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Abstract 

Bovine tuberculosis (bTB), caused by infection with Mycobacterium bovis, is a 

major endemic disease affecting global cattle production and costs an estimated €3 billion 

to global agriculture annually. Each year, Ireland spends approximately €63 million on 

bTB control and eradication programmes. Its human counterpart, human tuberculosis 

(hTB) caused by Mycobacterium tuberculosis, which shares 99.5% genome sequence 

identity with M. bovis, is the leading cause of death due to a single infectious agent 

worldwide, killing on average one person every 20 seconds. 

The key innate immune cell that first encounters these pathogens in both 

mammalian species is the alveolar macrophage, which has been shown to be substantially 

reprogrammed in response to mycobacterial infection. It has been well established in 

recent years that phenotypic variation in susceptibility to infection and resilience to 

mycobacterial caused disease has a measurable genetic component, such as variants found 

in multiple major histocompatibility complex (MHC) HLA genes (HLA-A, HLA-DQB, 

and HLA-DRB1). However, the full panel and extent of which genetic variants influence 

the initial host pathogen interactions during infection and the subsequent successful 

clearance of the infection is not fully catalogued or understood. In addition, the 

interspecific, and intraspecific responses that drive the host tropism of M. bovis and M. 

tuberculosis have yet to be fully scientifically evaluated and understood. In this thesis, I 

investigate the cross-species host-pathogen interaction during mycobacterial infection 

using an array of integrative genomics computational workflows, as well as developing 

software to integrate the results with genome-wide association study (GWAS) data sets.  

In Chapter 2, I analysed chromatin immunoprecipitation sequencing (ChIP-seq), 

RNA-seq and miRNA-seq data to jointly examine the effect of M. bovis infection on the 

bovine alveolar macrophage (bAM) epigenome and transcriptome. I showed that 

H3K4me3 is more prevalent, at a genome-wide level, in chromatin from M. bovis -

infected bovine alveolar macrophages (bAM) compared to control non-infected bAM; 

this was particularly evident at the transcriptional start sites (TSSs) of genes that 

determine programmed macrophage responses to mycobacterial infection (e.g. M1/M2 

macrophage polarisation). This pattern was also supported by the distribution of RNA 

polymerase II (Pol II) ChIP-seq results, which highlighted significantly increased 

transcriptional activity at genes demarcated by permissive chromatin. Identification of 

these genes facilitated integration of high-density GWAS data, which revealed genomic 



xxi 

regions associated with resistance to M. bovis infection M. bovis in cattle. In addition, 

through integration of these data, I showed that bAM transcriptional reprogramming 

occurs through differential distribution of H3K4me3 and Pol II at key immune genes. 

In Chapter 3, I used differential expression, and correlation- and interaction-based 

network approaches to analyse the host response to infection with M. bovis at the 

transcriptome level to identify core infection response pathways and gene modules. These 

outputs were then integrated with GWAS data sets to enhance detection of genomic 

variants for resistance to M. bovis infection. The host gene expression data consisted of 

bovine RNA-seq data from bAM infected with M. bovis at 24- and 48-hours post-

infection. These RNA-seq data were analysed using three distinct analysis pipelines and 

novel response pathways and modules were further refined using cross-comparison and 

data integration. First, a differential expression analysis was carried out to determine the 

most significant differentially expressed (DE) genes between conditions at each time 

point. Second, two networks were constructed at each time point using gene correlation 

patterns to determine changes in expression across conditions. Functional subnetworks 

(modules) within each correlation network were selected using statistical criteria for 

modularity.  Third, a base gene interaction network (GIN) of the mammalian host 

response to mycobacterial infection was generated using the GeneCards database 

(www.genecards.com) and InnateDB (www.innatedb.com). Differential gene expression 

data were superimposed on this base network to extract functional modules of 

interconnected DE genes. Bovine GWAS data was obtained from a published bTB study 

with a phenotype based on estimated breeding values (EBVs) for M. bovis infection 

resistance. The results from the three parallel analyses were integrated with this data to 

determine which of the three approaches identified genes significantly enriched for SNPs 

associated with resistance to M. bovis infection. Results from this work indicated distinct 

and significant overlap in SNP discovery, demonstrating that network-based integration 

of biologically relevant transcriptomics data can leverage substantial additional 

information from GWAS data sets. 

Finally, in Chapter 4, I compared the host transcriptional responses to both 

mycobacterial pathogens by analysing existing RNA-seq data extracted from four 

infected cell groups: 1) bAM infected with M. bovis (bAM-MB), 2) bAM infected with 

M. tuberculosis (bAM-MT), 3) human alveolar macrophages (hAM) infected with M. 

tuberculosis (hAM-MT), and 4) human monocyte-derived macrophages (hMDM) 

infected with M. tuberculosis (MDM-MT). These RNA-seq data were re-analysed using 

http://www.genecards.com/
http://www.innatedb.com/
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four different computational genomics analysis pipelines: 1) standard differential 

expression of genes (DEG), 2) differential expression interaction networks (DEN), 3) 

combined pathway analysis (CPA), and 4) Ingenuity Pathway Analysis (IPA). To identify 

common and distinct genomic variants in the bovine and human genome significantly 

associated with bTB disease resistance and human hTB disease resilience, the results of 

the four different analytical pipelines were integrated with two published GWAS data 

sets: 1) a bTB resistance GWAS study consisting of high-density genotypes for 7,346 

bulls and epidemiological data from 781,270 cattle, and 2) a hTB case-control GWAS 

study consisting of 2,219 infected individuals and 450,045 non-infected controls. Using 

a combination of multi-omics analyses, integration of GWAS data and cross-species 

comparison, I prioritised a panel of 12 cattle genes containing, or in proximity to 224 

intronic and exonic SNPs significantly associated with bTB disease resistance. In parallel 

to this, I also identified 20 human genes containing, or in proximity to 106 SNPs 

significantly associated with hTB disease resilience. Analysis of these 32 human and 

bovine gene loci revealed that for both species, genomic variants with disease 

resistance/resilience are located within genes that are core to granuloma formation, the 

NF-κB signalling pathway and cytokine receptor interactions. Overall, these findings 

highlight the marked commonality of the bovine and human host responses to 

tuberculosis disease and emphasise the importance of the bovine model for understanding 

human tuberculosis. 
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1.1 Evolution of the Mycobacterium tuberculosis 
complex (MTBC) 

Among the 18 major lineages currently recognized within the domain Bacteria, the 

Actinobacteria represents a taxonomic group exhibiting substantial evolutionary 

diversity and species richness and includes five subclasses and 14 suborders (Ventura et 

al. 2007). It comprises of Gram-positive bacteria with a high G+C content in their DNA, 

ranging from 51% in some Corynebacterium to greater than 70% 

in Streptomyces and Frankia (Ventura et al. 2007). Members of the Actinobacteria 

phylum range from non-pathogenic, to highly pathogenic. The Mycobacterium 

tuberculosis complex (MTBC) comprises pathogenic mycobacterial species, 

characterised by 99.95% similarity at the nucleotide level (Figure 1.1). The complex is 

divided into human- and animal-adapted subclasses, where the seven human-adapted 

lineages are primarily linked with causing disease in humans and less associated with 

disease in animals (Brites et al. 2018; Duffy et al. 2020; Ngabonziza et al. 2020). Many 

of these closely related MTBC strains have posed a severe challenge to agricultural 

societies for thousands of years, causing tuberculosis (TB) disease in both humans and 

important livestock such as domestic taurine and zebu cattle (Bos taurus and Bos indicus) 

(Barbier & Wirth 2016; World Health Organization 2019). As the economy of these 

agricultural/agrarian societies is wholly dependent on the production and maintenance of 

farmland and livestock, both human and bovine TB has and shall continue to have 

devasting effects on these communities.  

Even though the members of the MTBC exhibit a relatively low level of genetic 

diversity, even between the human- and animal-adapted strains, they display distinct host 

preference and can infect a wide range of mammalian species (Brosch et al. 2002; Smith 

et al. 2009; Chiner-Oms et al. 2019). These include M. tuberculosis and M. canetti—both 

of which display a predominantly human host range, and M. microtti, which can cause 

TB in rodents (Brosch et al. 2002). M. caprae can cause TB in humans, taurine and zebu 

cattle, sheep (Ovis aries), goats (Capra hircus), deer (Cervidae), wild boar (Sus scrofa) 

and pigs (Sus scrofa domesticus) (Amato et al. 2017). M. bovis, on the other hand, has 

one of the widest host spectrums and can infect a broad range of mammals including both 

types of cattle, domestic yaks (Bos grunniens), humans, deer, African buffalo (Syncerus 

caffer), various species of antelope, elephants (Elephantidae), sheep, goats, pigs and wild 

boar, domestic cats (Felis silvestris catus) and dogs (Canis lupus familiaris), African lions 
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(Panthera leo), European badgers (Meles meles), camelids such as llamas (Lama glama), 

alpacas (Vicugna pacos) and dromedaries (Camelus dromedaries), and marsupial 

brushtail possums (Trichosurus vulpecula) (Palmer et al. 2012; Pesciaroli et al. 2014). 

Notwithstanding the diversity of host species, and the varying transmission routes 

in the niche of each host species, the progression from latent infection to active disease 

also differs among the various MTBC members (de Jong et al. 2008). In vitro and in vivo 

studies have also shown that transcription, growth rate, immune response and evasion and 

pathology in infection models can differ substantially among strains of the MTBC 

(Homolka et al. 2010; Gonzalo-Asensio et al. 2014; Malone et al. 2018). 

Figure 1.1: Phylogenetic schematic of the MTBC depicting the evolutionary relationship between 

each of the human and animal adapted mycobacterial species. Human‐adapted and animal‐

adapted members of the MTBC can be classified according to the absence or presence of 

deletions known as regions of difference (grey boxes containing RD). These RD boxes indicate 

specific deletion events that have occurred on the branches leading to a particular lineage. 

MTBC strains that are human adapted are classified into seven lineages and are associated with 

specific geographic regions. Modern and ancient human-adapted TB strains are distinguished by 

the presence of absence of TbD1 regions (highlighted in the pink box). Animal‐adapted members 

of the MTBC, together with the host that is infected by that strain, are indicated (reproduced 

from Tientcheu et al. 2017). 
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Although each species within the MTBC has a distinctive host spectrum, they 

display 99.9% DNA sequence identity at the genomic level (Brosch et al. 2002; Smith et 

al. 2009). In spite of the close sequence similarity between members of the MTBC, it is 

relatively straightforward to distinguish the various strains using fixed molecular 

differences, such as deletions or single nucleotide polymorphisms (SNPs), and the 

distribution of these mutations has been the basis for understanding the evolution and 

population genomics of the MTBC complex (Brites & Gagneux 2017; Malone & Gordon 

2017; Gagneux 2018; Chiner-Oms & Comas 2019). Detection and characterisation of 

these mutations has been performed using a wide range of techniques for detecting DNA 

sequence variations, including spoligotyping, restriction fragment length polymorphism, 

and variable number tandem repeats, each with particular advantages and disadvantages 

(Tientcheu et al. 2017); however, with the advent of rapid and extremely cost-effective 

high-throughput sequencing (HTS) (Mardis 2017; Shendure et al. 2017), the gold 

standard technology for mycobacterial strain typing and phylogenomics is now whole-

genome sequence (WGS) analysis (García De Viedma & Pérez-Lago 2018; Ngabonziza 

et al. 2020). 

Advances in HTS methods have led to more accurate classification of strain 

diversity within the MTBC and identification of genomic and epigenomic features that 

characterise the expressed transcriptomes of disease-causing MTBC strains. A recent 

study compiled 12,886 publicly available MTBC genomes and 17 newly sequenced 

animal-adapted MTBC strains (Brites et al. 2018). This group analysed a total of 529 

genomes of animal-adapted MTBC strains and demonstrated that the animal-adapted 

MTBC members are paraphyletic, with some genomes more closely related to M. 

africanum (lineage 6) than to other animal-adapted strains, such as M. bovis. In addition, 

they proposed that the four main animal-adapted MTBC clades might correspond to four 

main host shifts; with clade A4 and clade A3 reflective of the two major cattle 

domestication events that likely occurred in the early Southwest Asian Neolithic cultures 

of the Fertile Crescent and the Indus Valley approximately 10 thousand years ago (kya) 

(MacHugh et al. 2017; McHugo et al. 2019). Another study concluded that most genes 

differentially expressed among the clades of the MTBC encode proteins involved in host-

pathogen interaction, immune evasion and metabolic functions (Chiner-Oms et al. 2019). 

This group also posited that positive selection of single mutations that generate or disrupt 

transcriptional start sites (TSSs) can explain a significant fraction of gene expression 
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changes among clades. They also demonstrated that clinical MTBC strains exhibited 

different inactivated methyltransferases and therefore different DNA methylation 

patterns. Though the role of the methylome in both the MTBC and the host response 

seems relatively unimportant (Chiner-Oms et al. 2019; O'Doherty et al. 2019), they 

concluded that the disruption of a the MamA/MamB methyltransferase induced important 

expression differences in one clinical strain, demonstrating an indirect effect on the 

regulation  of expression. This work clearly demonstrates that further study of the role of 

methyltransferases in pathogenic strains of the MTBC is needed, as well as investigation 

into specific host epigenetic processes that may also influence host-pathogen interaction. 

However, even with these genomic, transcriptomic and epigenomic differences, 

given the high level of nucleotide similarity, coupled with host specificity, the MTBC can 

be described as host-attenuated ecotypes, adapting to the host population in a given niche 

(Smith et al. 2009). For clarity and expedience, the abbreviation hTB will be used when 

discussing human tuberculosis, bTB for bovine tuberculosis, and tuberculosis/TB when 

referring to the disease in general, rather than in a species-specific context. 
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1.2 Mycobacterium tuberculosis and human 
tuberculosis 

Human tuberculosis (hTB) is a contagious infectious disease, normally caused 

by M. tuberculosis, which can persist throughout the lifetime of an infected person and 

can result in the formation of tubercles in different parts of the body, especially the lungs 

(Mathema et al. 2017). These tubercles, or granulomas as they are also called, are small 

areas of inflammation that are caused by the accumulation of immune cells at the site of 

mycobacterial infection. M. tuberculosis induced granulomas often become necrotic, 

which can cause the tissue of the infected lung to decay, which untreated can be lethal 

(Pagan & Ramakrishnan 2018). It is an obligate pathogenic bacterial species that was first 

classified by Robert Koch in 1882 (Daniel 2006; Cambau & Drancourt 2014). M. 

tuberculosis has a waxy coating due to the production of mycolic acid and as a result can 

appear either Gram-negative or Gram-positive due to the disruption in staining caused by 

this substance (Fu & Fu-Liu 2002).  It has a highly aerobic physiology with a doubling 

time of 15–20 hours, which in comparison to other bacterial species with rapid division 

rates, is extremely slow. Salmonella typhimurium, for example, can double in 20 minutes 

in the absence of macrophages (Lowrie et al. 1979). M. tuberculosis bacilli are small (2–

4 μm in length and 0.2–0.5 μ in width), resistant to disinfectant and can survive in a dry 

state for days, even weeks; the unusual cell wall of mycobacteria is rich in lipids that can 

act as key virulence factors (Pai et al. 2016; Bloom et al. 2017). Although the BCG 

vaccine was developed by French bacteriologists Albert Calmette and Camille Guérin in 

1921, and an originally effective treatment developed by Selman Waksman in 1944 

(streptomycin), hTB remains one of the greatest killers in the modern era (World Health 

Organization 2019). 

1.2.1  History of tuberculosis 

Tuberculosis is an ancient disease. It has surged in great epidemics throughout 

history, eventually receding, in turn behaving like other infectious diseases, but with a 

time scale that challenges accepted explanations for epidemic cycles (Daniel 2006). All 

modern members of the MTBC, including the exclusively African variants M. africanum 

and M. canettii, as well as M. bovis  and M. tuberculosis, have a common African 

ancestor, although there is currently a lack of consensus on the timing of the emergence 

of this organism and its transition to pathogenic tuberculosis-causing strains (Gagneux 

2018). Some studies support an origin within the Neolithic, with the most recent common 
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ancestor (MRCA) dated to approximately 6,000 years ago (Bos et al. 2014; Kay et al. 

2015; Sabin et al. 2020); however, other studies extend the MRCA to 11,000 (Baker et 

al. 2015),  17,000 (Lee et al. 2012) or even 70,000 years ago (Comas et al. 2013) In this 

regard, analyses of more ancient MTBC genomes will be necessary to fully establish an 

accurate time frame for the MRCA of the MTBC complex (Gagneux 2018). 

Many written records and other forms of evidence exist suggesting that hTB was 

prevalent in early civilisations. Skeletal deformities in Egyptian mummies from 4,330 

years before present (BP) are physiologically typical of tuberculosis (Zimmerman 1979). 

In Ancient Greece, Hippocrates described phthisis as a fatal disease, accurately describing 

the granulomas lesions, symptoms, and postulating that young male adults were at greater 

risk (Karamanou & Androutsos 2012). In addition, during the expansion of the Roman 

Republic and Empire and its eventual decline and collapse, the widespread presence of 

hTB throughout the Roman world was well documented (Eddy 2015; Barberis et al. 

2017). 

Throughout the Middle Ages and beyond, hTB remained an important and 

prevalent disease. This was evidenced by the introduction, in the 12th century, of the 

“king’s touch”, which was a widely believed practice whereby a person of royal bloodline 

could cure an individual of hTB (or as it was known in England and France, scrofula, a 

form of hTB, or the “king’s evil”) simply by touching them (Murray et al. 2016). During 

the 18th and 19th century, TB was endemic in Western Europe, with a mortality rate of 

nine deaths per thousand inhabitants (Barberis et al. 2017). However, throughout this 

period, medical practitioners and scientists were systematically improving their 

understanding of hTB diagnosis and pathology. This culminated in the initial (flawed) 

isolation of the hTB bacillus by Theodor Albrecht Edwin Klebs in 1867 and the first 

(successful) isolation by Robert Koch, published in 1882, marking a major milestone for 

medical and scientific efforts against hTB (Cambau & Drancourt 2014). In the following 

decades, Albert Calmette and Camille Guérin developed a relatively effective vaccine—

Bacillus Calmette–Guérin (BCG), which is an attenuated strain of M. bovis; the Pirquet 

and Mantoux tuberculin skin tests were invented, and Selman Waksman developed 

streptomycin and other anti-tuberculous drugs (Barberis et al. 2017; Martini et al. 2018). 

This included the triple therapy in 1952, which involved the use of streptomycin, para-

amino salicylic acid and isoniazid in an effort to reduce TB treatment courses from 18 to 

nine months (Iseman 2002). 
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This brings us up to the modern era, where hTB remains a highly infectious and 

deadly disease globally. Though treatments exist, and prevalence of the disease has been 

gradually reducing in recent years (World Health Organization 2019), the greatest 

challenge we perhaps now face is the evolution, positive selection and proliferation of M. 

tuberculosis strains that cause multidrug-resistant TB (MDR-TB) and extensively drug-

resistant TB (XDR-TB) (Lange et al. 2018; Migliori et al. 2020). 

1.2.2   Current status of human tuberculosis 

Despite widespread use of effective antibiotics and a live attenuated vaccine, hTB 

is still one of the biggest killers among the infectious diseases. Worldwide, in 2018 it was 

classed as the 13th leading cause of death and has ranked above HIV/AIDS as the leading 

cause of death from a single infectious agent since 2014 (Ritchie 2018). New vaccines 

and drugs are needed to stem the worldwide epidemic of hTB, which continues to impose 

a substantial burden across many regions (World Health Organization 2019). Human TB 

affects all age groups and both sexes; the highest burden is in adult men who accounted 

for 57% of all TB cases in 2018. This compares to children and adult women who 

accounted for 11% and 32% of cases, respectively, with 8.6% of all cases in HIV-positive 

individuals. Approximately 9–11.1 million people contracted and fell ill with hTB in 

2018, which continues a relatively stable trend in recent years for infection rate. Globally, 

223,000–281,000 deaths were among HIV-positive people, representing a 60% reduction 

from 620,000 in 2000. By comparison, there was 1.1–1.3 million deaths due to TB among 

HIV-negative people in 2018, representing a 27% reduction from 1.7 million in 2000. 

Between 2000 and 2018, hTB treatment alone averted an estimated 48 million deaths 

among HIV-negative people. Among HIV-positive people, hTB treatment supported by 

universal antiretroviral therapy (ART) averted an additional 10 million deaths. 

The rates of infection and economic damage caused by hTB varies greatly among 

different countries: ranging between 5 to 500 new cases per 100,000 population, with the 

global average being approximately 130 as of 2019 (World Health Organization 2019). 

Geographically, most hTB cases in 2018 were in the World Health Organization (WHO) 

regions of the Western Pacific (18%), Africa (24%) and South-East Asia (44%), with 

smaller numbers in Europe (3%), the Americas and the Eastern Mediterranean (8%). 

Eight countries accounted for two thirds of the global total: South Africa (3%), 

Bangladesh (4%), Nigeria (4%), the Philippines (6%), Pakistan (6%), Indonesia (8%),  

China (9%) and India (27%) (World Health Organization 2019). 
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In order to track global infection rates, hTB diagnosis is extremely important. 

Several tests are used to diagnose hTB, depending on the type of TB disease suspected. 

Diagnosing pulmonary hTB usually requires multiple tests, including a chest X-ray to 

look for changes in the appearance of the lungs that are suggestive of hTB. Samples of 

phlegm will also often be taken and checked for the presence of TB-causing bacteria 

(Cudahy & Shenoi 2016). Extrapulmonary hTB diagnosis can require a CT scan, MRI 

scan or ultrasound scan of the affected part of the body. An endo- or laparoscopy can also 

be used to examine other parts of the body, and finally a small tissue biopsy can also be 

tested for hTB-causing bacteria (Singh et al. 2019). Latent hTB is commonly tested in 

two ways: the tuberculin skin test (TST) (also called the Mantoux test) is a widely used 

test for latent TB. It involves injecting a small amount of purified protein derivative 

(PPD–tuberculin) into the skin of the forearm (Singh et al. 2019). If positive, a small, 

hard red bump will develop at the site of the injection, usually within 48 to 72 hours. An 

in vitro blood test based on an interferon gamma release assay (IGRA) with antigens 

specific for M. tuberculosis can also be used to screen for latent TB infection, which 

detects the presence of ESAT-6, CFP-10, and TB 7.7 antigens (Singh et al. 2019). 

1.2.3   Drug-resistant strains of M. tuberculosis 

Human TB caused by drug-resistant strains of M. tuberculosis is a major contributor 

to current infection and mortality and represents one of the greatest threats to global health 

in the 21st century (Lange et al. 2018; Migliori et al. 2020). The evolution of drug-

resistant strains was facilitated, at least in part, by the development and widespread 

application of new drugs such as streptomycin and rifampicin (Kurz et al. 2016). These 

drugs were used to treat patients with active tuberculosis, shorten the treatment time from 

18-24 months to 6-9 months, and to overcome early drug-resistant strains that rendered

single drug therapies ineffective (Kurz et al. 2016). However, an overreliance on these 

therapeutics has imposed a selection pressure for strains that are resistant to some, if not 

most current hTB treatments. Drug-resistant M. tuberculosis strains fall into three major 

categories: 1) multidrug-resistant TB (MDR-TB) caused by strains resistant to both 

rifampicin and isoniazid—the two most powerful drugs—and which requires treatment 

with a second-line regimen (Seung et al. 2015); 2) rifampicin-resistant TB (RR-TB), 

which requires treatment with more second-line drugs (Prasad et al. 2018); and 3) 

extensively drug-resistant TB (XDR-TB), defined as MDR-TB with at least one 

additional drug resistance, normally one of the fluoroquinolones and one of the injectable 

agents used in MDR-TB treatment regimens (LoBue 2009). 
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Globally, in 2018 an estimated 3.4% of new cases and 18% of previously treated 

cases had MDR/RR-TB. The proportions of new and previously treated hTB cases with 

MDR/RR-TB at the country level are shown in Figure 1.2. Several countries in the former 

Soviet Union have the highest proportions of MDR/RR-TB (above 25% in new cases and 

above 50% in previously treated cases) and worldwide, there were 417,000–556,000 

cases of MDR/RR-TB in 2018 (World Health Organization 2019). The MDR/RR-TB case 

number percentages for the most problematic countries are India (27%), China (14%) and 

the Russian Federation (9%). In 2018, there were approximately 133,000–295,000 deaths 

from MDR/RR-TB. Data from 128 countries also indicates that in 2018, the mean 

proportion of MDR-TB cases that corresponded to XDR-TB was 6.2%. 

Figure 1.2: Percentages of new MDR/RR-TB cases by country (reproduced from World Health 

Organization 2019). 

1.2.4   The eradication of the global hTB epidemic 

Currently, as agreed by multiple countries, a major World Health Organisation 

endeavour is underway to end the global hTB epidemic (Bloom et al. 2017; Floyd et al. 

2018; Daley 2019). The WHO End TB Strategy 2016-2035 also meshes with the United 

Nations 2030 Agenda for Sustainable Development and specifically Sustainable 

Development Goal (SDG) 3 – Good Health and Well-Being (Fitchett et al. 2016; 
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Lönnroth & Raviglione 2016). Primary ambitious targets of the End TB Strategy are to 

reduce hTB deaths by 95% and to cut new cases by 90% between 2015 and 2035 (Uplekar 

et al. 2015; Prasad et al. 2016). 

A pillar of the End TB Strategy is “intensified research and innovation”, which 

includes “discovery, development and rapid uptake of new tools, interventions and 

strategies,” and “research to optimize implementation and impact and promote 

innovations” (Uplekar et al. 2015). An integral component of this pillar is understanding 

host-pathogen interaction during infection, as it may present possible therapeutic targets 

for both host and pathogen (Mdluli et al. 2015; Piccaro et al. 2015). Additionally, the 

investigation of vertebrate immune responses—including those of domestic livestock—

to other MTBC strains may be applicable to combating hTB (Waters et al. 2014; 

Myllymaki et al. 2015; Buddle et al. 2016; Williams & Orme 2016). A One Health 

approach (King et al. 2008) can leverage this concept, by promoting collaboration 

between human physicians, veterinarians and scientists from a wide range of biological 

disciplines. In this regard, an excellent application of the One Health approach is the 

comparative study of host-pathogen interaction for bTB in cattle caused by M. bovis, 

which has 99.95% genome sequence identity with M. tuberculosis (Garnier et al. 2003). 
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1.3 Mycobacterium bovis and bovine tuberculosis 

Mycobacterium bovis , is the causative agent of bTB and one of the most damaging 

infectious diseases of livestock; it is conservatively estimated to cause more than $3 

billion annual losses to global agriculture (Steele 1995; Waters et al. 2012). Although M. 

bovis can cause disease in humans, it does so with less severity and is therefore considered 

to be an animal-attenuated member of the MTBC (Allen 2017; Malone & Gordon 2017). 

M. bovis is a slow-growing (16- to 20-hour generation time) aerobic bacterium that is

killed by sunlight but is resistant to desiccation and can survive in a wide range of acid 

and alkali conditions. In this regard, M. bovis can remain viable for long periods in moist 

and warm soil and will survive for 1–8 weeks in cattle faeces. The bacilli can be 

transmitted via raw milk, but pasteurisation effectively prevents the spread through dairy 

products (O'Reilly & Daborn 1995; Pollock & Neill 2002). 

Tuberculosis disease caused by infection with M. bovis has been observed in several 

wild mammal species. High rates of infection have been found in the European badger, 

and the scientific consensus is that badgers represent a significant wildlife reservoir for 

M. bovis that cause bTB in cattle, particularly in Ireland and the UK (Gormley & Corner

2013; Ní Bhuachalla et al. 2015; McDonald et al. 2018). M. bovis can also infect humans 

and cause zoonotic TB (zTB), particularly in developing countries where there are close 

interactions between people and livestock (Olea-Popelka et al. 2017; Vayr et al. 2018; 

Luciano & Roess 2020). M. bovis is transmitted by infectious animals via several different 

routes—as aerosols of respiratory droplets and in milk, discharging lesions, saliva, urine, 

or faeces. Initial infection is usually caused by inhalation of aerosols containing M. bovis 

bacilli, particularly if the animals are housed in a crowded enclosure; it can also occur via 

ingestion of infected material (blood, urine, faeces etc.), which may be one of the leading 

causes of infection by badgers (Gormley & Corner 2013; Ní Bhuachalla et al. 2015; 

McDonald et al. 2018). Importantly for herd health management, transmission can also 

occur readily from lactating cows to neonatal calves. 

1.3.2  Global impact of bovine tuberculosis 

The potential for transmission of M. bovis to humans is often the primary driver for 

surveillance of disease in livestock and wild animal reservoirs (Gormley & Corner 2017). 

However, the wide-reaching impact of bTB substantially extends beyond human health, 

encompassing disruptions to trade, reduced animal productivity, losses incurred by de-
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population of herds, and social problems due to removal of cattle from small holdings 

(Caminiti et al. 2016; Bennett 2017). Early detection and removal of infected animals is 

generally the most effective control measure, which can encompass the isolation and 

culling of infected animals/herds to prevent further transmission (More & Good 2015; 

More et al. 2015). Unfortunately, implementing this strategy with the associated 

surveillance and testing infrastructure represents the primary financial burden and 

impediment to effective control in many developing countries where bTB has been a 

longstanding problem (Cosivi et al. 1998; Ayele et al. 2004; Olea-Popelka et al. 2017). 

As detailed above, the primary wildlife reservoir in the UK and Ireland is the 

European badger. However, other important wild animal reservoirs exist in developed 

and developing countries. For example, in the United States, the white-tailed deer 

(Odocoileus virginianus) represents a maintenance host and a source of infection for other 

species (Palmer et al. 2012). In New Zealand, the brushtail possum (Trichosurus 

vulpecula) is the key species affected (Jackson et al. 1995). In Africa, several wildlife 

species of outstanding conservation merit are susceptible to M. bovis infection and 

tuberculosis disease including, most notably, African elephants (Loxodonta spp.) and 

white and black rhinoceroses (Ceratotherium simum and Diceros bicornis) (Miller et al. 

2017; Kerr et al. 2019). Figure 1.3 shows the global distribution of tuberculosis caused 

by M. bovis in livestock and wildlife during 2017 and early 2018. 

Figure 1.3: Global distribution of tuberculosis in livestock and wildlife for 2017 and Q1 of 2018. 

Among the 82 affected countries, 29 (35.4%) countries reported the presence of tuberculosis in 

both livestock and wildlife (reproduced from Murai et al. 2019). 
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1.3.3  Diagnosis and control of bovine tuberculosis 

The persistence of M. bovis in cattle herds can be largely attributed to limitations in 

diagnostics (Gormley & Corner 2013; Byrne et al. 2014). The most commonly employed 

testing protocol for bTB diagnosis is the Single Intradermal Comparative Tuberculin Test 

(SICTT). In Ireland, this is performed annually and if one or more animal returns a 

positive SICTT, the reactor cattle are removed and the herd is restricted from trade until 

two consecutive negative SICTT results, 60 days apart, are achieved. Limitations of 

current diagnostics to detect early stage and residual infection in cattle have largely 

contributed to the persistence of M. bovis infection (Byrne et al. 2014). After six months 

of herd de-restriction, a SICTT “check test” is carried out on the herd and if a SICTT-

positive animal is detected, the herd is deemed as “chronically” infected and once again 

restricted from trading. Animals are often identified as reactors after de-restriction due 

to: 

1) Trading of cattle: once a herd is de-restricted, trading of cattle recommences

and can result in the movement of unidentified infected animals.

2) False negative results: the SICTT cannot diagnose M. bovis exposure with

100% sensitivity and therefore is susceptible to returning false negative results.

To address the lack of sensitivity of the SICTT, an additional whole blood 

diagnostic test is routinely used to confirm the results of the SICTT. This test is called the 

Bovigam® IFN-γ release assay (IGRA). The IGRA test measures the intensity of IFN-γ 

release in plasma by capture ELISA after 16 hours of incubation with PPD-avian (PPD-

a) and PPD-bovine (PPD-b) (Gormley et al. 2006). In Ireland, an individual is considered 

positive by the IGRA test if stimulation with PPD-b results in an OD score > 100 OD 

units, is higher than the OD units observed for PPD-a stimulation and is at least 50 OD 

units greater than the nil stimulation. 

Irish bTB diagnostics score a median of 93% in predicting exposure to M. bovis. 

This creates an issue in bTB control, as roughly 7% of infected animals will go undetected 

and continue to act as herd reactors (Gormley & Corner 2017). Even with the combination 

of the SICTT and IGRA tests, further development in diagnostics, both in Ireland and 

around the globe, which can leverage transcriptomic analytical data (RNA- or miRNA-

seq) that can yield greater sensitivity and allow for early detection of the presence of M. 

bovis is urgently needed for the Irish cattle industry. 
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1.3.4  M. bovis in Ireland and the Irish agricultural food sector 

Current strategies underpinning bTB control on the island of Ireland and many other 

countries require large-scale “test and slaughter” programmes. This approach was largely 

adopted in 1954 under the Bovine Tuberculosis Eradication Scheme (Sheridan 2011). 

Prior to this, extending back to the beginning of the 20th century, 80% of cattle herds 

exhibited serious bTB symptoms, with approximately 17% of cattle infected. 

Consequently, human M. bovis infection was common via direct contact with cattle or 

through consumption of contaminated milk. The recorded rate of TB notifications in 

people in Ireland approximately 100 years ago was 230/100,000 population (Sheridan 

2011). However, during the last 60 years, control measures for bTB in Ireland have 

dramatically improved the situation in domestic cattle and hTB caused by M. bovis is 

rare, primarily due to pasteurisation and bTB surveillance of infected herds. In March 

2020, the national herd incidence for bTB was 3.26% for the year to date (Department of 

Agriculture Food and the Marine 2020), which is higher than the 2019 herd incidence of 

2.64%. This continues the trend in recent years of a gradual increase in bTB incidence, 

which is partly due to growth in the Irish agri-food sector, particularly since 2015 with 

the abolition of the EU milk quotas and rapid expansion of the dairy industry (Kelly et al. 

2020). With global population growth and increasing demand for milk-based products, 

cattle numbers and stocking densities in Ireland are likely to increase further with 

concomitant bTB disease pressure. In May 2018, the Irish Government committed to an 

ambitious plan to achieve technical eradication of bTB by 2030 (More 2019). 

Consequently, due to the limitations of the current SICTT and IGRA diagnostics, there is 

a pressing need for improved methods that can augment existing tests to reduce disease 

transmission and facilitate better control and ultimately eradication of bTB in Ireland. 
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1.4 Immune response to mycobacterial infections that 
cause tuberculosis 

The most common route of infection for both M. tuberculosis in humans and M. 

bovis in cattle is inhalation of airborne bacilli-containing droplets, which have been 

expelled by an infected animal or person (Pollock & Neill 2002; Dheda et al. 2016; Bloom 

et al. 2017). When the pathogen has entered the respiratory system, it encounters the 

host’s first line of defence in the form of resident alveolar macrophages (AMs) and 

dendritic cells, which will phagocytise the pathogen at the site of infection (Figure 1.4) 

(O'Garra et al. 2013; Pai et al. 2016; BoseDasgupta & Pieters 2018). The initial 

recognition of the invading pathogen by the AM is mediated by the interaction between 

pathogen-associated molecular patterns (PAMPs) and host-encoded pathogen recognition 

receptors (PPRs) expressed by AM (Plüddemann et al. 2011; Killick et al. 2013; Stamm 

et al. 2015). The recognition of PAMPs by their cognate pattern recognition receptors 

(PPRs) initiates activation of downstream intracellular signalling in the host cell, which 

leads to a cascade of chemokines, cytokines, epigenetic remodelling and gene response 

pathways (O'Garra et al. 2013; Kaufmann & Dorhoi 2016; Schorey & Schlesinger 2016; 

Marimani et al. 2018; Hall et al. 2020b). 

Figure 1.4: The infection cycle for tuberculosis-causing airborne mycobacterial pathogens such 

as Mycobacterium tuberculosis and Mycobacterium bovis. 



17 

M. bovis and M. tuberculosis share 99.95% identity at the genome level; however,

there are functionally relevant genomic, transcriptomic, proteomic and metabolomic 

differences between these two MTBC strains that can significantly influence host innate 

and adaptive immune responses (Zubrzycki 2004; Rehren et al. 2007; Khatri et al. 2013; 

Dinan et al. 2014; Bigi et al. 2016; Gcebe et al. 2016; Malone et al. 2018; Choudhary et 

al. 2020). Although the two pathogens encounter common immune response pathways in 

their preferred host, certain host genes are differentially expressed in response to a 

specific pathogen. For example, a recent study by our group investigated differential gene 

expression in bovine AM in response to M. bovis and M. tuberculosis at 2, 6, 24 and 48 

hours post-infection (hpi) (Malone et al. 2018). Results indicated that a large number of 

genes and pathways, which collectively reflect unique biosignatures specific to the type 

of pathogen infecting the host cell (i.e., M. bovis or M. tuberculosis), were up- or 

downregulated in response to each strain (Figure 1.5). 

The innate and immune responses to different MTBC strains in mammals are highly 

complex and multifaceted, incorporating components detectable across all omics layers 

(genome, transcriptome, proteome, metabolome, and epigenome). In this section, I will 

discuss some of these immune response components and the strategies that mycobacteria 

use to manipulate, modulate, and evade them. This overview underlines the value of 

integrative genomic approaches for gaining a detailed understanding of the host-pathogen 

interplay for MTBC pathogens that cause tuberculosis disease in humans and animals. 
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Figure 1.5: An overview of DNA sensing and RIG-I signalling identified 48 hours post-infection in 

bovine alveolar macrophages (AMs) challenged with M. bovis and M. tuberculosis. Blue and red 

elements represent upregulation of genes in either M. bovis- or M. tuberculosis-infected 

macrophages, while purple represents upregulation of genes in both infection models 

(reproduced from Malone et al. 2018). 

1.4.1  Host immune pathways in response to mycobacterial infection 

1.4.1.1 The RIG‐I‐like receptor signalling pathway 

Retinoic acid-inducible gene-I-like (RIG-I-like) receptors (RLRs) are important 

PRRs that can initiate a host of innate immune response mechanisms. The RLR gene 

family includes three members: the interferon induced with helicase C domain 1 gene 

(IFIH1 aka MDA5), the DExH-box helicase 58 gene (DHX58 aka LGP2), and the 

DExD/H-box helicase 58 gene (DDX58 aka RIG-I) (Loo & Gale 2011; Rehwinkel & 
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Gack 2020). The RLR signalling pathway is typically associated with the detection of 

RNA viruses but in recent years it has been shown that this pathway is pivotal in the 

response to intracellular mycobacterial infections (Cheng & Schorey 2018; Malone et al. 

2018; Ranjbar et al. 2019; Cheng et al. 2020; Choudhary et al. 2020; Hall et al. 2020b). 

This is because RLRs provide a detection mechanism for intracellular pathogens 

specifically within the cytosol, unlike endosomal Toll-like receptor counterparts such as 

TLR3, TLR7, TLR8 and TLR9 (Lee & Barton 2014). When they bind to cytosolic nucleic 

acid PAMPs, RLRs signal through the mitochondrial antiviral-signalling protein 

(MAVS). This activates TANK-binding kinase 1 (TBK1) and IκB kinase-ε (IKKε), which 

then stimulates the interferon regulatory factors IRF3 and IRF7 (Rehwinkel & Gack 

2020). Together with nuclear factor-κB (NF-κB) this cascade induces transcription of 

type I interferon genes including interferon beta 1 (IFNB), which has multiple roles in 

innate immune responses to intracellular mycobacterial pathogens (O'Garra et al. 2013; 

Weiss & Schaible 2015; BoseDasgupta & Pieters 2018). Figure 1.6 shows a general 

schematic of the RLR signalling pathway. 

