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ABSTRACT 

 

CELLULAR IMMUNO-GENOMICS: A SYSTEMS BIOLOGY APPROACH TO 

INVESTIGATE GENETIC REGULATION OF MACROPHAGE FUNCTION 

AND DISEASE RESISTANCE OF DAIRY CATTLE 

 

Seyedmehdi (Mehdi) Emam      Advisor: 

University of Guelph, 2020      Professor Bonnie Mallard 

 

The immune system is a complex network of cells and molecules protecting the host against 

pathogens in a delicately coordinated process. Resistance to disease is even more complicated as 

pathogens have their own set of genes that interact with the host immune system in any given 

environment. To reduce the complexity, the host-pathogen interaction can be investigated at the 

cellular level in an in vitro setting. Utilizing this concept to study the cells of the immune system 

in the face of pathogenic challenge is a useful approach to examine the genetics of disease 

resistance. Therefore, using cellular immuno-genomics methods, two bactericidal responses of 

bovine monocyte-derived macrophages (MDMs), namely oxidative burst and phagocytosis, 

against Escherichia coli (E. coli), Staphylococcus aureus were investigated. This study revealed 

that oxidative burst is strongly associated with host genetics with a heritability of approximately 

0.8. Six Holstein cows that had been classified as high and low NO- responders were then selected 

to determine the overall transcriptomic profile of their MDMs. Results showed two clusters of 

inflammatory- and hypoxia-related transcription factors (TF), including three pioneering TFs 

(AP1, PU.1, IRF4 and IRF1), that are genetically controlled in cattle. This study uncovered the 

mechanisms that lead to distinct proinflammatory profiles among macrophages and that these are 

controlled by natural genetic polymorphisms in an outbred population. Finally, a genome-wide 



 
 

association study was performed to identify the loci that are associated with the magnitude of the 

oxidative burst response in macrophages. Sixty SNPs across 22 chromosomes of the bovine 

genome were identified to be significantly associated with NO- production of MDM. Functional 

genomic analysis showed a significant interaction between genes that are nearby significant SNPs 

and mitochondria-related differentially expressed genes from the transcriptomic study. In 

conclusion, the results of the current study suggest that the genetic regulation of response to 

hypoxia is the critical step that shapes the proinflammatory response of bovine MDM. Since all 

cells in one individual carry the same alleles, the effect of genetic predisposition of sensitivity to 

hypoxia will likely be notable on the clinical outcome to a broad range of host-pathogen 

interactions. 
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ABSTRACT 

Infectious diseases are the outcome of complex interactions between the host, pathogen and 

environment. After exposure to a pathogen, the host immune system employs various mechanisms 

to remove the pathogen. However, environmental factors (e.g. temperature, humidity, rearing 

systems, nutrition) and characteristics of pathogens (e.g. virulence, immune evasion mechanisms, 

dose, route of infection), can compromise the host immune responses and subsequently alter the 

outcome of infection. Nonetheless, within one herd, when the environmental factors are relatively 

consistent, and herd mates are challenged with a single pathogen, the severity of the infectious 

disease varies among the herd mates which can be described partly by genetic factors. A notable 

proportion of the genome in ruminants controls the immune system, making the genetic 

investigation of immune responses and disease resistance extraordinary complex. In this paper, 

genetic and epigenetic factors that shape this individual variation in mounting protective responses 

are reviewed. Different approaches that have been employed by researchers to investigate the 

genetic regulation of immunity in ruminants are discussed from two points of view; the sources of 

genetic information and the phenotyping strategies. Various sources of genetic information such 

as structural variants and novel strategies such as reductionist models and their advantages and 

disadvantages are discussed. Commercially available products to improve the genetic potential of 

disease resistance in ruminants are reviewed. Epigenetic mechanisms involved in the regulation of 

the immune system, with examples from studies of ruminants, are also touched upon. In the last 

section, the interaction between the immune system and the environment in the face of climate 

changes are briefly reviewed to provide a broad picture of the possibilities and challenges in the 

future.  
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INTRODUCTION 

During disease outbreaks, some individuals in a population are more resistant to infection than 

others. Resistant individuals may survive while others in the population may die or have less severe 

signs of disease or may completely eliminate the infection without demonstrating clinical signs of 

disease. Infection with a pathogen does not always result in disease, but when it does, infectious 

diseases are the outcome of interactions among three factors: host, pathogen and environment 1–3. 

Each of these factors has been examined in many studies that aimed to reduce the occurrence 

(increase resistance or resilience) or soften the impact of infection on the host (increase tolerance). 

