. Such variation in the critical drivers of innate immune responses 

has consequences for infection outcome.  Individual responding cells modulate their responses 

according to the level of TNF they are exposed to [22]. The resultant fold change in nuclear 

translocation of RELA influences expression of target genes including IL8, TNFAIP3 and 

NFKBIA [23], and low doses of TNF fail to activate the same percentage of cells as higher doses 

in addition to altering the kinetics of target gene activation [24]. 

 

Clearly, amplitude of key biological drivers such as cytokines is a critical, but underexplored 

determinant in directing immune responses. This thesis offers previously unreported insight into 

the regulatory mechanisms underlying cytokine expression; many cytokines and components of 

cytokine signalling apparatuses were single pattern genes and were subject to the tightest 

regulation of amplitude in our datasets. Chapter Five proposed single pattern genes were regulated 

by a Common Regulator Runway Model of transcription, which offers the cell redundancy and 

the capacity to rapidly direct amplitude by altering transcription factor binding within putative 

homotypic clusters. At present, this model requires validation, and our data cannot describe 

whether these TSSs are unanimously or heterogeneously activated across individual cells within 

261



the population. A recent study of TSS engagement in single cells from mouse brain cell 

populations noted correlated TSS behaviour between cells, finding an association between high 

gene expression and close spacing of TSSs, whereas distant TSSs and lower expression levels 

were associated with lower correlation of TSS behaviour between individual cells [9]. Although 

the design of this and Karlsson’s studies were different; combined, these studies raise the 

hypothesis that highly critical responsive genes may exhibit correlated behaviour within a cell 

population. In an immune context, this makes sense; the single pattern genes identified in this 

thesis drive major biological shifts required by the population as a whole (that is, the metabolic 

shift in macrophages and inflammation in monocytes and macrophages). It could be that such 

genes exhibit highly correlated behaviour between cells to drive the overall population phenotype, 

whereas underlying context-specific diversity may be the by-product of alternative or bimodally 

expressed TSS-driven isoforms in individual cells.  

 

The balance between overall phenotype and underlying transcriptomic diversity must become a 

focus for future studies. Time will tell whether it is enough to focus on the overarching phenotype, 

or whether information of a higher resolution is required to build clinically useful models. The 

variable nature of the immune ground states argues on the side of higher resolution, particularly 

given the looming personalised medicine era. Genetic variants influence gene expression in 

immune responses, even at the isoform level [25], and, relevant to this thesis, a recent study of 

genetic variants in macrophages showed promoter usage QTLs were more likely to be specific to 

different infection contexts than QTLs regulating splicing and 3’ end characteristics [26]. Though 

this thesis did not have the donor replication necessary to identify donor-level variability, there 

were hints of donor influence in the PCAs of multi-pattern genes. As such, donor variability in 

TSS engagement within and between cells should be considered in future studies of pathogen-

induced diversity in myeloid responses. 

 

Isoform level diversity is influenced by many factors, and future studies must capture and 

decipher these influences to mature the TSS-driven diversity described in this thesis into a 

clinically useful model. Understanding the dynamics of isoform heterogeneity and how cells 

interact via amplitude and isoforms to drive immune responses is essential. This must be 

accompanied by functional validation of transcript isoforms and exploration of the mechanisms 

of TSS engagement, such as the runway/ common regulator hypotheses proposed herein. 

Understanding these aspects will increase the predictive power of future models, as once we 

understand how a system and its components function, it is easier to predict how it will react in 
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the face of perturbation. This is, of course, a prerequisite to building clinically relevant models 

that are useful to patients, and accurately encapsulate the continuum that infection biology truly 

is. 
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