Figure 1.6: Activation of the RLR signalling pathway by pathogen-derived RNA or DNA molecules 

(reproduced from Quicke et al. 2017). 
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RLRs typically detect RNA from RNA viruses and in some cases, DNA from DNA 

viruses (Rehwinkel & Gack 2020). However, in recent years, it is becoming clear that 

RLRs can directly detect the RNA and possibly the genomic DNA of intracellular 

bacteria, including mycobacteria. One study has shown a large increase in DDX58 and 

IFIH1 mRNA levels in infected murine monocyte-derived monocytes (MDM) (Andreu 

et al. 2017), and another paper published one year later observed that M. tuberculosis 

RNA into the host cell cytoplasm can interact with the DDX58 (RIG-I) protein (Cheng & 

Schorey 2018). There has been debate about the signalling event upstream of MAVS 

when bacterial RNA is detected. Previous work has indicated that, in the case of 

Legionella pneumophila infection of murine macrophages, detection and subsequent 

production of IFN-β mediated by MAVS does not require RIG-I/MDA5 because RIG-

I/MDA5-negative and wild-type murine macrophages display similar levels of IFN-β 

(Opitz et al. 2006). However, this does not seem likely. It is possible that RIG-I/MDA5-

independent production of IFN-β occurs in the absence of functioning RLR detection, but 

dependent RIG-I/MDA5 IFN-β production is the typical response particularly in 

mycobacterial and L. pneumophila. Aside from the unclear sample size of biological 

replicates and inadequate Student’s t-test used to determine the statistical significance of 

IFN-β levels in siRNA-induced DDX58 (RIG-I)/IFIH1 (MDA5) knockdown HEK293 

cells, Chiu and colleagues demonstrated that AT-rich DNA from in L. pneumophila  

reaches the host cytosol and is transcribed into an RNA-ligand for DDX58 (RIG-I) in an 

RNA polymerase III-dependent manner, which in turn stimulates MAVS-dependent IFN-

β production (Chiu et al. 2009). Additionally, more recent work has shown that M. 

tuberculosis DNA secreted via the EXS-1 and SecA2 secretory system elicits an increase 

of MAVS mRNA via RIG-I cytosolic sensing (Ranjbar et al. 2019). It has also been shown 

that RLRs and MAVS are involved with the cell-intrinsic control of intracellular M. 

tuberculosis growth, and that stimulation of these sensing pathways by the small molecule 

drug, nitazoxanide (NTZ) can inhibit intracellular M. tuberculosis growth (Ranjbar et al. 

2019); however, the exact mechanism underlying this effect remains unclear. In addition 

to these observations, the downstream gene activation of the RLR signalling pathway has 

been detected in various macrophage challenge studies, including infections with human-

attenuated M. tuberculosis and animal-attenuated M. bovis (Malone et al. 2018; Ranjbar 

et al. 2019; Hall et al. 2020b). 
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1.4.1.2  The nuclear factor-κB (NF-κB) complex 

The nuclear factor-κB (NF-κB) complex constitutes a family of inducible 

transcription factors that regulate a large array of genes associated with innate and 

adaptive immunity and inflammatory responses (Figure 1.7) (Oeckinghaus & Ghosh 

2009; Zhang et al. 2017a). The NF-κB family consists of structural subunits (NF-κB1, 

NF-κB2, RelA, RelB, and  c-Rel), activators (NKAP, NKAPL) and repressors/inhibitors 

(NFKBIA, NFKBIB, NFKBID, NFKBIE, NFKBIL1, NFKBIZ, NKIRAS2, NKRF) 

(Lawrence 2009; Hoesel & Schmid 2013). The activation of NF-κB depends on two core 

signalling pathways, the canonical and non-canonical (or alternative) pathways, both of 

which are important for regulating inflammatory and immune responses (Sun 2017). 

Stimulation of the canonical pathway is initiated by PRRs such as TLRs (Zhang et al. 

2017a), RLRs (Rehwinkel & Gack 2020) and STING/TMEM173 (Chen et al. 2016), 

receptors of the tumour necrosis factor (TNF) superfamily (Osborn et al. 1989), ligand 

binding to cytokine receptors such as interleukin 1 receptor and B-cell and T-cell receptor 

binding (Coudronniere et al. 2000; Petro et al. 2000). This combination of stimulation 

and signal transduction results in the phosphorylation of the IKK2 complex, which is 

composed of IKKβ and NEMO, an essential NF-κB modulator. IKKβ then 

phosphorylates IκB with NEMO acting as a scaffold leading to IκB degradation, releasing 

the NF-κB dimer into the nucleus and initiates the transcription of innate immune 

response genes such as TNF (Kanarek & Ben-Neriah 2012). In contrast, the activation of 

the noncanonical NF-κB pathway does not rely on this IκBα degradation but rather relies 

on processing of the NF-κB2 (p100) precursor protein (Sun 2017). 
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Figure 1.7: The various roles of NF-κB and its mediators (reproduced from Liu et al. 2017c). 

The primary function of NF-κB in the context of pathogen response is regulation of 

inflammatory responses through mediating induction of various proinflammatory genes 

in innate immune cells, including macrophages (Dorrington & Fraser 2019). These cells 

can express the NF-κB signalling PRRs that detect various microbial components such as 

PAMPs and also damage-associated molecular patterns (DAMPs), which are molecules 

released by necrotic cells and damaged tissues (Lawrence 2009). In response to diverse 

PAMPs and DAMPs, macrophages become rapidly activated and secrete a large array of 

proinflammatory cytokines, chemokines, and adhesion molecules via the activation of 

NF-κB. These activated macrophages can differentiate into phenotypically different 

states, including the classically activated and bactericidal M1 phenotype and the 

alternatively activated M2 macrophages, which are typically associated with tissue repair. 

(Wang et al. 2014). M1 polarization has been associated with greater clearance of 

intracellular mycobacteria bacilli by AMs and thus demonstrates the central role NF-κB 

plays in an effective response to mycobacterial infection (Marino et al. 2015; Sica et al. 

2015; Shen et al. 2017).  

1.4.1.3 The PI3K-Akt/mTOR pathway 

The PI3K-Akt/mTOR pathway is a highly complex intracellular signal transduction 

pathway that promotes cell survival, metabolism, growth, proliferation and angiogenesis 

in response to extracellular signals, particularly those induced by the presence of 
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mycobacteria (Figure 1.8) (Hemmings & Restuccia 2012). Three proteins pivotal to the 

initiation of this pathway are phosphatidylinositol 3-kinase (PI3K), various types of 

receptor tyrosine kinase (RTKs) and Akt/protein kinase B (Fruman et al. 2017). RTKs act 

as high-affinity receptors on the cell surface for cytokines, chemokines, and hormones. 

When ligands bind to the extracellular binding domain, two RTK monomers form a 

dimer, which activates the tyrosine kinase domain and autophosphorylation is delivered 

by each monomer. This stimulates the bound PI3K, which causes it to be converted to 

phosphatidylinositol (3,4,5)-trisphosphate (PIP3) via its catalytic domain (Hemmings & 

Restuccia 2012). PIP3 then directly binds to AKT, leading to AKT activation and a 

subsequent vast array of signalling cascades (Figure 1.8), including activation of 

mTORC1 via phosphorylation. 

The PI3K-AKT/mTOR signalling pathway has many downstream regulatory 

effects, many of which play central roles in the response to mycobacteria (Zhang et al. 

2017b; Singh & Subbian 2018). These include cell apoptosis, NF-κB activation and cell 

metabolism (Singh & Subbian 2018). A critical downstream mycobacterial response 

mechanism involving the PI3K-Akt pathway is mTOR-mediated autophagy (Singh & 

Subbian 2018). Autophagy is a homeostatic cellular mechanism for removal of 

intracellular debris and foreign material derived from exogenous and endogenous sources 

and is a key innate response process in macrophages during mycobacterial clearance 

(Deretic 2014; Bento et al. 2015; Singh & Subbian 2018). As a consequence of its role in 

various innate immune responses, upregulation of the PI3K-Akt pathway leads to a more 

effective immune response to intracellular mycobacteria. It is so effective that M. 

tuberculosis has evolved the capacity to supress the PI3K-Akt/mTOR pathway by 

inducing the expression of FOXP3, which encodes a PI3K-Akt/mTOR pathway inhibitor, 

in the lymphocytes of patients with active hTB, highlighting again the importance of this 

signalling pathway (Zhang et al. 2017b). 
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Figure 1.8: Activation of the PI3K-Akt/mTOR pathway and subsequent cellular functions 

regulated by PI3K-Akt/mTOR signalling (reproduced from Hemmings & Restuccia 2012). 

1.4.1.4 The JAK-STAT pathway 

As described in previous sections, cytokines play an integral role in regulating the 

behaviour of macrophages and other immune cells in the response to intracellular MTBC 

bacilli. A pathway that plays a major role in transferring the signal generated by cytokine-

cell membrane receptor binding is the Janus kinase (JAK)-signal transducer of activators 

of transcription (STAT) pathway (Domingo-Gonzalez et al. 2016; Seif et al. 2017). The 

JAK-STAT pathway is essential for a wide range of critical physiological processes, 
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including mammary gland development and lactation, haematopoiesis, and the innate and 

adaptive immune responses (Bousoik & Montazeri Aliabadi 2018). 

The JAK protein contains a kinase-like domain and a catalytic domain, along with 

type 1 and 2 receptors (Stark & Darnell 2012). The canonical JAK-STAT pathway is 

activated via stimulation of JAK by cytokine (ligand) binding, which in turn initiates 

transactivation on specific tyrosine residues. This creates docking sites for recruitment of 

transcription factors such as members of the STAT family. These STAT transcription 

factors reside in the cytoplasm while unphosphorylated, and translocate to the nucleus 

upon docking and subsequent phosphorylation and release from activated JAK (O'Shea 

& Murray 2008). Here, STATs can bind to transcription factor binding sites to up- or 

downregulate gene expression. Non-canonical activation differs here in that a number of 

unphosphorylated STATs are translocated onto heterochromatin in the nucleus in 

association with specific proteins that contribute to the maintenance of heterochromatin 

state (Li 2008). 

In contrast to some of the other cellular pathways discussed previously, the 

activation of the JAK-STAT pathway is relatively straightforward, the downstream 

regulatory effects of activation and inhibition are comparable to PI3K-AKT signalling in 

complexity, especially when considering JAK-STAT acts as an activator of the PI3K-

AKT signalling itself (see Figure 1.9). Focusing on macrophage function, JAK-STAT 

has a substantial effect in context of innate response by shifting AMs into either M1 or 

M2 polarization (Yeh et al. 2015). There are four JAK-STAT pathway JAK proteins: 

JAK1, JAK2, JAK3 and Tyk2. These are stimulated by cytokine receptor binding of IL-

2, IL-4, IL-7, IL-9, IL-13, IL-15, IL-21 and IFN-γ (Malyshev & Malyshev 2015). Binding 

of IFN-y activates and translocates STAT1, which activates proinflammatory cytokines 

and triggers a bactericidal and proinflammatory M1 macrophage phenotype (Malyshev 

& Malyshev 2015). In contrast to this, binding of interleukins stimulates STAT6 and 

STAT3, which activate/increase expression of M2 phenotype genes, such as FIZZL, YM1, 

and genes encoding mannose receptors, and anti-inflammatory cytokines, inducing a less 

bactericidal and more tissue repair-orientated macrophage phenotype (Gordon 2003; 

Orecchioni et al. 2019). As such, the JAK-STAT pathway plays an integral role in 

regulating the pro- or anti-inflammatory initial response to MTBC bacilli in AMs. Failure 

to properly control the infection at the initial meeting point of pathogen and macrophage 

can lead to more severe and chronic immune responses to eliminate the tuberculosis 

bacilli, such as the formation of epithelioid granulomas.
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Figure 1.9: An overview of the JAK-STAT signalling pathway system (reproduced from Owen et al. 2019)
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1.4.2   Formation of the granuloma 

Granulomas, core features of tuberculosis caused by pathogenic MTBC strains, are 

a compact and organized aggregate collection of immune cells, which mostly consist of 

various types of types of infected and uninfected phagocytes (monocytes, macrophages, 

dendritic cells, and neutrophils) and T lymphocytes (Adams 1976; Pagan & 

Ramakrishnan 2014). The granuloma is an ancient physiological structure, found in 

vertebrate and invertebrate alike. Drosophila larvae will form granulomatous structures 

around injected parasitic wasps’ eggs that are too large to be phagocytised (Nappi 1973). 

When chronically infected with mycobacteria, snails will form granulomas that are very 

similar in histology to granulomas formed as a consequence of infection with pathogenic 

MTBC strains causing hTB and bTB in humans and cattle, respectively (Michelson 

1961). While granuloma formation is implicated in various inflammatory disorders and 

immune responses in mammals such as leprosy caused by M. leprae infection, sarcoidosis 

and the innate response to Schistosoma mansoni eggs (Dunne et al. 1991; Trindade et al. 

2010; El Jammal et al. 2020), the granuloma primarily takes the critical role of immune 

protection in the case of tuberculosis infection, with some caveats. 

Individuals that inhale TB-causing MTBC bacilli into the lower respiratory tract 

may never progress to granuloma formation. Upon detection of the bacilli, resident AMs 

will move to the site of infection, engulf and phagocytise the pathogens, thereby clearing 

the site of infection (O'Garra et al. 2013; Sia & Rengarajan 2019). However, if the bacilli 

are not destroyed within the macrophage—potentially via escape of the phagosome into 

the cytosol of the cell—the infected macrophage will transport the pathogen from its site 

of entry into the deeper tissues across the epithelium where granuloma formation will be 

initiated to eliminate the infected macrophage/s (Pagan & Ramakrishnan 2014). As such, 

initiation of granuloma formation may therefore represent a failure—in terms of this 

critical initial encounter between the macrophage and the pathogen—on the part of the 

host. More research is required to understand the underlying causes of this failure, 

including the interaction of the human or animal host macrophage with mycobacteria at 

the very early stages of infection, and what role host and/or pathogen genomic variation 

has in preventing or facilitating this failure (Allen et al. 2010; le Roex et al. 2013; Correa-

Macedo et al. 2019; McHenry et al. 2020; Moller & Kinnear 2020). 

Approximately 2-3 days after the migration of infected macrophages across the 

epithelium into deeper lung tissue, a cascade of cellular recruitment signalling will begin, 
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initiating a second wave of migrating macrophages to address the infected initial wave of 

macrophages (Pagan & Ramakrishnan 2014). During this period, the MTBC bacilli will 

replicate within the minimally microbicidal infected macrophages while simultaneously 

inducing apoptosis in some of the infected macrophages in an ESX-1-dependent manner 

(Pagan & Ramakrishnan 2014). Upon arrival, the macrophages will aggregate around the 

persistent antigen and form non-epithelioid granulomas (Figure 1.10). These granulomas 

will continue to expand as they engulf more infected cell debris. After activation by either 

RLR-mediated chronic mTOR signalling or stimulation with increased levels of IL-13 

and/or IL-4, the non-epithelioid granulomas will undergo epithelioid transformation, 

where the macrophages adopt a characteristic, flattened morphology distinguished by 

diffuse cytoplasmic staining and elongated nuclei and finally exhibit intense 

immunological activity (Turk & Narayanan 1982). Some debate exists about the 

phagocytic nature of these transformed macrophages. One side argues that they are highly 

phagocytic, with phagocytic activity in these cells observed as far back as 1968 (Adams 

1976; Turk & Narayanan 1982), while the other side argues that these cells play a more 

accessory secretory role, coordinating granuloma function (Papadimitriou & Spector 

1972; Bouley et al. 2001). 

Recently, a longitudinal study of non-MTBC M. leprae-induced granulomas in 

zebrafish (Danio rerio) (Madigan et al. 2017) established a middle ground, demonstrating 

that these epithelioid granulomas exist on a gradient scale, where not only do both 

phagocytic and non-phagocytic epithelioid granulomas co-exist, they co-exist adjacent to 

non-epithelioid granulomas, representing key differentiation stages in granuloma 

initiation and maturation (Bouley et al. 2001). Epithelioid granulomas can also recruit 

neutrophils, which will kill bacteria via an NADPH-dependent mechanism as well as 

scavenge dying cells, and T cells specific to mycobacterial responses, which will produce 

TNF and IFN-γ to polarize the phagocytic macrophages towards an M1 phenotype, 

making them more bactericidal (Pagan & Ramakrishnan 2014). 

This stage now marks the formation of the mature epithelioid granuloma, which 

consists of a mixed population of macrophages: infected, uninfected, foamy, apoptotic, 

epithelioid, and multinucleated giant cells (MGCs) (see Figure 1.10). MGCs are of 

particular interest, they are large polynucleated leukocytes that form in granulomas from 

individual macrophages, first characterised by Theodor Langhans and renamed as 

Langhans giant cells (Helming & Gordon 2009). Though identified over 150 years ago, 

research has yet to determine how these MGCs form and why these cells differ in 
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morphology depending on the type of granuloma. For example, MGCs in infectious 

granulomas—such as those in mycobacterial infections—arrange nuclei in a horseshoe 

arrangement around the cell membrane. Conversely, in foreign body granulomas, such as 

those formed in the presence of S. mansoni eggs, the same macrophages will form MGCs 

with scattered nuclei (Schwartz & Fallon 2018). The consensus is MGC formation occurs 

following macrophage membrane fusion via stimulation by IL3, IL4, IL13 and IFN-γ; 

these in turn stimulate STAT6, which triggers E-cadherin (cadherin 1 encoded by CDH1) 

production and initiates membrane fusion (Pagan & Ramakrishnan 2018). However, 

colony stimulating factor proteins, particularly CSF1, have also recently been implicated 

in MGC formation in a fusion-independent manner. CSF1 in conjunction with a persistent 

ligand, such as TNF can induce MGCs from bone marrow myeloid progenitors via 

polyploidy, which is typically associated with replication stress or DNA damage 

(Herrtwich et al. 2016). It is therefore noteworthy that studies to detect differentially 

expressed genes in bovine AM  challenged with MTBC (M. bovis and M. tuberculosis) 

and genome-wide association study (GWAS) quantitative trait loci (QTLs) for bTB 

resilience reveal CSF family genes, including CSF1 and CSF3 (Nalpas et al. 2015; 

Malone et al. 2018; Hall et al. 2020b). It may therefore be hypothesised that CSF proteins 

play a significant yet largely unknown role in determining the efficiency of the host 

response to mycobacterial infection, possibly in the initial stages of granuloma formation 

and maturation. 
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Figure 1.10: Overview of the formation of the granuloma and composition of mature active 

Mycobacterium tuberculosis granuloma with central necrosis (modified from Pagan & 

Ramakrishnan 2014, 2018). 

While various types of granulomas undergo multiple structural and morphological 

transformations, such as fibrosis, a hallmark of tuberculosis granulomas is necrosis 

(Martinot 2018; Sarathy & Dartois 2020). Necrosis in the context of mycobacterial 

granulomas is characterised by the premature death of macrophages within the 

granuloma. There are multiple routes to this and two most commonly observed are 

characterised by TNF deficiency and TNF excess (Parameswaran & Patial 2010; Tobin 

et al. 2012). TNF deficiency can cause uncontrolled bacterial growth within the 

macrophage, leading to rupture and bacterial release (Clay et al. 2007). Conversely, 

excess TNF can induce programmed macrophage necrosis via the production of 
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mitochondrial reactive oxygen species (ROS) (Tobin et al. 2012). This can be exacerbated 

by the overproduction of TNF by T cells present in the granuloma (Barber et al. 2011). 

TNF excess or deficiency, vigorous T-cell immunity, or an overall failure to control 

the infection can lead to macrophage necrosis and release of mycobacteria into the 

extracellular space, where they can grow unchecked and become exceedingly difficult to 

control. Even programmed apoptosis, a mechanism often deployed to destroy intracellular 

pathogens (Hotchkiss & Nicholson 2006; Kolb et al. 2017; Nagata & Tanaka 2017) can 

actually benefit mycobacterial species that cause granuloma formation. If there is a lack 

of, or dysfunction of, uninfected macrophages to engulf the apoptotic macrophages, the 

bacilli are simply released into the granuloma. Here in the granuloma, released from the 

host macrophage, the mycobacteria can actually thrive, utilising cholesterol from lysed 

cells and inducing vascularization within the necrotic core to inhibit hypoxia (Oehlers et 

al. 2015). This then begs the question, does the granuloma benefit the host in facilitating 

mycobacterial clearance, or does it actually benefit the mycobacteria? Based on the 

evidence, it seems reasonable to assume that necrosis of the tuberculosis-induced 

granuloma is beneficial to the bacterium. But as discussed previously, the granuloma is a 

conserved and ancient immune mechanism, suggesting a role that is protective overall—

barricading and sequestering foreign objects, ranging from parasitic eggs to bullets (Joyce 

et al. 2014). However, this does not negate the possibility that in tuberculosis the 

granuloma is substantially co-opted and remodelled by pathogenic mycobacteria to form 

an effective shelter for replication. It should be noted, however, that the granuloma does 

not inevitably fail at containing TB-causing MTBC bacilli. In most cases, the granuloma 

is effective in containing the bacteria, preventing active TB and eventually eradicating 

the infection (Pagan & Ramakrishnan 2014; Lee 2016; Pagan & Ramakrishnan 2018). 

Therefore, fully understanding host-pathogen interaction processes that determine 

whether the granuloma facilitates the host, or the pathogen will be pivotal to developing 

therapies and identifying drug targets or genomic variation contributing to disease 

resistance or susceptibility. 

1.4.3   Mycobacterial evasion of host immune response 

It is well established that the complex molecular interactions undergirding a 

particular host-pathogen or host-parasite interplay are, in each case, a consequence of a 

coevolutionary “arms race” (Woolhouse et al. 2002; Karlsson et al. 2014; Jack 2015). 

This is formally encapsulated by extension of the Red Queen Hypothesis (Siddle & 
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Quintana-Murci 2014), which was originally proposed by Leigh Van Valen to explain 

interspecific competition and extinction rates from paleontological data (Van Valen 

1973). This is particularly evident for intracellular mycobacterial infections, where the 

Red Queen paradigm leads to rapid molecular evolution and microevolution of pathogen 

effector molecules and the host immune system (Gagneux 2012; Goldberg et al. 2014; 

Brites & Gagneux 2015). In this regard, MTBC mycobacterial strains have evolved 

strategies to promote their survival by substantially perturbing the transcriptomes and 

proteomes of the host cells they infect. Modifications of host gene expression are 

mediated by pathogen-encoded effector molecules that manipulate and modulate host cell 

transcriptomes through a wide range of complex mechanisms (Cambier et al. 2014; 

Goldberg et al. 2014; Sia & Rengarajan 2019). 

As previously discussed, the primary and perhaps most critical immune response to 

airborne MTBC infection, be it M. tuberculosis or M. bovis, is mediated by the resident 

first line phagocytes, the lung AMs. It is inevitable, therefore, that these mycobacteria 

have evolved a range of  mechanisms to manipulate, subvert and evade the normal 

functions of AMs allowing intracellular replication, while inducing expression of 

inflammatory cytokines and chemokines in the lung (Baxt et al. 2013; Hmama et al. 2015; 

Schorey & Schlesinger 2016; BoseDasgupta & Pieters 2018). Some of these evolved 

tactics include the use of the early secretory antigenic target-6 (ESAT-6) secretion system 

1 (ESX-1) in M. tuberculosis and M. bovis , which facilitates escape from the macrophage 

phagosome into the cytosol where it replicates (Gröschel et al. 2016). Phagosomes in 

macrophages that have digested an invading microorganism normally undergo rapid 

fusion with lysosomes; however, this is not the case with macrophages that phagocytise 

M. tuberculosis or M. bovis (Hmama et al. 2015). For example, it is known than M.

tuberculosis actively blocks phagosome function by secretion of two phosphatases, PtpA 

and SapM that have host macrophage protein substrates (Wong et al. 2013). PtpA inhibits 

phagosome acidification and maturation through phosphorylation of host vacuolar protein 

sorting 33B (VPS33B) protein, and blocks V-ATPase recruitment to the phagosome. 

SapM, on the other hand, dephosphorylates phosphatidylinositol 3-phosphate (PI3P) on 

the phagosomal membrane to inhibit recruitment of membrane trafficking proteins to the 

phagosome. Blocking phagosomal maturation is important for allowing the organism to 

avoid exposure to low pH, lysosomal hydrolases, and other components of lysosomes 

with anti-bacterial properties (Goldberg et al. 2014). 
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Interruption to homeostatic processes, such as autophagy, can also facilitate 

immune evasion. Autophagy has been extensively demonstrated to be effective in 

eliminating mycobacteria bacilli residing in host macrophages, and is usually triggered 

by cGAS–STING/TMEM173 sensing of bacterial DNA released via the ESX-1 secretion 

system (Majlessi & Brosch 2015; Chen et al. 2016; Cheng et al. 2020). Studies have 

shown that mycobacteria can target this system by production of a temperature-stable 

hexameric protein that inhibits autophagy through acetylation of a specific c-Jun N-

terminal kinase (JNK)–specific phosphatase, as well as through the ESX-1 secretory 

system  (Kim et al. 2012; Romagnoli et al. 2012). 

Recognition of PAMPs by host cell PRRs is normally the most rapid mechanism 

for sensing mycobacteria; therefore, evasion of this process can be greatly beneficial for 

survival of TB-causing MTBC strains (Cambier et al. 2014; Goldberg et al. 2014; Sia & 

Rengarajan 2019). M. tuberculosis and the closely related non-MTBC pathogen M. 

marinum can evade innate immune recognition via the Toll-like receptor TLR-MyD88 

pathway to recruit and infect permissive macrophages that transport them across the 

epithelium (Cambier et al. 2017). These mycobacteria use the cell wall-associated lipid 

phthiocerol dimycocerosate (PDIM) to mask underlying PAMPs, thereby avoiding the 

recruitment of microbicidal macrophages through TLR-MyD88-dependent pathways 

(Holscher et al. 2008; von Bernuth et al. 2012). As mycobacteria aim to relocate into the 

cytosol of the macrophage to avoid phagocytosis, evasion of cytosolic sensing can 

enhance its survival. One strategy is the evolution of an abnormal subunit of 

peptidoglycan, muramyl dipeptide (MDP) (Pandey et al. 2009). Most bacterial MDP is 

N-acetylated, which is recognised by a cytosolic sensor, NOD2 (Juarez et al. 2012). Upon

sensing, NOD2 will oligomerize with signalling intermediates to trigger innate cell 

responses such as production of pro-inflammatory cytokines and autophagy (Juarez et al. 

2012). 

Understanding the evolutionary logic and dynamics of immunomodulation and 

evasion by mycobacteria cannot solely rely on measurement of the host cellular 

transcriptional response; investigations must also extend to genes differentially expressed 

by the pathogen during infection, and importantly examine how these genes are regulated. 

During the last 20 years, increasingly sophisticated studies have examined gene activity 

and expression in M. tuberculosis cells during macrophage infections (Graham & Clark-

Curtiss 1999; Triccas & Gicquel 2000; Schnappinger et al. 2003; Waddell & Butcher 

2007; Rohde et al. 2012; Rienksma et al. 2015; Zimmermann et al. 2017; Betin et al. 
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2019; Peterson et al. 2019). For example, a recent paper describes dual RNA sequencing 

to explore host macrophage-pathogen transcriptional responses in tandem (Pisu et al. 

2020). The study had some limitations; specifically, the use of mouse rather than human 

macrophages and the very low amounts of detectable mycobacterial RNA. However, this 

work provides novel insights into the genes expressed by the pathogen within the 

macrophage. The authors were able to evaluate and compare mycobacterial and host cell 

transcriptomes in both AMs and interstitial macrophages (IMs). Through comparison and 

integration of their data with earlier studies (Schnappinger et al. 2003; Rohde et al. 2012), 

Pisu and colleagues identified a panel of 180 M. tuberculosis genes consistently 

upregulated during intracellular infection of macrophages. The biochemical pathways 

associated with these genes included cholesterol homeostasis, nitrogen assimilation, nitric 

oxide (NO) detoxification, and protein and lipid export machinery. In addition, they 

observed distinct M. tuberculosis transcriptomes in AMs and IMs that reflect differences 

in iron acquisition, metabolism and storage and suggest a nutrient-deficient environment 

in the IMs. 

There has been research into various environmental stressors that may be relevant 

to intracellular milieus of host macrophages and extracellular compartments of 

granulomas. These include, for example, hypoxia (Iona et al. 2016), non-replicative states 

(Muttucumaru et al. 2004), exposure to antibiotics (Matern et al. 2018) and nutrient 

depletion (Hampshire et al. 2004). How mycobacteria regulate their transcriptomes in 

response to environment stimuli, especially during long-term infection remains only 

partially understood. Therefore, detailed models of mycobacterial transcriptional 

regulatory networks and their perturbation by specific stimuli can inform novel strategies 

for tackling pathogenic MTBC strains such as M. tuberculosis. One such study by 

Peterson et al. (2014) involved a high-resolution network model of M. tuberculosis global 

gene regulation to help identify molecular programs evolved by the pathogen to 

manipulate and evade host immune responses. The goal of the work was to create an 

environment and gene regulatory influence network (EGRIN) that simulates which genes 

are activated or repressed by particular transcription factors (TFs) in response to specific 

environmental stimuli. Although there are several methodological issues with the study 

(for example, only 55% of the M. tuberculosis genome is actually captured by the EGRIN 

model), Peterson and colleagues were able to identify more than 400 novel gene 

regulatory programs in reaction to stress, cholesterol utilisation and dormancy. Many of 

these mechanisms are relevant to known processes underpinning key aspects of host-
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pathogen interaction for M. tuberculosis infection and tuberculosis disease. Therefore, 

the EGRIN model for M. tuberculosis provides an important resource for a systems 

biology approach to understanding host-pathogen interplay from the perspective of the 

pathogen. It represents a computational sandbox for development of experimentally 

testable hypotheses concerning gene regulation in pathogenic MTBC strains. In a 

subsequent study the same group incorporated chromatin immunoprecipitation 

sequencing (ChIP-seq) data, thereby adding an additional transcriptional regulatory layer 

to the EGRIN model, which substantially validated the original sets of co-regulated genes 

identified by Peterson and colleagues (Turkarslan et al. 2015). The published study 

described in Chapter 2 of this thesis takes a broadly similar approach to this work, using 

integration of RNA-seq, microRNA-seq (miRNA-seq) and ChIP-seq data to probe the 

regulome and chromatin landscape of the bovine AM in response to M. bovis infection 

(Hall et al. 2020b). 

1.4.4  Host epigenetic remodelling following infection 

In most cases, studies of the interplay between intracellular pathogens and host cells 

have focused on interactions between pathogen- and host-derived proteins on the host cell 

surface or within the cytoplasm. In recent years, however, it is becoming increasingly 

apparent that the host cell epigenome can be an important component of host-pathogen 

interaction, which intracellular pathogens can exploit to alter host gene expression and 

favour pathogen survival and dissemination (Gómez-Díaz et al. 2012; Silmon de Monerri 

& Kim 2014; McMaster et al. 2016).  Microbial pathogens can employ a wide range of 

mechanisms to modulate or remodel the host epigenome, targeting different components 

and functions of chromatin through DNA methylation, histone protein modifications, 

chromatin remodelling and non-coding RNAs (Figure 1.11). For example, through 

alteration of DNA methylation patterns, Leishmania donovani—a trypanosome that 

causes a severe form of leishmaniasis—downregulates genes that play key roles in host 

macrophage JAK/STAT and MAPK signalling (Marr et al. 2014). It has also recently 

been shown that a related species, L. amazonensis, modifies host macrophage histone H3 

proteins to upregulate genes encoding inhibitors of the NF-κB and NLRP3 inflammatory 

signalling pathway, such as TOLLIP, OTUD7B and TNFAIP3, thereby establishing 

permissive conditions for intracellular parasite survival (Lecoeur et al. 2020). 

Another example of pathogen-directed manipulation of host cell epigenomes is 

provided by Legionella pneumophila, a facultative intracellular Gram-negative bacterium 
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that infects AMs and causes legionellosis (Legionnaires' disease) (Cunha et al. 2016). 

Early work showed that L. pneumophila induces expression of histone deacetylase 1 

(HDAC1) to modulate proinflammatory gene expression in infected lung epithelial cells 

(Schmeck et al. 2008). More recently is had been shown that L. pneumophila expresses 

an effector protein, RomA, which contains a typical eukaryotic SET domain that 

functions as a histone methyltransferase (Rolando et al. 2013). During infection of 

macrophages, RomA localises to the cell nucleus and causes a surge of H3K14 

methylation that acts to downregulate a suite of innate immune genes expressed by 

macrophages, including IL6, TNF, CXCL1, CXCL1 and NALP3 (Rolando et al. 2013). 

The canonical MTBC pathogen, M. tuberculosis, also exhibits pathogen-directed 

mechanisms that modify components of the host epigenome to manipulate and modulate 

the macrophage transcriptome during infection (Kathirvel & Mahadevan 2016; Niller et 

al. 2017; Marimani et al. 2018). For example, with regards to histone modifications, an 

early study by Pennini and colleagues (2007) demonstrated that the 19 kDa M. 

tuberculosis lipoprotein, LpqH, stimulates histone deacetylation at the promoter of the 

class II major histocompatibility complex transactivator gene (CIITA) in infected 

macrophages. This leads to downregulation of CIITA, inhibition of antigen presentation 

with concomitant reduced detection of infected macrophages by CD4+ T cells, and 

enhanced immunoevasion by M. tuberculosis. It has also been shown that the Rv1988 

protein, secreted by virulent mycobacteria, including M. tuberculosis, localises to the 

nucleus to induce repression of macrophage genes via methylation of histone H3 at a non-

canonical arginine residue (Yaseen et al. 2015). In addition, ChIP-seq analysis of H3K4 

methylation showed that motifs embedded in certain human Alu SINE transposable 

elements are critical regulators of the epigenetic machinery modulating the macrophage 

transcriptome during M. tuberculosis infection (Bouttier et al. 2016). More recently, 

genome-wide deposition of transcriptionally permissive H3K4me3 and repressive 

H3K27me3 histone marks was determined for infections with avirulent and virulent M. 

tuberculosis strains. This work showed that the virulent H37Rv strain induced 

upregulation of the dual specificity phosphatase 4 gene (DUSP4) and the SATB 

homeobox 1 gene (SATB1), which the authors hypothesised enhances intracellular 

survival in macrophages through a range of mechanisms that include downregulation of 

ROS and repression of immune signalling pathways (Subuddhi et al. 2020). We have also 

recently shown that the reprogramming of bovine AM at 24 hpi with M. bovis is largely 

a consequence of differential distribution of permissive histone modifications at key 
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genes associated with M1/M2 polarisation and other critical innate immune processes 

(Hall et al. 2020b; see Chapter 2). 

Modifications of the host macrophage methylome have also been detected as a 

consequence of infections with pathogenic MTBC strains. Recent studies using 

macrophages generated from the THP-1 human monocyte cell line demonstrated that M. 

tuberculosis induces changes to DNA methylation patterns at specific inflammatory 

genes (Zheng et al. 2016) and across the genome in a non-canonical fashion (Sharma et 

al. 2015). Our group has also used whole-genome bisulfite sequencing (WGBS) to 

examine methylation patterns in bovine AM challenged with M. bovis 24 hpi (O'Doherty 

et al. 2019). This work identified a large group of more than 2,500 intermediately 

methylated promoters in bovine AM that are proximal to genes associated with a variety 

of immune processes. However, contrary to our histone mark results, at this early stage 

of infection we found no evidence for systematic genomic methylation pattern differences 

between M. bovis-infected AM and non-infected control AM.
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Figure 1.11: Examples of host epigenetic regulatory processes targeted by pathogens. Grey line: DNA; red line: silenced promotor; red circles: histone post-

translational modifications (reproduced from Silmon de Monerri & Kim 2014).
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1.5 High-throughput omics technologies that can be used 
to study human and animal tuberculosis 

During the two decades since publication of the first draft human genome sequence 

assemblies (Lander et al. 2001; Venter et al. 2001), increasingly powerful high-

throughput omics technologies have been developed that can be used to quantify, analyse, 

and interpret the biology and activity of genes and their regulators across multiple 

functional layers in prokaryotic or eukaryotic genomes. The rapid evolution of these 

technologies has been primarily driven by high-throughput sequencing (HTS) and 

computational genomics, which emerged in the wake of the “completed” human genome 

(International Human Genome Sequencing Consortium 2004), when the National Human 

Genome Research Institute (NGHRI) created a $70 million DNA sequencing technology 

initiative that had the goal of achieving a $1,000 human genome within a decade (Schloss 

2008). 

HTS based on the most widely used massively parallel DNA sequencing-by-

synthesis (SBS) technology have been available since 2006 with the commercial release 

of the Genome Analyzer platform by Solexa Ltd. In the following year, Solexa was 

purchased by Illumina, Inc. who quickly demonstrated the potential of HTS by SBS 

through generation of whole-genome sequence data from a single human, which could be 

compared to the reference genome for rapid and cost-effective identification of SNPs and 

structural variants (Bentley et al. 2008). HTS based on the Illumina SBS technology 

evolved rapidly over the following decade with read length, sample capacity, throughput, 

and raw sequence output increasingly substantially, thereby driving costs down even 

more rapidly than the Moore’s Law trajectory for information technology (Reuter et al. 

2015; Mardis 2017; Shendure et al. 2017; Lappalainen et al. 2019). At roughly the same 

time, another key technology pioneered by Illumina—the cost-effective genome-wide 

SNP genotyping array—matured and became widely adopted (Gunderson et al. 2005). 

The emergence of SNP arrays during this period was apposite because they were an ideal 

tool for the GWAS approach to identifying QTLs underlying complex traits (such as host 

response to infectious disease), which was proposed ten years earlier by Risch and 

Merikangas (Risch & Merikangas 1996) and first demonstrated (albeit without SNP 

arrays) six years later (Ozaki et al. 2002). 

The development and rapid adoption of HTS as a key enabling platform for 

genomics led to a flurry of new applications that used it as a sophisticated “counter” for 
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a vast range of biomolecular phenomena, leading one authoritative review to predict “…in 

the long view of history, the impact of DNA sequencing will be on a par with that of the 

microscope” (Shendure et al. 2017). In many cases, these applications cleverly re-

purposed existing locus-specific methods such as bisulfite conversion of 5-

methylcytosine, immunoprecipitation of proteins bound to chromatin, and the assay for 

transposase-accessible chromatin (ATAC) and translated them to “…-seq” methods for 

studying specific components of the epigenome and how they regulate gene expression 

across eukaryotic genomes (Rivera & Ren 2013; Reuter et al. 2015; Stricker et al. 2017). 

These translated HTS methods included methyl-seq (Cokus et al. 2008; Lister et al. 2008), 

ChIP-seq (Barski et al. 2007; Johnson et al. 2007) and ATAC-seq (Buenrostro et al. 

2013). Figure 1.12 provides a graphical overview of the myriad genome-wide 

biomolecular assays that have been developed over the last 15 years using HTS as a base 

technology. 

The most widely used HTS application beyond sequencing of genomic DNA is 

RNA-seq, which can be used to quantify and examine prokaryotic and eukaryotic 

transcriptomes at high resolution through shotgun sequencing of cDNA libraries 

(Nagalakshmi et al. 2008). During the last decade, RNA-seq has rapidly supplanted 

previously ubiquitous gene expression microarray technologies, and because the data is 

count-based it has significant advantages for analysis and interpretation compared to the 

analogue hybridisation signal data obtained from microarrays (Stark et al. 2019). It has 

also been extended to encompass small and long non-coding RNAs that has facilitated, 

for example, microRNA-seq—sequencing of expressed cellular microRNAs to evaluate 

their role in regulating protein-coding gene expression (Friedländer et al. 2008).
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Figure 1.12: Overview of selected HTS applications. The plot shows the publication date of a representative article first describing a particular assay or “…-seq” 

method versus the number of citations that the article received between 2006 and 2014. The methods are coloured by category and the size of each data point is 

proportional to the publication rate (citations/months). The inset key shows the functional assay categories for the methods and proportion of methods in each 

group (reproduced from Reuter et al. 2015).
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High-throughput omics technologies have had significant impacts beyond 

improving our knowledge of human biology and advancing biomedicine. Since the turn 

of the millennium, the most notable practical applications have actually been in plant and 

animal agriculture and food production (Bevan et al. 2017; Georges et al. 2019; Hickey 

et al. 2019). This has been particularly evident in domestic livestock since quantitative 

genetic simulations published by Theo Meuwissen and colleagues almost 20 years ago 

showed that dense genome-wide SNP data could be used for prediction of estimated 

breeding values (EBVs) and genome-enabled breeding (Meuwissen et al. 2001). It took 

several years before genotyping technologies in the form of genome-wide SNP arrays 

emerged that could be used to put this new genomic selection theory into practice. In 

addition, livestock genome assemblies and intraspecific sequence diversity resources 

needed to be generated for SNP identification and evaluation (Georges et al. 2019). 