Among the factors mentioned above, the host – or specifically the host immune system – has 

gained tremendous attention due to its direct role in protecting the host against pathogens and also 

the possibility of genetic improvement of this system. However, several layers of sophisticated 

interactions between host and pathogens have been a major limiting factor in decoding and 

identifying the genetic rules of disease resistance 4. The first layer is the functional complexity of 

the immune system. The immune system is an intricate network of cells and molecules that applies 

various strategies to protect the host against a broad range of pathogens 5,6. These strategies range 

from non-specific physical barriers to specific cytotoxic activity of lymphocytes. Innate defences 

classically initiate immune responses; adaptive immune responses follow if innate mechanisms are 

not successful to eliminate the pathogen. Cells of the innate immune system mainly recognize 

microbe-associated molecular patterns (MAMPs) via pathogen recognition receptors (PRRs). 

Following recognition, they attempt to destroy the pathogen, which is followed by sending 

activating signals to the adaptive immune system. Cells of the adaptive immune system generate 

pathogen-specific responses. Although immune responses generally follow the pathways 

mentioned above, multi-functionality of cells and molecules, numerous sub-populations of cells, 
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redundancy in responses, and various exceptions to the general rules are a few examples that 

increase the complexity of the immune system 4,7. For instance, γδ T cells, a subpopulation of T 

cells, belong to the adaptive immune system but can also act like cells of innate defence. These 

cells are prominent (50 to 60% of lymphocytes) in circulating blood in the early life in ruminants, 

but their population decreases with age (5 to 25% of circulating T lymphocytes). Nonetheless, the 

percentage of γδ T cells among lymphocytes, even in adult ruminants, is higher than in humans 

and mice (1 to 5%). These cells originate from lymphocyte progenitors but are not antigen (Ag)-

specific and do not need to recognize Ags in the context of Major Histocompatibility Complex 

(MHC) molecules. Bovine γδ T cells have both inflammatory and regulatory activities. Cattle γδ 

T cells respond within a few hours of viral infection (similar to innate responses) by producing 

high amounts of interferon-γ (IFN-γ, a pro-inflammatory cytokine) or Interleukin-10 (IL-10, a 

regulatory cytokine) following exposure to antigen presenting cells 8,9. The proportion and 

functional capacity of these cells show individual variation among cattle genetically selected for 

immune responsiveness10.   

Another layer of immunological complexity relates to the genetic control of immune responses. 

Approximately, 20% of the bovine genome (ARS-UCD1.2, ENSEMBL 95) is annotated with the 

“immune response” term 11. This portion is comprised of 5,369 genes that are directly involved in 

mounting immune responses. High-throughput technologies have shown expression of up to 

71.4% of the bovine genome in one cell type, the macrophage, after exposure to a pathogen. In 

comparison to the unchallenged control, approximately 245 - 574 genes are differentially 

expressed 12. Given the possible non-additive effects (epistatic and dominance) and epigenetic 

mechanisms, the genetic control of immune response is astonishingly complex. 
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A third layer of genetic complexity is due to the pathogen evolving during an infection. For 

instance, viral pathogens are well known to escape the immune response through genetic 

mutations, (e.g. antigenic shift and drift in influenza viruses) or stabilize themselves in the host via 

inserting their genome in the host genome, (e.g. bovine leukemia virus). This phenomenon can 

potentially result in multi-strain infection in one host or one population during an outbreak.   

In this review, recent advances in genetic and epigenetic regulation of immunocompetence and 

disease resistance in domesticated ruminants are discussed. Moreover, due to the importance of 

climate change, the last section of this review is devoted to recent studies of gene by environment 

effects on the regulation of host defence.  

GENETIC REGULATION OF IMMUNOCOMPETENCE AND DISEASE 

RESISTANCE    

Recent technological advances have helped researchers to generate big datasets of the host-

pathogen-environment interactions. Nonetheless, defining the relevant phenotypes seems to be the 

main challenge in revealing the genetic blueprint of disease resistance 13,14. Various research 

groups have employed different strategies to dissect this complex network and to understand the 

genetic rules of diseases resistance. These strategies can be grouped based on the genetic 

information (candidate genes, pedigree-based, and genome-wide studies) and the phenotypic 

information (single-disease, immunocompetence, and reductionist models) (Figure 1). The 

advantages and pitfalls of each strategy are discussed in this section. 

Source of Genetic Information: Candidate-Gene, Genome-Wide, or Pedigree 

The main difference between a candidate-gene versus a genome-wide approach is the goal of the 

study: the candidate-gene approach is hypothesis-driven while the genome-wide approach is 
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discovery based. The hypothesis in the candidate gene approach is based on a previously 

established biological link or association between the candidate gene and the health trait. In most 

cases, the candidate gene has a strong biological and well-defined role in the pathway of 

pathogenesis or the protective immune response. However, this information, that is the bases of 

the new hypothesis on the gene of interest, is usually proven in other species or the magnitude of 

its effect has not been measured on the specific disease (type I studies) or immune response (type 

II studies) (Figure 1). 