However, since 2008–2009 when genomic selection for dairy cattle was first introduced 

into the United States and Ireland (Wickham et al. 2012; Wiggans et al. 2017), it has 

revolutionised scientific breeding in the major domestic animal species. 

The impact of the new 21st century omics technologies has been profound in 

broadening and deepening our understanding of tuberculosis disease in humans and cattle 

caused by infection with M. tuberculosis and M. bovis, respectively. In the following two 

sections, I provide examples of research work that has leveraged these methods to gain a 

clearer picture of the genomic architecture of the host response to infection and new 

insights into host-pathogen interaction, particularly at the interface between the MTBC 

and the vertebrate macrophage. 

1.5.1  Genome variation and the genomic architecture of host responses 

in human and bovine tuberculosis 

It is well established that phenotypic variation in susceptibility to infection and 

resilience to disease has a measurable genetic component for both hTB caused by M. 

tuberculosis (Naranbhai 2016; Dallmann-Sauer et al. 2018; Moller & Kinnear 2020) and 

bTB caused by M. bovis (Allen et al. 2010; le Roex et al. 2013). In the case of hTB and 

depending on the population and phenotype used, narrow sense heritabilities (h2) for 

susceptibility to M. tuberculosis infection or resilience to disease are moderate to high 

(Abel et al. 2014; Naranbhai 2016; Möller et al. 2018). For example, although not fully 

concordant in predicting M. tuberculosis infection, the heritabilities for tuberculin skin 

test (TST) responsiveness and quantitative interferon gamma release assay (IGRA) 
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reactivity following exposure to the pathogen have been estimated in a West African 

population as 71% and 39%, respectively (Jepson et al. 2001). Estimates for SNP-based 

“chip” or marker heritability (ℎ𝑚
2 ) of hTB disease resilience from GWAS data sets have 

also been reported to be 25–50% (Naranbhai 2016). 

The substantial genetic component to M. tuberculosis resistance/susceptibility and 

hTB resilience traits has encouraged research efforts to identify genomic polymorphisms 

underlying intrapopulation variation humans. Initially, due to technological limitations in 

the 1990s and early 2000s, individual or small numbers of genes were targeted. 

Notwithstanding this, these studies have revealed candidate genes with functionally 

plausible genomic sequence variants, including multiple major histocompatibility 

complex (MHC) HLA genes (HLA-A, HLA-DQB, and HLA-DRB1), and the solute carrier 

family 11 member 1 (SLC11A1 aka NRAMP1), CD209 molecule (CD209), IFNG, 

interferon gamma receptor 1 (IFNGR1), interleukin 10 (IL10), and multiple TLR (TLR2, 

TLR4, TLR9) genes (for detailed reviews see: Stein et al. 2017; van Tong et al. 2017; 

Dallmann-Sauer et al. 2018; Moller & Kinnear 2020). 

Since 2010, the focus of work to understand the genomic architecture of M. 

tuberculosis resistance/susceptibility and hTB resilience traits has been on using GWAS 

approaches. The first human GWAS for hTB susceptibility was performed by Thye and 

colleagues using a large case-control cohort from West Africa and identified a QTL on 

chromosome 18q11.2 that encompassed a series of immunobiologically relevant genes, 

including the cadherin 13 (CDH13), exportin 1 (XPO1) and zinc finger protein 229 

(ZNF229) genes (Thye et al. 2010). Another example that used approximately 7.6 million 

imputed SNPs in 5,530 Russian pulmonary hTB cases and 5,607 healthy controls 

observed a strong association with SNPs in the ArfGAP with SH3 domain, ankyrin repeat 

and PH domain 1 gene (ASAP1) located on chromosome 8q24 (Curtis et al. 2015). The 

authors also showed that ASAP1 expression was differentially altered in human dendritic 

cells after infection with M. tuberculosis in an additive fashion corresponding to the three 

genotypes at an ASAP1 SNP (rs10956514). However, the largest GWAS for hTB disease 

risk performed to-date tested 28.3 million imputed SNPs in 8,162 cases and 277,643 

controls from the Icelandic population (Sveinbjornsson et al. 2016). This work identified 

highly significant associations for HLA genes located in the MHC, specifically HLA-

DQA1, HLA-DRB1 and HLA-DQA1. Figure 1.13 shows a schematic of the human 

karyogram with various candidate genes, GWAS QTLs and other loci that have been 

experimentally associated with tuberculosis susceptibility. 
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More recently, the UK Biobank (www.ukbiobank.ac.uk) released the GeneATLAS 

database resource (geneatlas.roslin.ed.ac.uk), which provides GWAS data for 9,113,133 

genomic variants and 778 traits in 452,264 subjects of European descent (Canela-Xandri 

et al. 2018). Note: for the integrative genomics analyses described in Chapter 4, I used 

the hTB trait summary GWAS data from the UK Biobank GeneATLAS database, 

consisting of 2,219 pulmonary hTB cases and 450,045 controls. 

Figure 1.13: Human karyogram illustrating genetic associations with hTB susceptibility that are 

coded according to the type of evidence generated. Note: MSMD = Mendelian susceptibility to 

mycobacterial disease (reproduced from Naranbhai 2016). 

http://www.ukbiobank.ac.uk/
http://geneatlas.roslin.ed.ac.uk/
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Research work to dissect the genomic architecture of the resistance/susceptibility 

to M. bovis infection and resilience to bTB disease in cattle has followed a similar 

trajectory to work on hTB, albeit on a smaller scale. Using epidemiological modelling 

and classical quantitative genetics approaches, the heritability of resistance to infection 

has been separately estimated at approximately 18% in the UK and Irish dairy cattle 

populations (Bermingham et al. 2009; Brotherstone et al. 2010). In addition, candidate 

gene studies have identified several polymorphisms that are associated with 

resistance/susceptibility to M. bovis infection and/or resilience to bTB disease. For 

example, using four different phenotypes in African zebu cattle—actually B. 

taurus/indicus stable crossbreds—Kadarmideen and colleagues (2011) detected 

associations with multiple alleles of a microsatellite in the SLC11A1 (NRAMP1) gene. In 

support of this observation, SNPs in the SCL11A1 gene were subsequently shown to 

associate with bTB disease resilience in Chinese Holstein cattle (Liu et al. 2017a). Other 

genes with sequence polymorphisms that exhibit statistically significant associations with 

M. bovis resistance/susceptibility or bTB resilience include the CD14 molecule (CD14),

nucleotide binding oligomerization domain containing 2 (NOD2 aka CARD15), TLR6 and 

TNF genes (Song et al. 2014; Wang et al. 2015; Cheng et al. 2016; Xue et al. 2018). 

Again, comparable to hTB, research efforts on the host genetics of bTB during the 

last decade have tended to leverage GWAS approaches. The first GWAS for M. bovis 

infection susceptibility in cattle used a composite phenotype for genetic merit (sire model 

EBV), which was based on disease incidence as measured by SICTT responses in 

daughters of 307 elite Holstein-Friesian sires used in the Irish dairy herd (Finlay et al. 

2012). This GWAS used 44,426 SNPs and detected a 65 kb QTL region on bovine 

chromosome 22 (BTA22) that contained a functionally plausible candidate gene, the 

solute carrier family 6-member 6 gene (SLC6A6). A subsequent GWAS used a simpler 

case-control approach with SICTT results and post-mortem abattoir inspection data from 

Holstein-Friesian cattle in Northern Ireland (Bermingham et al. 2014). Using high-density 

marker data (617, 010 SNPs) from 592 defined bTB case and 559 control animals, 

Bermingham and colleagues detected QTLs that spanned the myosin IIIB gene (MYO3B) 

on BTA2 and the protein tyrosine phosphatase receptor type T gene (PTPRT) on BTA13. 

With regard to these early bTB GWAS, it is important to note that the BTA2 (MYO3B), 

BTA13 (PTPRT) and BTA22 (SLC6A6) QTLs were not replicated in later studies 

(Richardson et al. 2016; Ring et al. 2019) that used more sophisticated statistical methods 

and are described below. 
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Richardson and colleagues used SICTT-based EBVs for bTB disease resistance in 

Irish cattle herds that were generated for 841 Holstein-Friesian sires (Richardson et al. 

2016). These 841 sires had high-density marker genotypes for 597,144 SNPs and single-

SNP regression and Bayesian statistical methods were used to identify GWAS QTLs 

coupled with network approaches for biological pathway enrichment and identity-by-

descent (IBD) mapping to further refine genomic segments associated with bTB disease 

resistance. The most notable result from this work was consistent identification of a 

BTA23 QTL that encompassed the FKBP prolyl isomerase 5 gene (FKBP5) that plays a 

role in immunoregulation and the TNF/NF-κB signalling pathway. Note: the summary 

bTB trait GWAS data generated by Richardson et al. (2016) was employed for the 

integrative genomics analyses described in Chapter 2 (see also Hall et al. 2020b). 

More recently, the same research group extended this work to encompass an EBV-

based M. bovis infection resistance/susceptibility phenotype generated for 2,039 

Charolais, 1,964 Limousin and 1,502 Holstein-Friesian sires with 17,250,600, 

17,267,260, and 15,017,692 imputed and filtered autosomal SNPs, respectively (Ring et 

al. 2019). Ring and colleagues were also able to perform a multi-breed analysis of 7,346 

animals with 10,506,082 filtered SNPs by using the Charolais, Limousin and Holstein-

Friesian sires combined with 1,131 sires from several other breeds. The multi-breed and 

intra-breed GWAS analyses detected a large number of statistically significant QTLs 

across many bovine chromosomes including one 0.51 Mb region on BTA23 that 

overlapped across all four analyses and contained the RCAN2, CYP39A1, SLC25A27, 

TDRD6, and PLA2G7 protein-coding genes plus a non-coding small nuclear RNA 

(snRNA) gene (RF00026). Although the GWAS analyses performed by Ring and 

colleagues are the most in-depth currently published, the most notable outcome of this 

work was confirmation of the highly polygenic genomic architecture for M. bovis 

infection resistance in cattle. This is to say, SNPs observed to be significantly or nearly 

significantly associated with M. bovis resistance are found within and proximal to 

hundreds of genes or genomic regulatory elements (GREs) dispersed across the genome. 

In addition, many of these genes or GREs may not have been previously functionally 

associated with mycobacterial infections. Consequently, it may therefore be hypothesised 

that bTB disease resistance traits are essentially omnigenic (Boyle et al. 2017), which 

with moderate or even low heritabilities should make them tractable to genome-enabled 

breeding programmes to enhance disease resistance in production cattle populations 

(Georges et al. 2019). Note: the summary bTB trait GWAS data generated by Ring et al. 
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(2019) were used for the integrative genomics analyses described in Chapter 3 and 

Chapter 4. 

1.5.2  Functional and integrative genomics of macrophage-mycobacteria 

interaction 

Functional genomics studies of the human macrophage in response to infection with 

MTBC strains date back to the early 2000s. For example, Nau and colleagues (2002) used 

several bacterial species, including M. tuberculosis and the attenuated M. bovis BCG 

vaccine strain to challenge human MDM across a 24-h in vitro time course. They then 

examined the macrophage transcriptome across the time course using the first 

commercially available human expression microarray (Affymetrix® GeneChip® 

Hu6800), which could assay transcript abundance for approximately 8,000 genes. This 

work identified a general macrophage activation transcriptional pattern and provided 

early clues as to how, as an intracellular pathogen, M. tuberculosis reprograms the host 

macrophage during infection. The following year, Wang and colleagues used a higher 

density Affymetrix® expression array (HG-U95A) with approximately 12,000 human 

genes to study human MDM challenged with M. tuberculosis across a longer 48-h 

infection time course (Wang et al. 2003). This study also revealed reprograming of the 

macrophage transcriptome due to infection, showing upregulation of genes encoding 

cytokines, chemokines, ribosomal components, and proteins involved in NF-κB 

signalling pathways. 

During the last decade, in vitro studies of the human macrophage response to M. 

tuberculosis have employed RNA-seq-based methods to gain a more complete 

understanding of the transcriptional changes induced by infection. An RNA-seq study 

published in 2015 recapitulated the work of Nau et al. (2002) through a 48-h MDM time 

course challenge with multiple MTBC strains, non-pathogenic Mycobacterium 

smegmatis and other intracellular and extracellular bacterial pathogens (Blischak et al. 

2015). Results from this work revealed a specific subset of host macrophage genes that 

they termed mycobacteria-specific response genes, which encompassed phagosome 

maturation, superoxide production, response to vitamin D, macrophage chemotaxis, and 

sialic acid synthesis. Recently, Papp and colleagues used a targeted RNA-seq approach 

(AmpliSeq™) with the Ion Torrent HTS platform to study both human AM and MDM 

challenged with M. tuberculosis and sampled at 2, 24 and 72 hpi (Papp et al. 2018). This 

work identified previously described macrophage transcriptional patterns in response to 
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infection and showed through gene interaction network analyses that AM exhibited a 

functionally different response to infection compared to MDM. Figure 1.14 illustrates 

this observation, showing the most active subnetworks of differentially expressed genes 

at 2 hpi in AM and MDM. Note: the AmpliSeq™ data generated by Papp et al. (2018) 

were used for the integrative genomics analyses described in Chapter 4. 

Figure 1.14: The most active subnetworks of differentially expressed genes for human AM and 

MDM 2 hpi with M. tuberculosis. Gene interaction networks were generated using Ingenuity® 

Pathway Analysis (IPA) and the intensity of the red colour corresponds to log2 fold-change 

upregulation for each gene compared to non-infected control samples (modified from Papp et 

al. 2018). 

Functional genomics studies of the bovine macrophage response to M. bovis and 

other MTBC strains have also progressed steadily during the last 15 years. Using a 

machine-spotted bovine two-colour cDNA array containing approximately 7,600 gene 

features, Widdison and colleagues explored the bovine AM response to M. bovis and M. 

tuberculosis challenge in vitro at 24 hpi (Widdison et al. 2008). Although the sample sizes 

used were likely too low to obtain robust estimates of differential expression (only two 

arrays were used), analysis of the microarray data coupled with RT-qPCR analysis of 

larger sample sets (n = 5 biological replicates) demonstrated that many chemokine genes 

were more highly expressed in M. tuberculosis-infected AM, including CCL3, CCL4, 

CCL5, and CCL23. Following from this observation, they also showed that supernatant 

from M. tuberculosis-infected AM more effectively attracted bovine granulocytes in an 
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in vitro chemotaxis assay, leading to the hypothesis that M. bovis can more readily repress 

activation of the bovine host chemotactic response. 

Our research group has also undertaken several transcriptomics studies to 

investigate in vitro bovine MDM and AM responses to intracellular infection with 

different MTBC strains. Using a genome-wide Affymetrix® GeneChip® expression array 

with content representing more than 23,000 transcripts, Magee et al. (2012) surveyed the 

transcriptomes of MDM challenged with M. bovis across a 24-h time course. Systems 

analysis of differentially expressed genes using IPA identified significant enrichment of 

genes in specific biological pathways, including PAMP recognition by TLRs, NF-κB 

signalling and programmed cell death (apoptosis). Also highlighted were intracellular 

PRR signalling pathways including, notably, an early demonstration of the importance of 

the RLRs encoded by DDX58 (aka RIG-I), IFIH1 (aka MDA5), and DHX58 (aka LGP2) 

(see Section 1.4.1.1). A network biology approach was used by Killick and colleagues 

(2014) to study the differential responses of bovine MDM challenged with virulent M. 

bovis and attenuated M. bovis BCG across a 24-h infection time course. Analysis of the 

differential expression network (DEN) generated for the 24 hpi time point demonstrated 

that the inhibitor of nuclear factor kappa B kinase subunit epsilon (IKBKE), MYC proto-

oncogene, bHLH transcription factor (MYC), nuclear factor kappa B subunit 1 (NFKB1), 

histone deacetylase 5 (HDAC5), and TNF receptor associated factor 2 (TRAF2) genes 

were key functional hubs in the contrasting transcriptional responses to virulent and 

attenuated MTBC strains. Figure 1.15 shows the 24 hpi DEN generated by Killick et al. 

and illustrates the small-world topology of the differential response network for MDM 

challenged with M. bovis and M. bovis BCG. 

The bovine AM response to different MTBC strains has also been studied by our 

group using transcriptomic approaches that take advantage of the superior properties of 

RNA-seq gene expression data. Nalpas and colleagues (2015) used RNA-seq to survey 

the transcriptomes of bovine AM challenged with M. bovis across a 48-h time course. In 

addition, to clearly defining TLR and NF-κB signalling in the infected AM, they were 

also able to examine in detail, the time-dependent behaviour of the RLR signalling and 

lysosome pathways as they responded to the presence of intracellular MTBC bacilli. 

Using the same experimental model, Vegh et al. (2015) were able to leverage small RNA-

seq to profile microRNA expression in bovine AM across the 48-h M. bovis infection 

time course. Pathway analysis of predicted gene targets for differentially expressed 

microRNAs identified endocytosis and lysosome trafficking, IL-1 signalling and the 
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TGF-β pathway as key components of the AM microRNA regulatory network in response 

to MTBC pathogens. More recently, our group has compared the bovine AM 

transcriptome in response to the cattle-adapted M. bovis and human-adapted M. 

tuberculosis MTBC strains (Malone et al. 2018). This work highlighted comparatively 

increased activation of DNA sensing and RLR signalling pathways in bovine AM infected 

with M. bovis and functionally linked this to upregulation of the M. bovis ESX-1 secretion 

system in comparison to the same system in M. tuberculosis (see also Figure 1.6). 

Figure 1.15: A differential expression network (DEN) generated from comparison of 

transcriptomics data from bovine MDM challenged in vitro with virulent M. bovis and 

attenuated M. bovis BCG (24 hpi). To illustrate the small-world properties of the DEN, a key hub 

gene (MYC) is shown in black and the colour code indicates genes at increasing edge distances 

from MYC (reproduced from Killick et al. 2014). 
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Integrative genomics strategies that leverage bioinformatic and statistical analyses 

of multiple sets of omics data (multi-omics) from the same or related experiments to 

derive new scientific insights are increasingly being applied across the spectrum of 

biological research disciplines (Ritchie et al. 2015; Sun & Hu 2016; Karczewski & Snyder 

2018). For example, during the last decade the number of PubMed entries including the 

term “multi-omics” has increased more than 100-fold from five entries in 2010 to 596 

entries in 2019. All omics layers that can be assayed in cells and tissues using high-

throughput methods and at large scale can be used for integrative analyses. These include 

genomic variation data generated using SNP arrays or WGS; epigenomic state 

information such as DNA methylation, histone modifications or chromatin accessibility; 

transcriptomic outputs encompassing mRNAs, long non-coding RNAs (lncRNAs) and 

microRNAs; proteomic data including protein abundance and post-translational 

modifications; and metabolomic readouts of small molecule substrates, intermediates and 

products of biochemical processes (see Figure 1.16). It is also important to note that 

network science approaches are increasingly being used for data summarisation, 

visualisation, interrogation and knowledge extraction with multi-omics data (Hawe et al. 

2019; Ramos et al. 2019; Wani & Raza 2019). 

Figure 1.16: Multiple layers of omics data that can be used for integrative genomics analyses. 

Arrows indicate the flow of genetic information from the genome to the phenome. The red 

crosses indicate inactivation of transcription or translation. CSF, cerebrospinal fluid; Me, 

methylation; TFBS, transcription factor-binding site (modified from Ritchie et al. 2015). 
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Because of the scale of the data required for multi-omics investigations, there has 

been significant international collaboration to build common resources with baseline data 

that can be used for integrative analyses. For example, the human 1000 Genomes Project 

that ran between 2008 and 2015 contains WGS data from multiple human populations 

and is now curated as part of the International Genome Sample Resource (IGSR) (Fairley 

et al. 2020). There are other repositories that link phenotype trait and genome-wide SNP 

data such as the GeneATLAS human GWAS database (Canela-Xandri et al. 2018) and the 

Human Genome Epidemiology (HuGE) Navigator (Yu et al. 2008). In addition, there are 

also important human functional genomics data resources such as the ENCODE 

Encyclopaedia of DNA Elements project (ENCODE Project Consortium 2012) and the 

Genotype-Tissue Expression (GTEx) Project reference catalogue of genome variation and 

gene expression in diverse tissues (GTEx Consortium 2017). Comparable resources also 

exist for cattle including the 1000 Bull Genomes Project (Hayes & Daetwyler 2019) for 

WGS data and the Cattle Quantitative Trait Locus (QTL) Database (Cattle QTLdb) for 

GWAS data (Hu et al. 2019). Important cattle functional genomics resources are also 

being developed by the Functional Annotation of Animal Genomes (FAANG) Consortium 

(Giuffra et al. 2019), including a comprehensive bovine gene transcriptome atlas (Fang 

et al. 2020). 

Applications of integrative genomics approaches for understanding the macrophage 

responses to MTBC infection and how this can be linked to functional genomic variation 

relevant to hTB or bTB disease resilience can be illustrated with the following examples. 

In 2008, Thuong and colleagues published the first study that combined large-scale 

macrophage transcriptome and candidate gene SNP data to identify hTB susceptibility 

loci (Thuong et al. 2008). Using a human Affymetrix® gene expression array (U133 Plus 

2.0 with approximately 47,000 transcripts), they profiled MDM from subjects with latent 

hTB (LTB), pulmonary hTB (PTB), and severe meningeal hTB (TBM), which had been 

stimulated for 4 h with a killed M. tuberculosis lysate. Comparison of gene expression 

profiles among the three clinical phenotypes highlighted several genes that distinguished 

the three clinical groups and case-control genotyping of SNPs across the 200 kb 

chromosome 17 C-C motif chemokine ligand (CCL) gene cluster identified hTB 

resilience haplotypes encompassing the CCL1 gene. A number of years later, the same 

group expanded this work to encompass a case-control hTB GWAS data set that they 

integrated with MDM gene expression results from the previous study (Thuong et al. 

2012). There were 21 genes highly induced (> 50-fold upregulation) by stimulation with 
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killed M. tuberculosis in MDM from all three clinical groups  and eight of these 21 genes 

had GWAS SNPs associated with hTB resilience (IL1A, PTX3, EREG, CXCL1, F3, 

TNFAIP6, INHBA, and SERPINB2). A 60 kb region on chromosome 4 encompassing the 

epiregulin gene (EREG) contained the largest number of associated SNPs; however, 

correction for multiple tests reduced this substantially. As part of this work, Thuong and 

colleagues also showed that an EREG SNP variant was more strongly associated with 

infections caused by the Beijing lineage of M. tuberculosis. 

In recent years, more sophisticated approaches to data integration have been used 

to study the host macrophage response to MTBC pathogens and the genetic component 

of resistance/susceptibility to infection. For example, Delgobo and colleagues have 

shown that exposure to M. tuberculosis causes primary human CD34+ haematopoietic 

stem cells (HSC) to differentiate into a monocyte/macrophage phenotype (Delgobo et al. 

2019). In addition, integrated systems biology analyses of multiple functional genomics 

outputs (transcriptome and proteome) and a series of different GWAS data sets revealed 

a small IL6–IL6R–CEBPA subnetwork/module associated with hTB disease severity that 

has undergone recent microevolutionary change in human populations and also exhibits 

adaptive introgression from Neanderthals (Homo neanderthalensis) (Delgobo et al. 

2019). It is important to note that this discovery and the more widely appreciated role of 

archaic admixture—from Neanderthals and Denisovans (H. denisova)—in modern 

human infectious disease susceptibility suggests that studies of genome-wide local 

ancestry in hybrid taurine/zebu cattle populations (McHugo et al. 2019) could reveal 

adaptive introgression associated with macrophage-mycobacterial interactions and the 

documented enhanced bTB resilience of the B. indicus lineage (Vordermeier et al. 2012). 

With regard to cattle macrophage functional genomics and GWAS data, based on the 

published literature the only study that systematically integrates these data types to gain 

a deeper understanding of the genomic architecture of bTB disease resilience was recently 

published by our group and is described fully in Chapter 2 of this thesis (Hall et al. 

2020b). 
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1.6 PhD research overview 

Bovine and human tuberculosis, caused by M. bovis and M. tuberculosis, 

respectively, cause widespread and extensive social and economic damage across the 

world. Human TB took the lives of over 1.5 million people in 2018 (World Health 

Organization 2019), and bTB continues to cost billions to the global agricultural industry, 

as well as reducing animal welfare in dairy and beef cattle breeds (Waters et al. 2012). 

The initial stages of infection and subsequent host-pathogen interaction, when the 

mycobacterial pathogen encounters the alveolar macrophage, are poorly understood. 

However, during the last decade, the maturation of high-throughput omic sequencing 

technologies coupled with well-annotated genome resources and highly powered disease 

GWAS data sets has provided an unprecedented opportunity to gain a deeper 

understanding of host-pathogen interactions for many infectious diseases, including 

tuberculosis. As such, the availability of this data provides a unique opportunity to 

develop integrative computational pipelines to analyse the host response to mycobacterial 

infections across different time points, cell types, mammalian and bacterial species, and 

at different omic levels (genomic, transcriptomic and epigenomic) at greater resolutions. 

These integrative analytical methods can reveal novel enriched immune response genes, 

as well as previously characterised genes in newer contexts, such as epigenetic 

remodelling and miRNA regulation following infection. Coupled with these enriched 

genes sets, highly powered bTB/hTB resistance GWAS data sets can facilitate 

identification of causal variants significantly associated with the infection and disease 

resistance traits that are within or proximal to bTB/hTB response genes.  Identification of 

these variants can lead to greater accuracy in selecting for bTB disease resistance traits in 

cattle breeding, further prioritise key mycobacterial response genes and provide insight 

into the genetic architecture that underpins disease resilience in both mammalian species. 
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1.6.1  Aims and objectives of this PhD research project 

1. Identify differences in the transcriptional reprogramming of M. bovis-infected 

bAM at 24 hpi by integrating ChIP-seq, RNA-seq and miRNA-seq data sets. 

2. Determine if histone 3 (H3) is differentially trimethylated (me3) at lysine 4 

(H3K4me3 - drives expression) and at lysine 27 (H3K27me3 – represses 

expression) in M. bovis-infected macrophages.  

3. Generate co-expression and gene interaction networks using RNA-seq data 

generated from M. bovis-infected macrophages and M. tuberculosis-infected 

bAM at 2, 6, 24 and 48 hpi to identify key hub genes and transcriptional 

regulators.  

4. Compare and contrast the transcriptional response of M. bovis-infected bovine 

alveolar macrophages (bAM-MB), M. tuberculosis-infected bovine alveolar 

macrophages (bAM-MT), M. tuberculosis-infected human alveolar 

macrophages (hAM-MT), and M. tuberculosis-infected human monocyte 

derived macrophages (hMDM-MT) in order to investigate the cross-species 

and species-specific responses to mycobacterial infection.   

5. Integrate the results from the previous four sections with bTB and hTB GWAS 

data sets to examine the genetic architecture that underpins TB disease 

resistance or resilience in human and cattle populations.  

The primary hypotheses for each of the experimental chapters can be defined as follows. 

1. In Chapter 2, I test the hypothesis that the bAM epigenome is remodelled at 

key innate immune loci following challenge with M. bovis, which reflects 

host-pathogen interaction following infection. 

2. In Chapter 3, I test the hypothesis that functional genomics data from infected 

bAM could be integrated with GWAS data to uncover the genetic architecture 

of resistance to M. bovis infection in multiple cattle breeds. 

3. In Chapter 4, I test the following hypotheses: a) that there are comparable 

transcriptional responses—that may be evolutionarily conserved—to 

mycobacterial infection across two mammalian species; and b) that genomic 

variation at similar sets of genes and GREs underpin the genetic architecture 

of resistance to M. bovis infection in cattle and humans. 
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Chapter 2 – Alveolar macrophage 

chromatin is modified to orchestrate 

host response to Mycobacterium 

bovis infection 
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2.2 Introduction 

Bovine tuberculosis (bTB) is a chronic infectious disease of livestock, particularly 

domestic cattle (Bos taurus, Bos indicus and Bos taurus/indicus hybrids), which causes 

more than $3 billion in losses to global agriculture annually (Steele 1995; Waters et al. 

2012). The aetiological agent of bTB is Mycobacterium bovis, a pathogen with a genome 

sequence that is 99.95% identical to M. tuberculosis, the primary cause of human 

tuberculosis (TB) (Garnier et al. 2003). In certain agroecological milieus M. bovis can 

also cause zoonotic TB with serious implications for human health (Thoen et al. 2016; 

Olea-Popelka et al. 2017; Vayr et al. 2018). 

Previous studies have shown that the pathogenesis of bTB disease in animals is 

similar to TB disease in humans and many of the features of M. tuberculosis infection are 

also characteristic of M. bovis infection in cattle (Waters et al. 2014; Buddle et al. 2016; 

Williams & Orme 2016). Transmission is via inhalation of contaminated aerosol droplets 

and the primary site of infection is the lungs where the bacilli are phagocytosed by 

alveolar macrophages, which normally can contain or destroy intracellular bacilli (Weiss 

& Schaible 2015; Kaufmann & Dorhoi 2016). Disease-causing mycobacteria, however, 

can persist and replicate within alveolar macrophages via a bewildering range of evolved 

mechanisms that subvert and interfere with host immune responses (de Chastellier 2009; 

Cambier et al. 2014; Schorey & Schlesinger 2016; Awuh & Flo 2017). These mechanisms 

include: recruitment of cell surface receptors on the host macrophage; blocking of 

macrophage phagosome-lysosome fusion; detoxification of reactive oxygen and nitrogen 

intermediates (ROI and RNI); harnessing of intracellular nutrient supply and metabolism; 

inhibition of apoptosis and autophagy; suppression of antigen presentation; modulation 

of macrophage signalling pathways; cytosolic escape from the phagosome; and induction 

of necrosis, which leads to immunopathology and shedding of the pathogen from the host 

(Ehrt & Schnappinger 2009; Hussain Bhat & Mukhopadhyay 2015; Queval et al. 2017; 

BoseDasgupta & Pieters 2018; Chaurasiya 2018; Stutz et al. 2018). 

Considering the dramatic perturbation of the macrophage by intracellular 

mycobacteria, we and others have demonstrated that bovine and human alveolar 

macrophage transcriptomes are extensively reprogrammed in response to infection with 

M. bovis and M. tuberculosis (Nalpas et al. 2015; Vegh et al. 2015; Lavalett et al. 2017; 

Jensen et al. 2018; Malone et al. 2018; Papp et al. 2018). These studies have also revealed 

that differentially expressed gene sets and dysregulated cellular networks and pathways 
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are functionally associated with many of the macrophage processes described above that 

can control or eliminate intracellular microbes. 

For many intracellular pathogens it is now also evident that the infection process 

involves alteration of epigenetic marks and chromatin remodelling that may profoundly 

alter host cell gene expression (Hamon & Cossart 2008; Bierne et al. 2012; Rolando et al. 

2015; Niller & Minarovits 2016). For example, distinct DNA methylation changes are 

detectable in macrophages infected with the intracellular protozoan Leishmania 

donovani, which causes visceral leishmaniasis (Marr et al. 2014). Recent studies using 

cells with a macrophage phenotype generated from the THP-1 human monocyte cell line 

have provided evidence that infection with M. tuberculosis induces alterations to DNA 

methylation patterns at specific inflammatory genes (Zheng et al. 2016) and across the 

genome in a non-canonical fashion (Sharma et al. 2016). 

With regards to host cell histones and in the context of mycobacterial infections, 

Yaseen et al. have shown that the Rv1988 protein, secreted by virulent mycobacteria, 

localises to the chromatin upon infection and mediates repression of host cell genes 

through methylation of histone H3 at a non-canonical arginine residue (Yaseen et al. 

2015). In addition, chromatin immunoprecipitation sequencing (ChIP-seq) analysis of 

H3K4 monomethylation (a marker of poised or active enhancers), showed that regulatory 

sequence motifs embedded in subtypes of Alu SINE transposable elements are key 

components of the epigenetic machinery modulating human macrophage gene expression 

during M. tuberculosis infection (Bouttier et al. 2016). 

In light of the profound macrophage reprogramming induced by mycobacterial 

infection, and previous work demonstrating a role for host cell chromatin modifications, 

we have used ChIP-seq and RNA sequencing (RNA-seq) to examine gene expression 

changes that reflect host-pathogen interaction in bovine alveolar macrophages (bAM) 

infected with M. bovis. The results obtained support an important role for dynamic 

chromatin remodelling in the macrophage response to mycobacterial infection, 

particularly with respect to M1/M2 polarisation. Genes identified from ChIP-seq and 

RNA-seq results were also integrated with GWAS data to prioritise genomic regions and 

SNPs associated with bTB resilience. Finally, the suitability of bAM for ChIP-seq assays 

and the results obtained demonstrate that these cells represent an excellent model system 

for unravelling the epigenetic and transcriptional circuitry perturbed during 

mycobacterial infection of vertebrate macrophages. 
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2.3 Materials and methods 

2.3.1  Preparation and infection of bAM 

Bovine alveolar macrophages and M. bovis 2122 were prepared as described 

previously (Magee et al. 2014) with minor adjustments. Macrophages (2 × 106) were 

seeded in 60 mm tissue culture plates and challenged with M. bovis at an MOI of 10:1 (2 

× 107 bacteria per plate) for 24 h; parallel non-infected controls were prepared 

simultaneously. (Nalpas et al. 2015; O'Doherty et al. 2019). 

2.3.2  Preparation of nucleic acids for sequencing   

Sheared fixed chromatin was prepared exactly as described in the truChIP™ 

Chromatin Shearing Kit (Covaris) using 2 × 106 macrophage cells per AFA tube. Briefly, 

cells were washed in cold PBS and 2.0 ml of Fixing Buffer A was added to each plate, to 

which 200 µl of freshly prepared 11.1% formaldehyde solution was added. After 10 min 

on a gentle rocker the crosslinking was halted by the addition of 120 µl of Quenching 

Solution E, cells were washed with cold PBS, released from the plate using a cell scraper 

and re-suspended in 300 µl Lysis Buffer B for 10 min with gentle agitation at 4°C to 

release the nuclei. The nuclei were pelleted and washed once in Wash Buffer C and three 

times in Shearing Buffer D3 prior to been resuspended in a final volume of 130 µl of 

Shearing Buffer D3. The nuclei were transferred to a micro AFA tube and sonicated for 

8 min each using the Covaris E220e as per the manufacturer’s instructions. Chromatin 

immunoprecipitation of sonicated DNA samples was carried out using the Chromatin 

Immunoprecipitation (ChIP) Assay Kit (Merck KGaA) and anti-H3K4me3 (05-745R) 

(Merck KGaA), Pol II (H-224) (Santa Cruz Biotechnology, Inc.) or anti-H3K27me3 (07-

449) (Merck KGaA) as previously described (Vernimmen et al. 2011). RNA was 

extracted from infected (n = 4) and control (n = 4) bAM samples using the RNeasy Plus 

Mini Kit (Qiagen) as previously described (O'Doherty et al. 2012). All 8 samples 

exhibited excellent RNA quality metrics (RIN >9). 

2.3.3  Sequencing  

Illumina TruSeq Stranded mRNA and TruSeq Small RNA kits were used for 

mRNA-seq and small RNA-seq library preparations and the NEB Next Ultra ChIPseq 

Library Prep kit (New England Biolabs) was used for ChIP-seq library preparations. 

Pooled libraries were sequenced by Edinburgh Genomics (http://genomics.ed.ac.uk) as 

http://genomics.ed.ac.uk/
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follows: paired-end reads (2 × 75 bp) were obtained for mRNA and ChIP DNA libraries 

using the HiSeq 4000 sequencing platform and single-end read (50 bp) were obtained for 

small RNA libraries using the HiSeq 2500 high output version 4 platform. 

2.3.4  ChIP-seq bioinformatics analysis 

Computational analyses for all bioinformatic processes were performed on a 72-

CPU compute server with Linux Ubuntu (version 16.04.4 LTS). An average of 54 M 

paired end 75 bp reads were obtained for each histone mark. At each step of data 

processing, read quality was assessed via FastQC (version 0.11.5) (Andrews 2016). Any 

samples that indicated adapter contamination were trimmed via Cutadapt (version 1.15) 

(Martin 2011). Correlation plots generated with EaSeq (version 1.05) (Lerdrup et al. 

2016) of genome-wide H3K4me3, H3K27me3 and Pol II sequencing reads from infected 

and non-infected bAM showed high correlation between samples (Pearson’s correlation 

coefficient: 0.93–0.97) for all three ChIP-seq targets (Supplementary Figure 2.1). After 

data quality control and filtering, ~760 million paired end reads were aligned to the UMD 

3.1 bovine genome assembly using Bowtie2 (version 2.3.0) (Langmead & Salzberg 

2012). The mean alignment rate for the histone marks was 96.23%. The resulting SAM 

files were converted and indexed into BAM files via Samtools (version 1.3.1) (Li et al. 

2009). After alignment, samples were combined and sorted into 14 files, based on the 

animal (A1 or A2), the histone mark (K4/K27/Pol II) and treatment (control or infected) 

i.e. A1-CTRL-K4. Peaks were called by using alignment files to determine where the

reads have aligned to specific regions of the genome, and then comparing that alignment 

to the input samples as a normalization step. 

The peak calling was carried out via MACS2 (version 2.1.1.20160309) (Feng et al. 

2011). The K4me3 mark was called in sharp peak mode and K27me3 and Pol II were 

called in broad peak mode, as per the user guide. Peak tracks were generated in MACS2 

and visualized with the Integrative Genome Viewer (version 2.3) (Thorvaldsdottir et al. 

2013). Union peaks were generated by combining and merging overlapping peaks in all 

samples for each histone mark. Differential peak calling was called via MACS2 using the 

bdgdiff function. Peaks images were generated by visually assessing all three marks in 

tandem across the entire bovine genome with IGV. The significance of peaks was 

determined by sorting peaks for each mark in each treatment by P value and then fold 

enrichment with a cut-off of 2.0 and a P value threshold of 0.05 (Wilbanks & Facciotti 

2010). Peaks from each animal in each condition for each mark were cross referenced 
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with the IGV images and differential peak caller to determine a difference in fold 

enrichment for each observed peak difference between conditions. This required 

comparing peak start and end sites, chromosomes, P and q values for each summit, 

summit locations and normalised fold enrichment of a peak against the input sample (see 

Supplementary Information File 2.1 for peak sets). Any peaks that exhibited a 

difference of 4 or greater fold enrichment, a P value of less than 0.05, an FDR (q value) 

less than 0.05 and that were also identified by the differential peak caller were selected 

for further analysis (see Supplementary Information File 2.1 for peaks at transcription 

start sites (TSS) that met some but not all of the above criteria). Peaks that were then 

classified to be different between conditions in all three data sets were examined to 

determine their proximity to TSS. Differential peaks were also called using the R package 

DiffBind (version 2.80) (Stark & Brown 2011). DiffBind includes functions to support 

the processing of peak sets, including overlapping and merging peak sets, counting 

sequencing reads overlapping intervals in peak sets, and identifying statistically 

significantly differentially bound sites based on evidence of binding affinity (measured 

by differences in read densities, see Supplementary Information File 2.1). For 

H3K27me3 DiffBind differential peak calling, the initial MACS2 peak list, consisting of 

64,264 total peaks (see Supplementary Information File 2.1), was merged and reduced 

to a smaller group of larger, broader peaks to reduce noise and false positive discovery. 

The amount of peaks (binding sites) for each ChIP-seq mark and the overlap of these 

peaks between control and infected samples are detailed  Figure 2.2B. 

2.3.5  RNA-seq bioinformatics analysis 

An average of 44 M paired end 75 bp reads were obtained for each of the eight 

samples (four control, four infected). Adapter sequence contamination and paired-end 

reads of poor quality were removed from the raw data. At each step, read quality was 

assessed with FastQC (version 0.11.5). Any samples that indicated adapter contamination 

were trimmed via Cutadapt (version 1.15). After quality control and filtering, ~250 

million reads were mapped to the bovine genome, with 72% total read mapping, overall. 

The raw reads were aligned to the UMD 3.1.1 bovine transcriptome using Salmon 

(version 0.8.1) (Patro et al. 2017). Aligned reads were also counted in Salmon and the 

resulting quantification files were annotated at gene level via tximport (version 3.7) 

(Soneson et al. 2015). The annotated gene counts were then normalised and differential 

expression analysis performed with DESeq2 (version 1.20.0) (Love et al. 2014), 

correcting for multiple testing using the Benjamini-Hochberg method (Benjamini & 
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Hochberg 1995). Genes identified from ChIP-seq as exhibiting differential histone 

modifications were cross referenced with the RNA-seq data set to determine significant 

log2FC between M. bovis-infected and control non-infected. Additionally, this RNA-seq 

data was cross referenced with RNA-seq data from a previous study that investigated 

bAM infected with M. bovis (Nalpas et al. 2015). 

2.3.6  MicroRNA-seq bioinformatics analysis 

A mean of 26 M paired-end 50 bp reads were obtained for each of the eight samples 

(four control, four infected). At each step of data processing, read quality was assessed 

via FastQC (version 0.11.5). Any samples that exhibited adapter contamination were 

trimmed via Cutadapt (version 1.15) and all reads smaller than 17 bp were removed from 

the analysis. After quality control and filtering, ~100 million reads were mapped to the 

bovine genome, with 79% total reads mapping, overall. Raw reads were mapped to 

UMD3.1 using Bowtie (version 1.2.2). miRNA detection, identification and 

quantification were carried out with mirdeep2 (version 0.0.91). Isoform analysis was also 

performed using mirdeep2. Differential expression analysis was performed using 

DESeq2, correcting for multiple testing with the Benjamini-Hochberg method. Any 

miRNAs that were significantly differentially expressed (FDR < 0.10) were selected for 

further analysis. To determine if significantly differentially expressed miRNAs target 

genes selected in the ChIP-seq analysis, miRmap (Vejnar & Zdobnov 2012) was used to 

predict the likelihood that a specific miRNA targets one or more of the genes based on 

three criteria: delta G binding, probability exact and phylogenetic conservation of seed 

site, which is then combined into a single scoring metric (miRmap score). Any predicted 

gene targets with miRmap score ≥ 0.70 were included in the analysis (see Supplementary 

Information File 2.3). 

2.3.7  Pathway analysis 

Pathway analysis was carried out on any gene that had a differential peak between 

control and infected samples. Pathway analysis and gene ontology (GO) summarisation 

was carried out using DAVID (version 6.8), Ingenuity® Pathway Analysis - IPA (version 

1.1, winter 2018 release) and PANTHER (version 13.1) (Kramer et al. 2014; Mi et al. 

2017). KEGG pathways were selected by choosing pathways that had the highest number 

of genes identified in the ChIP-seq data and had an FDR < 0.05. 
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2.3.8  Integration of GWAS data 

GWAS data for genetic susceptibility to M. bovis infection previously generated by 

Richardson and colleagues (Richardson et al. 2016) were analysed to determine if subsets 

of SNPs selected according to their distance to H3K4me3 and Pol II active loci were 

enriched for significant GWAS hits. The nominal P values used in this study were 

generated using single SNP regression analysis in a mixed animal model as described 

previously (Richardson et al. 2016). In summary, high-density genotypes (n = 597,144) 

of dairy bulls (n = 841) used for artificial insemination were associated with deregressed 

estimated breeding values for bTB susceptibility that had been calculated from 

epidemiological information on 105,914 daughters and provided by the Irish Cattle 

Breeding Federation (ICBF). In this study, the significance of the distribution of SNP 

nominal P values (from Richardson et al. 2016) within and up to 100 kb up- and 

downstream to genes identified as having differential H3K4me3 and Pol II activity on 

bTB susceptibility were estimated in R using q value (FDRTOOL) and permutation 

analysis (custom scripts). A total of 1000 samplings (with replacement) from the HD 

GWAS P value data set (n = 597,144) representing the size of each of selected SNP 

subsets were generated. The q values for each SNP P value subset and all its permuted 

equivalents were calculated using the FDRTOOL library in R. The subsequent 

significance level (Pperm) assigned to each of the SNP subsets was equivalent to the 

proportion of permutations in which at least the same number of q values < 0.05 as the 

SNP subset were obtained, i.e. by chance. 
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2.4 Results 

2.4.1  M. bovis infection induces trimethylation of H3K4 at key immune 

function related loci in bovine alveolar macrophages 

Previous studies have shown that bAM undergo extensive gene expression 

reprogramming following infection of M. bovis (Nalpas et al. 2015; Malone et al. 2018), 

with almost one half of the detectable transcriptome exhibiting significant differential 

expression within bovine macrophages 24 hours after infection (Nalpas et al. 2015). 

Changes of this magnitude are comparable to those observed in previous experiments that 

have examined the chromatin remodelling that accompanies mycobacterial infection of 

macrophages, where trimethylation of lysine 4 of Histone H3 (H3K4me3) was shown to 

correlate with active transcription (Bouttier et al. 2016; Arts et al. 2018). 

We used chromatin immunoprecipitation sequencing (ChIP-seq) to examine 

histone modification changes that occur after M. bovis infection of bAM from sex- and 

aged-matched Holstein-Friesian cattle. The aim was to determine genome-wide changes 

in the distribution of H3K4me3 and H3K27me3, and Pol II occupancy at the response 

genes (Sims et al. 2003). Differential peaks between conditions were called, compared 

and visualised with IGV to determine where differences in H3K4me3, H3K27me3 and 

Pol II occupancy occur between control and infected bAM (Figure 2.1). ChIP-seq peaks 

are defined as areas of the genome enriched by read counts after alignment to the 

reference genome. 
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Figure 2.1: Track visualization of M. bovis induced H3K4me3 and PolII occupancy with relative 

change in expression at three immune response associated genes. Examples of signal tracks 

illustrating peaks of H3K27me3 (top two tracks), H3K4me3 (middle two tracks) and PolII (bottom 

two tracks) in infected (red) and non-infected (blue) bovine alveolar macrophages, with the 

bovine reference genome on the bottom of each panel reading left to right. Accompanying each 

track image is the expression of the corresponding gene, with normalised counts of infected cells 

in red and control in blue. The ARG2 gene exhibited an increase in H3K4me3 at 24 hpi as 

evidenced by the larger red H3K4me3 and red PolII peaks. The IFITM2 gene also exhibited larger 

H3K4me3 and PolII peaks in infected samples; however, in contrast to this, SIRT3, which is 

located ~20kb upstream from the IFITM2 gene, had no significant change in either peak. 

TMEM173 (aka STING) exhibits an opposite pattern to most genes identified as having 

differential H3K4me3, where a larger peak is observed in control samples rather than infected. 
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Peak differences for H3K4me3 occurred at multiple locations across the genome 

and were estimated by the fold enrichment of a peak normalised against input control 

DNA that had not undergone antibody enrichment. Differential peaks in each condition 

were defined by several criteria: 1) the fold enrichment of each peak had to be larger than 

10 in at least one condition (Landt et al. 2012); 2) the identified peaks had a P-value cut 

off of 0.05; 3) the peaks being compared in each condition were no more than 500 bp up- 

and downstream of each other; 4) the peaks were classified as different using log-

likelihood ratios and affinity scores with MACS2 and diffBind, respectively; and 5) visual 

inspection of the tracks of the peaks confirmed the computationally determined 

differences in each condition. 

Peaks that occurred in a sample indicate that H3K4me3 and Pol II are highly 

correlated with condition (Figure 2.2A); this demonstrates that the differences in H3 

modifications are a result of infection rather than genomic differences between animals. 

Figure 2.2B further illustrates this, with the overlap in enriched peaks for H3K4me3 and 

Pol II being greater between condition than animal; i.e. the common number of H3K4me3 

peaks between animal 1 control and animal 1 infected is 316 and the common number of 

H3K4me3 peaks between animal 1 infected and animal 2 infected is 798. Figure 2.2C 

and D illustrates that the distribution of the peaks, or sites with increased binding affinity, 

are differentially distributed between control and infected for both H3K4me3 and Pol II. 

Binding site affinity for H3K27me3 showed no significant differences between the 

control and infected groups for any genes.  Analysis of genome-wide H3K4me3 revealed 

significant peak differences between control and infected samples at multiple sites in the 

genome under these criteria, with some of these differences occurring at the 

transcriptional start site of 233 genes. (Figure 2.2A–D and Supplementary Figure 2.4). 

Supplementary Figure 2.1 demonstrates that the differences in H3K4me3 and Pol II 

peaks are minor, with cells from both conditions sharing most peaks and differing by only 

1.8–2.95% in peaks across the genome. Principal component analysis (PCA) of the 

H3K4me3 mark and Pol II data indicated that these H3K4me3 and Pol II peak differences 

are strongly associated with M. bovis infection of bAM (Supplementary Figure 2.3). 
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Figure 2.2: M. bovis induced histone modifications occur genome wide at key immune loci. 

A) Correlation heatmaps of differential peaks for H3K4me3, H3K27me3 and PolII. Every peak

location that is not consistent between each animal in each condition (i.e. a peak only occurs in

the control group) is compared to determine if these inconsistent peaks are correlated with the

animal or the condition. The differential peaks in H3K4me3 and PolII correlate highly with

condition, whereas there were no significant global differences in the distribution of H3K27me3.

B) Venn diagrams of differential peaks for H3K4me3, H3K27me3 and PolII. Each condition shares

most peaks. Where differences occur at TSS of genes, these genes are frequently associated with

immune function. C) Volcano plots of differential peaks for H3K4me3 and PolII. The y-axis shows

significance as FDR and the x-axis indicates increase in affinity for control (left) and infected

(right). Significant sites are denoted in blue. D) Boxplots of differential peaks for H3K4me3 and

PolII. Infected bAM are shown in red and control bAM are shown in blue. The left two boxes of

each plot show distribution of reads over all differentially bound sites in the infected and control

groups. The middle two boxes of each plot show the distribution of reads in differentially bound

sites that increase in affinity in the control group. The far-right boxes in each plot show the

distribution of reads in differentially bound sites that increase in affinity in the infected group.



70 

2.4.2 Changes in H3K4me3 are accompanied by immune related 

transcriptional reprogramming 

Previous studies have shown that increased H3K4me3 is frequently accompanied 

by an increase in Pol II occupancy and elevated expression of proximal genes (Clouaire 

et al. 2012; Barski et al. 2017). In the present study, we observed that H3K4me3 is 

accompanied by an increase in Pol II occupancy and an absence of H3K27me3 (Figure 

2.1 and Supplementary Figure 2.3 and 2.4).  For a small number of genes (24 out of 

233) where the H3K4me3 peak was larger in the control than the infected samples, Pol II

occupancy was greater in control bAM for 20 genes (83.3%) and greater in infected bAM 

for three genes (12.5%). Conversely, where the H3K4me3 peak was larger in the infected 

bAM, Pol II occupancy was greater in the infected samples for 127 genes (60.4%) and 

greater in the control bAM for 14 genes (6.6%). The remaining 60 genes (25%) did not 

exhibit H3K4me-associated Pol II occupancy in either control or infected samples. 

Figure 2.3A illustrates this trend, showing that Pol II occupancy normally accompanies 

H3K4me3. 

To establish if H3K4me3 mark patterns were correlated with changes in gene 

expression, control non-infected bAM and bAM infected M. bovis AF2122/97 from four 

animals 24 hpi (including the two animals used for ChIP-seq) were used to generate eight 

RNA-seq libraries. RNA-seq analysis revealed 7,757 differentially expressed genes 

(log2FC > 0: 3,723 genes; log2FC < 0: 4,034 genes; FDR < 0.1). Of the 233 genes 

identified in the ChIP-seq analysis, 232 (99.6%) were differentially expressed under these 

criteria (see Supplementary Information File 2.2). Of the genes that exhibited 

H3K4me3 peaks that were larger in the infected bAM, 21 (10%) were downregulated and 

189 (90%) were upregulated. Of the genes that exhibited larger H3K4me3 peaks in the 

control group, 22 (91.6%) were downregulated and 2 (8.4%) were upregulated (Figure 

2.3A). This pattern of directional gene expression correlating with H3K4me3 for the 

control and infected samples is consistent with the literature (Clouaire et al. 2012; Barski 

et al. 2017). 
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Figure 2.3: H3K4me3 is accompanied by functional changes in PolII occupancy, gene expression 

and gene regulation. A) Scatter plots of H3K4me3 against PolII occupancy and gene expression. 

The first plot is the difference of peaks for H3K4me3 between conditions, ranging from negative 

to positive values, with negative being a larger peak in the control samples (blue dots) and the 

positive values being a larger peak in the infected samples (red dots), on the y-axis. The x-axis 

represents the log2FC for each of the 232 genes, with each gene as a single data point. The 

second plot also has H3K4me3 on the y-axis but with peak differences in PolII on the x-axis, with 

negative and positive values corresponding to greater occupancy in the control and infected 

samples, respectively. The final plot shows log2FC relative to PolII occupancy. B) Plots of 

normalised miRNA-seq counts. Each plot represents the normalised counts of a miRNA that was 

detected as exhibiting differential expression. Bta-miR-101 interacts with ARG2, bta-miR-296-3p 

with TMEM173 (aka STING), bta-miR-874 with BCL2A1 and bta-miR-2346 with STAT1. Red bars 

indicate infected and blue represent control samples. C) Correlation and Venn diagram for both 

RNA-seq studies. The x-axis of the scatter plot represents the log2FC for each of the 232 genes 

from this study and the y-axis represents the log2FC for each of the 232 genes from the previous 

study (Nalpas et al. 2015). The Venn diagram shows the global overlap of differentially expressed 

genes from both studies with an FDR cut-off of <0.1. D) 3-D plots for all three data sets. A 

combination of all three scatter plots from Figure 2.2A. Data points are genes. Blue genes are 

those that exhibited greater H3K4me3 in control bAM, red exhibited greater H3K4me3 in 

infected bAM. 
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Existing published RNA-seq data generated by our group using M. bovis-infected 

(n = 10) and control non-infected bAM (n = 10) at 24 hpi (Nalpas et al. 2015), were also 

examined in light of the results from the present study. For the 232 genes identified here, 

a Pearson correlation coefficient of 0.85 was observed for two data sets (Figure 2.3D), 

thus demonstrating that gene expression differences between M. bovis-infected and 

control non-infected bAM are consistent across experiments, even where samples sizes 

are markedly different. 

2.4.3 Transcriptional reprogramming is coupled with differential 

microRNA expression 

We have previously demonstrated that differential expression of immunoregulatory 

microRNAs (miRNAs) is evident in bAM infected with M. bovis compared to non-

infected control bAM (Vegh et al. 2013; Vegh et al. 2015). To investigate the expression 

of miRNA in bAM used for the ChIP-seq analyses, miRNA was extracted and sequenced 

from the samples used for the RNA-seq analysis. After quality control and filtering, ~100 

million reads were mapped to the bovine genome, with 79% total reads mapping, overall. 

Twenty-three differentially expressed miRNAs were detected at 24 hpi (log2FC > 0: 13; 

log2FC < 0: 10; FDR < 0.10). Of the 232 genes identified in the ChIP-seq/RNA-seq 

analysis, 93 are potential targets for the 23 differentially expressed miRNAs 

(Supplementary Data 2.3). Further examination revealed that multiple immune genes, 

such as BCL2A1 (bta-mir-874), ARG2 (bta-mir-101), TMEM173 (aka STING) (bta-mir-

296-3p) and STAT1 (bta-mir-2346), are potential regulatory targets for these miRNAs

(Figure 2.3b). This observation therefore supports the hypothesis that miRNAs function 

in parallel with chromatin modifications to modulate gene expression in response to 

infection by M. bovis. 

2.4.4  Integration of ChIP-seq and RNA-seq data 

The H3K4me3, Pol II, K27me3 ChIP-seq data and the RNA-seq data were 

subsequently integrated to evaluate the relationship between histone modifications and 

gene expression changes. Three-dimensional plots were generated to visualize the global 

differences between H3K4me3, Pol II and gene expression in infected and non-infected 

bAM (Figure 2.3D). These plots show that reduction of H3K4me3 in infected cells is 

associated with a decrease in gene expression and an absence of Pol II occupancy. 

Genome-wide H3K27me3 was also investigated to determine whether methylation of this 

residue was altered in response to M. bovis infection and if it was related to gene 
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expression. No significant differences for H3K27me3 between control and infected bAM 

were detected, indicating that repression of gene expression through H3K27me3 does not 

play a role in the bAM response to M. bovis at 24 hpi. However, Supplementary Figure 

2.2 indicates that the presence of a H3K27me3 peak in both control and infected cells at 

the TSS of a H3k4me3 enriched gene correlated well with a lower or complete lack of 

Pol II occupancy. 

2.4.5 Pathway analysis reveals H3K4me3 marks are enriched for key 

immunological genes 

To identify biological pathways associated with genes identified through the ChIP-

seq analyses, we integrated the ChIP-seq, RNA-seq and miRNA-seq data, which 

generated a panel of 93 genes that overlapped across each of the three data sets. Pathway 

analyses were carried out using three software tools: Ingenuity® Pathway Analysis (IPA), 

Panther and DAVID (Thomas et al. 2003; Huang da et al. 2009; Kramer et al. 2014). IPA 

revealed an association with respiratory illness and the innate immune response 

(Supplementary File 2). Panther was used to examine the GO categories of the 232 genes 

(Figure 2.4A); this revealed enrichment for metabolic processes, response to stimuli and 

cellular processes, indicating that increased H3K4me3 in response to M. bovis infection 

occurs at TSS of genes associated with the immune response and at genes encoding key 

components of internal macrophage cellular regulation. GO unifies genes based on their 

gene and gene product attributes, which represents a useful method of identifying the 

families of gene functions for a given enriched gene set such as the one summarised in 

Figure 2.4A (The Gene Ontology Consortium 2019). 

The final part of the pathway analysis was performed using DAVID (Huang da et 

al. 2009). DAVID uses a list of background genes and query genes (in this case the 232 

common genes across data sets) and identifies enriched groups of genes with shared 

biological functions. The DAVID analysis demonstrated that the 232 genes are involved 

in several signalling pathways, including the PI3K/AKT/mTOR, JAK-STAT and RIG-I-

like signalling pathways (Figure 2.4B and the top 10 pathways are detailed in 

Supplementary Information File 2.3). 
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Figure 2.4: Gene ontology enrichment and pathway analysis. A) Gene ontology pie charts 

generated through PANTHER pathway analysis. 232 genes cluster by gene ontology under three 

main categories: Biological process, Cellular component, and Molecular function. B) KEGG 

pathway images containing genes identified from the ChIP-seq and RNA-seq analysis. Gene 

symbols coloured in yellow were identified in the ChIP-seq and RNA-seq analysis. Gene symbols 

coloured in red were also targeted by one or more differentially expressed miRNAs. Up or down 

red arrows indicate greater H3K4me3 in infected or control, respectively. Up or down yellow 

arrows indicate log2FC increase or decrease of the associated gene, respectively. C) Line graph 

showing different genomic ranges from genes that are enriched for significant SNPs from GWAS 

data for bTB resilience. The bars represent the number of SNPs that occupy each range from 

each ChIP-seq enriched gene, with more SNPs correlating with a greater distance. The blue 

plotted line represents the negative log10 probability that the significant SNPs found at each 

distance at 0.05 FDR q value are significant by chance, with SNPs at 25 kb exhibiting the lowest 

probability. The null SNP P value distribution for each data point was generated from 1000 

permutations of random SNPs corresponding to the number of SNPs observed in a particular 

genomic range. D) Genes enriched for SNPs significantly associated with resilience to M. bovis 

infection. SNP IDs and functional information obtained from the GeneCards® database (Stelzer 

et al. 2016) are also shown. 
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2.4.6  GWAS integration prioritises bovine SNPs associated with resilience 

to M. bovis infection 

Previous work used high-density SNP (597,144 SNPs) data from 841 Holstein-

Friesian bulls for a genome-wide association study (GWAS) to detect SNPs associated 

with susceptibility/resistance to M. bovis infection (Richardson et al. 2016). Using a 

permutation-based approach to generate null SNP distributions, we leveraged these data 

to show that genomic regions within 100 kb up- and downstream of each of the 232 genes 

exhibiting differential H3K4me3 ChIP-seq peaks are significantly enriched for additional 

SNPs associated with resilience to M. bovis infection. 

In total, 12,056 SNPs within the GWAS data set were located within 100 kb of the 

232 H3K4me3 genes. Of these SNPs, up to 26 were found to be significantly associated 

with bTB susceptibility, depending on the distance interval of each gene. Interestingly, 

22 SNPs found within 25 kb of 11 genes were found to be most significant at P and q 

values < 0.05, with declining significance of association as the region extended beyond 

25 kb (Figure 2.4C and Supplementary File 2.3). Significant SNPs were detected in 

proximity to the following genes: SAMSN1, CTSL, TNFAIP3, CLMP, ABTB2, RNFT1, 

MIC1, MIC2, EDN1, ARID5B, all of which had significant differential enrichment of 

H3K4me3. 
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2.5 Discussion 

2.5.1  H3K4me3 mark occurs at key immune genes 

Our study has generated new information regarding host-pathogen interaction 

during the initial stages of M. bovis infection. We demonstrate that chromatin is 

remodelled through differential H3K4me3 and that Pol II occupancy is altered at key 

immune genes in M. bovis-infected bAM. This chromatin remodelling correlates with 

changes in the expression of genes that are pivotal for the innate immune response to 

mycobacteria (Nalpas et al. 2015; Alcaraz-Lopez et al. 2017; Malone et al. 2018). Our 

work supports the hypothesis that chromatin modifications of the host macrophage 

genome play an essential role during intracellular infections by mycobacterial pathogens 

(Cheng et al. 2014; LaMere et al. 2016). 

The top pathways identified were the JAK-STAT signalling pathway, the 

PI3K/AKT/mTOR signalling pathway and the RIG-I-like receptor signalling pathway. In 

mammals, the JAK-STAT pathway is the principal signalling pathway that modulates 

expression of a wide array of cytokines and growth factors, involved in cell proliferation 

and apoptosis (Rawlings et al. 2004). The JAK-STAT signalling pathway and its 

regulators are also associated with coordinating an effective host response to 

mycobacterial infection (Manca et al. 2005; Cliff et al. 2015). Two JAK-STAT associated 

stimulating factors and a ligand receptor that exhibited increased H3K4me3 marks in 

infected samples were encoded by the OSM, CSF3 and CNTFR genes, respectively 

(Marino & Roguin 2008; Pastuschek et al. 2015). OSM has previously been shown to be 

upregulated in cells infected with either M. bovis or M. tuberculosis (O'Kane et al. 2008; 

Nalpas et al. 2015; Polena et al. 2016). Our work shows that this increased expression in 

response to mycobacteria is facilitated by H3K4me3-mediated chromatin accessibility. 

The protein encoded by CSF3 has also been implicated as an immunostimulator in the 

response to mycobacterial infection due to its role in granulocyte and myeloid 

haematopoiesis (Martins et al. 2010). CNTFR encodes a ligand receptor that stimulates 

the JAK-STAT pathway and shows increased expression in other studies of 

mycobacterial infection (Nalpas et al. 2015; Malone et al. 2018). Following stimulation 

of JAK through ligand receptor binding, STAT1 expression is increased. STAT1, a signal 

transducer and transcription activator that mediates cellular responses to interferons, 

cytokines and growth factors, is a pivotal JAK-STAT component and a core component 

in the response to mycobacterial infection (Tsumura et al. 2012). Here, the TSS of STAT1 
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was associated with an increased deposition of H3K4me3. Interestingly, upregulation of 

STAT1 was associated with a downregulation of bta-miR-2346, predicted to be a negative 

regulator of STAT1 (see Supplementary Information File 2.3). Overall, these results 

show that major components of the JAK-STAT pathway undergo chromatin remodelling 

mediated via H3K4me3, thereby facilitating activation and propagation of the JAK-STAT 

pathway through chromatin accessibility.  

Key genes encoding components of the PI3K/AKT/mTOR pathway, such as IRF7, 

RAC1 and PIK3AP1, were also identified as having increased H3K4me3 in M. bovis 

infected macrophages. PI3K/AKT/mTOR signalling contributes to a variety of processes 

that are critical in mediating aspects of cell growth and survival (Yu & Cui 2016). 

Phosphatidylinositol-3 kinases (PI3Ks) and the mammalian target of rapamycin (mTOR) 

are integral to coordinating innate immune defences (Weichhart & Saemann 2008). The 

PI3K/AKT/mTOR pathway is an important regulator of type I interferon production via 

activation of the interferon-regulatory factor 7, IRF7. RAC1 is a key activator of the 

PI3K/AKT/mTOR pathway and, in its active state, binds to a range of effector proteins 

to regulate cellular responses such as secretory processes, phagocytosis of apoptotic cells, 

and epithelial cell polarization (Yip et al. 2007). In addition, in silico analysis of our 

differentially expressed miRNAs predicted that several miRNAs, such as bta-miR-1343-

3p, bta-miR-2411-3p and bta-miR-1296, regulate RAC1. PIK3AP1 expression was also 

increased, in line with previous mycobacterial infection studies (Nalpas et al. 2015; 

Malone et al. 2018). Hence as observed with the JAK-STAT pathway, H3K4me3 at these 

key PI3K/AKT/mTOR pathway genes acts to regulate the innate response to 

mycobacterial infection. In addition, the RIG-I-like receptor signalling pathway was also 

highlighted by the ChIP-seq, RNA-seq and miRNA-seq integrative analyses. Genes 

encoding multiple components of this pathway, such as TRIM25, ISG15, IRF7 and 

IKBKE, were enriched for H3K4me3 and Pol II occupancy in M. bovis-infected bAM. 

The RIG-I-like receptor signalling pathway activates transcription factors that regulate 

production of type I interferons (Loo & Gale 2011) and our results demonstrate that 

activation of this pathway in M. bovis-infected bAM is driven, to a large extent, by 

reconfiguration of the host chromatin. 

H3K4me3 enriched loci are also flanked by genomic polymorphisms associated 

with resilience to M. bovis infection. Integration of our data with GWAS data from 841 

bulls that have robust phenotypes for bTB susceptibility/resistance revealed 22 

statistically significant SNPs within 25 kb of 11 H3K4me3 enriched genes. Statistical 
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significance was determined if the newly permuted q values of every SNP found in 

proximity to each of the H3K4me3 enriched genes is unique to the observed set, when 

compared to 1000 random sets of SNPs from the same GWAS (i.e. if significant q values 

of the same value or less occur with the same or greater frequency in randomised SNP 

sets, the observed SNPs are not deemed to be statistically significant). Most of these genes 

are involved in host immunity, with CTSL, TNFAIP3, and RNFT1 directly implicated in 

the human response to M. tuberculosis infection (Nepal et al. 2006; Silver et al. 2009; 

Meenu et al. 2016). The reprioritisation of genomic regions and array-based SNPs using 

integrative genomics approaches will be relevant for genomic prediction and genome-

enabled breeding and may facilitate fine-mapping efforts and the identification of targets 

for genome editing of cattle resilient to bTB.  

2.5.2  H3K4me3 deposition at host macrophage genes and immunological 

evasion by M. bovis  

The present study has revealed elevated H3K4me3 deposition and Pol II occupancy 

at key immune genes that are involved in the innate response to mycobacterial infection. 

In addition, we also identified several immune genes that had differential H3K4me3 and 

expression, where the expression change may be detrimental to the ability of the host 

macrophage to clear infection. An example of this is ARG2, which exhibited increased 

H3K4me3 deposition, Pol II occupancy and expression (log2FC = 3.415, Padj = 

7.52 × 10‑16) in infected cells. However, it is also interesting to note that the integrated 

expression output of ARG2 may also be determined by the bta-miR-101 miRNA, a 

potential silencer of ARG2 expression, which was observed to be upregulated in infected 

cells. Elevated levels of arginase 2, the protein product of the ARG2 gene, have previously 

been shown to shift macrophages to an M2 phenotype (Lewis et al. 2011; Hardbower et 

al. 2016), which is anti-inflammatory and exhibits decreased responsiveness to IFN-γ and 

decreased bactericidal activity (Huang et al. 2015). Hence, it may be hypothesised that 

M. bovis infection triggers H3K4me3 deposition at the TSS of ARG2 to drive an M2 

phenotype and generate a more favourable niche for the establishment of infection. Like 

ARG2, increased expression of BCL2A1 in M. bovis-infected bAM may also facilitate 

development of a replicative milieu for intracellular mycobacteria. Increased expression 

of BCL2A1 is associated with decreased macrophage apoptosis (Vogler 2012), which 

would otherwise restrict replication of intracellular pathogens. 
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In comparison to control non-infected bAM, the TMEM173 (aka STING) gene 

exhibited substantially decreased expression in M. bovis-infected bAM (log2FC = −3.225, 

Padj = 8.64 × 10-11). TMEM173 encodes transmembrane protein 173, which drives 

interferon production and as such is a major regulator of the innate immune response to 

viral and bacterial infections, including M. bovis and M. tuberculosis (Manzanillo et al. 

2012; McNab et al. 2015; Malone et al. 2018). Downregulation of TMEM173 indicates 

that M. bovis can actively reduce or block methylation of H3K4 at this gene in infected 

macrophages, thereby enhancing intracellular survival of the pathogen. In this regard, we 

have recently shown that infection of bAM with M. tuberculosis, which is attenuated in 

cattle, causes increased TMEM173 expression compared to infection with M. bovis 

(Malone et al. 2018). 

The molecular mechanisms that pathogens employ to manipulate the host genome 

to subvert or evade the immune response are yet to be fully elucidated. Hijacking the 

host’s own mechanisms for chromatin modulation is one potential explanation that has 

garnered attention in recent years (Hamon & Cossart 2008; Rolando et al. 2015). These 

modulations of the host chromatin in bAM may be mediated through M. bovis-derived 

signals transmitted through bacterial metabolites, RNA-signalling or secreted peptides 

(Silmon de Monerri & Kim 2014; Sharma et al. 2015; Yaseen et al. 2015; Woo & 

Alenghat 2017). 
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2.6 Conclusions 

Elucidation of the mechanisms used by pathogens to establish infection, and 

ultimately cause disease, requires an intimate knowledge of host-pathogen interactions. 

Using transcriptomics and epigenomics, we have identified altered expression of major 

host immune genes following infection of primary bovine macrophages with M. bovis. 

We have shown that reprogramming of the alveolar macrophage transcriptome occurs 

mainly through increased deposition of H3K4me3 at key immune function genes, with 

additional gene expression modulation via miRNA differential expression. This 

modulation of gene expression drives a shift of the macrophage phenotype towards the 

more replication-permissive M2 macrophage phenotype. We have also identified that 

alveolar macrophages infected with M. bovis exhibit differentially expressed genes (in 

regions with modified chromatin) that are enriched for significant SNPs from GWAS data 

for bTB resilience. Finally, our results support the emerging concept that pathogens can 

hijack host chromatin, through manipulation of H3K4me3, to subvert host immunity and 

to establish infection. 
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2.7 Supplementary information 

Supplementary files associated with Chapter 2 are listed below and available for 

download here. 

Supplementary Figure 2.1: Genome wide signal intensity correlation histograms of raw 

ChIP-seq reads [Supp_Figures.pdf] 

Supplementary Figure 2.2: Correlation heatmap of Pol II occupancy and overall 

H3K27me3 peak size. [Supp_Figures.pdf] 

Supplementary Figure 2.3: Principle component analysis of differential ChIPseq peaks 

between conditions [Supp_Figures.pdf] 

Supplementary Figure 2.4: IGV plot showing ChIP-seq tracks (235 track images) 

[Supp_Figures.pdf] 

Supplementary Data 2.1: Numeric peak set for the K4 marks 

[Supp_Data_1_worksheet_1.xlsx] 

Supplementary Data 2.2: Numeric peak set for the K27 marks 

[Supp_Data_1_worksheet_2.xlsx] 

Supplementary Data 2.3: Numeric peak set for the PolII marks 

[Supp_Data_1_worksheet_3.xlsx] 

Supplementary Data 2.4: H3K4me3 Peak comparison of infected and non-infected 

ChIP-seq reads called by MACS2 differential peak caller 

[Supp_Data_1_worksheet_4.xlsx] 

Supplementary Data 2.5: H3K27me3 Peak comparison of infected and non-infected 

ChIP-seq reads called by MACS2 differential peak caller 

[Supp_Data_1_worksheet_5.xlsx] 

Supplementary Data 2.6: PolII Peak comparison of infected and non-infected ChIP-seq 

reads called by MACS2 differential peak caller [Supp_Data_1_worksheet_6.xlsx] 

Supplementary Data 2.7: H3K4me3 Peak comparison of infected and non-infected 

ChIP-seq reads called by DiffBind differential peak caller 

[Supp_Data_1_worksheet_7.xlsx] 

Supplementary Data 2.8: PolII Peak comparison of infected and non-infected ChIP-seq 

reads called by DiffBind differential peak caller [Supp_Data_1_worksheet_8.xlsx] 

Supplementary Data 2.9: All genes identified as having a differential H3K4me3 peak 

[Supp_Data_1_worksheet_9.xlsx] 

Supplementary Data 2.10: All genes identified as having a differential H3K4me3 peaks 

and the corresponding PolII peaks [Supp_Data_1_worksheet_10.xlsx] 

Supplementary Data 2.11: Genes that appeared to have differential peaks at the visual 

inspection stage but were not significantly differently 

[Supp_Data_1_worksheet_11.xlsx] 

https://www.dropbox.com/sh/2h0k66lwxd2dp99/AACqc34UJJaw50t6KjB0eG5Qa?dl=0
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Supplementary Data 2.12: ChIP-seq Alignment numbers for raw read mapping to 

bovine genome UMD 3.1.1 [Supp_Data_2_worksheet_1.xlsx] 

Supplementary Data 2.13: RNA-seq Alignment numbers for raw read mapping to 

bovine genome UMD 3.1.1 [Supp_Data_2_worksheet_2.xlsx] 

Supplementary Data 2.14: miRNA-seq Alignment numbers for raw read mapping to 

bovine genome UMD 3.1.1 [Supp_Data_2_worksheet_3.xlsx] 

Supplementary Data 2.15: Unnormalized counts generated after alignment via Salmon 

transcript aligner [Supp_Data_2_worksheet_4.xlsx] 

Supplementary Data 2.16: Differentially expressed genes from the RNA-seq data 

[Supp_Data_2_worksheet_5.xlsx] 

Supplementary Data 2.17: Differentially expressed genes from the miRNA-seq data 

[Supp_Data_2_worksheet_6.xlsx] 

Supplementary Data 2.18: Number of genes and miRNAs differentially expressed 

overall [Supp_Data_2_worksheet_7.xlsx] 

Supplementary Data 2.19: Log2FC of all genes identified as having differential 

H3K4me3 peaks compared to the LFC of the same genes in Nalpas et al. (2015) 

[Supp_Data_3_worksheet_1.xlsx] 

Supplementary Data 2.20: All genes identified as having differential H3K4me3 peaks 

and the differentially expressed miRNA's that are most likely to target them 

[Supp_Data_2_worksheet_2.xlsx] 

Supplementary Data 2.21: IPA analysis of the genes identified as having differential 

H3K4me3 peaks in the context of Genes and chemicals 

[Supp_Data_3_worksheet_3.xlsx] 

Supplementary Data 2.22: IPA analysis of the genes identified as having differential 

H3K4me3 peaks in the context of Disease and function 

[Supp_Data_3_worksheet_4.xlsx] 

Supplementary Data 2.23: DAVID analysis of the genes identified as having differential 

H3K4me3 peaks in the context of pathways [Supp_Data_3_worksheet_5.xlsx] 

Supplementary Data 2.24: DAVID analysis of the genes identified as having differential 

H3K4me3 peaks in the context of gene ontology [Supp_Data_3_worksheet_6.xlsx] 

Supplementary Data 2.25: SNPS 25 kb up and downstream found to be significant to 

BTB susceptibility in dairy cattle after linear single SNP regression.  

[Supp_Data_3_worksheet_7.xlsx] 
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3.2 Introduction 

Bovine tuberculosis (bTB) is a chronic disease of livestock, particularly among 

domestic dairy and beef cattle, which has been conservatively estimated to cause more 

than $3 billion annual losses to global agriculture (Steele 1995; Waters et al. 2012). The 

disease can also establish across a large variety of wildlife species including, for example, 

American bison (Bison bison), African buffalo (Syncerus caffer), the brushtail possum 

(Trichosurus vulpecula), red deer (Cervus elaphus), wild boar (Sus scrofa) and the 

European badger (Meles meles; (Fitzgerald & Kaneene 2013; Palmer 2013; Malone & 

Gordon 2017; Gormley & Corner 2018). The aetiological agent of bTB, Mycobacterium 

bovis, is a member of the Mycobacterium tuberculosis complex (MTBC) and has a 

genome sequence 99.95% identical to M. tuberculosis, the primary cause of human 

tuberculosis (TB) (Garnier et al. 2003). M. tuberculosis is a highly successful pathogen 

that is the leading cause of human deaths from a single infectious agent—approximately 

1.25 million in 2018 (World Health Organization 2019). In addition, for several low- and 

middle-income countries, the human TB disease burden is increased by zoonotic TB 

(zTB) caused by infection with M. bovis (Thoen et al. 2016; Olea-Popelka et al. 2017; 

Vayr et al. 2018; Luciano & Roess 2020). 

Scientific understanding of bTB and human TB has been synergistically intertwined 

since the 19th century and the foundational research work of Theobald Smith and others 

(Daniel 2006; Cambau & Drancourt 2014; Malone & Gordon 2017). The pathogenesis of 

bTB disease in cattle is comparable with human TB disease and many aspects of M. bovis 

infection are also characteristic of M. tuberculosis infection (Neill et al. 2001; Russell 

2003; Cassidy 2006; Pollock et al. 2006; Waters et al. 2014). Consequently, it is now 

widely recognised that M. bovis infection of cattle and bTB disease represent an important 

comparative system for understanding human TB caused by M. tuberculosis (Hein & 

Griebel 2003; Van Rhijn et al. 2008; Waters et al. 2011; Williams & Orme 2016; Gong 

et al. 2020). 

Inhalation of aerosolized bacteria is the main route of transmission for M. bovis in 

cattle and the primary site of infection is normally the lungs (Palmer et al. 2002; Cassidy 

2006; Palmer et al. 2019). Here the bacilli are phagocytosed by alveolar macrophages 

(AM)—key effector cells of the innate immune system, which provide surveillance of 

pulmonary surfaces and can normally destroy or restrict inhaled intracellular bacilli 

(Weiss & Schaible 2015; Kaufmann & Dorhoi 2016). M. bovis and other facultative 
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intracellular MTBC pathogens have evolved a complex range of mechanisms to evade, 

subvert, and exploit innate immune responses, thereby facilitating colonisation, 

persistence and replication within host macrophages (de Chastellier 2009; Cambier et al. 

2014; Schorey & Schlesinger 2016; Awuh & Flo 2017). These mechanisms include: 

recruitment of cell surface receptors on the host macrophage through molecular mimicry; 

restricting phagosome maturation and autophagy; detoxification of reactive oxygen 

species and reactive nitrogen intermediates (ROSs and RNIs); modulation of type I 

interferon (IFN) signalling; suppression of antigen presentation; rewiring and short-

circuiting of macrophage signal transduction pathways; manipulation of host macrophage 

metabolism; egress of bacilli into the macrophage cytosol; and inhibition of apoptosis 

with concomitant induction of necrosis leading to immunopathology and shedding by the 

host to complete the pathogenic life cycle (Hussain Bhat & Mukhopadhyay 2015; Queval 

et al. 2017; BoseDasgupta & Pieters 2018; Chaurasiya 2018; Stutz et al. 2018; Leopold 

Wager et al. 2019; Russell et al. 2019). Hence after infection, a two-way response is 

tiggered between the pathogen and macrophage, the outcome of which ultimately leads 

to establishment of infection or clearance of the pathogen. The latter outcome of clearance 

may, or may not, require engagement of the adaptive immune system. As the detection of 

M. bovis infection in cattle generally relies on detecting an adaptive immune response to

the pathogen, the outcome of which is slaughter of positive animals (‘reactors’), 

identifying genes that underpin efficacious innate responses promises to reveal favourable 

genomic variants for incorporation into breeding programmes. 

Since 2005, substantial efforts have been made to better understand host-pathogen 

interaction for bTB using transcriptomics technologies such as gene expression 

microarrays and RNA sequencing (RNA-seq) at the host cellular level—specifically the 

bovine AM (bAM) and initial innate immune responses to infection by M. bovis 

(Widdison et al. 2008; Widdison et al. 2011; Magee et al. 2014; Nalpas et al. 2015; Vegh 

et al. 2015; Malone et al. 2018; Hall et al. 2020b). These studies have helped to define a 

“pathogenic signature” (Falkow 2008; Cambier et al. 2014) of M. bovis infection in bAM, 

which reflects the tension between macrophage responses to contain and kill intracellular 

pathogens and evasion and avoidance mechanisms evolved by these mycobacteria. Using 

functional genomics data mining of transcriptomics data, it has also been shown that bAM 

responses to M. bovis infection can be clearly differentiated from infection with M. 

tuberculosis, the primary cause of human TB (Malone et al. 2018). In addition, these 

studies have been expanded to encompass surveys of the bAM epigenome using 
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methylome sequencing and chromatin immunoprecipitation sequencing (ChIP-seq). This 

work has demonstrated that the transcriptional reprogramming of bAM caused by M. 

bovis infection is profoundly shaped by chromatin remodelling at gene loci associated 

with critical components of host-pathogen interaction (O'Doherty et al. 2019; Hall et al. 

2020b). In parallel to functional genomics studies of bTB, increasingly powerful genome-

wide association studies (GWAS) have been performed in Irish and UK cattle populations 

using estimated breeding values (EBVs; estimate of genetic merit of an animal derived 

from a statistical model) for several M. bovis infection resistance traits with heritabilities 

ranging from 0.04 to 0.37, depending on the phenotype used (Finlay et al. 2012; 

Bermingham et al. 2014; Richardson et al. 2016; Raphaka et al. 2017; Wilkinson et al. 

2017; Tsairidou et al. 2018b; Ring et al. 2019). These GWAS have used medium- and 

high-density single-nucleotide polymorphism (SNP) arrays and, more recently, imputed 

whole-genome sequence (WGS) data sets for a large multi-breed GWAS on 7,346 bulls, 

which identified 64 quantitative trait loci (QTLs) associated with resistance to M. bovis 

infection (Ring et al. 2019); the association study was based on phenotypic data from 

781,270 individuals. 

We have recently shown that integration of bAM functional genomics data sets—

RNA-seq, microRNA-seq and ChIP-seq—with a GWAS data set for resistance to M. 

bovis infection can be used to enhance detection of genomic regions associated with 

reduced incidence of bTB disease (Hall et al. 2020b). For the present study, we 

substantially expand this work by leveraging gene-focused network- and pathway-based 

methods under a statistical framework based on a new software tool, gwinteR, to integrate 

transcriptomics data from M. bovis -challenged bAM with WGS-based GWAS results for 

resistance to M. bovis infection (Ring et al. 2019). The primary aim of this work is to 

evaluate whether this approach can systematically enhance detection of genomic 

sequence variants and genes underpinning bTB disease resistance in cattle populations.
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3.3 Materials and methods 

3.3.1 Animal ethics 

All animal procedures were performed in accordance with EU Directive 

2010/63/EU and Irish Statutory Instrument 543/2012, with ethical approval from the 

University College Dublin (UCD) Animal Research Ethics Committee (AREC-13–14-

Gordon). 

3.3.2  Genomics data acquisition and computational and bioinformatics 

workflow 

Genome-wide RNA-seq transcriptomics data from a 48-h bAM time course 

challenge experiment using the sequenced M. bovis AF2122/97 strain have been 

previously generated by our group (GEO accession: GSE62506). The complete 

laboratory methods used to isolate, culture and infect bAM with M. bovis AF2122/9 and 

generate strand-specific RNA-seq libraries using RNA harvested from these cells are 

described in detail elsewhere (Magee et al. 2014; Nalpas et al. 2015; Malone et al. 2018). 

Briefly, these RNA-seq data were generated using bAM obtained by lung lavage of ten 

unrelated age-matched 7 to 12-week-old male Holstein-Friesian calves. Bovine AM were 

either infected in vitro with M. bovis AF2122/97 or incubated with media only. Following 

total RNA extraction from M. bovis-infected and control non-infected alveolar 

macrophages, 78 strand-specific RNA-seq libraries were prepared (paired-end 2 × 90 

nucleotide reads). These comprised M. bovis- and non-infected samples from each post-

infection time point (2, 6, 24 and 48 hours post-infection [hpi]) across 10 animals with 

the exception of one animal that did not yield sufficient alveolar macrophages for in vitro 

infection at 48 hpi. 

GWAS data sets for the present study were obtained from intra-breed imputed 

WGS-based GWAS analyses that used estimated breeding values (EBVs) derived from a 

bTB infection phenotype, which were generated for 2,039 Charolais, 1,964 Limousin and 

1,502 Holstein-Friesian sires (Ring et al. 2019). The bTB phenotype, the WGS-based 

imputed SNP data, and the quantitative genetics methods are described in detail elsewhere 

(Ring et al. 2019); however, the following provides a brief summary. The bTB infection 

phenotype was defined for every animal present during each herd-level bTB breakdown 

when a bTB reactor or a slaughterhouse case was identified. Cattle that yielded a positive 

single intradermal comparative tuberculin test (SICTT), and/or  post-mortem lymph node 
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lesion, or laboratory culture result/s were coded as bTB = 1 and all other cattle present in 

the herd during the bTB-breakdown were coded as bTB = 0; potential exposure of cattle 

within the bTB breakdown was also considered in this study (Ring et al. 2019). After 

phenotype data edits, bTB resistance EBVs were generated for 781,270 phenotyped cattle 

(plus their recorded ancestors). After within-breed SNP filtering using thresholds for 

minor allele frequency (MAF ≤ 0.002) and deviation from Hardy-Weinberg equilibrium 

(HWE; P < 1 × 10-6), there were 17,250,600, 17,267,260 and 15,017,692 autosomal SNPs 

for the 2,039 Charolais (CHA), 1,964 Limousin (LIM) and 1,502 Holstein-Friesian 

(HOF) sire analyses. A single-SNP regression analyses was performed for each breed 

separately using weighted (i.e., by an effective record contribution) sire EBVs for M. 

bovis infection resistance/susceptibility and the nominal P-values were used for 

downstream integrative genomics analyses. 

All data-intensive computational procedures were performed on a 36-core/72-

thread compute server (2× Intel® Xeon® CPU E5- 2697 v4 processors, 2.30 GHz with 18 

cores each), with 512 GB of RAM, 96 TB SAS storage (12 × 8 TB at 7200 rpm), 480 GB 

SSD storage, and with Ubuntu Linux OS (version 18.04 LTS).The complete 

computational and bioinformatics workflow is available with additional information as a 

public GitHub repository (github.com/ThomasHall1688/Bovine_multi-

omic_integration). The individual components of the experimental and computational 

workflows are shown in Figure 3.1 and described in more detail below.

https://github.com/ThomasHall1688/Bovine_multi-omic_integration
https://github.com/ThomasHall1688/Bovine_multi-omic_integration
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Figure 3.1: Schematic showing the experimental and computational workflow use to integrate bAM transcriptomics outputs and M. bovis infection resistance trait 

GWAS data.



92 

3.3.3  Differential gene expression analysis of RNA-seq data 

A custom Perl script was used to deconvolute barcoded RNA-seq reads into 

individual libraries, filter out adapter sequence reads, and remove poor quality reads 

(Nalpas et al. 2015). At each stage of the process, a quality check was performed on the 

FASTQ files with FastQC (version 0.11.8) (Andrews 2019). Paired-end sequence reads 

were then aligned to the Bos taurus reference genome (ARS-UCD1.2, GenBank assembly 

accession: GCA_002263795.2) (Rosen et al. 2020) using the STAR aligner (version 2.7) 

(Dobin et al. 2013). Read counts for each gene were calculated using featureCounts 

(version 1.6.4) (Liao et al. 2014), set to unambiguously assign uniquely aligned paired-

end reads in a stranded manner to gene exon annotation. Using the R statistical 

programming language (version 3.5.3) (R Core Team 2019), gene annotation was derived 

from the NCBI database via a GFF annotation file GCF_002263805.1 with additional 

descriptions and chromosomal locations annotated using GO.db (version 3.8.2) (Carlson 

2019) and biomaRt packages (version 2.40.0) (Durinck et al. 2009). Differential gene 

expression analysis was performed using the DESeq2 package (version 1.24.0) (Love et 

al. 2014) with a longitudinal time series design that accounted for time (hpi) and 

experimental treatment (M. bovis-infected versus control). Lowly expressed reads were 

removed using the mean of normalized counts as a filter statistic; individual genes with 

very low read counts would typically not exhibit significant differential expression due 

to high dispersion (Love et al. 2014). In addition, extreme count outliers were removed 

within DESeq2 using the Cook’s distance (Cook 1977) as previously described (Love et 

al. 2014). Multiple testing correction was performed on each time point using the 

Benjamini-Hochberg (B-H) false discovery rate (FDR) method (Benjamini & Hochberg 

1995). The default criteria for differentially expressed (DE) genes were an FDR-adjusted 

P-value less than 0.05 (Padj. < 0.05).

3.3.4  Ingenuity® Pathway Analysis (IPA) of differentially expressed genes 

Ingenuity® Pathway Analysis—IPA® (version 1.1, summer 2020 release; Qiagen, 

Redwood City, CA, USA) was used to perform a statistical enrichment analysis of DE 

gene sets and expression data (Kramer et al. 2014). This enabled identification of 

canonical pathways and functional processes of biological importance in alveolar 

macrophages challenged with M. bovis across the longitudinal infection time course. 

Following best practice, the default background gene set for pathway and functional 

process enrichment testing was the set of detectable genes across all RNA-seq libraries 



93 

for each time point contrast and not the complete bovine transcriptome (Timmons et al. 

2015). 

3.3.5 Identification of functional gene modules using differential co-

expression network analysis 

An integrated computational pipeline for differential co-expression network 

analysis was implemented using: 1) the  Differential Gene Correlation Analysis (DGCA) 

R package (version 1.0.2) (McKenzie et al. 2016); 2) the Cytoscape open source Java 

platform for visualisation and integration of biomolecular interaction networks (version 

3.7.0) (Shannon et al. 2003); and 3) the Multiscale Embedded Gene Co-expression 

Network Analysis (MEGENA) R package (version 1.3.7) (Song & Zhang 2015). 

Due to the low variance in gene expression observed between samples at 2 and 6 

hpi (Supplementary Figures 3.1a and 3.1b), only data from the 24 and 48 hpi time points 

were used for the differential correlation analysis. The DGCA R package was used to 

filter normalised gene counts such that genes in the lower 30th percentile of median 

expression values were removed. Pearson correlation coefficients were then calculated 

for each gene pair between the control non-infected and M. bovis -infected samples at 24 

and 48 hpi. Following this, for each time point, the infected and control samples were 

randomly shuffled, and the analysis was repeated for a total of ten iterations. Additionally, 

using the permutation testing and reference pool distribution approaches implemented in 

DGCA, an empirical P-value was calculated for each observed correlation coefficient and 

q-values were calculated based on empirical P-values and the estimated proportion of null

hypotheses; gene pairs were then considered to be differentially correlated with a q-value 

threshold of 0.10 (McKenzie et al. 2016). 

The correlation networks and network parameters generated by DGCA were 

initially visualised, examined and evaluated using the Cytoscape platform. In correlation 

networks, based on gene co-expression, each gene acts as a node and each correlation acts 

as a weighted edge, depending on the strength of the correlation coefficient (Schaefer et 

al. 2017; van Dam et al. 2018). The DGCA network data for the 24 and 48 hpi time points 

were then imported into MEGENA for identification of functional subnetworks 

(modules) using differentially correlated (q < 0.10) gene pairs ranked by q-value to a 

maximum of 3,500 gene pairs; this gave 3,500 and 1,085 gene pairs for the 24 and 48 hpi 

correlation networks, respectively. Each gene pair was assigned to a class that described 

the change in correlation depending on infection status, and only those genes that 
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exhibited a change in expression pattern were included in the MEGENA analysis to 

identify functional modules. 

Functional modules in the 24 and 48 hpi correlation networks were detected as 

locally coherent subnetwork clusters with a minimum of 20 unique genes that MEGENA 

classified as statistically significant (P-value < 0.05) based on analyses of shortest path 

indices, local path index, weight of the correlation and overall modularity. The resulting 

MEGENA functional modules were visualised using the Cytoscape platform and genes 

embedded in functional modules at 24 and 48 hpi were combined and annotated for 

downstream GWAS integration as described below. The genes contained in these 

functional modules were also subject to gene ontology (GO) term enrichment analyses 

within the MEGENA package (Song & Zhang 2015). 

3.3.6 Detection of active gene modules using a tuberculosis and 

mycobacterial infection gene interaction network 

The GeneCards® gene compendium and knowledgebase (www.genecards.org; 

version 4.9), which integrates multiple sources of biological information on all annotated 

and predicted human genes (Stelzer et al. 2016), was used to identify a set of genes that 

are functionally associated with the host response to TB and other diseases caused by 

infection with mycobacteria. The search query used was tuberculosis OR 

mycobacterium OR mycobacteria OR mycobacterial and genes were 

ranked by a GeneCards statistic—the Relevance Score—based on the Elasticsearch 

algorithm (Gormley & Tong 2015), which determines the strength of the relationships 

between genes and keyword terms. Gene IDs were converted to human Ensembl gene 

IDs (Yates et al. 2020) and retained for downstream analysis using the InnateDB 

knowledgebase and analysis platform for systems level analysis of the innate immune 

response (www.innatedb.com; version 5.4) (Breuer et al. 2013). 

A gene interaction network (GIN) was generated with the gene list output from 

GeneCards using InnateDB with default settings and this network was visualised using 

Cytoscape. The jActivesModules Cytoscape plugin (version 3.12.1) (Ideker et al. 2002) 

was then used to superimpose the bAM RNA-seq gene expression data and detect, 

through a greedy search algorithm, differentially active subnetworks (modules) of genes 

at the 24 and 48 hpi time points. Locally coherent clusters that contain genes that are 

differentially expressed were identified using the log2FC and Padj. values of each 

differentially expressed gene; the overall connectivity of those genes with their immediate 

http://www.genecards.org/
http://www.innatedb.com/
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module co-members; and the comparison of that connectivity with a background 

comprised of randomly drawn networks using the same genes, but independent of the 

base network. Genes embedded in active modules that were detected as statistically 

significant at 24 and 48 hpi were combined and annotated for downstream GWAS 

integration as described below. 

3.3.7  Integration of M. bovis -infected bovine AM gene expression data 

with bTB GWA data 

To facilitate integration of GWAS data with gene sets generated from functional 

genomics data analyses, an R software package was developed—gwinteR 

(github.com/ThomasHall1688/gwinteR), which can be used to test the hypothesis that a 

specific set of genes is enriched for signal in a GWAS data set relative to the genomic 

background. This gene set, for example, could be an output from an active gene module 

network analysis of transcriptomics data from a cell type or tissue relevant to the GWAS 

phenotype. To formally test the primary hypothesis, the gwinteR tool was designed to 

determine if genomic regions containing GWAS SNPs that are proximate to genes within 

a gene set are enriched for statistical associations with the trait/s analysed in the GWAS. 

The gwinteR software tool works as follows: 1) a set of significant and non-

significant SNPs (named the target SNP set) is collated across all genes in a specific gene 

set at increasing genomic intervals upstream and downstream from each gene inclusive 

of the coding sequence (e.g., ±10 kb, ±20 kb, ±30 kb… …±100 kb); 2) for each genomic 

region, a null distribution of 1,000 SNP sets, each of which contains the same number of 

total significant and non-significant combined SNPs as the target SNP set, is generated 

by resampling with replacement from the search space of the total population of SNPs in 

the GWAS data set; 3) the nominal (uncorrected) GWAS P-values for the target SNP set 

and the null distribution SNP sets are converted to local FDR-adjusted P-values (Padj.) 

using the fdrtool R package (current version 1.2.15) (Strimmer 2008); 4) a permuted P-

value (Pperm.) to the test the primary hypothesis for each observed genomic interval target 

SNP set is generated based on the proportion of permuted random SNP sets where the 

same or a larger number of SNPs exhibiting significant q-values (e.g. q < 0.05 or q < 

0.10) are observed; 5) gwinteR generates data to plot Pperm. results by genomic interval 

class and obtain a graphical representation of the GWAS signal surrounding genes within 

the target gene set; 6) a summary output file of all SNPs in the observed target SNP set 

with genomic locations and q-values is generated for subsequent investigation. 

https://github.com/ThomasHall1688/GWASin
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In the original bTB GWAS data set used for the present study (Ring et al. 2019), 

the WGS-imputed SNPs were mapped to the UMD3.1 bovine genome assembly (Zimin 

et al. 2009). Consequently, prior to GWAS data integration, the imputed and previously 

filtered SNPs for each of the three breed groups were mapped, using a custom R pipeline 

(https://github.com/ThomasHall1688/Bovine_multi-omic_integration), to the most 

recent ARS-UCD1.2 cattle reference genome assembly (Rosen et al. 2020). After this 

step, there were 14,583,567, 14,586,972 and 12,740,315 autosomal SNPs with nominal 

GWAS P-values that could be used for integrative genomics analyses of the CHA, LIM 

and HOF breeds, respectively. 

For the integrative analyses of bAM functional genomics outputs with the bTB 

GWAS data, three different subsets of genes were used: 1) basic DE gene sets that were 

filtered to ensure manageable computational loads using stringent expression threshold 

criteria of |log2FC| > 2 and Padj. < 0.01 and Padj. < 0.000001 for 24 and 48 hpi, respectively;  

2) genes embedded in functional modules at 24 and 48 hpi that were detected using the

MEGENA package in the differential co-expression network analyses; and 3) genes 

embedded in active modules at 24 and 48 hpi that were identified using jActiveModules 

within the tuberculosis and mycobacterial infection interaction network. 

https://github.com/ThomasHall1688/Bovine_multi-omic_integration
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3.4 Results 

3.4.1 Differential gene expression and pathway analyses of M. bovis -

infected bovine AM 

Quality filtering of RNA-seq read pairs yielded a mean of 22,681,828 ± 3,508,710 

reads per individual library (n = 78 libraries). A mean of 19,582,959 ± 3,021,333 read 

pairs (86.17%) were uniquely mapped to locations in the ARS-UCD1.2 bovine genome 

assembly. Detailed filtering and mapping statistics are shown in Supplementary Data 

3.1 and multivariate PCA analysis of the individual animal sample expression data using 

DESeq2 revealed separation of the control and M. bovis -infected bAM groups at the 24 

and 48 hpi time points, but not at the 2 and 6 hpi time points (Supplementary Figure 

3.1). 

Using default criteria for differential expression (FDR Padj. < 0.05; |log2FC| > 1), 

and considering the M. bovis -infected bAM relative to the control non-infected 

macrophages, three DE genes were detected at 2 hpi (all three exhibited increased 

expression in the M. bovis -infected group); 97 DE genes were detected at 6 hpi (40  

increased and 57 decreased); 1,345 were detected at 24 hpi (764 increased and 581 

decreased); and 2,915 were detected at 48 hpi (1,528 increased and 1,387 decreased) 

(Figure 3.2a; Supplementary Data 3.2). Figure 3.2b shows that 2,982 genes were 

differentially expressed across the 24 and 48 hpi time points. Table 3.1 shows a 

breakdown of DE genes across the infection time course for a range of statistical 

thresholds and fold-change cut-offs, including the default criteria (FDR Padj. < 0.05; 

|log2FC| > 1). To ensure manageable computational loads, the DE gene sets that were 

used for GWAS integration with gwinteR were filtered with |log2FC| > 2, and Padj. < 0.01 

and Padj. < 0.000001 for 24 and 48 hpi, respectively. With these criteria, there were 378 

input genes for GWAS integration identified at 24 hpi and 390 input genes at 48 hpi. (24 

hpi and 48 hpi DEG gene sets). In addition, 210 genes overlapped between the two time 

points. The two DEG gwinteR input gene sets (DEG-24 and DEG-48 – see Figure 3.1) 

are also detailed in Supplementary Data 3.2. 

To produce gene sets for the IPA Core Analysis within the recommended range for 

the number of input entities (Kramer et al. 2014; Qiagen 2019) and to include DE genes 

with small fold-change values, gene sets were filtered using only Padj. thresholds of 0.05 

and 0.01 at 24 hpi and 48 hpi, respectively. In addition, the target species selected was 
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Homo sapiens and the cell type used was Macrophage with the Experimentally Observed 

and High Predicted confidence settings. This resulted in 1,957 input genes (1,071 

upregulated and 886 downregulated) from a background detectable set of 16,084 at 24 

hpi and 2,492 input genes (1,401 upregulated and 1,091 downregulated) from a 

background detectable set of 17,492 genes at 48 hpi. The IPA analysis was focused on 

the 24 and 48 hpi time points because a relatively small numbers of DE genes were 

detected at 2 and 6 hpi (Figure 3.2 and Table 3.1). 

Using the B-H method for multiple test correction in IPA (Padj. < 0.05), there were 

68 and 48 statistically significant enriched IPA canonical pathways at 24 hpi and 48 hpi, 

respectively (Supplementary Data 3.3). Enriched pathways at 24 hpi included Role of 

Pattern Recognition Receptors in Recognition of Bacteria and Viruses, IL-6 Signalling, 

TNFR2 Signalling, Role of RIG1-like Receptors in Antiviral Innate Immunity, Role of 

Cytokines in Mediating Communication between Immune Cells, Communication between 

Innate and Adaptive Immune Cells, IL-12 Signalling and Production in Macrophages, 

IL-10 Signalling, Protein Ubiquitination Pathway, Toll-like Receptor Signalling, NF-κB 

Signalling, PI3K/AKT Signalling, and TNFR1 Signalling. The most highly activated 

pathway at 24 hpi was PI3K/AKT Signalling. Enriched pathways at 48 hpi included 

Protein Ubiquitination Pathway, Role of Cytokines in Mediating Communication between 

Immune Cells, IL-12 Signalling and Production in Macrophages, Role of RIG1-like 

Receptors in Antiviral Innate Immunity, Role of Pattern Recognition Receptors in 

Recognition of Bacteria and Viruses, Communication between Innate and Adaptive 

Immune Cells, TNFR2 Signalling, Role of PI3K/AKT Signalling in the Pathogenesis of 

Influenza, IL-10 Signalling, and Toll-like Receptor Signalling.  The SIGORA software 

tool (Foroushani et al. 2013) has been previously used to identify biological pathways 

associated with a robust ‘core’ bAM response to infection with both M. bovis and M. 

tuberculosis (Malone et al. 2018). It is therefore reassuring that many of these pathways—

including PI3K-Akt Signalling Pathway, RIG-I-like Receptor Signalling Pathway, Toll-

like Receptor Signalling and Protein Ubiquitination Pathway—were also enriched using 

the IPA methodology at 24 and 48 hpi. 
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Figure 3.2: Differentially expressed genes in M. bovis-infected bAM at 2, 6, 24, and 48 hpi. a) 

Volcano plots of differentially expressed genes with FDR Padj. value thresholds of 0.05 and 

absolute log2 fold-change > 1. b) UpSetR plot showing the intersection of shared differentially 

expressed genes across the four post-infection time points. 
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Table 3.1: Differentially expressed genes detected in M. bovis-infected bovine AM relevant to control non-infected bAM 

Post-infection 
time point 

Padj. < 0.05; |log2FC| > 0 
(increased/decreased) 

Padj. < 0.05; |log2FC| > 1 
(increased/decreased) 

Padj. < 0.01; |log2FC| > 0 
(increased/decreased) 

Padj. < 0.01; |log2FC| > 1 
(increased/decreased) 

2 hpi 14 (7/7) 3 (3/0) 8 (4/4) 2 (2/0) 

6 hpi 410 (203/207) 97 (40/57) 119 (63/56) 32 (14/18) 

24 hpi 3,620 (1,898/1,722) 1,345 (764/581) 2,059 (1,168/891) 933 (577/356) 

48 hpi 6,442 (3,295/3,147) 2,915 (1,528/1,387) 4,737 (2,516/2,221) 2,386 (1,294/1,092) 
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3.4.2  Differential co-expression correlation networks and identification 

of functional gene modules 

For the generation of bAM differential co-expression correlation networks, filtering 

of genes with low measure of central tendency, which reduces the number of potential 

spurious correlations (McKenzie et al. 2016), resulted in 11,354 and 11,170 genes at 24 

and 48 hpi, respectively. Following this step, differential correlation analysis using 

DGCA with an empirical Padj.-value threshold of 0.10 resulted in 3,507 differentially 

correlated gene pairs out of 128,913,316 total pairwise correlations at 24 hpi; and 1,135 

from a total of 124,768,900 at 48 hpi (Supplementary Data 3.4). The correlation 

networks generated at 24 hpi and 48 hpi (Figure 3.3a) yielded a total of 22 and 14 

functional gene modules, respectively (Figure 3.3b and Supplementary Data 3.4). After 

removal of duplicates, consolidated totals of 460 genes and 416 genes were contained in 

the functional modules at 24 hpi and 48 hpi, respectively. There were also 26 genes that 

overlapped between the functional modules for the two time points. The two correlation 

network (CON) gwinteR input gene sets (CON-24 and CON-48 – see Figure 3.1) are also 

detailed in Supplementary Data 3.4. 

GO term enrichment was also performed for each functional module at 24 hpi and 

48 hpi, with the top three GO terms retained for each functional module (Supplementary 

Figures 3.2 and 3.3). The top five GO terms at 24 hpi (ranked by Padj.) were translation 

(GO:0006412), peptide biosynthetic process (GO:0043043), amide biosynthetic process 

(GO:0043604), structural constituent of ribosome (GO:0003735), and cellular amide 

metabolic process (GO:0043603) (Supplementary Figure 3.2). The top five enriched 

GO terms at 48 hpi (ranked by Padj.) were signalling receptor activity (GO:0038023) and 

molecular transducer activity (GO:0060089), transforming growth factor beta activation 

(GO:0036363), chemokine activity (GO:0008009), and signalling receptor binding 

(GO:0005102) (Supplementary Figure 3.3). 
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Figure 3.3: Differential co-expression correlation networks and submodules at 24 and 

48 hpi. a) The complete correlation networks for M. bovis -infected bAM at 24 and 48 

hpi. b) The 22 subnetwork modules detected at 24 hpi and the 14 subnetwork modules 

detected at 48 hpi with individual example modules highlighted in yellow. c) Individual 

example subnetwork modules at 24 and 48 hpi. 
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3.4.3 Differential expression network analysis and identification of 

activated modular subnetworks 

The GeneCards search query generated a total of 2,291 gene hits (Supplementary 

Data 5) using the search terms:  tuberculosis OR mycobacterium OR 

mycobacteria OR mycobacterial. To provide a computationally manageable 

number of genes for an InnateDB input data set (Breuer et al. 2013), a GeneCards 

Relevance Score (GCRS) threshold was used (GCRS > 2.5). This GCRS cut-off produced 

an input list of 258 functionally prioritised genes for generation of an InnateDB gene 

interaction network (GIN) and the top ten genes from this list ranked by GCRS were: 

interferon gamma receptor 1 (IFNGR1), interleukin 12 receptor subunit beta 1 (IL12RB1), 

toll like receptor 2 (TLR2), solute carrier family 11 member 1 (SLC11A1), signal 

transducer and activator of transcription 1 (STAT1), interleukin 12B (IL12B), cytochrome 

b-245 beta chain (CYBB), tumour necrosis factor (TNF), interferon gamma receptor 2

(IFNGR2), and interferon gamma (IFNG). 

The large GIN produced by InnateDB starting with the input list of 258 functionally 

prioritised genes was visualised using Cytoscape and consisted of 7,001 nodes (individual 

genes) and 19,713 edges (gene interactions) (Figure 3.4a). Supplementary Data 3.5 

provides information for all gene interactions represented in Figure 3.4a. Following 

visualisation of the large GIN in Cytoscape, the jActivesModules Cytoscape plugin was 

used to detect statistically significant differentially activated subnetworks (modules) at 

the 24 hpi and 48 hpi time points. The top five subnetworks at each time point were 

retained for downstream analyses and consisted of 198 genes in module 1 at 24 hpi (M1-

24), 287 genes in M2-24, 272 genes in M3-24, 53 genes in M4-24, 171 genes in M5-24, 

381 genes in M1-48, 330 genes in M2-48, 403 genes in M3-48, 371 genes in M4-48, and 

399 genes in M5-48 (Supplementary Data 3.5). As an example, Figure 3.4b shows the 

subnetwork of genes and gene interactions representing module 5 at 24 hpi (M5-24). 

The genes contained in the top five modules at 24 hpi and 48 hpi were filtered to 

remove duplicates and consolidated into two separate gene sets for GWAS integration 

with gwinteR. The consolidated gene sets for the top five modules at 24 hpi and 48 hpi 

contained 339 and 495 unique genes, respectively. There were 245 genes that overlapped 

between the two subnetwork gene sets for the two post-infection time points. The two 

differential expression network (DEN) gwinteR input gene sets (DEN-24 and DEN-48 – 

see Figure 3.1) are also detailed in Supplementary Data 3.5. 
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Figure 3.4: A large gene interaction network (GIN) with superimposed differentially expressed 

genes. a) Cytoscape tuberculosis gene interaction network with superimposed differentially 

expressed genes at 24 and 48 hpi. b) Example subnetwork showing module number 5 detected 

with the 24 hpi gene expression data. 
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3.4.4 GWAS integration and identification of additional SNP–trait 

associations 

The six gene sets generated from the three separate analyses of DE genes in bAM 

challenged with M. bovis at 24 hpi and 48 hpi are summarised in Table 3.2 and further 

detailed in Supplementary Data 3.2–3.4. In addition to these six putative functionally 

relevant gene sets, one hundred sets of 250 genes randomly sampled from the bovine 

genome were used for statistical context and comparison. These random gene sets (RAN) 

are detailed in Supplementary Data 3.6 (see also Figure 3.1). The results from the 

integrative analyses using gwinteR with the DEG-24, DEG-48, CON-24, CON-48, DEN-

24, DEN-48, and RAN gene sets are summarised graphically in Figure 3.5 and detailed 

in Supplementary Data 3.7 and 3.8. Figure 3.5a shows circular Manhattan plots with 

GWAS results (Padj. values) for each of the three breeds prior to data integration using 

gwinteR. Figure 3.5b shows the gwinteR permuted P values (Pperm.) for each of the 10 

genomic intervals used and for each of the six input gene sets plus the RAN gene set with 

Padj. < 0.10. Figure 3.5c shows circular Manhattan plots with GWAS results post data 

integration using gwinteR. Inspection of Figure 3.5b shows that, in terms of SNP 

enrichment (Pperm. < 0.05), the integrative analyses using gwinteR were most effective for 

the HOF breed group where the CON-24, CON-48, and DEG-48 input gene sets produced 

enriched SNPs across all 10 genomic ranges. In addition, the DEG-24 and DEN-24 input 

gene sets were effective for the HOF breed across the ± 20 to 100 kb and ± 30 to 50 kb 

genomic ranges, respectively. In the case of the LIM breed, the DEG-48 input gene set 

produced enriched SNPs across all 10 genomic ranges, the CON-48 between ± 10 to 70 

kb and the CON-24 at ± 10 kb. For the CHA breed, SNP enrichment using gwinteR was 

only observed for the CON-24 input gene set for the genomic interval between ± 10 to 40 

kb. 
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Figure 3.5: Integration of bAM functional genomics and GWAS data for bTB disease infection 

phenotype in three cattle breeds. a) Circular Manhattan plots showing GWAS results pre-

integration with blue and red data points indicating binned SNP clusters with FDR Padj. < 0.10 and 

< 0.05, respectively. b) Line plots of permuted P-values across different genomic intervals for 

SNPs from six different input gene sets. c) Histogram showing numbers of significant GWAS SNPs 

for the bTB resistance trait, pre- and post-enrichment for the three cattle breeds. 
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Table 3.2: Six different input gene sets used for GWAS integration  

Post-infection 
time point 

Filtered differentially 
expressed genes (DEG) 

Correlation networks 
analysis (CON) 

Differential expression 
network analysis (DEN) 

Input gene set 
code 

No. of genes 
Input gene set 

code 
No. of genes 

Input gene set 
code 

No. of genes 

24 hpi DEG-24 378 CON-24 460 DEN-24 339 

48 hpi DEG-48 390 CON-48 416 DEN-48 495 
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Figure 3.5d summarises the numbers of statistically significant SNPs pre- and post-

data integration, again with SNP enrichment being most evident for the HOF breed with 

a 24-fold post-gwinteR SNP enrichment at Padj. < 0.10 from 40 to 961 SNPs. The SNP 

enrichments for the CHA and LIM breed were more modest, although there was a 2.3-

fold enrichment at Padj. < 0.10 from 80 to 182 SNPs for the LIM breed. Inspection of 

Supplementary Data 3.8 reveals notable gene loci associated with enriched GWAS 

SNPs for the HOF breed including the allograft inflammatory factor 1 gene (AIF1), which 

encodes a protein that promotes macrophage activation and proinflammatory activity (Liu 

et al. 2007); the ciliogenesis associated kinase 1 gene (CILK1 aka ICK); IL17A and IL7F, 

which encode proinflammatory cytokines and contain polymorphisms in the human 

orthologs that have been associated with lower hTB disease incidence (Wang et al. 2016; 

Eskandari-Nasab et al. 2018); the integrin subunit beta 3 gene (ITGB3), which encodes a 

protein that has been shown to regulate matrix metalloproteinase secretion in pulmonary 

hTB (Brilha et al. 2017); the neuraminidase 1 gene (NEU1), which encodes a protein that 

regulates phagocytosis in macrophages (Seyrantepe et al. 2010); and the TNF gene that 

encodes TNF (aka TNF-α)a key cytokine for generation and maintenance of the 

granuloma, and where gene polymorphisms have been linked to resistance to M. bovis 

infection (Cheng et al. 2016). Gene loci associated with enriched GWAS SNPs for the 

CHA breed group also included the CILK1 gene (aka ICK) and the Kelch repeat and BTB 

domain containing 3 gene (KCNJ15), which has been detected as an expression biomarker 

for hTB (Satproedprai et al. 2015); the T cell immune regulator 1, ATPase H+ 

transporting V0 subunit a3 gene (TCIRG1), a known antimycobacterial host defence gene 

that has been shown to be a key hub gene associated with IFN-γ stimulation of human 

macrophages (Steiger et al. 2016); and the Von Willebrand factor gene (VWF). Notable 

gene loci associated with enriched GWAS SNPs for the Limousin breed group included 

the cellular repressor of E1A stimulated genes 1 gene (CREG1), which encodes a 

regulator of core macrophage differentiation genes (Gautier et al. 2012); the desmoplakin 

gene (DSP), which increases in expression during M. tuberculosis-derived ESAT6-

regulated transition of bone marrow-derived macrophages (BMDMs) into epithelioid 

macrophages (Lin et al. 2020); and the SP110 nuclear body protein gene (SP110), which 

encodes a protein that modulates growth of MTBC pathogens in macrophages and has 

been successfully exploited for genome editing of cattle to enhance resistance to M. bovis 

infection (Wu et al. 2015) 
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Figure 3.6: The PI3K/AKT signalling pathway and genomic variants within associated genes. a) 

The IPA-predicted activation state of the PI3K/AKT signalling pathway with red and blue colours 

indicating increased and decreased activity of pathway components, respectively. b) Schematic 

of enriched bTB disease resistance GWAS SNPs in four genes associated with the PI3K/AKT 

signalling pathway. 
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3.5 Discussion 

During the last decade, integrative genomics, multi-omics analyses and network 

biology have come to the fore as powerful strategies for exploring, dissecting and 

unpicking the complexities of the vertebrate immune system and immune responses to 

specific microbial pathogens (Schubert 2011; Kidd et al. 2014; Vodovotz et al. 2017; Hao 

et al. 2020). In the present study we have used these approaches to integrate 

transcriptomics data from a pivotal immune effector cell in M. bovis infection with high-

resolution GWAS data for a M. bovis infection resistance trait. We developed a new 

computational tool, gwinteR, to enhance detection of QTLs by leveraging nominal SNP 

P values from large GWAS data sets for resistance to infection by M. bovis in cattle. 

Three different integration strategies were employed with transcriptomics data from bAM 

infected with M. bovis across a 48-h time course. The first and most straightforward 

method was based on DE gene sets at 24 and 48 hpi with stringent fold-change and P-

value thresholds as filtering criteria (DEG-24 and DEG-48). For the second method, a 

correlation network approach was used to identify subnetworks (modules) of co-

expressed functional gene clusters from the bAM transcriptomics data at the two post-

infection time points (CON-24 and CON-48). The third method was also network-based 

but took advantage of the extensive scientific literature and curated biomolecular data for 

mycobacterial infections and tuberculosis disease. For this approach, a base GIN was 

constructed and functional modules containing overlaid differentially expressed genes 

were identified to provide two post-infection input gene sets (DEN-24 and DEN-48) for 

downstream data integration. 

Integration of these six input gene sets with bTB GWAS data from three different 

cattle breeds (CHA, LIM and HOF) revealed substantial differences among the three 

methods in their capacity to detect additional QTLs for a bTB resistance trait in these 

particular GWAS data sets. For example, the correlation network approach was the only 

method that enriched SNPs for the CHA breed and that worked for at least one bAM post-

infection time point across all three breeds (see Figure 3.5). Surprisingly, perhaps, the 

functional modules obtained using the GIN differential network (DEN) approach—the 

most complex method to implement—produced the least effective input gene sets for 

prioritising additional SNPs from the GWAS data set. This method proved effective only 

for the DEN-24 input gene set with the HOF breed and then only for the ±30, ±40, and 

±50 kb genomic intervals. Conversely, the simplest method based on DE genes at 24 and 
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48 hpi enriched SNPs for both the LIM and HOF breed groups, with the DEG-48 input 

gene set being the most effective (Figure 3.5). 

In summary, across the two different bAM infection time points and the three 

breeds, the CON method enriched 970 SNPs, the DEG method enriched 163 SNPs and 

the DEN method enriched only 11 SNPs (Supplementary Data 3.8). Although other 

factors such as linkage disequilibrium need to be considered in interpreting these 

differences, it is reasonable to hypothesise that GWAS integration using the correlation 

network approach is more sensitive to regulatory genomic variants that alter expression 

of co-ordinately regulated protein components of the alveolar macrophage pathways and 

processes underpinning host-pathogen interaction for the early stages of intracellular 

MTBC infection (Weiss & Schaible 2015; Kaufmann & Dorhoi 2016; Schorey & 

Schlesinger 2016). Figure 3.6 illustrates this using the example of SNPs within and 

proximal to gene loci associated with PI3K/AKT signalling, which based on IPA data 

mining for bAM DE genes was a highly activated pathway, particularly at 24 hpi. In this 

regard, previous work has shown that macrophage PI3K/AKT signalling is key to a range 

of cellular processes associated with host-pathogen interaction in MTBC infections, 

including modulation of cell death pathways, manipulation of signalling downstream of 

TLRs, and initiation of granuloma formation (Maiti et al. 2001; A et al. 2012; Cho et al. 

2013; Liu et al. 2016; Brace et al. 2017; Yang et al. 2018). We have also recently 

demonstrated that genes encoding protein products embedded in the PI3K/AKT pathway 

are primary targets for chromatin modifications that substantially alter bAM gene 

expression in response to M. bovis infection (Hall et al. 2020b). 

There were also notable breed differences in the effectiveness of the three methods 

used for multi-omics data integration and enrichment of GWAS SNPs. The original 

GWAS data set for the HOF breed was the least powered of the three breeds in terms of 

both sample size (n = 1,502 sires) and genetic markers (12,740,315 genome-wide SNPs). 

This is reflected in the relatively small number of GWAS SNPs that were detected pre-

integration for the HOF breed: 40 SNPs at Padj. < 0.10 compared to 475 for the CHA breed 

and 80 for the LIM breed (see Figure 3.5). However, the SNP enrichment post-integration 

was markedly more effective for the HOF breed with a 24-fold increase from 40 to 961 

SNPs (Padj. < 0.10) compared to 1.08-fold (475 to 511 SNPs; Padj. < 0.10) and 2.28-fold 

(80 to 182 SNPs; Padj. < 0.10) for the CHA and LIM breeds, respectively (Figure 3.5). In 

addition, a total of 48 genes were captured by the enriched GWAS SNPs for the HOF 

breed compared to 20 and 16 genes for the CHA and LIM breeds, respectively 



 

112 

(Supplementary Data 3.8). Regarding the superior performance of the HOF breed 

GWAS for multi-omics integration, it is perhaps noteworthy that the M. bovis infection 

transcriptomics data set was generated using bAM from this population (Nalpas et al. 

2015). Most of the SNPs (n = 829, 88%) and genes (n = 36, 67%) obtained post-

integration in the HOF breed were detected using the correlation co-expression network 

method, which, again, is likely caused by enrichment of genomic regulatory variants that 

modulate expression of genes associated with alveolar macrophage pathways and 

processes critical to early host-pathogen interaction. This pattern of variation may also 

reflect the polygenic architecture of M. bovis infection resistance in domestic cattle 

(Raphaka et al. 2017; Tsairidou et al. 2018a; Tsairidou et al. 2018b; Ring et al. 2019). 

Integrative multi-omics approaches to data integration are now widely used to 

explore and dissect the genomic architecture and physiological basis of complex traits in 

domestic livestock, including network-based methods to integrate functional genomics 

and GWAS data (Canovas et al. 2014; Fang et al. 2017; Cai et al. 2018; Fang et al. 2018; 

Deng et al. 2019; Yan et al. 2020). However, to the best of our knowledge, this study is 

the first that uses network biology to systematically combine transcriptomics data from 

M. bovis-infected macrophages with GWAS data for M. bovis infection resistance in 

cattle. Therefore, it provides a novel framework for integrative genomics studies of 

complex infectious disease resistance traits in livestock, particularly those involving other 

intracellular bacterial pathogens such as Brucella abortus, Mycobacterium avium subsp. 

paratuberculosis and Salmonella enterica. The work is also relevant to development of 

methods for integrative analyses of outputs from the Functional Annotation of Animal 

Genomics (FAANG) initiative (Giuffra et al. 2019) and for identification and 

prioritization of targets for genome editing to enhance resistance to infection in domestic 

livestock species (Bishop & Van Eenennaam 2020). The results from this study may also 

inform genome-enabled breeding programmes for resistance to M. bovis infection in 

production cattle populations (Banos et al. 2017; Tsairidou et al. 2018a). Finally, this 

integrative multi-omics approach could also be used to combine relevant functional 

genomics and GWAS data sets to improve knowledge of innate immune responses and 

the establishment of infection in human TB caused by M. tuberculosis. 
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3.6 Conclusions 

Elucidation of the mechanisms used by M. bovis to establish infection in cattle, and 

ultimately cause disease, requires an intimate knowledge of host-pathogen interactions, 

especially at the interface between the bAM and the invading bacilli. Using a series of 

systems biology-based transcriptomic analysis pipelines, I have identified and catalogued 

patterns of gene expression and gene-gene interactions that occur in bAM during the 

initial stages of M. bovis infection, highlighting key response pathways and hub genes. 

Additionally, with the development of the R package “gwinteR”, I was able to integrate 

the functional genomics data with three breed-based, highly powered M. bovis resistance 

GWAS data sets. This revealed genomic variants associated with resistance in key innate 

immune genes and also highlighted synergies between the Holstein-Friesian 

transcriptomics data, and the Holstein-Friesian GWAS data set, with a tenfold larger 

significant SNP set identified through data integration for this GWAS compared to the 

Charolais and Limousin data sets. This supports the hypothesis that the response to M. 

bovis infection at the level of the alveolar macrophage may be more breed specific than 

initially assumed. These outputs also include functionally relevant genomic variation that 

may be incorporated into breeding programmes to establish cattle populations more 

resistant to M. bovis infection, both nationally and internationally. Additionally, these 

natural sequence variants (NSVs) may represent useful targets for genome editing of 

induced pluripotent stem cell-derived macrophages (iPSCDM) to investigate bAM-M. 

bovis interaction systematically at the level of individual genes and GREs. 
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3.7 Supplementary information 

Supplementary files associated with Chapter 3 are listed below and available for 

download here. 

Supplementary Figure 3.1: Principal component analysis (PCA) plots for individual 

animal bAM gene expression data [Supplementary_Figures.docx] 

Supplementary Figure 3.2: Gene ontology (GO) enrichment for functional modules at 

24hpi [Supplementary_Figures.docx] 

Supplementary Figure 3.3: Gene ontology (GO) enrichment for functional modules at 

48hpi [Supplementary_Figures.docx] 

Supplementary Data 3.1: RNA-seq filtration statistics 

[Supp_Data_File_1_worksheet_1.xlsx] 

Supplementary Data 3.2: RNA-seq mapping statistics 

[Supp_Data_File_1_worksheet_2.xlsx] 

Supplementary Data 3.3: RNA-seq raw counts 

[Supp_Data_File_1_worksheet_3.xlsx] 

Supplementary Data 3.4: RNA-seq normalised counts 

[Supp_Data_File_1_worksheet_4.xlsx] 

Supplementary Data 3.5: Gene expression results for 2 hpi 

[Supp_Data_File_2_worksheet_1.xlsx] 

Supplementary Data 3.6: Gene expression results for 6 hpi 

[Supp_Data_File_2_worksheet_2.xlsx] 

Supplementary Data 3.7: Gene expression results for 24 hpi 

[Supp_Data_File_2_worksheet_3.xlsx] 

Supplementary Data 3.8: Gene expression results for 48 hpi 

[Supp_Data_File_2_worksheet_4.xlsx] 

Supplementary Data 3.9: Differentially expressed gene (DEG) set GWAS input for 24 

hpi (DEG-24) [Supp_Data_File_2_worksheet_5.xlsx] 

Supplementary Data 3.10: Differentially expressed gene (DEG) set GWAS input for 48 

hpi (DEG-48) [Supp_Data_File_2_worksheet_6.xlsx] 

Supplementary Data 3.11: Enriched IPA canonical pathways at 24 hpi 

[Supp_Data_File_3_worksheet_1.xlsx] 

Supplementary Data 3.12: Enriched IPA canonical pathways at 48 hpi 

[Supp_Data_File_3_worksheet_2.xlsx] 

Supplementary Data 3.13: Gene pair correlations from DGCA network analysis at 24 

hpi [Supp_Data_File_4_worksheet_1.xlsx] 

https://www.dropbox.com/sh/2h0k66lwxd2dp99/AACqc34UJJaw50t6KjB0eG5Qa?dl=0
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Supplementary Data 3.14: Gene pair correlations from DGCA network analysis at 48 

hpi [Supp_Data_File_4_worksheet_2.xlsx] 

Supplementary Data 3.15: Functional gene modules from MEGENA analysis at 24 hpi 

[Supp_Data_File_4_worksheet_3.xlsx] 

Supplementary Data 3.16: Functional gene modules from MEGENA analysis at 48 hpi 

[Supp_Data_File_4_worksheet_4.xlsx] 

Supplementary Data 3.17: Correlation network (CON) gene set GWAS input for 24 hpi 

(CON-24) [Supp_Data_File_4_worksheet_5.xlsx] 

Supplementary Data 3.18: Correlation network (CON) gene set GWAS input for 48 hpi 

(CON-48) [Supp_Data_File_4_worksheet_6.xlsx] 

Supplementary Data 3.19: GeneCards® search query results for tuberculosis OR 

mycobacterium OR mycobacteria OR mycobacterial 

[Supp_Data_File_5_worksheet_1.xlsx] 

Supplementary Data 3.20: InnateDB gene interactions from base differential expression 

network [Supp_Data_File_5_worksheet_2.xlsx] 

Supplementary Data 3.21: jActiveModules top five modules detected at 24 hpi 

[Supp_Data_File_5_worksheet_3.xlsx] 

Supplementary Data 3.22: jActiveModules top five modules detected at 48 hpi 

[Supp_Data_File_5_worksheet_4.xlsx] 

Supplementary Data 3.23: Differential expression network (DEN) gene set GWAS 

input for 24 hpi (DEN-24) [Supp_Data_File_5_worksheet_5.xlsx] 

Supplementary Data 3.24: Differential expression network (DEN) gene set GWAS 

input for 48 hpi (DEN-48) [Supp_Data_File_5_worksheet_6.xlsx] 

Supplementary Data 3.25: 100 sets of 250 random genes used for GWAS integration 

(RAN) [Supp_Data_File_6_worksheet_1.xlsx] 

Supplementary Data 3.26: Functional genomics and GWAS integration results for 

Charolais (CHA) [Supp_Data_File_7_worksheet_1.xlsx] 

Supplementary Data 3.27: Functional genomics and GWAS integration results for 

Limousin (LIM) [Supp_Data_File_7_worksheet_2.xlsx] 

Supplementary Data 3.28: Functional genomics and GWAS integration results for 

Holstein-Friesian (HOF) [Supp_Data_File_7_worksheet_3.xlsx] 

Supplementary Data 3.29: Significant SNPs (CHA) 

[Supp_Data_File_8_worksheet_1.xlsx] 

Supplementary Data 3.30: Significant SNPs (LIM) 

[Supp_Data_File_8_worksheet_2.xlsx] 

Supplementary Data 3.31: Significant SNPs (HOF) 

[Supp_Data_File_8_worksheet_3.xlsx] 
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4.2 Introduction 

The phylum Actinobacteria represents one of the largest taxonomic groups among 

the 18 major lineages currently recognized within the domain Bacteria, including five 

subclasses and 14 suborders. It comprises gram-positive bacteria with a high GC content 

in their DNA, ranging from 51% in some Corynebacterium to more than 70% in 

Streptomyces and Frankia (Ventura et al. 2007). Two important disease-causing species 

of Actinobacteria, Mycobacterium tuberculosis and Mycobacterium bovis, are members 

of the M. tuberculosis complex (MTBC) and are characterised by 99.95% similarity at 

the nucleotide level (Garnier et al. 2003). Both species cause tuberculosis (TB) in 

mammals, with M. tuberculosis displaying a  specific  host preference in humans, as this 

MTBC strain is not environmentally maintained by animal reservoirs and does not 

generally lead to a progressive disease (Brites & Gagneux 2015; Gagneux 2018). 

M. tuberculosis is one of the oldest and most successful human pathogens, and is

currently classed as the ninth leading cause of death worldwide and now ranks above 

HIV/AIDS as the leading cause of death from a single infectious agent—approximately 

1.25 million in 2018 (World Health Organization 2019). New vaccines and drugs are 

needed to stem the worldwide epidemic of human TB (hTB), which continues in many 

regions across the globe. In 2016, there were 600,000 new cases exhibiting resistance to 

rifampicin (RR-TB), the most effective first-line drug, of which 490,000 had multidrug-

resistant TB (MDR-TB). Most deaths from hTB could be prevented with early diagnosis 

and appropriate treatment. Millions of people are diagnosed and successfully treated for 

hTB each year, averting millions of potential deaths (58 million in the years between 

2000–2018) (World Health Organization 2019). 

M. bovis, the causative agent of bovine tuberculosis (bTB), is considered to be one

of the most damaging infectious diseases to the global agricultural industry, which is 

conservatively estimated to cost €3 billion annually and imposes huge economic losses 

on farmers of infected herds (Steele 1995; Schiller et al. 2010; Waters et al. 2012). Due 

to the highly infectious nature of the pathogen, early detection and removal of infected 

animals is generally the most effective control measure (Clegg et al. 2011). In contrast to 

M. tuberculosis, M. bovis has one of the widest host ranges and can infect a broad

spectrum of domestic and wild mammals including taurine and zebu cattle, deer, sheep, 

goats, pigs and European badgers (Pesciaroli et al. 2014). In certain agroecological 

milieus, M. bovis can also cause zoonotic TB (zTB) with serious implications for human 
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health (Thoen et al. 2016; Olea-Popelka et al. 2017; Vayr et al. 2018). Consequently, 

taken together, both MTBC strains represent enormous burdens on global health systems 

and animal agriculture worldwide. 

Previous studies have shown that  the pathogenesis of bTB disease in cattle is 

comparable to hTB disease and many aspects of M. bovis infection are also characteristic 

of M. tuberculosis infection (Neill et al. 2001; Russell 2003; Cassidy 2006; Pollock et al. 

2006; Waters et al. 2014). Consequently, M. bovis infection of cattle and bTB disease are 

now recognised as a valuable large animal model for understanding hTB caused by M. 

tuberculosis (Hein & Griebel 2003; Van Rhijn et al. 2008; Waters et al. 2011; Williams 

& Orme 2016; Gong et al. 2020). Transmission is via inhalation of contaminated aerosol 

droplets and the primary site of infection is the lungs (Weiss & Schaible 2015; Dorhoi & 

Kaufmann 2016).  Here, in the lung, these MTBC pathogens encounter the host’s first 

line of defence: resident alveolar macrophages (AM) that would normally phagocytise 

and destroy airborne bacteria (O'Garra et al. 2013; Cliff et al. 2015). However, MTBC 

mycobacteria such as M. bovis and M. tuberculosis can persist and replicate within 

alveolar macrophages via a plethora of evolved evasion mechanisms that subvert and 

interfere with host immune responses (de Chastellier 2009; Cambier et al. 2014; Schorey 

& Schlesinger 2016; Awuh & Flo 2017). Some of these mechanisms encompass the early 

secretory antigenic target-6 (ESAT-6) secretion system-1 (ESX-1), which facilitates 

escape from the macrophage phagosome into the cytosol where it replicates (Goldberg et 

al. 2014). The phagosomes that form when macrophages digest an invading 

microorganism normally go through rapid fusion with lysosomes; however, this is not the 

case with AM that phagocytize the pathogenic MTBC strains (Hmama et al. 2015). 

Previous studies, including those performed by our research group, have 

demonstrated that the bovine and human alveolar macrophage (bAM and hAM) 

transcriptomes are extensively reprogrammed in response to infection with M. bovis and 

M. tuberculosis  (Nalpas et al. 2015; Vegh et al. 2015; Lavalett et al. 2017; Malone et al.

2018; Papp et al. 2018; Hall et al. 2020b; Lavalett et al. 2020). These studies have also 

highlighted a complex system of gene expression regulation that drives host-pathogen 

interactions and innate immune response pathway execution, which are functionally 

associated with many macrophage processes that control or eliminate intracellular 

microbes. What remains unclear, however, is the innate immune response genes and 

pathways that are species-specific or common to both bAM and hAM infected with M. 

bovis and M. tuberculosis, respectively. Even though M. bovis and M. tuberculosis share 
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99.5% identity at the genome level, the innate immune responses to the pathogens can be 

characteristically different. Though the two pathogens encounter common immune 

response pathways in their preferred host, there are certain genes that are activated or 

repressed in response to a specific MTBC pathogen. For example, a recent study by our 

research group investigated the responses of bAM to M. bovis and M. tuberculosis at 2, 

6, 24 and 48 hpi (Malone et al. 2018). RNA-seq data from the infected bAM indicated 

that host genes were differentially expressed between the cells infected with each MTBC 

strain, suggesting that different immune response pathways may be employed by the 

bovine host in response to M. bovis and M. tuberculosis. In this regard, it is important to 

note that cattle infected with M. tuberculosis display minimal pathology, even though 

diagnostic assays will indicate a successful infection (Whelan et al. 2010; Villarreal-

Ramos et al. 2018). 

M. bovis and M. tuberculosis are almost identical at the genomic level; however, it

is still unclear what features of host-pathogen interaction drive host specificity, 

particularly in M. tuberculosis, and which host genomic components determine the 

efficacy of macrophage clearance in both humans and cattle. Using a combination of 

multi-omics data and an integrative genomics approach, our research group was recently 

able to uncover response pathways in bAM infected with M. bovis and use this 

information to extract additional QTLs from a GWAS data set for M. bovis infection 

resistance (Hall et al. 2020b) and see Chapter 2. This work was significantly expanded 

in Chapter 3, to encompass a network biology strategy for functional genomics data 

mining and integrated outputs from this analysis with much larger GWAS data sets from 

three different cattle breeds to further refine and enrich QTLs for resistance to M. bovis 

infection (Hall et al. 2020a). 

In the current thesis chapter, this approach has been extended even further to 

encompass comparative integrative analyses across both hosts (Bos taurus and Homo 

sapiens) and both pathogens (M. bovis and M. tuberculosis). This was done by comparing 

the macrophage responses to infection using four different experimental infection groups, 

each with parallel non-infected control cells: 1) bAM infected with M. bovis (bAM-MB); 

2) bAM infected with M. tuberculosis (bAM-MT); 3) hAM infected with M. tuberculosis

(hAM-MT); and 4) human monocyte derived macrophages (hMDM) infected with M. 

tuberculosis (hMDM-MT). Transcriptomics data from these experiments was managed, 

analysed, compared and interpreted using three separate computational pipelines: 1) 

differentially expressed (DE) genes (DEG)—the standard approach to catalogue 
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quantitative changes in gene expression levels between experimental groups; 2) 

differential gene expression interaction networks (DEN), which uses validated molecular 

interactions extracted from the scientific literature and other sources in combination with 

DE gene expression values to detect and identify functional gene subnetworks (modules); 

and 3) combined pathway analysis (CPA), where DE genes are subject to pathway 

enrichment across six different biological pathway resources. The results of these 

analyses are then integrated with two high-resolution bovine and human GWAS data sets 

with the aim of uncovering novel QTLs for bTB and hTB resistance. 
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4.3 Materials and methods 

4.3.1  General computational methods 

All data-intensive computational procedures were performed on a 36-core/72-

thread compute server (2× Intel® Xeon® CPU E5- 2697 v4 processors, 2.30 GHz with 18 

cores each), with 512 GB of RAM, 96 TB SAS storage (12 × 8 TB at 7200 rpm), 480 GB 

SSD storage, and with Ubuntu Linux OS (version 18.04 LTS).The complete 

computational and bioinformatics workflow is available with additional information as a 

public GitHub repository (github.com/ThomasHall1688/Bovine_multi-

omic_integration). The individual components of the experimental and computational 

workflows are described in detail below. The procedures are similar to those detailed in 

Figure 3.1. 

4.3.2 Bovine genomic data acquisition 

Genome-wide RNA-seq transcriptomics data from a 48-h bAM time course 

challenge experiment using the sequenced M. bovis AF2122/97 and M. tuberculosis 

H37Rv strains, which was previously generated by our research group was used for the 

work described in this chapter (GEO accession: GSE62506). The complete laboratory 

methods used to isolate, culture and infect bAM with M. bovis AF2122/9 and M. 

tuberculosis H37Rv and generate strand-specific RNA-seq libraries using RNA harvested 

from these cells are described in detail elsewhere (Magee et al. 2014; Nalpas et al. 2015; 

Malone et al. 2018). Briefly, these RNA-seq data were generated using bAM obtained by 

lung lavage of ten unrelated age-matched 7–12-week-old male Holstein-Friesian calves. 

Bovine AM were infected in vitro with 1) M. bovis AF2122/97, 2) M. tuberculosis 

H37Rv, or 3) incubated with media only. Following total RNA extraction from the two 

MTBC strain infected groups and the control non-infected bAM, strand-specific RNA-

seq libraries were prepared. These comprised M. bovis-,  M. tuberculosis- and non-

infected samples from each post-infection time point (2, 6, 24 and 48 hpi across 10 

animals (with the exception of one animal that did not yield sufficient alveolar 

macrophages for in vitro infection at 48 hpi). Raw sequence data for RNA-seq analysis 

was generated as paired-end 2 × 90 nucleotide reads using an Illumina® HiSeq™ 2000 

apparatus. For this study, the RNA-seq libraries derived from the 24 hpi timepoint for M. 

bovis-infected bAM, M. tuberculosis-infected bAM, control non-infected bAM were 

selected for transcriptomics analysis and downstream comparative data mining. 

https://github.com/ThomasHall1688/Bovine_multi-omic_integration
https://github.com/ThomasHall1688/Bovine_multi-omic_integration


 

124 

Bovine GWAS data sets for the present study were obtained from intra-breed 

imputed WGS-based GWAS analyses that used estimated breeding values (EBVs) 

derived from a bTB resistance phenotype, which were generated for 1,502 Holstein-

Friesian sires (Ring et al. 2019). The bTB phenotype, the WGS-based imputed SNP data, 

and the quantitative genetics methods are described in detail elsewhere (Ring et al. 2019); 

however, the following provides a brief summary. The bTB resistance phenotype was 

defined for every animal present during each herd-level bTB breakdown when a bTB 

reactor or an abattoir case was identified. Cattle that yielded a positive single intradermal 

comparative tuberculin test (SICTT), post-mortem lymph node lesion, or laboratory 

culture result/s were coded as “1” (bTB = 1) and all other cattle present in the herd during 

the bTB-breakdown were coded as “0” (bTB = 0). After phenotype data edits, bTB 

resistance EBVs were generated for 781,270 cattle and these were used to produce 

individual sire EBVs for each of three breed groups (Charolais, Limousin and Holstein-

Friesian). Note: The Holstein-Friesian GWAS data set from Ring et al. (2019) was 

selected for the work described in this chapter as the bAM were obtained from Holstein-

Friesian calves (see Chapter 3). 

After SNP filtering using thresholds for minor allele frequency (MAF < 0.002) and 

deviation from Hardy-Weinberg equilibrium (HWE; P < 1 × 10-6), there were 15,017,692 

autosomal SNPs for the Holstein-Friesian sire analysis. A single-SNP regression analyses 

was then performed using sire EBVs for bTB resistance and the nominal P values were 

used for downstream integrative genomics analyses. 

4.3.3  Human genomic data acquisition  

RNA-seq transcriptomics data from a 72-h hAM and hMDM time course challenge 

experiment using the sequenced M. tuberculosis H37Rv strain was used for the human 

transcriptomic component of this study (GEO accession: GSE114371). The complete 

laboratory methods used to isolate, culture, and infect hAM and hMDM with M. 

tuberculosis H37Rv and generate strand-specific AmpliSeq™ RNA-seq libraries using 

RNA harvested from these cells are described in detail elsewhere (Papp et al. 2018). 

Briefly, these RNA-seq data were generated using samples obtained from healthy human 

donors that tested negative for the tuberculin skin test (TST), under an approved IRB 

protocol at the Ohio State University Wexner Medical Centre (Papp et al. 2018). Human 

AM and PBMC (used for culturing hMDM) were obtained from different donors. 

Macrophages (hAM and hMDM) were infected with M. tuberculosis H37Rv using a 
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multiplicity of infection (MOI) of 2:1. Infected and control non-infected hAM and 

hMDM were harvested in Trizol reagent after 2, 24 and 72 hpi and RNA was extracted 

from each experimental group and Ion Torrent sequencing libraries were prepared 

according to the AmpliSeq™ Library prep kit protocol (Li et al. 2015). 

The large human GWAS data set for resistance to infection by M. tuberculosis used 

for human integrative genomics work described in this chapter was obtained from the UK 

Biobank GeneATLAS (http://geneatlas.roslin.ed.ac.uk). Detailed information about this 

public atlas of genetic associations for 118 non-binary and 660 binary traits catalogued 

in 452,264 UK Biobank participants of European ancestry has been published by Canela-

Xandri et al. (2018) and the UK Biobank deep phenotyping and genotyping project is 

described by Bycroft et al. (2018). The UK Biobank resource contains genotype data for 

488,377 participants that was generated using custom high-density genome-wide SNP 

arrays containing more than 800,000 SNPs. These SNP data were then imputed up to 

more than 30 million genome-wide SNPs for the GeneATLAS GWAS resource (Canela-

Xandri et al. 2018). The hTB GWAS data set was generated from 2,219 hTB cases and 

450,045 disease-free controls. Autosomal SNP filtering criteria consisted of the 

following: a SNP call rate threshold > 0.98; HWE deviation threshold (P < 1 × 10-50 on a 

subset of 344,057 unrelated White British individuals); MAF < 0.001; and an imputation 

score > 0.9 (Canela-Xandri et al. 2018). There were 9,113,113 SNPs remaining after these 

filtering steps. In common with the other traits, the binary hTB resistance trait GWAS 

data set was generated using a linear mixed model (LMM) and a genomic relationship 

matrix (GRM) using a large supercomputer with more than 5,000 cores and the DISSECT 

software tool (Canela-Xandri et al. 2015). Figure 4.1 shows a Q-Q plot obtained for the 

expected and observed SNP P values for the hTB resistance trait associations. 

http://geneatlas.roslin.ed.ac.uk/
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Figure 4.1: Human TB GWAS SNP Q-Q Plot containing 9,113,133 imputed variants that passed 

quality control (modified from http://geneatlas.roslin.ed.ac.uk/trait/?traits=190). 

4.3.4 Differential gene expression analysis of bovine and human RNA-seq 

data 

Differential gene expression analysis (experimental contrast: infected versus 

control) of the bovine RNA-seq data, which was aligned to the bovine genome ARS-

UCD1.2 (Rosen et al. 2020), was performed using the DESeq2 package (version 1.24.0) 

(Love et al. 2014) with a longitudinal time series design that accounted for time (hpi) and 

treatment (control and infected). Lowly expressed reads were removed using the mean of 

normalized counts as a filter statistic; individual genes with very low read counts would 

typically not exhibit significant differential expression due to high dispersion (Love et al. 

2014). In addition, extreme count outliers were removed within DESeq2 using the Cook’s 

distance (Cook 1977) as previously described (Love et al. 2014). Multiple testing 

correction was performed using the Benjamini-Hochberg false discovery rate (FDR) 

method (Benjamini & Hochberg 1995). Consequently, an individual gene was considered 

to be differentially expressed (DE) if it exhibited an FDR-adjusted P-value less than 0.05 

(Padj. < 0.05) and an absolute log2 fold-change greater than one (|log2FC| > 1). 

The human differential gene expression analysis (experimental contrast: infected 

versus control) is fully described by Papp and colleagues (2018). Briefly, human 

http://geneatlas.roslin.ed.ac.uk/trait/?traits=190
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AmpliSeq™ RNA-seq data was analysed using the Ion Torrent Mapping Alignment 

Program (TMAP) (Pietrzak et al. 2016). Differential expression analysis was performed 

with the R package edgeR (Robinson et al. 2010). For the purposes of the work described 

in this chapter, DE genes were selected based on FDR Padj. < 0.05 and |log2FC| > 1. 

4.3.5 Functional gene module identification using differential gene 

interaction networks 

The GeneCards® (www.genecards.org; version 4.12) gene compendium and 

knowledge database is a useful webtool that integrates multiple sources of biological 

information on all annotated and predicted human genes (Stelzer et al. 2016). This 

database was used to identify a set of genes that are functionally associated with the host 

response to diseases caused by infection with mycobacteria. The search query used was 

tuberculosis OR mycobacterium OR mycobacteria OR mycobacterial 

and genes were ranked by a GeneCards® statistic—the Relevance Score—based on the 

Elasticsearch algorithm (Gormley & Tong 2015), which determines the strength of the 

relationships between genes and keyword terms.  Gene IDs with were converted to human 

Ensembl gene IDs (Yates et al. 2020) and retained for downstream analysis using the 

InnateDB knowledgebase and analysis platform for systems level analysis of the innate 

immune response (www.innatedb.com; version 5.4) (Breuer et al. 2013). 

A gene interaction network (GIN) was generated with the gene list output from 

GeneCards using InnateDB with default settings and this network was visualised using 

Cytoscape. The jActivesModules Cytoscape plugin (version 3.12.1) (Ideker et al. 2002) 

was then used to superimpose the four bovine and human  RNA-seq DE genes data sets 

and detect, through a greedy search algorithm, differentially active subnetworks 

(modules) of genes. This process generated four sets of locally coherent clusters that 

contain both DE genes and genes that are not DE but are members of the functional gene 

modules. These modules were identified using: the log2FC and Padj. values of each DE 

gene; the overall connectivity of those genes with their immediate module co-members; 

and the comparison of that connectivity with a background comprised of randomly drawn 

networks using the same genes, but independent of the base network. Gene module 

identification revealed a set of modules for each of the four sets of DE genes (bAM 

infected with M. bovis, bAM infected with M. tuberculosis, hAM infected with M. 

tuberculosis and hMDM infected with M. tuberculosis). Genes embedded in active 

modules that were detected as statistically significant for the four experimental contrasts 

http://www.genecards.org/
http://www.innatedb.com/
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were combined and annotated for downstream GWAS integration as described in Section 

4.3.8. 

4.3.6 Combined Pathway Analyses 

For the combined pathway analysis (CPA), the four DE gene data sets were 

uploaded to the InnateDB pathway analysis webtool (Breuer et al. 2013) and bovine genes 

were converted to their human orthologs. Selection of genes for CPA was performed 

using Padj. < 0.05 and |log2FC| > 1, with all remaining genes acting as a background 

distribution by which to compare. The InnateDB overrepresentation analysis (ORA) tool 

was used, which performs a meta pathway analysis across multiple databases. The four 

different DE gene sets were queried against the following six pathway resource databases: 

1. Kyoto Encyclopaedia of Genes and Genomes (KEGG – 

www.genome.jp/kegg). 

2. Integrating Network Objects with Hierarchies Pathway Database (archived

INOH – dbarchive.biosciencedbc.jp/en/inoh/desc.html).

3. NCI-Nature Pathway Interaction Database (archived NCI-PID –

www.ndexbio.org).

4. Reactome (REACTOME – reactome.org).

5. Biocarta Pathways (archived BIOCARTA – 

amp.pharm.mssm.edu/Harmonizome/dataset/Biocarta+Pathways).

6. NetPath (NETPATH – www.netpath.org).

The top five pathways from each experimental contrast were identified using 

InnateDB pathway overrepresentation Padj. values (B-H FDR) and curated for 

downstream analysis. For each of the five top pathways for the four experimental 

contrasts, all the genes within the pathway, regardless of whether differentially expressed, 

were extracted, tabulated and annotated for downstream GWAS integration as described 

in Section 4.2.8. 

4.3.7  Ingenuity Pathway Analysis 

Ingenuity® Pathway Analysis—IPA® (version 1.1, summer 2020 release; Qiagen, 

Redwood City, CA, USA) was used to perform a statistical enrichment analysis of DE 

gene sets for each experimental group (Kramer et al. 2014). This enabled identification 

http://www.genome.jp/kegg
https://dbarchive.biosciencedbc.jp/en/inoh/desc.html
http://www.ndexbio.org/
https://reactome.org/
http://amp.pharm.mssm.edu/Harmonizome/dataset/Biocarta+Pathways
http://www.netpath.org/
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of canonical pathways and functional processes of biological importance in these groups. 

Following best practice, the background gene set for pathway and functional process 

enrichment testing was the set of detectable genes for each experimental group (Timmons 

et al. 2015). To produce gene sets for the IPA Core Analysis within the recommended 

range for the number of input entities (Kramer et al. 2014; Qiagen 2019) and to include 

DE genes with small fold-change values, gene sets were filtered using only Padj. 

thresholds of 0.05 for the four experimental groups. In addition, the target species selected 

was Homo sapiens and the cell type used was Macrophage (including Microglia OR Bone 

marrow-derived macrophages OR Monocyte-derived macrophages OR Other 

macrophages OR Peritoneal macrophages OR Macrophages not otherwise specified) 

with the Experimentally Observed and High Predicted confidence settings. for each of 

the ten top pathways for the four experimental contrasts, all the genes within the pathway, 

regardless of whether differentially expressed, were extracted, tabulated and annotated 

for downstream GWAS integration as described in Section 4.3.8.  

4.3.8 Integration with bovine and human TB resistance GWAS data sets 

To facilitate integration of GWA data with gene sets generated from functional 

genomics data analyses, an R software package was developed—gwinteR 

(github.com/ThomasHall1688/gwinteR), which can be used to test the hypothesis that a 

specific set of genes is enriched for signal in a GWAS data set relative to the genomic 

background. This gene set, for example, could be an output from an active gene module 

network analysis of transcriptomics data from a tissue relevant to the GWAS phenotype. 

To formally test the primary hypothesis that functional genomics data can be integrated 

with relevant GWAS data to uncover genes and GREs associated with disease resistance 

that are common and specific to each species, the gwinteR tool was designed to determine 

if genomic intervals containing GWAS SNPs that are proximate to genes within a gene 

set are enriched for statistical associations with the trait/s analysed in the GWA study. 

For the work described in this chapter, the gwinteR software tool was used as 

follows: 1) a set of SNPs (the target SNP set) is collated across all genes in a specific gene 

set at increasing genomic intervals upstream and downstream from each gene inclusive 

of the coding sequence (e.g., ±0 kb [intragenic only], ±10 kb, ±20 kb, ±30 kb… …±100 

kb); 2) for each genomic interval, a null distribution of 2,500 SNP sets, each of which 

contains the same number of total combined SNPs as the target SNP set, is generated by 

resampling with replacement from the search space of the total population of SNPs in the 

https://github.com/ThomasHall1688/GWASin
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GWAS data set; 3) the nominal (uncorrected) GWAS P-values for the target SNP set and 

the null distribution SNP sets are converted to local FDR-adjusted P-values (Padj.) using 

the fdrtool R package (current version 1.2.15) (Strimmer 2008); 4) a permuted P-value 

(Pperm.) to the test the primary hypothesis for each observed genomic interval target SNP 

set is generated based on the proportion of permuted random SNP sets where the same or 

a larger number of SNPs exhibiting significant q-values (e.g. q < 0.05 or q < 0.10) are 

observed; 5) gwinteR generates data to plot Pperm. results by genomic interval class and 

obtain a graphical representation of the GWAS signal surrounding genes within the target 

gene set; 6) a summary output file of all SNPs in the observed target SNP set with 

genomic locations and q-values is generated for subsequent investigation. 

For the integrative analyses of bAM infected with M. bovis and with M. tuberculosis 

(bAM-MB and bAM-MT) with the bTB GWAS data set (Ring et al. 2019), and the 

integrative analyses of hAM and hMDM infected with M. tuberculosis ( hAM-MT and 

hMDM-MT) with the hTB GWAS data set, four different subsets of genes for each 

experimental contrast were used: 1) basic DE gene sets that were filtered to ensure 

manageable computational loads using stringent expression threshold criteria of |log2FC| 

> 2 and Padj. < 0.01 for the bAM-MB, bAM-MT and hMDM-MT contrasts and less

stringent expression criteria of |log2FC| > 1 and Padj. < 0.05 for the hAM-MT contrast; 2) 

for the four contrasts individually (bAM-MB, bAM-MT, hAM-MT, and  hMDM-MT), 

the genes embedded in active modules identified from the GIN using jActiveModules; 3) 

for the four contrasts individually, all genes, regardless of expression, that are members 

of the top five overrepresented pathways across the KEGG, INOH, NCI-PID, 

REACTOME, BIOCARTA and NETPATH databases; and 4) for the four contrasts 

individually, all genes, regardless of expression, that are members of the top 10 enriched 

pathways obtained using the IPA analyses. 
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4.4 Results 

4.4.1 Differential gene expression of M. bovis- and M. tuberculosis-

infected bovine alveolar macrophages 

Quality filtering of RNA-seq read pairs yielded a mean of 22,347,042 ± 2,433,115 

reads per individual library (n = 29 libraries). A mean of 19,290,873 ± 2,166,803 read 

pairs (86.31%) were uniquely mapped to locations in the ARS-UCD1.2 bovine genome 

assembly. Detailed filtering and mapping statistics are shown in Supplementary File 4.1 

and multivariate PCA analysis of the individual animal sample expression data using 

DESeq2 revealed separation of the control non-infected AM versus the bAM-MB and the 

bAM-MT at the 24 hpi time point (Figure 4.2). 

Using default criteria for differential expression (Padj. < 0.05) and considering the 

bAM-MB and bAM-MT relative to the control non-infected AM, 3,591 DE genes were 

detected at 24 hpi in the bAM-MB contrast (1,879 with increased expression and 1,712 

with decreased expression); and 1,816 DE genes were detected at 24 hpi in the bAM-MT 

contrast (1,039 increased and 777 decreased). Figure 4.3 shows volcano plots of DE 

genes for the bAM-MB and bAM-MT comparisons (see also Supplementary File 4.1). 

To ensure manageable computational loads, the input lists of bAM-MB and bAM-

MT DE gene sets for GWAS integration with the gwinteR tool (DEG-bAM-MB) and 

DEG-bAM-MT) were filtered with |log2FC| > 2, and Padj. < 0.01 and Padj. < 0.05 for the 

bAM-MB and bAM-MT contrasts, respectively. The less stringent Padj. threshold used for 

the DEG-bAM-MT input gene set was a consequence of losing one sample after QC 

filtering (n = 9). With these criteria, there were 378 and 284 genes for the DEG-bAM-

MB and DEG-bAM-MT input sets, respectively. The two DEG bAM gwinteR input gene 

sets are fully detailed in Supplementary File 4.1. It is also important to note that 243 

genes overlapped between the DEG-bAM-MB and DEG-bAM-MT gene sets. 
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Figure 4.2: Principal component analysis (PCA) plots for individual animal bAM gene expression 

at 24 hpi. a) M. bovis-infected, and b) M. tuberculosis-infected. Red indicates infected animals 

and blue indicates non-infected control animals. 
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Figure 4.3: Volcano plots showing differentially expressed genes for the two bAM experimental 

contrasts at 24 hpi. a) Bovine alveolar macrophages (bAM) infected with M. bovis versus control 

non-infected bAM. b) bAM infected with M. bovis versus control non-infected bAM. All genes 

with Padj. < 0.05 and |log2FC| > 1 are shown in red, with the top ten genes by Padj. value labelled 

for each group. 
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4.4.2 Differential gene expression of M. tuberculosis-infected human 

alveolar macrophages and human monocyte-derived macrophages 

A full description of the methodology used to detect DE genes in M. tuberculosis-

infected hAM and hMDM at 24 hpi is available in the source publication (Papp et al. 

2018). Briefly, a mean of 8,557,929 ± 2,22,249 read pairs (93.95%) from 12 libraries (3 

hAM control/3 hAM infected, 3 hMDM control/3 hMDM infected) were uniquely 

mapped to locations in the GRCh38 human genome assembly. Detailed mapping statistics 

and information on the DE genes are provided in Supplementary File 4.2. 

Using default criteria for differential expression (Padj. < 0.05), and considering the 

M. tuberculosis-infected hAM (hAM-MT) and hMDM (hMDM-MT) relative to the

control non-infected hAM and hMDM, 899 DE genes were detected at 24 hpi for the 

hAM-MT contrast (567 increased and 332 decreased) and 1,545 DE genes were detected 

at 24 hpi for the hMDM-MT contrast (796 increased and 749 decreased). Figure 4.4 

shows volcano plots of DE genes for the hAM-MT and hMDM-MT comparisons (see 

also Supplementary File 4.2). 

As with the bovine data, to ensure manageable computational loads, the input lists 

of hAM-MT and hMDM-MT DE gene sets that were used for GWAS integration with 

the gwinteR tool (DEG-hAM-MT) and DEG-hMDM-MT) were filtered with |log2FC| > 

1, and Padj. < 0.05 for the hAM-MT contrast and |log2FC| > 2, and Padj. < 0.05 for the 

hMDM-MT contrast. The less stringent |log2FC| cut-off used for the DEG-hAM-MT input 

gene set was a consequence of relatively low expression fold change values observed for 

the hAM-MT infection experiment, which was discussed by Papp and colleagues (Papp 

et al. 2018). With these criteria, there were 277 and 415 genes for the DEG-hAM-MT 

and DEG-hMDM-MT input sets, respectively. The DEG-hAM-MB and DEG-hMDM-

MT gwinteR input gene sets are fully detailed in Supplementary File 4.1. It is also 

important to note that 98 genes overlapped between the DEG-hAM-MT and DEG-

hMDM-MT gene sets. 
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Figure 4.4: Volcano plots showing differentially expressed genes for the hAM and hMDM 

experimental contrasts at 24 hpi. a) Human alveolar macrophages (hAM) infected with M. 

tuberculosis versus control non-infected hAM. b) Human monocyte-derived macrophages 

(hMDM) infected with M. tuberculosis versus control non-infected hMDM. All genes with Padj. < 

0.05 and |log2FC| > 1 are shown in red, with the top ten genes by Padj. value labelled for each 

group. 
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4.4.3 Common and group-specific differentially expressed genes across 

the four experimental contrasts  

Table 1 shows a breakdown of DE genes across the four infection groups for a 

range of statistical thresholds and fold-change cut-offs, including the default criteria 

(FDR Padj. < 0.05). The 118 up- and downregulated genes common to all experimental 

groups at Padj. < 0.05 are shown in Figure 4.5a and detailed in Supplementary File 4.2. 

Examples of shared upregulated genes include: IL6, which encodes a pro-inflammatory 

cytokine; CCL20, which encodes a chemokine that attracts dendritic cells; and INHBA, 

which encodes a member of the transforming growth factor beta superfamily. Examples 

of shared downregulated genes include: PIK3IP1, which encodes a negative regulator of 

PIK3 activity, CABLES1, which encodes a regulator of p53/p73-induced cell death; and 

SORL1, which encodes a transmembrane signalling receptor. The overlap of the DE genes 

across the four experimental contrasts is illustrated in Figure 4.5b.
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Table 4.1: Differentially expressed genes detected in M. bovis-infected bovine AM (bAM-MB), M. tuberculosis-infected bovine AM (bAM-

MT), M. tuberculosis-infected human AM (hAM-MT), M. tuberculosis-infected human MDM (hMDM-MT) relevant to controls  

Post-infection 
time point 

Padj. < 0.05; |log2FC| > 0 
(increased/decreased) 

Padj. < 0.05; |log2FC| > 1 
(increased/decreased) 

Padj. < 0.01; |log2FC| > 0 
(increased/decreased) 

Padj. < 0.01; |log2FC| > 1 
(increased/decreased) 

bAM-MB 3,620 (1,898/1,722) 1,345 (764/581) 2,059 (1,168/891) 933 (577/356) 

bAM-MT 1819 (1040 /779) 734 (468/266) 805 (527/278) 422 (297/125) 

hAM-MT 899 (567/332) 277 (211/66) 589 (405/184) 240 (194/46) 

hMDM-MT 1,545 (796/749) 1,286 (665/621) 1,063 (597/466) 1,042 (584/458) 
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Figure 4.5: Comparison of shared differentially expressed (DE) genes across the four 

experimental contrasts.  a) Plot of 118 common shared up- and downregulated genes across the 

four experimental contrasts. The top 10 upregulated and the top 5 downregulated genes are 

shown for each group (by log2FC). b) UpSetR plot showing all overlapping DE genes (Padj. < 0.05) 

colour-coded by experimental contrast. The UpSetR plot was generated using the UpSetR 

package (Conway et al. 2017). 
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4.4.4 Detection of active gene subnetworks in bovine and human infected 

macrophages using a tuberculosis and mycobacterial infection gene 

interaction network 

The GeneCards® search query generated a total of 2,516 gene hits using the terms 

tuberculosis OR mycobacterium OR mycobacteria OR mycobacterial 

(Supplementary Files 4.3 and 4.4). To provide a computationally manageable number 

of genes for an InnateDB input data set, a GCRS threshold > 2.5 was used. This produced 

an input list of 260 functionally prioritised genes for generation of an InnateDB gene 

interaction network (GIN) and the top ten genes from this list ranked by GCRS were: 

interferon gamma receptor 1 (IFNGR1), toll like receptor 2 (TLR2), interleukin 12 

receptor subunit beta 1 (IL12RB1), interleukin 12B (IL12B), solute carrier family 11 

member 1 (SLC11A1), signal transducer and activator of transcription 1 (STAT1), 

interferon gamma receptor 2 (IFNGR2),  cytochrome b-245 beta chain (CYBB), tumour 

necrosis factor (TNF), and interferon gamma (IFNG). 

The large GIN produced by InnateDB starting with the input list of 260 functionally 

prioritised genes was visualised using Cytoscape and consisted of 6,951 nodes (individual 

genes) and 21,653 edges (gene interactions) (Figure 4.6). Following visualisation of the 

large GIN in Cytoscape, the jActivesModules Cytoscape plugin was used to detect 

statistically significant differentially activated subnetworks (modules) within the large 

GIN. This consisted of superimposing the DE genes from all for experimental groups 

onto the larger GIN, creating differentially expressed gene interaction networks for each 

of the four experimental contrasts. Supplementary File 4.3 provides information for all 

gene interactions and superimposed bovine DE genes represented in Figure 4.6a and 4.6b 

and Supplementary File 4.4 provides information for all gene interactions and 

superimposed human DE genes represented in Figure 4.6c and 4.6d. The top five 

subnetworks from each experimental group were retained for downstream analyses. 

Module 1 from the bAM-MB group (M1-DEN-bAM-MB) contained 266 genes and 

there were 237 genes in M2-DEN-bAM-MB, 269 genes in M3-DEN-bAM-MB, 204 

genes in M4-DEN-bAM-MB, and 235 genes in M5-DEN-bAM-MB. Module 1 from the 

bAM-MT group (M1-DEN-bAM-MT) contained 148 genes and there were 158 genes in 

M2-DEN-bAM-MT, 160 genes in M3-DEN-bAM-MT, 137 genes in M4-DEN-bAM-

MT, and 52 genes in M5-DEN-bAM-MT (Supplementary File 4.3). Module 1 from the 

hAM-MT group (M1-DEN-hAM-MT) contained 140 genes and there were 155 genes in 
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M2-DEN-hAM-MT, 65 genes in M3-DEN-hAM-MT, 168 genes in M4-DEN-hAM-MT, 

and 180 genes in M5-DEN-hAM-MT. Module 1 from the hMDM-MT group (M1-DEN-

hMDM-MT ) contained 139 genes and there were 137 genes in M2-DEN-hMDM-MT, 

149 genes in M3-DEN-hMDM-MT, 93 genes in M4-DEN-hMDM-MT, and 182 genes in 

M5-DEN-hMDM-MT (Supplementary File 4.4).To illustrate the active module 

subnetwork capture, the large GINs in Figure 4.6a–d are accompanied by an example 

subnetwork of genes and gene interactions. 

After concatenation of each set of five modules and removal of duplicates, The 

input gene set derived from the bAM-MB group (DEN-bAM-MB) contained 398 genes 

and the DEN-bAM-MT input gene set contained 259 genes (Supplementary File 4.3). 

The DEN-hAM-MT input gene set contained 262 genes and the DEN-hMDM-MT input 

gene set contained 239 genes (Supplementary File 4.4).
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Figure 4.6: Gene interaction network analysis and functional module identification using jActiveModules and differentially expressed genes across four experimental 

contrasts at 24 hpi. a) bovine alveolar macrophages (bAM) infected with M. bovis. b) bAM infected with M. tuberculosis. c) human alveolar macrophages (hAM) 

infected with M. tuberculosis. d) human monocyte-derived macrophages (hMDM) infected with M. tuberculosis. Example active modules are shown for each 

contrast.
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4.4.5 Combined open-source pathway analysis of DE differentially 

expressed genes for the four experimental contrasts 

The DE genes from each of the four experimental contrasts was analysed 

individually for enriched pathways across the KEGG, INOH, NCI-PID, REACTOME, 

BIOCARTA and NETPATH pathway repositories using the InnateDB pathway ORA 

tool. Pathways with a B-H FDR Padj. < 0.05 were considered enriched. Analysis of the 

DE genes generated from the bAM-MB experimental contrast identified 46 upregulated 

pathways and one downregulated pathway. After filtering by the Padj. values, the top five 

enriched pathways were Cytokine-cytokine receptor interaction (KEGG), GPCR 

signalling (INOH), Jak-STAT signalling pathway (KEGG), RIG-I-like receptor 

signalling pathway (KEGG), and JAK STAT regulation (INOH), which were all 

upregulated (see Supplementary File 4.5).  Analysis of the DE genes generated from the 

bAM-MT experimental contrast identified 21 upregulated pathways and no 

downregulated pathways. The top five enriched pathways were Cytokine-cytokine 

receptor interaction (KEGG), GPCR signalling (INOH), Jak-STAT signalling pathway 

(KEGG), HIF-1-alpha transcription factor network (NCI-PID), and IL23-mediated 

signalling events (NCI-PID) (see Supplementary File 4.5). 

Analysis of the DE genes generated from the hAM-MT experimental contrast 

identified 31 upregulated pathways and no downregulated pathways. The top five 

enriched pathways were Cytokine-cytokine receptor interaction (KEGG), Chemokine 

receptors bind chemokines (REACTOME), Peptide ligand-binding receptors 

(REACTOME), Class A/1 Rhodopsin-like receptors (REACTOME), and GPCR ligand 

binding (REACTOME) (see Supplementary File 4.6). Analysis of the DE genes 

generated from the hMDM-MT experimental contrast identified 111 upregulated 

pathways and three downregulated pathways. All three downregulated pathways were 

also significantly upregulated; however, they contained genes that were also significantly 

downregulated. All pathways with downregulated genes were involved in GPCR 

signalling. The top five enriched pathways were Cytokine-cytokine receptor interaction 

(KEGG), Cytokine Signalling in Immune system (REACTOME), Interferon gamma 

signalling (REACTOME), Interferon Signalling (REACTOME), and Class A/1 

(Rhodopsin-like receptors) (REACTOME). Figure 4.7 shows the top 16 overrepresented 

biological pathways for each of the four experimental contrasts. 
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Figure 4.7:  Top 16 enriched biological pathways for each experimental group from the combined pathway analysis (CPA). a) M. bovis -infected bAM. b) M. 

tuberculosis-infected bAM. c) M. tuberculosis-infected hAM. d) M. tuberculosis-infected hMDM. The 0.05 Padj. threshold is shown as a blue dashed line. All pathways 

shown were upregulated.
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The top overrepresented pathway common to all four experimental contrasts was 

Cytokine-cytokine receptor interaction (KEGG) (see Figures 4.8 and 4.9). This pathway 

was also the most significantly overrepresented pathway for all four experimental 

contrasts, though the DE genes enriched in this pathway differ between all four groups 

(Figure 4.8 and 4.9). The genes from each of the top five pathways identified from the 

CPA for each experimental contrast, regardless of if the genes were DE or not, were 

combined, filtered for duplicates, and catalogued for GWAS integration. The CPA input 

gene set derived from the bAM-MB group (CPA-bAM-MB) contained 557 genes and the 

CPA-bAM-MT input gene set contained 473 genes (Supplementary File 4.5). The CPA-

hAM-MT input gene set contained 640 genes and the CPA-hMDM-MT input gene set 

contained 737 genes (Supplementary File 4.6). 
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Figure 4.8: Protein network schematics and cellular locations of the top overrepresented 

common biological pathway – Cytokine-cytokine receptor signalling (bovine). a) M. bovis -

infected bAM. b) M. tuberculosis-infected bAM. Red and blue nodes indicate upregulation and 

downregulation, respectively. Grey nodes indicate no detectable expression change. The size of 

the nodes corresponds to the degree of connectivity (number of interactions). 
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Figure 4.9: Protein network schematics and cellular locations of the top overrepresented 

common biological pathway – Cytokine-cytokine receptor signalling (human). a) M. tuberculosis-

infected hAM. b) M. tuberculosis-infected hMDM. Red and blue nodes indicate upregulation and 

downregulation, respectively. Grey nodes indicate no detectable expression change. The size of 

the nodes corresponds to the degree of connectivity (number of interactions). 
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4.4.6 Ingenuity® Pathway Analysis (IPA) of DE differentially expressed 

genes 

The DE genes from each experimental contrast were analysed for enriched 

pathways using Ingenuity® Pathway Analysis (IPA) and the IPA Knowledge Base. To 

produce gene sets for the IPA Core Analysis within the recommended range for the 

number of input entities (Kramer et al. 2014; Qiagen 2019), and to include DE genes with 

small fold-change values, gene sets were filtered using only Padj. thresholds of 0.05 for 

the four experimental groups. In addition, the target species selected was Homo sapiens 

and the cell type used was Macrophage with the Experimentally Observed and High 

Predicted confidence settings. This resulted in 1,961 input genes (1,073 upregulated and 

888 downregulated) from a background detectable set of 7,103 from bovine AM infected 

with M. bovis (bAM-MB), 978 input genes (571 upregulated and 407 downregulated) 

from a background detectable set of 6,970 genes from bAM-MT, 581 input genes (354 

upregulated and 227 downregulated) from a background detectable set of 6,627 genes 

from hAM-MT and 941 input genes (509 upregulated and 432 downregulated) from a 

background detectable set of 6,825 genes from hMDM-MT. 

Using the B-H method for multiple test correction in IPA (FDR Padj. < 0.05), there 

were 68 statistically significant enriched IPA canonical pathways from the bAM-MB 

group, 201 from the bAM-MT group, 61 from the hAM-MT group, and 118 from the 

hMDM-MT group. The genes from each of the top 10 pathways, regardless of if the genes 

were DE or not, for each group from the IPA analysis were combined, duplicates 

removed, and catalogued for data integration using the bovine GWAS (Supplementary 

File 4.7) and human GWAS data sets (Supplementary File 4.8). The IPA gene set 

derived from bovine AM infected with M. bovis (IPA-bAM-MB) contained 386 genes 

and the IPA-bAM-MT input set contained 276 genes (Supplementary File 4.7). The IPA 

gene set derived from human AM infected with M. tuberculosis (IPA-hAM-MT) 

contained 207 genes and the IPA-hMDM-MT input set contained 274 gene 

(Supplementary File 4.8). Figure 4.10 summarises the top 10 IPA enriched pathways 

for each of the four experimental contrasts.
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Figure 4.10: Top 10 enriched biological pathways for each experimental group from the Ingenuity® Pathway Analysis (IPA). Stacked horizontal bar charts showing the 

top twenty canonical pathways from IPA in order of descending -log10 Padj. a) bAM-MB, b) bAM-MT, c) hAM-MT, and d) hMDM-MT The numbers to the right of the 

bars show the number of genes in the pathway and the colours of the bars indicate the percentages of these genes that are downregulated, upregulated, show no 

change in expression or have no overlap with the data set. 
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Some of the top 10 enriched pathways (Figure 4.10) that were common to two or 

more experimental groups (see Supplementary File 4.8), include included Role of 

Pattern Recognition Receptors in Recognition of Bacteria and Viruses (pattern-

recognition receptors (PRRs) recognize conserved microbial structures or pathogen-

associated molecular patterns), Activation of IRF by Cytosolic Pattern Recognition 

Receptors (the cytosolic PRR pathway of type 1 interferon induction involves the 

activation of the interferon regulatory factor (IRF) family of transcription factors), TNFR2 

Signalling (tumour necrosis factor receptor 2; mostly expressed in immune cells and 

mediates limited biological responses), Dendritic Cell Maturation (after antigen capture, 

dendritic cells undergo maturation which involves down-regulation of their antigen-

capturing capabilities and upregulation of co-stimulatory molecules and MHC Class I and 

II molecules, which enhances their antigen presentation capacity), Role of Macrophages, 

Fibroblasts and Endothelial Cells in Rheumatoid Arthritis (after the onset of rheumatoid 

arthritis, the normally hypocellular synovial membrane becomes hyperplastic, consisting 

mainly of activated T cells, synovial fibroblasts and macrophages), and Hepatic 

Cholestasis (the impairment of bile flow in the liver, clinically characterized by elevated 

plasma concentrations of cytotoxic biliary constituents, malabsorption of fats and liver 

damage).  

4.4.7 GWAS data integration with bovine and human GWAS data sets and 

identification of additional species-specific SNP-trait associations 

The sixteen input gene sets generated from the four separate analyses of DE genes 

generated from the bAM-MB, bAM-MT, hAM-TB and hMDM-TB infection challenge 

experiments are summarised in Table 2 and further detailed in Supplementary Files 4.1–

4.8. In addition to these sixteen putative functionally relevant gene sets, one hundred sets 

of 250 genes randomly sampled from the bovine genome (BOV-RAN), and 250 genes 

randomly sampled from the human genome (HUM-RAN), were used for statistical 

context and comparison (data not shown). The results from the integrative analyses using 

the gwinteR tool with the DEG-bAM-MB, DEG-bAM-MT, DEN-bAM-MB, DEN-bAM-

MT, CPA-bAM-MB, CPA-bAM-MT, IPA-bAM-MB, IPA-bAM-MT, and BOV-RAN 

input gene sets are summarised graphically in Figure 4.11 and fully detailed in 

Supplementary File 4.9. Likewise, the results from the integrative analyses using the 

gwinteR tool with the equivalent human data sets are summarised graphically in Figure 

4.12 and fully detailed in Supplementary File 4.10.
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Table 4.2: The 16 different input bovine and human gene sets used for GWAS data integration.  

Infection group 

Differentially expressed 
genes (DEG) 

Differential expression 
network (DEN) 

Combined Pathway Analysis 
(CPA) 

Ingenuity Pathway Analysis 
(IPA) 

Input gene set 
code 

No. of 
genes 

Input gene set 
code 

No. of 
genes 

Input gene set 
code 

No. of 
genes 

Input gene set 
code 

No. of 
genes 

Bovine alveolar macrophages 
infected with M. bovis 

DEG-bAM-MB 378 DEN-bAM-MB 398 CPA-bAM-MB 557 IPA-bAM-MB 386 

Bovine alveolar macrophages 
infected with M. tuberculosis 

DEG-bAM-MT 390 DEN-bAM-MT 259 CPA-bAM-MT 473 IPA-bAM-MT 276 

Human alveolar macrophages 
infected with M. tuberculosis 

DEG-hAM-MT 277 DEN-hAM-MT 262 CPA-hAM-MT 473 IPA-hAM-MT 207 

Human monocyte-derived 
macrophages infected with 

M. tuberculosis
DEG-hMDM-MT 415 DEN-hMDM-MT 239 CPA-hMDM-MT 737 IPA-hMDM-MT 274 
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Figure 4.11: Integration of bAM functional genomics and GWAS data for M. bovis infection resistance in Holstein-Friesian cattle. a) Circular Manhattan plots showing 

GWAS results pre-integration with blue and red highlighted data points indicating binned SNP clusters with FDR Padj. < 0.10 and < 0.05, respectively. b) and c) Line 

plots of permuted P values (-log10Pperm.) across different genomic intervals for SNPs from eight different input gene sets and random genes. d) and e) Circular 

Manhattan plots showing GWAS results post-integration with blue and red data highlighted points indicating binned SNP clusters with FDR Padj. < 0.10 and < 0.05, 

respectively, and SNPs enriched by gwinteR coloured green. 
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Figure 4.12: Integration of hAM and hMDM functional genomics and GWAS data for M. tuberculosis infection resistance. a) Circular Manhattan plots showing GWAS 
results pre-integration with blue and red highlighted data points indicating binned SNP clusters with FDR Padj. < 0.10 and < 0.05, respectively. b) and c) Line plots of 
permuted P values (-log10Pperm.) across different genomic intervals for SNPs from eight different input gene sets and random genes. d) and e) Circular Manhattan 
plots showing GWAS results post-integration with blue and red highlighted data points indicating binned SNP clusters with FDR Padj. < 0.10 and < 0.05, respectively, 
and SNPs enriched by gwinteR coloured green. 
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Inspection of Figure 4.11b and 4.11c shows that, in terms of SNP enrichment 

(Pperm. < 0.05), the integrative analyses using gwinteR were most effective with the DEG-

bAM-MB, DEG-bAM-MT and CPA-bAM-MT data sets. A possible explanation for the 

inferior performance of the other data sets is that these methods rely heavily on gene 

orthology; i.e. all the bovine DE genes used to generate the DEN, CPA and IPA gene sets 

were first converted to human gene IDs. In this regard, methods that do not rely on 

ortholog conversion, such as gene co-expression networks, seem to perform better. 

Figure 4.12b and 4.12c demonstrates that the human data performed somewhat better 

with multiple techniques; statistically significant SNP enrichment was achieved with the 

DEG-hAM-MT, DEG-hMDM-MT, DEN-hAM-MT and CPA-hAM-MT data sets. 

Figure 4.13 provides information on the 32 genes that were proximal to SNPs 

significantly associated with bTB and hTB disease resistance identified through 

functional genomics data integration with the bovine and human GWAS data sets. 



1
5
4
 

Figure 4.13: Histograms of statistically significant SNP numbers and proximal genes enriched by integration of bovine and human functional genomics outputs with 

bTB and hTB GWAS data sets. a) bAM infected with M. bovis (bAM-MB). b) bAM infected with M. tuberculosis (bAM-MT). c) hAM infected with M. tuberculosis (hAM-

MT). d) hMDM infected with M. tuberculosis (hMDM-MT). The colour of each bar indicates whether the gene was upregulated (red), downregulated (blue), or 

whether there was no significant differential expression for genes identified through subnetwork (module) or pathway analysis. 
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4.5 Discussion 

4.5.1  Bovine and human macrophages share common immune response 

genes and pathways to mycobacterial infection. 

The work described in this chapter has generated new scientific information 

regarding host-pathogen interaction during the initial stages of infection for M. bovis and 

M. tuberculosis, which are the single most important mycobacterial pathogens of cattle 

and humans, respectively. Using four separate multi-omics analysis workflows, I 

demonstrate that there are striking similarities in the patterns of differential expression 

and the cellular pathways that are perturbed by these infections in bovine and human 

macrophages. In terms of understanding host-pathogen interaction in an evolutionary 

context, it is now considered likely that the MTBC complex emerged relatively recently 

during the Neolithic period and probably within the last 5,000 years (Bos et al. 2014; Kay 

et al. 2015; Sabin et al. 2020). Therefore, the recent shared evolutionary histories of M. 

bovis and M. tuberculosis would account for congruent host responses from the pathogen 

perspective. However, on the host side of the equation, what is particularly remarkable— 

given the similarities in macrophage responses to infection—is that artiodactyls and 

primates last shared a common ancestor more than 80 million years ago, well before the 

demise of the dinosaurs (Liu et al. 2017b). 

As shown in Figure 4.5 and Supplementary File 4.2, there were 118 DE genes in 

common across the four different experimental infection groups (bAM-MB, bAM-MT, 

hAM-MT, and hMDM-MT). All these genes were significantly DE, and the log2 fold 

change values were highly correlated for each pairwise comparison, with the highest 

correlation coefficient for these 118 genes observed between the bAM-MB and bAM-MT 

contrasts (r = 0.9894) (Supplementary Figure 4.1). The correlation of expression for 

these genes between the hAM-MT and hMDM-MT infection groups was lower (r = 

0.8088) (Supplementary Figure 4.2), reflecting cell type differences in the 

transcriptomes of these human macrophages infected with M. tuberculosis. The hAM-

MT/bAM-MB and hAM-MT/bAM-MT infection group comparisons for these genes 

produced correlation coefficients of r = 0.7122 and r = 0.7170, respectively (see 

Supplementary Figures 4.3 and 4.4); the interspecific comparison with the same MTBC 

pathogen (M. tuberculosis) being marginally more correlated. 
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Several groups of related genes were consistently upregulated for all four 

experimental infection contrasts, suggesting a core MTBC infection response gene 

repertoire intrinsic to macrophages from both species of mammal. Many of these genes 

encode different types of cytokine including: interleukins (IL1A, IL1B, IL23, IL6, and 

IL7R); chemokines (CCL2, CCL3, CCL4, CCL8, CCL20, CXCL2, CXCL3, CXCL5 and 

CXCL11); and members of the TNF family, such as TNF, CD40, LTA and TNFAIP6. 

Many of these genes were previously identified by our group as corresponding to a core 

innate immune response for bovine AM infected with both M. bovis and M. tuberculosis 

across a 48-h post-infection time course (Malone et al. 2018). Interestingly, the group of 

cytokines that did exhibit a marked species-specific pattern of gene expression were 

interferons. Many interferon-encoding genes were differentially expressed in each 

experimental infection contrast group (bAM-MB: 18, bAM-MT: 6, hAM-MT: 12, and 

hMDM-MT: 14); however, only IFIT2 was DE across all four groups, suggesting that for 

MTBC infections of AM or MDM, interferons tend to function in a strain- or host species-

specific fashion, as opposed to interleukins and chemokines, which were consistently DE 

across the experimental groups regardless of macrophage cell type, strain or host species. 

Other genes that were DE across the four experimental contrasts included: STAT1, 

which was consistently upregulated and is a key modulator of the immune response to 

mycobacterial infection and a critical transcription factor in the JAK-STAT and interferon 

signalling pathway (Yi et al. 2020); PIK3IP1, which was consistently downregulated and 

is a key negative regulator of the PIK3-AKT signalling pathway (DeFrances et al. 2012; 

Hall et al. 2020b); IDO1, which was consistently upregulated and is involved with 

limitation and accumulation of tryptophan in immune cells, which can induce apoptosis, 

limit growth of intracellular pathogens, and control immunopathology resulting from 

unchecked immune responses (van Baren & Van den Eynde 2015); and SLAMF1, which 

was consistently upregulated and induces expression of IL12 and TNF in the presence of 

LPS (Wang et al. 2004), and regulates phagosome maturation and recruitment of the PI3K 

complex 2 upon recognition of OmpC and OmpF on the mycobacterial surface (Berger 

et al. 2010; Ma et al. 2012). Our group has also recently shown that the activity of 

SLAMF1 is regulated at the epigenetic level, with H3K4me3 deposition at the TSS of 

SLAMF1 modulating its expression in bovine AM infected with M. bovis (Hall et al. 

2020b). 

In addition to common response genes, all four experimental infection contrasts had 

the same top response pathway, Cytokine-cytokine receptor interaction (Figures 4.8 and 
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4.9). While the particular DE genes in each pathway varied among the four groups, this 

pathway was statistically highly enriched across all the groups (Figure 4.7), which again 

highlights the evolutionary conservation and functional importance of cytokine signalling 

during MTBC infections of mammalian macrophages.  

As part of the differential expression network analysis (DEN), a large gene 

interaction network (GIN) was used with log2 fold-change and FDR Padj. values as the key 

parameters to identify and extract smaller functional modules/subnetworks (see Sections 

4.3.5 and 4.4.4, Figure 4.6 and Supplementary Files 4.3 and 4.4). Five functional 

modules were extracted from the large GIN for each of the four experimental infection 

contrasts. Each of these subnetworks exhibits a scale-free topology (Barabasi & Albert 

1999; Albert 2005); most gene nodes within the network interact with one other gene (low 

degree), while a small subset interact with substantially more (high degree). These nodes 

tend to be direct regulators of other genes, such as transcription factors or subunits of 

important proteins. Comparison of genes with high degree across all 20 modules 

(Supplementary File 4.4), demonstrated that all four groups share genes of high degree, 

suggesting that the key regulators of gene modules that respond to intracellular 

mycobacterial infection are common across the two species and macrophage cell type and 

MTBC strain. Genes present in at least one functional module from all experimental 

infection contrasts included inflammation-related transcription factors such as CEBPB, 

EGR1, IRF1, NFKB1, NFKBIA, STAT1, JAK2, UBC, and TNF. In this regard, using a 

differential network approach to analyse microarray gene expression data from bovine 

MDM challenged with M. bovis and an attenuated M. bovis BCG vaccine strain, our group 

previously identified NFKB1 and EGR1 as key hub and bottleneck gene nodes, 

respectively (Killick et al. 2014). 

Interestingly, although the IRF1 gene was present in all experimental infection 

contrasts, and IFNG, IFNG1, IFNG2, IFNG3 and IFNG4 were present as high degree 

genes in some contrasts, only IFNG was present in more than one group and no interferon 

gene was present in the functional modules identified for the bAM-MB infection contrast. 

Again, this observation supports the hypothesis that interferon genes exhibit specific 

functions depending on cell type, species and MTBC strain. There was also one other 

gene that did not appear in subnetworks identified for the bAM-MB infection contrast, 

but that was present in the remaining three M. tuberculosis-challenged groups (bAM-MT, 

hAM-MT, and hMDM-MT). This was the vitamin D receptor gene (VDR), which 

mediates the immunological function of vitamin D3, an activator of macrophages (Hu et 
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al. 2016). Vitamin D deficiency has been implicated in susceptibility to both bTB and 

hTB (Nelson et al. 2012; Hu et al. 2016); therefore, it is somewhat surprising that VDR 

was not a gene node  in any of the modules from the bAM-MB infection contrast. Taking 

into consideration the inter- and intra-species robustness of the functional modules, 

further research is needed to improve identification and functional annotation of gene 

response modules extracted from knowledge-based gene interaction networks. 

4.5.2 Genes enriched for bTB and hTB GWAS SNPs in both species play 

central roles in NF-κB signalling and the formation of the granuloma 

After all the input gene sets were integrated with the bTB and hTB GWAS data sets 

using gwinteR, a total of 32 unique genes (12 bovine and 20 human genes; see Figure 

4.13) exhibited intragenic SNPs or SNPs within 100 kb up- and downstream that were 

enriched for associations with infection susceptibility/resistance. There was intraspecies 

overlap in enriched genes, such as bovine IL17A and human CXCL13, but there was no 

interspecies overlap. However, it is important to note that there was an enrichment 

observed for genes involved with initiation, regulation, and formation of the granuloma 

in both species. 

Granulomas are densely compact, organized aggregates of immune cells consisting 

of epithelioid cells, blood-derived infected and uninfected macrophages, foamy 

macrophages, and multinucleated giant cells (Guirado & Schlesinger 2013). The enriched 

bovine SNPs lay in proximity to six genes related to granuloma biology. These are CSF3, 

HPSE, IER3, IL17A, IL17F and VEGFA. HPSE has a role in inflammation and cell 

adhesion during granuloma formation, and is also expressed in peripheral granulomas 

(Irony-Tur-Sinai et al. 2003; Elad et al. 2013). Expression of IER3 has been observed in 

chronic lung granulomas (Mehra et al. 2013), and it may act as an inhibitor or contributor 

to their formation. VEGFA expression in macrophages regulates granuloma formation in 

the non-angiogenic pathway during TB disease and recruits immune cells to the 

granuloma (Harding et al. 2019).  

The CSF3  gene (aka GCSF) encodes a protein with many immunological roles, 

such as survival, proliferation, and polarization of macrophages (Hollmen et al. 2016; 

Wen et al. 2019); it has also been detected in multiple macrophage infection studies using 

pathogenic MTBC strains (Malone et al. 2018; Papp et al. 2018; Hall et al. 2020b) 

Although its role in TB-induced granuloma formation has not been extensively studied, 

induction of granulomatous tissue by CSF3 has been documented in other cases, such as 
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granulomatous dermatitis and chronic granulomatous disease in immunocompromised 

patients (Sekhsaria et al. 1996; Ozaki et al. 2015). However, it is important to note that 

colony stimulating factor proteins have recently been shown—in a membrane fusion-

independent manner—to stimulate the formation of multinucleated giant cells (MGCs), 

which are key components of TB-induced granulomas. For example, CSF1 in conjunction 

with a persistent ligand, such as TNF, can induce MGCs from bone marrow myeloid 

progenitors via polyploidy, typically associated with replication stress or DNA damage 

(Herrtwich et al. 2016), which supports a larger role for CSF proteins in the formation of 

TB granulomas. In addition, our group has recently shown that the CSF3 locus is 

epigenetically regulated through H3K4me3 deposition in bovine AM infected with M. 

bovis (Hall et al. 2020b). Consequently, based on the multi-omics results presented here 

that highlight CSF3 in macrophage responses to mycobacterial infections, further 

research into the role of CSF3 in bTB and hTB is warranted. 

Moving to the human results, the enriched SNPs identified were proximal to five 

genes associated with granuloma biology: CACNA2D3, CXCL13, ENPP2, PLG, and 

TNFSF4. Differential expression of CACNA2D3, a protein in the voltage-dependent 

calcium channel complex, had been demonstrated within granulomatous structures 

(Crouser et al. 2017) and it has been proposed to play a role in the CRR5 pathway in 

macrophages, which regulates chemotaxis during inflammatory responses (Shaheen et al. 

2019). The CXCL13 chemokine recruits B cells to sites of inflammation, including the 

granuloma (Khader et al. 2009; Armas-Gonzalez et al. 2018). Macrophages do not 

typically express this gene, which would explain the lack of differential expression 

observed in any of the four experimental infection contrasts. However, this gene was 

included as part of the GIN analysis, highlighting the importance of integrative analytical 

approaches that extend beyond simple catalogues of DE genes. The protein product of the 

ENPP2 gene interacts with IL-13 during the IL-13-mediated sarcoidosis granulomatous 

response (Locke et al. 2019) and the product of ENPP2 (aka autotaxin) phospholipase 

action, lysophosphatidic acid, converts recruited monocytes from bone marrow into 

macrophages (Ray & Rai 2017). Increased levels of PLG (plasminogen) has been shown 

to encourage granuloma formation; a recent study showed that M. bovis BCG bacilli 

coated in PLG leads to a decrease in phagocytosis, and an increase in granuloma 

formation (Echeverria-Valencia et al. 2019). TNFSF4 has been proposed as an inhibitor 

to granuloma formation; polymorphisms in the TNFSF4 gene are associated with 

Sjogren's syndrome, phenotypic effects of which include irregular granuloma formation 
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(Nordmark et al. 2011; Sun et al. 2013). Other human genes that were associated with 

enriched SNPs include PLAC8, LDB2, PLOR2F, GNG12, and PRR5l, which have roles 

in inflammation, pathway initiation and recruitment, but no direct link to granuloma 

formation for these genes has yet been established. 

From the host’s perspective, the ideal outcome of granuloma formation in TB 

disease is elimination or sterilisation of macrophages infected with pathogenic MTBC 

strains. However, in cases where the granuloma becomes necrotic, it is clearly beneficial 

to the pathogen and transmission of the infection (Guirado & Schlesinger 2013). As such, 

formation of the granuloma can be interpreted as a failure of alveolar macrophages to 

sufficiently control MTBC pathogens. Consequently, a better understanding of host genes 

and genomic variation that determines and influences formation and success of the 

granuloma could lead to novel therapeutics, diagnostics, prognostics, and in the case of  

livestock, potential targets for genome editing and genome-enabled breeding programmes 

for bTB disease resistance/resilience (Banos et al. 2017; Tsairidou et al. 2018a; Bishop 

& Van Eenennaam 2020). The results presented here relating to granuloma formation also 

emphasise the importance of M. bovis infection in cattle and bTB disease as a large animal 

model of hTB (Van Rhijn et al. 2008; Waters et al. 2014; Buddle et al. 2016).  

In addition to genes associated with granuloma formation, a large number of the 32 

bovine and human genes identified through bTB and hTB GWAS integration also encode 

important components of the NF-κB signalling pathway. The nuclear factor-κB (NF-κB) 

complex constitutes a family of inducible transcription factors that regulate a large array 

of genes associated with innate and adaptive immunity and inflammatory responses 

(Zhang et al. 2017a).  Including both bovine and human genes, there were three genes 

encoding activators (GNG12, IL17, PELI2), two genes encoding inhibitors (TNFSF4, 

IER3, SOC3) and twelve genes encoding downstream targets (GRM7, CACNA2D3, 

CSF3, CYB5R3, CXCL13, KRT79, NKG7, PRR5L, SOCS3, SP3, VEGFA, HPSE). 

Notable downstream target genes included HPSE, which encodes a lung injury serum 

protein that promotes neutrophil adherence and inflammation (Kedia et al. 2018) and 

GRM7, which encodes a protein that modulates adaptive immunity and inflammation 

(Fallarino et al. 2010).  Many of the downstream targets are also regulators of granuloma 

initiation and formation, again highlighting the importance of this feature of TB disease 

pathogenesis. Because NF-κB-related genes were highlighted in the original GWAS 

integration, a supplementary analysis was conducted where 17 NF-kB subunit, activator 

and inhibitor genes (NFKB1, NFKB2, RELA, RELB, REL, NFKBIA, NFKBIB, NKRF, 
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NFKBIL1, NFKBIZ, NFKBIE, NDFIP1, NKAP, NKAPL, NKIRAS2, NFKBID, and 

NKAPP1) were directly used as an input gene set for GWAS integration using the gwinteR 

tool (Supplementary File 4.10).  This resulted in detection of 163 significantly enriched 

SNPs (6 human and 157 bovine) within or proximal to these NF-κB-associated genes. 

It is important to note that the disparity between the human and bovine SNP 

enrichment for NF-κB genes may be a consequence of the phenotypes used in the bTB 

GWAS and the hTB GWAS. The bTB phenotype is a susceptibility/resistance sire EBV 

generated from M. bovis infection diagnostic epidemiology data (Ring et al. 2019). 

Conversely, the hTB case-control GWAS phenotype is more directly related to disease 

resilience because a relatively large proportion of the hTB control cohort (>20%) may 

have been latently infected with M. tuberculosis (Houben & Dodd 2016; Cohen et al. 

2019). Consequently, the overrepresentation of bovine genes with enriched SNPs in the 

NF-κB signalling pathway may reflect the importance of innate immune responses in the 

phenotype used for the bTB GWAS. The hTB case-control GWAS phenotype, on the 

other hand, may be more directly associated with adaptive immunity (Pai et al. 2016; 

Bloom et al. 2017; Simmons et al. 2018). 
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4.6 Conclusions 

While M. bovis and M. tuberculosis remain 99.95% similar at the nucleotide level, 

they exhibit specific host tropism, generating comparable disease in their preferred host. 

In this regard, key to further understanding this host tropism will be elucidation of the 

shared and species-specific immunobiological mechanisms underpinning the bovine and 

human host responses to establishment of infection by M. bovis and M. tuberculosis, 

respectively. In addition, identification of critical mycobacterial infection response 

pathways shared between the two species underlines the importance of the bovine model 

for understanding human TB. Using four transcriptomics data sets that represent the 

responses of bAM, hAM and hMDM to infection, I have identified common and distinct 

genes and gene response pathways across both host species. Using three different analysis 

pipelines, a notable outcome was the role played by the cytokine-cytokine receptor 

interaction pathway, which was the most enriched pathway in all four experimental 

groups across seven databases. After integration of the downstream functional genomics 

outputs with the GWAS data sets, I identified 32 bovine and human genes containing or 

proximal to SNPs significantly associated with resistance to infection or disease 

resilience.A striking feature of this result is that 11 of these genes, across all four groups, 

are directly involved with the formation of the granuloma, while 18 are involved with 

NF-kB signalling. This indicates that the overall response pathways and gene regulatory 

networks (GRNs) are comparable across host species and mycobacterial pathogen. 
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4.7 Supplementary information 

Supplementary files associated with Chapter 4 are listed below and available for 

download here. 

Supplementary figure 4.1: Correlation plots contrasting the log2 fold change of 118 DE 

genes shared by all four experimental groups. [Supp_Figures.docx] 

Supplementary Data 4.1: Bovine RNA-seq mapping stats 

[Supp_Data_File_1_worksheet_1.xlsx] 

Supplementary Data 4.2: Bovine RNA-seq raw counts 

[Supp_Data_File_1_worksheet_2.xlsx] 

Supplementary Data 4.3: Bovine alveolar macrophages infected with M. bovis DE 

genes [Supp_Data_File_1_worksheet_3.xlsx] 

Supplementary Data 4.4: Bovine alveolar macrophages infected with M. tuberculosis 

DE genes [Supp_Data_File_1_worksheet_4.xlsx] 

Supplementary Data 4.5: bAM-MB DE gene set for GWAS integration 

[Supp_Data_File_1_worksheet_5.xlsx] 

Supplementary Data 4.6: bAM-TB DE gene set for GWAS integration 

[Supp_Data_File_1_worksheet_6.xlsx] 

Supplementary Data 4.7: Human RNA-seq mapping stats 

[Supp_Data_File_2_worksheet_1.xlsx] 

Supplementary Data 4.8: Human RNA-seq raw counts 

[Supp_Data_File_2_worksheet_2.xlsx] 

Supplementary Data 4.9: Human alveolar macrophages infected with M. tuberculosis 

DE genes [Supp_Data_File_2_worksheet_3.xlsx] 

Supplementary Data 4.10: Human monocyte derived macrophages infected with M. 

tuberculosis DE genes [Supp_Data_File_2_worksheet_4.xlsx] 

Supplementary Data 4.11: hAM-MB DE gene set for GWAS integration 

[Supp_Data_File_2_worksheet_5.xlsx] 

Supplementary Data 4.12: hMDM-TB DE gene set for GWAS integration 

[Supp_Data_File_2_worksheet_6.xlsx] 

Supplementary Data 4.13: GeneCards® search query results for tuberculosis OR 

mycobacterium OR mycobacteria OR mycobacterial 

[Supp_Data_File_3_worksheet_1.xlsx] 

Supplementary Data 4.14: InnateDB gene interactions from base differential expression 

network [Supp_Data_File_3_worksheet_2.xlsx] 

Supplementary Data 4.15: jActiveModules top five modules detected at 24 hpi M. bovis 

[Supp_Data_File_3_worksheet_3.xlsx] 

https://www.dropbox.com/sh/2h0k66lwxd2dp99/AACqc34UJJaw50t6KjB0eG5Qa?dl=0
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Supplementary Data 4.16: jActiveModules top five modules detected at 24 hpi M. 

tuberculosis [Supp_Data_File_3_worksheet_4.xlsx] 

Supplementary Data 4.17: Differential expression network (DEN) gene set GWAS 

input for 24 hpi M. bovis [Supp_Data_File_3_worksheet_5.xlsx] 

Supplementary Data 4.18: Differential expression network (DEN) gene set GWAS 

input for 24 hpi M. tuberculosis [Supp_Data_File_3_worksheet_6.xlsx] 

Supplementary Data 4.19: GeneCards® search query results for tuberculosis OR 

mycobacterium OR mycobacteria OR mycobacterial 

[Supp_Data_File_4_worksheet_1.xlsx] 

Supplementary Data 4.20: InnateDB gene interactions from base differential expression 

network [Supp_Data_File_4_worksheet_2.xlsx] 

Supplementary Data 4.21: jActiveModules top five modules detected at 24 hpi in hAMs 

M. tuberculosis [Supp_Data_File_4_worksheet_3.xlsx] 

Supplementary Data 4.22: jActiveModules top five modules detected at 24 hpi in hAMs 

M. tuberculosis [Supp_Data_File_4_worksheet_4.xlsx] 

Supplementary Data 4.23: Differential expression network (DEN) gene set GWAS 

input for 24 hpi hAMs M. tuberculosis [Supp_Data_File_4_worksheet_5.xlsx] 

Supplementary Data 4.24: Differential expression network (DEN) gene set GWAS 

input for 24 hpi hMDMs M. tuberculosis [Supp_Data_File_4_worksheet_6.xlsx] 

Supplementary Data 4.25: Combined pathway analysis of DE genes from bAM infected 

with M. bovis [Supp_Data_File_5_worksheet_1.xlsx] 

Supplementary Data 4.26: Combined pathway analysis of DE genes from bAM infected 

with M. tuberculosis [Supp_Data_File_5_worksheet_2.xlsx] 

Supplementary Data 4.27: bAM-MB Pathway gene set for GWAS integration 

[Supp_Data_File_5_worksheet_3.xlsx] 

Supplementary Data 4.28: bAM-TB Pathway gene set for GWAS integration 

[Supp_Data_File_5_worksheet_4.xlsx] 

Supplementary Data 4.29: Combined pathway analysis of DE genes from hAM infected 

with M. tuberculosis [Supp_Data_File_6_worksheet_1.xlsx] 

Supplementary Data 4.30: Combined pathway analysis of DE genes from hMDM 

infected with M. tuberculosis [Supp_Data_File_6_worksheet_2.xlsx] 

Supplementary Data 4.31: hAM-TB Pathway gene set for GWAS integration 

[Supp_Data_File_6_worksheet_3.xlsx] 

Supplementary Data 4.32: hMDM-TB Pathway gene set for GWAS integration 

[Supp_Data_File_6_worksheet_4.xlsx] 

Supplementary Data 4.33: Ingenuity® Pathway Analysis (IPA) of DE genes from bAM 

infected with M. bovis [Supp_Data_File_7_worksheet_1.xlsx] 
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Supplementary Data 4.33: Ingenuity® Pathway Analysis (IPA) of DE genes from bAM 

infected with M. tuberculosis [Supp_Data_File_7_worksheet_2.xlsx] 

Supplementary Data 4.33: bAM-MB Ingenuity® Pathway Analysis gene set for GWAS 

integration [Supp_Data_File_7_worksheet_3.xlsx] 

Supplementary Data 4.33: bAM-TB Ingenuity® Pathway Analysis gene set for GWAS 

integration [Supp_Data_File_7_worksheet_4.xlsx] 

Supplementary Data 4.34: Ingenuity® Pathway Analysis (IPA) of DE genes from hAM 

infected with M. tuberculosis [Supp_Data_File_8_worksheet_1.xlsx] 

Supplementary Data 4.35: Ingenuity® Pathway Analysis (IPA) of DE genes from 

hMDM infected with M. tuberculosis [Supp_Data_File_8_worksheet_2.xlsx] 

Supplementary Data 4.36: hAM-MB Ingenuity® Pathway Analysis gene set for GWAS 

integration [Supp_Data_File_8_worksheet_3.xlsx] 

Supplementary Data 4.37: hMDM-TB Ingenuity® Pathway Analysis gene set for 

GWAS integration [Supp_Data_File_8_worksheet_4.xlsx] 

Supplementary Data 4.38: Functional genomics and Holstein-Friesian GWAS 

integration results for bAMs infected with M. bovis 

[Supp_Data_File_9_worksheet_1.xlsx] 

Supplementary Data 4.39: Significant SNPs resulting from GWAS integration of genes 

derived from bAMs infected with M. bovis [Supp_Data_File_9_worksheet_2.xlsx] 

Supplementary Data 4.40: Functional genomics and Holstein-Friesian GWAS 

integration results for bAMs infected with M. tuberculosis 

[Supp_Data_File_9_worksheet_3.xlsx] 

Supplementary Data 4.41: Significant SNPs resulting from GWAS integration of genes 

derived from bAMs infected with M. tuberculosis 

[Supp_Data_File_9_worksheet_4.xlsx] 

Supplementary Data 4.42: Functional genomics and Human TB GWAS integration 

results for hAMs infected with M. tuberculosis [Supp_Data_File_10_worksheet_1.xlsx] 

Supplementary Data 4.43: Significant SNPs resulting from GWAS integration of genes 

derived from hAMs infected with M. tuberculosis 

[Supp_Data_File_10_worksheet_2.xlsx] 

Supplementary Data 4.44: Functional genomics and Human TB GWAS integration 

results for hMDMs infected with M. tuberculosis 

[Supp_Data_File_10_worksheet_3.xlsx] 

Supplementary Data 4.45: Significant SNPs resulting from GWAS integration of genes 

derived from hMDMs infected with M. tuberculosis 

[Supp_Data_File_10_worksheet_4.xlsx] 

Supplementary Data 4.45: Significant SNPs resulting from GWAS integration of genes 

derived from hMDMs infected with M. tuberculosis 

[Supp_Data_File_10_worksheet_4.xlsx] 
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Supplementary Data 4.46: Significant SNPs found in proximity to NF-κB genes after 

Bovine and Human TB GWAS integration [Supp_Data_File_11_worksheet_1.xlsx] 
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5.1 General discussion 

5.1.1  Context and purpose of the research work 

The research work I have presented in Chapters 2, 3, and 4 seeks to explore the 

complex host-pathogen interplay and genomic architecture of host infection susceptibility 

and resistance for bovine tuberculosis (bTB) and human tuberculosis (hTB). To do this, I 

used a range of functional genomic technologies and integrative analytical methods. The 

purpose of this work was to address the following research questions through testing of 

specific scientific hypotheses: 

1. Is there a core evolutionarily conserved macrophage response to mycobacterial 

pathogens? 

2. Are there unique species-specific macrophage responses pathways? If so, what 

are they? 

3. Do the human and bovine TB resistance traits share elements of a common 

genomic architecture? Do these genomic architectures have unique species-

specific attributes that underpin critical immune response mechanisms? 

4. Have Mycobacterium tuberculosis and Mycobacterium bovis evolved distinct 

strategies to modulate and reprogram host transcriptomes? 

To tackle these research questions, I have completed several distinct but 

overlapping computational genomics projects. Firstly (Chapter 2), I surveyed the 

epigenomes and transcriptomes of M. bovis -infected bovine alveolar macrophages at 24 

hpi using ChIP-seq, RNA-seq and miRNA-seq, and identified key epigenetic, 

transcriptomic and regulatory features of host-pathogen interaction for this system (Hall 

et al. 2020b). For Chapter 3, I analysed RNA-seq transcriptomics data from M. bovis -

infected bovine alveolar macrophages (bAM) at four post-infection time points (2, 6, 24 

and 48 hpi) using several analytical, data mining and integrative methods: 1) differential 

gene expression, 2) differential gene expression networks, 3) co-expression correlation 

networks, 4) Ingenuity® Pathway Analysis (IPA), and 5) GWAS integration of 

functionally prioritised input gene lists, which was performed using the gwinteR R 

package that I developed (https://github.com/ThomasHall1688/gwinteR) (Hall et al. 

2020a). In addition for Chapter 4, I also used the techniques described above to analyse 

RNA-seq data from M. bovis- and M. tuberculosis-infected bAM, M. tuberculosis-

https://github.com/ThomasHall1688/gwinteR
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infected human alveolar macrophages (hAM), and M. tuberculosis-infected human 

monocyte derived macrophages (hMDM) at 24 hpi and integrated the results from these 

analyses with published bTB and hTB resistance GWAS data sets using gwinteR. 

Bovine tuberculosis is estimated to cost at least €3 billion to global agriculture 

annually (Steele 1995; Waters et al. 2012). The impacts of bTB are multifaceted,  with 

losses incurred by social problems stemming from removal of cattle from small holdings, 

depopulation of herds, and also the economic consequences of herd restrictions, 

disruptions to trade and reduced agricultural productivity (Waters et al. 2012; Romha et 

al. 2018). The agri-food sector is a major component of the Irish economy, contributing 

7.5% of modified gross national income (GNI) in 2018, which corresponds to €14.8 

billion; it also employs approximately 173,000 people or 7.7% of total employment 

(Department of Agriculture Food and the Marine 2019). In Ireland, bTB is primarily 

managed and controlled with a test and slaughter programme managed by the Department 

of Agriculture, Food and the Marine (DAFM), with the most recent data indicating that 

bTB control and eradication cost a total of €84 million in 2017 (Department of 

Agriculture Food and the Marine 2018). It is important to note that the expansion of the 

dairy and beef sectors envisioned in the DAFM Food Wise 2025 strategy, coupled with 

the removal of EU milk quotas, could place significant strains on animal health and 

welfare through increased stocking density and production pressures (Department of 

Agriculture Food and the Marine 2015). Sustainable, smart expansion of the sector is 

therefore critical, and the control of animal disease will play a major role. Bovine TB is 

a key challenge to this expansion, as it thrives in conditions of overcrowding and stress 

in animals in the same way that hTB does (Dheda et al. 2016). 

There is currently no vaccine used to immunise cattle against M. bovis infection and 

bTB disease; the only available TB vaccine for use in humans or animals is the attenuated 

BCG strain of M. bovis. However, the use of BCG in cattle is prohibited because it 

compromises interpretation of the current SICTT bTB diagnostic test (Vordermeier et al. 

2016). Therefore, gaining a better understanding of the genetic factors that contribute to 

M. bovis infection resistance and bTB disease resilience can provide information relevant 

for genome-enabled breeding programmes (Banos et al. 2017; Tsairidou et al. 2018a) 

and, ultimately, genome-editing (Bishop & Van Eenennaam 2020) to reduce the impact 

of the disease on Irish and global livestock production. Additionally, comparisons to M. 

tuberculosis infection and hTB can shed light on host tropic factors and can contribute to 

the development of therapeutics and diagnostics for use in human populations.    
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The research work in this thesis directly addresses the need for greater 

understanding of the genetic component of intrapopulation variation for resistance to M. 

bovis infection. The multi-omics and integrative genomics analyses detailed in Chapters 

2–4 have revealed key genes, both known and novel, that are pivotal to the alveolar 

macrophage response to intracellular infection with MTBC pathogens. Using published 

GWAS data sets, I have also been able to identify SNPs across three cattle breeds 

(Holstein-Friesian, Limousin and Charolais) proximal to, or within these genes that are 

associated with resistance to M. bovis infection (Ring et al. 2019). These genes and SNPs 

provide useful information for genomic selection programmes to enhance resistance to 

mycobacterial infection in production cattle populations (see Section 5.2.4). 

Additionally, these genes and SNPs also represent useful target candidates for generating 

genome-edited macrophages with increased resistance to M. bovis infection (see Section 

5.2.5). 

The research outputs and analytical methods developed and refined during my PhD 

project may also have significant implications for human medicine. For example, the 

biostatistical approaches I have developed to integrate functional genomics outputs and 

GWAS data sets to enhance understanding of the genomic architecture of bTB resistance 

are equally applicable to hTB and will ultimately contribute to the concept of personalised 

medicine based on high-resolution genomics data (Karczewski & Snyder 2018). This is 

particularly apposite with the drive towards incorporating actionable genome information 

into clinical practice and the increasing public interest in personal genomics for ancestry 

and health (Khan & Mittelman 2018). 

5.1.2 Multi-omic analysis and integration of the host response to 

intracellular mycobacterial infections 

The workflow in each experimental chapter can be roughly be divided into three 

steps:  

Step 1:  Use various types of functional genomics data derived from infected cells 

to identify key mycobacterial response genes across multiple cell types and 

species. 

Step 2:  Integrate and expand these genes with additional layers of omics data, gene 

networks and pathway data to create prioritised gene lists.  
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Step 3:  Integrate the expanded list of prioritised omics, pathway, and network 

genes with publicly available GWAS data to identify genomic variants 

associated with resistance to infection by pathogenic MTBC strains. 

Data from step one flows into step two, which flows into step three. In this way, the 

research work described in the three experimental chapters exemplifies a top-down 

systems biology approach, in which the macrophage response is characterized using 

system-wide functional genomics data in combination with modelling to reduce a large 

set of components to something much smaller and more manageable and interpretable 

(Ideker 2004; Shahzad & Loor 2012). For example, in Chapter 2, I started with 30,574 

molecular components, including protein-coding, microRNA and lncRNA genes. Using 

transcriptomics data derived from M. bovis-infected bAM, that list was reduced to 7,757 

differentially expressed genes (log2FC > 0: 3,723 genes; log2FC < 0: 4,034 genes; FDR 

< 0.1) (step 1). These genes were then integrated with ChIP-seq data, selecting for those 

that have differential histone trimethylation at transcriptional start sites (TSSs), which 

further filtered the list down to 233 genes (step 2). Finally, these genes are then integrated 

with a GWAS data set (Richardson et al. 2016), to determine if any of these prioritised 

genes have SNPs associated with resistance to infection by M. bovis, which reduced the 

panel of genes down to nine (step 3). Reducing the list of genetic components from 

30,574 to nine allows us to fully evaluate and interpret the results and provides them with 

functional context. 

The computational workflow described above can reveal much about host-pathogen 

interaction for M. bovis and the bAM, as well as providing comparative information 

relevant to other species, cell types and MTBC pathogens. If we consider step 1 in all 

three experimental chapters (Chapters 2–4), key response genes were consistently 

identified in multiple experimental and temporal contexts. For example, many genes 

encoding cytokines, colony stimulator factors, transcription factors (STAT1, TNF), Toll 

like receptors and NF-κB associated proteins were consistently differentially expressed 

in both bAM, hAM and hMDM and at multiple time points. The comparative holistic 

transcriptomic analysis revealed a core set of genes that are common to both mammalian 

host species and both MTBC pathogen strains, highlighting the evolutionarily conserved 

nature of the macrophage response to mycobacteria and presenting possible targets for 

genomic selection in cattle and diagnostics for both species. It is important to note, 

however, that the more evident common response patterns in both host species can 

obscure specific bovine and human macrophage response signals. Therefore, to dissect 
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out specific gene expression differences, studies using larger sample sizes and increased 

time points would need to be performed with hAMs, although access to suitable sample 

materials makes this difficult to achieve.   

Integrating multi-omics data in step 2 produced interesting results. Integration of 

differentially expressed genes with the gene interaction database InnateDB (Breuer et al. 

2013) in Chapters 3 and 4 revealed similar functional gene subnetwork modules across 

all experimental groups. Interestingly, these modules had multiple common hub genes 

(genes with a high degree of connectivity). Unsurprisingly, many of these hub genes, for 

example, UBC, NFKB1 and STAT1, encode transcription factors, indicating that groups 

of co-ordinately regulated genes function together in response to mycobacterial infection. 

In this regard, detailed examination of the key regulators of each module in both human 

and cattle macrophages would be an obvious project for future research work (Section 

5.2.6). Integration of the differentially expressed genes with ChIP-seq data as described 

in Chapter 2 (Hall et al. 2020b) revealed a clear pattern: each gene enriched for histone 

marks plays a critical role in the innate immune response. After a systematic analysis of 

the entire genome, the only differences in histone marks occurred at immune genes, such 

as SLAMF1 and the entire OAS superfamily (Song et al. 2015; Leisching et al. 2018). 

However, what was more interesting than the genes expected to be epigenetically 

modulated, were the genes I did not expect to observe, such as TNFAIP3, IL1RN, ARG2 

(upregulation via H3K4me3 deposition) and STING1/TMEM173 (down-regulation via 

absence of H3K4me3 deposition). TNFAIP3 and IL1RN encode negative regulators of 

NF-κB and the ARG2 enzyme polarizes macrophages to be less bactericidal and has been 

associated with immunoevasion processes in other bacterial species (Lewis et al. 2011; 

Hardbower et al. 2016; Lecoeur et al. 2020). STING1/TMEM173 encodes transmembrane 

protein 173, which drives interferon production and as such is a major regulator of the 

innate immune response to viral and bacterial infections, including M. bovis and M. 

tuberculosis. Consequently, the integration of the RNA, miRNA, and ChIP-seq data 

revealed complex patterns of epigenetic regulation that hint at pathogen-directed 

modulation of host histones; therefore, further research into this phenomenon is required 

(Sections 5.2.1, 5.2.2, and 5.2.3). 

The integrative genomics workflow described above provided lists of prioritised 

genes and when these were integrated with multiple bTB and hTB disease resistance 

GWAS data sets (step 3), key gene loci contained, or were proximal to SNPs associated 

with these infection resistance traits. Some of the key findings of this step include SNPs 
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enriched within the TNFAIP3 locus (Chapter 2), which as discussed is a candidate for 

M. bovis epigenomic modulation. It is possible that disruptions to the function of this gene 

interfere with its facilitation of infection by M. bovis, and cattle with protective TNFAIP3 

variants are therefore more resistant to infection. In Chapter 3, prioritised gene lists 

generated using transcriptomics data from M. bovis-infected bAM at 24 and 48 hpi were 

integrated with three high-resolution breed-based GWAS data sets (Holstein-Friesian, 

Limousin and Charolais). While the analysis was successful in detecting SNPs in all three 

breeds, perhaps the most significant result was the number of SNPs enriched for each of 

the three breed GWAS. While the Limousin and Charolais integration produced 107 and 

90 SNPs respectively, the Holstein-Friesian produced 947 SNPs (Padj. < 0.10). This is both 

interesting and encouraging, as the transcriptomics data was generated from Holstein-

Friesian bAM, suggesting that resistance traits might be more breed-specific that initially 

assumed. Finally, in Chapter 4, integration with the bTB and hTB GWAS data sets 

revealed SNPs at 32 unique genes across both host species. What was clear from this 

result was that the enriched genes in both species were markedly functionally associated 

with granuloma formation and NF-κB signalling, suggesting that resistance to both bTB 

and hTB is strongly influenced by genomic sequence variation affecting expression of 

genes that dictate the stages of inflammation. 
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5.2 Future work 

5.2.1  Sequence motif discovery 

The research work described in this thesis has successfully identified key host 

immune response genes to mycobacterial infections in humans and cattle and has also 

identified key polymorphisms in these genes that are significantly associated with bTB 

and hTB infection resistance across four different GWAS data sets. This has involved 

integration of various types of functional genomics outputs, including ChIP-seq data. One 

advantage of ChIP-seq data, particularly when dealing with histone modifications such 

as H3K4me3, is it has is the ability to define regulatory genomic positions, such as TSS, 

promoters and enhancers (Nakato & Shirahige 2017). This is because the precise 

combination of locus-specific histone modifications is due to the combined effects of 

targeting histone modifying enzymes to specific loci as well as to the inherent substrate 

specificity of the enzymes themselves. In the case of transcription, targeting of histone 

modifications is achieved by direct interactions between histone modifying enzymes and 

DNA sequence-specific transcriptional regulators.  

This provides an interesting opportunity to combine and further integrate the results 

presented in Chapters 2–4.  Using the ChIP-seq data, the TSS, enhancer and promoter 

site motifs of bovine genes enriched by the work described in these chapters can be 

identified and examined using comparative genomics techniques to assess functional 

conservation. Additionally, these sequence motifs could also be scanned for the presence 

of SNPs significantly associated with bTB disease resistance detected in the original 

GWAS data sets and using the integrative genomics enrichment methods, such as those 

described here (Xiang et al. 2019). This work could address three questions: 1) Is there a 

common sequence motif amongst the enriched genes? If so, is this motif common in 

humans as well? 2) Are there SNPs in any of the motifs, and are these SNPs significantly 

associated with bTB resistance? 3) Some genes have been hypothesized by multiple 

research groups, including our own, to be epigenetically modified by mycobacteria to 

drive the expression of that gene to create a more hospitable environment during 

macrophage infection, such as IL17RN and TNAIF3P (both inhibitors of NF-κB). Is there 

a common sequence motif associated with these genes that the pathogen may be targeting 

for histone modification? This work would greatly complement the future research work 

described in Section 5.2.2. 
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5.2.2 Expanding the investigation of host epigenetic remodelling 

following infection by mycobacteria using ChIP-seq and ATAC-seq 

Following the results obtained for the work described in Chapter 2, the next step 

is to expand the investigation into host epigenetic remodelling in M. bovis (AF2122/97) 

infected bAM. The main objectives of this proposed study are described below. 

1. Identification of bAM target genes in response to M. bovis across a larger 

infection time course, as opposed to the single 24 hpi time point reported 

previously.  

2. Discovery of regulatory elements in bAM by mapping the regulatory elements 

(promoters and enhancers) and their accessibility in bAM before and after 

infection by M. bovis across the time course. The proposed work from Section 

5.2.1 can complement the results of more accurate functional epigenetic 

annotative technologies, such as ATAC-seq (Buenrostro et al. 2013; Halstead et 

al. 2020).  

3. A formal hypothesis generated by the work in Chapter 2 is that M. bovis may 

be modulating and subverting the bovine host macrophage program during 

infection through manipulation of histone modification pathways. Consequently, 

this objective would be to identify the genes epigenetically remodelled using 

larger sample sizes, more epigenetic marks, and comparing the peaks at these 

marks to non-infected control bAM and non-infected LPS-stimulated bAM. 

4. Data integration with GWAS data sets for bTB resistance. The GWAS data sets 

prepared in Chapters 3 and 4 could be used to identify infection resistant 

variants in the enriched genes. SNPs that occur within and in proximity to genes 

hypothesised as being modulated by the pathogen are of particular interest (e.g. 

TNFAIP3, IL1RN). 

To do this, M. bovis-infected and control non-infected bAM from four biological 

samples could be harvested at 6, 24, and 48 hpi. RNA-seq, ATAC-seq, ChIP-seq and 

miRNA-seq could then be used to identify differentially expressed genes and regulatory 

elements and gain further insight into the recently published findings described in 

Chapter 2 (Hall et al. 2020b). Additionally, the M. bovis-infected bAM could be 

compared with LPS-stimulated bAM and bAM infected with a different MTBC pathogen 

such as M. tuberculosis. The computational workflow for comparing these groups is 

already established from Chapter 2; however, it would need to be expanded with 
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additional software to accommodate the incorporation of ATAC-seq and 

promoter/enhancer mapping.  

5.2.3  Comparative microbial genomics 

Following the research outputs described in from Sections 5.2.1 and 5.2.2, it would 

be possible to complement the discovery of host genes epigenetically modulated by 

mycobacteria with a relatively short comparative genomic analysis on the pathogen side. 

While we may understand which genes are being targeted by the pathogen (Section 

5.2.2), and perhaps even the sequence motif used to recognise the genes set for histone 

modification (Section 5.2.1), it is still not clear which virulence factors are used by 

mycobacterial species to modulate the epigenome via these histone modifications. 

If we consider a hypothetical scenario where the proposed research work described 

in Section 5.2.2 reveals the following. In LPS-stimulated and M. tuberculosis-infected 

bAM, ChIP-seq data demonstrates that there is no evident histone modifications at the 

TSS of TNFAIP3 in comparison to control non-infected bAM, which is contrast to M. 

bovis-infected bAM where histone modifications are observed at the TNFAIP3 TSS. 

These data would support the hypothesis that M. bovis has the capacity to modulate the 

bovine host macrophage epigenome, whereas the closely related M. tuberculosis MTBC 

strain lacks this ability or exhibits impaired TNFAIP3 modulation in bovine cells. This 

situation would provide a unique opportunity to compare the genomes of the two 

pathogens, specifically to screen for functional differences in genes regulating or 

encoding methyltransferases that could modify host cell histones (Rolando et al. 2015; 

Kathirvel & Mahadevan 2016; Niller & Minarovits 2016). In addition, this comparative 

analysis could extend to other intracellular pathogens such as Leishmania that have been 

shown to modulate the host epigenome (Lecoeur et al. 2020). Identifying key virulence 

factors that determine epigenetic remodelling characteristics of one or multiple MTBC 

species would add significantly to the greater body of research that seeks to understand 

the complexities of host-pathogen interactions for tuberculosis disease. 

5.2.4  Examination of genomic variants at key genes in Bos indicus and B. 

indicus/B. taurus hybrid cattle populations with documented 

resistance to M. bovis infection 

There is an SFI-funded Centre for Research Training (CRT) Genomics Data 

Science project currently underway in our group entitled High resolution functional 
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population genomics of modern, historical, and ancient cattle (Bos spp). This project is 

using and developing state-of-the-art bioinformatics and computational genomics 

methods to survey functional genomic variation in bovine WGS data. The animals being 

surveyed come from extant modern cattle populations and there is also paleogenomics 

data from historical and ancient cattle populations obtained through existing 

collaborations with archaeologists around the world.  

Phase 1 of the project will involve high-resolution population genomics analyses of 

hybrid African cattle (B. taurus × B. indicus) to detect differentially introgressed or 

retained genomic segments from the parental populations. The goal is to identify genomic 

variants in genes and genomic regulatory elements (GREs) associated with adaptation to 

tropical and arid environments and to infectious diseases such as bovine tuberculosis or 

trypanosomiasis caused by infection with trypanosomes (Trypanosoma spp.). In this 

regard, it is widely recognised that certain B. indicus and hybrid populations may exhibit 

enhanced resistance to M. bovis infection compared to B. taurus breeds (Vordermeier et 

al. 2012; Halstead et al. 2020). Phase 2 of the project will extend the methodologies 

developed during Phase 1 to tackle functional genomic variation in paleogenomes from 

historical and ancient cattle archaeological material. The goal is to investigate cattle 

microevolution across space and time and to identify NSVs in genes and genomic 

regulatory elements (GREs) that have been subject to human-mediated selection for 

important welfare, production, and health traits.  

The outputs from this research project will generate valuable information for 

genome-enabled breeding programmes (genomic selection) and provide functionally 

important natural sequence variants (NSVs) such as single nucleotide or 

insertion/deletion polymorphisms (SNPs and indels) within bovine genes and GREs. The 

results and methodology developed in Chapters 2–4 will help inform gene prioritisation 

and variant discovery, which can also provide candidate genome editing targets (see 

Section 5.2.5). 

5.2.5  Examination of genome-edited induced pluripotent stem cell (iPSC)-

derived macrophages using mycobacterial challenge and functional 

genomics assays 

The results presented in this thesis, especially Chapter 3, have recently been used 

in another project entitled Targeted genome editing to understand and enhance genetic 

resistance to bovine tuberculosis in domestic cattle populations (TARGET-TB). This is a 
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tri-partite US-Ireland R&D partnership project funded by DAFM in Ireland, the 

Department of Agriculture, Environment and Rural Affairs (DAERA) in Northern Ireland 

and the United States Department of Agriculture (USDA). The project includes our group 

in UCD, the Centre for Experimental Medicine at Queens University, Belfast, and 

Acceligen, a subsidiary of Recombinetics, Inc., which is a US genome editing company 

based in Minnesota. The overall goal of the project will be to identify NSVs in key genes 

and GREs associated with the bovine host macrophage response to infection with M. 

bovis. The project will take advantage of a multi-pronged, multi-step computational 

workflow that will be used to prioritise genes for subsequent genome-editing experiments 

via CRISPR-Cas9 technology (Jinek et al. 2012). A scientific pipeline will be 

implemented for robust functional testing of these gene edits in bovine induced 

pluripotent stem cell (iPSC)-derived macrophages (iPSCDM) using an in vitro infection 

model system employed in our research group (Malone et al. 2018; Hall et al. 2020b).  

These cells will then be used to test the efficacy of specific NSVs in enhancing the 

bovine macrophage response to M. bovis infection. Some of the NSV edits in these cells 

were identified by the research work described in Chapter 3; therefore, a direct 

continuation of the work presented in this thesis would be detection of transcriptional 

perturbations caused by these NSV edits when compared to non-edited infected 

macrophages, which would ultimately provide baseline information for future production 

of genome-edited cattle with increased resistance to M. bovis infection. 

In my opinion, however, it is important to note that genome editing may not be a 

panacea for genetic improvement of livestock, particularly for highly polygenic traits 

such as many important production, welfare, and health traits. In addition, there are some 

problematic features of current genome editing techniques that need to be taken into 

consideration. A good example of this is the hornless or polled trait in cattle. Polled cattle 

are naturally hornless and can arise due to two different dominant alleles on cattle 

chromosome 1 (BTA1). The polled trait is highly desirable because it obviates the need 

to physically dehorn cattle (a process termed ‘disbudding’), which is a painful and 

distressing procedure that can cause lasting negative effects on dairy calves (Adcock & 

Tucker 2020). Polled cattle are common in beef breeds, but relatively rare in dairy breeds; 

therefore, Acceligen produced two calves (Buri and Spotigy) homozygous for one of the 

two described POLLED alleles (PC
 – the Celtic allele) using transcription activator-like 

effector nucleases (TALENS) to artificially introduce the PC variant via genome editing 

(Carlson et al. 2016). The procedure was successful and an excellent proof-of-principle 
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for genome editing of livestock. However, the project has been put on hiatus due to the 

inadvertent insertion of a bacterial plasmid sequence in one of the alleles in the genome 

of Spotigy, which was later shown through whole-genome sequencing of this bull and six 

of his offspring (Young et al. 2020). In addition, there is an unusual, often overlooked 

pleiotropic effect of the POLLED alleles such that polled cattle also have longer eyelashes 

(Allais-Bonnet et al. 2013). The two calves produced using genome editing (Buri and 

Spotigy) exhibited this phenotype. While the presence of longer eyelashes is not 

detrimental to animal welfare, it emphasises that a seemingly straightforward variant-

phenotype relationship, which is generally the basis of a genome editing strategy, can 

have unintended additional pleiotropic consequences. 

5.2.6  Functional annotation of network gene modules 

As demonstrated in Chapters 3 and 4, and through previous work by our research 

group (Killick et al. 2014), construction of gene interaction networks to detect functional 

gene modules using transcriptomics data is a powerful technique to identify clusters of 

genes that work in concert under a specific experimental condition. This approach can 

identify genes that interact with key immune response genes that a standard analysis of 

differential expression might overlook. In addition, through analyses of hAM and human 

interstitial macrophages (hIM) RNA-seq data, we have recently shown that if the 

experimental design is underpowered (e.g. lack of detectable differential expression 

through low sample group sizes), jActiveModules will not detect and assign functional 

subnetworks (G. McHugo, pers. comm.). This observation supports the contention that 

subnetwork detection using jActiveModules described in Chapters 3 and 4 identified 

biologically valid functional gene modules. 

This network biology analyses described in this thesis can be expanded; for 

example, miRNA expression data could be included to reveal an additional layer of gene 

regulation. In addition, preliminary pathway analyses (not included in this thesis) have 

revealed that particular modules are likely to be regulated by specific proteins: for 

example, of the five functional gene modules derived from bAM infected with M. bovis 

at 24 hpi in Chapter 3, a primary regulator of module 1 is the STAT1 transcription factor, 

a primary regulatory of module 2 is NFKB1, etcetera. Determining if each module is 

actually regulated by specific proteins, and comparing these modules across time points, 

host species, and MTBC pathogen strains can shed light on which regulators are core to 

a particular response, what genes do they regulate and, most importantly, which of these 
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are consistently controlled by regulators in infected macrophages. Insight into these 

questions will provide useful information on how the host macrophage forms and initiates 

specific functional gene modules and will expand our knowledge of macrophage gene 

interaction networks.  

5.2.7  Application of machine learning on peripheral blood samples from 

large numbers of M. bovis-infected and control non-infected cattle 

As part of the SFI programme that funded the work presented in this thesis 

(Development of next-generation control tools for bovine tuberculosis: a One Health 

approach), our research group are developing and implementing novel techniques for 

accurately detecting and identifying transcriptional biomarker signatures for M. bovis 

infection in cattle. At present, RNA-seq data has been generated using peripheral blood 

from approximately 130 cattle. This cohort of animals includes 65 confirmed M. bovis-

infected reactor cattle and 65 non-infected control animals. These animals also have high-

density SNP data generated using the Affymetrix Axiom™ Genome-Wide BOS 1 array 

that contains approximately 650,000 SNPs (Rincon et al. 2011). 

These relatively large sample sizes (for a transcriptional disease biosignature study) 

provide opportunities to implement a range of different approaches for biomarker 

discovery and validation, including machine learning methods and integration of the SNP 

genetic data to refine biomarker prediction and performance (Ko et al. 2018; Leclercq et 

al. 2019). It will also be possible to perform expression QTL (eQTL) analyses to explore 

the functional genomic architecture of the bovine host peripheral blood cell response to 

M. bovis infection (Fairfax & Knight 2014; Rotival 2019). Validation will be conducted 

using field-infected and non-infected control cohorts with smaller panels of putative 

M. bovis infection transcriptional biomarkers and the Nanostring midplex nCounter® 

system (Tsang et al. 2017). Importantly, in addition to biomarker discovery and 

validation, these data sets will be particularly suitable for construction of gene co-

expression correlation networks (as described in Chapter 3), which will serve as 

powerful tools to explore coordinated gene expression in bovine peripheral blood in both 

M. bovis-infected and non-infected animal cohorts. This is because construction of gene 

co-expression correlation networks that reflect the underlying biology accurately and 

robustly are highly dependent on the sample sizes used (Ballouz et al. 2015). Also, 

additional immunological and physiological data have been collected for these animals, 

including IGRA results and immune cell composition data, which can be integrated with 
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the transcriptomics outputs using weighted correlation network analysis (WGCNA) 

(Langfelder & Horvath 2008). 

5.2.8  Defining virulence mechanisms and host-pathogen interaction by 

examining recombinant M. bovis strains 

As discussed in Chapter 1, M. bovis and M. tuberculosis display host preference 

for cattle and humans, respectively, while having a genome that is 99.95% similar at the 

nucleotide level (Brites et al. 2018). One hypothesis that our research group is exploring 

is that variation in host response, and ultimately host tropism, is driven by differential 

expression of virulence factors between M. bovis and M. tuberculosis. To address this, 

we have defined differentially expressed genes between M. bovis and M. tuberculosis in 

vitro (Malone et al. 2018). These expression differences result largely from the variation 

in the SigK and PhoPR regulons with precise virulence functions that are not yet fully 

understood. 

As part of the larger SFI programme detailed above, our research group is 

constructing a range of recombinant strains that represent ‘intermediate’ states between 

M. bovis and M. tuberculosis. This work will therefore generate four recombinant M. 

bovis strains: 1) an M. bovis ΔrskAsigK mutant; 2) a complemented M. bovis ΔrskA-sigK 

strain; 3) an M. bovis strain complemented by phoR-M.tb; and 4) an M. bovis ΔrskA-sigK 

mutant complemented with phoR-M.tb. The sequenced M. bovis (AF2122/97) and M. 

tuberculosis (AF2122/97) strains and the recombinant strains will be used to infect naïve 

and activated bAM, with supernatants and lysates taken at 0, 24, and 48 hpi. RNA-seq 

and miRNA-seq data will be generated from these samples and can be used for multi-

omic network analyses to explore the regulomes of bAM infected with these different 

wild type and mutant MTBC strains. 

5.2.9  Dual RNA-seq on bAM infected with M. bovis and M. tuberculosis 

The scope of investigations to dissect host-pathogen interactions during MTBC 

infections of bovine host macrophages could be significantly expanded through 

experiments similar to those described recently by Pisu and colleagues (Pisu et al. 2020). 

These researchers used a dual RNA-seq strategy to explore host-pathogen transcriptional 

responses in tandem for murine alveolar and interstitial macrophages (mAM and mIM) 

infected with M. tuberculosis. In my opinion, the ideal experiment would therefore be to 

use bAM and hAM, infected in parallel with both M. bovis and M. tuberculosis across a 
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48-h time course. An array of functional genomics outputs generated from these cells 

(RNA-seq, miRNA-seq, ChIP-seq, ATAC-seq, etcetera) would then provide an 

exquisitely detailed reconstruction of the specific host- and pathogen-mediated factors 

that drive the early stages of host-pathogen interplay, tropism, and pathogenesis for two 

of the most destructive infectious diseases of humans and domestic animals. In addition, 

the scope of these studies could be expanded using more advanced transcriptomic 

techniques, such as single cell RNA-seq (scRNA-seq) (Bossel Ben-Moshe et al. 2019). 
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