Genes of the MHC are arguably the most studied health trait genes in ruminants, as well as other 

species. One of the first reports of an MHC polymorphism and its association with immune 

response was from a study in guinea pigs published in 1975 15. The genetic polymorphism within 

the bovine MHC known as the Bovine Leukocyte Antigen (BoLA) system was first reported in 

1979 16. Since then, the association of BoLA with many infectious and metabolic diseases, as well 

as characteristics of immunity, has been the subject of numerous studies 17–23. Despite the extensive 

studies on BoLA, the findings have rarely been commercially used in breeding programs due to 

the inverse association with different pathogens and between types of immune responses 23. An 

exception was specific BoLA-DRB3 and DQB alleles being used to reduce bovine dermatophilosis 

from 0.76 to 0.02 in Brahman-Zebu cattle on the island of Martinique 24. This approach worked 

well because the disease was highly prevalent in a well-contained population of cattle. 

The genome-wide association and pedigree-based studies are descriptive studies aimed to discover 

novel associations (Type V and VI studies) or to estimate breeding values for individuals in the 

population (Type III and IV studies) (Figure 1). The genome-wide genetic information can be 

combined with pedigree information to increase the reliability of breeding value estimates by 

accounting for polygene effects. These estimates are known as genomic breeding values (gEBV), 
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25 which are currently being used by breeding companies, such as the Semex Alliance, to improve 

accuracy of selection for various traits, including for Immunity+™ . However, the findings of 

genome-wide association studies should be validated, for example using candidate-gene studies, 

and the findings of pedigree-based studies only hold within the population or the breed of the 

studied population, depending on the structure of sample population 26.  

In genetic association studies, Single Nucleotide Polymorphisms (SNPs) have been the primary 

source of genetic information used to identify variation between individuals. Over the past decade, 

technological advances in sequencing and bioinformatics have provided other sources of genetic 

information, mainly structural polymorphisms at the genomic, epigenomic and transcriptomic 

levels 27. These structural variants are relatively novel and remain expensive to detect. Therefore, 

the studies on ruminants using structural polymorphism are limited. Copy Number Variation 

(CNV) and splicing variants, are two types of novel polymorphisms that have been reported in 

cattle, water buffalo, sheep and goat 28–31. Studies on the association of the structural variants 

mentioned above with health traits in ruminants are rare. However, there are a limited number of 

reports on the association of CNVs with bovine clinical mastitis, somatic cell score, and resistance 

to gastrointestinal nematodes in cattle and resistance to retroviral infection in sheep 32–35. The 

methods to detect structural variants and the challenges in their application in breeding have been 

reviewed by Bickhart and Liu 36. 

Source of Phenotypic Information: Single-Disease or Immunocompetence  

In the single-disease approach, the goal is to identify alleles (Type I studies) or to estimate genetic 

variance components (Type III and V studies) by comparing animals classified as resistant, 

resilient, or tolerant to a disease or syndrome following infection (natural or experimental 

challenge) with animals classified as susceptible. Any type of investigation of the genetic 
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regulation of immune response and disease resistance needs a relatively large sample size. The 

sample size required to achieve adequate statistical power can be ambiguously estimated using the 

predicted number of QTLs that control the trait, minor allele frequency of QTLs, the threshold to 

detect QTL effects, effective population size, and estimated environmental effects 37,38. Although 

environmental effects can be controlled or removed in experimental challenges, this type of study 

in large ruminants, that is, to investigate the genetic control of disease resistance, is less feasible 

due to the space needed for the containment facility and the high cost to study a large sample 

population. These limitations have led some researchers to choose case-control studies following 

natural infection as the most feasible approach to study the genetic control of health traits in 

ruminants 39. The most critical step in case-control studies is to accurately define the phenotype 

and assign the samples to the appropriate class. During natural infections, the time of occurrence 

of the infection, the dose of infection, and any prior exposure to the pathogen are often unknown 

factors. Therefore, animals might be classified incorrectly. For instance, one individual might be 

classified as resistant but in actual fact was not exposed to the pathogen or the animal might have 

been previously exposed and developed immunological memory. These types of errors can 

potentially introduce prominent experimental “noise”, resulting in an inability to detect 

Quantitative Trait Loci (QTL) with small effects or rare alleles. However, when the mortality rate 

of a disease is very high (eg. highly pathogenetic avian influenza) or the genetic defect is lethal 

(e.g Bovine Leukocyte Adhesion Deficiency, BLAD) the study “noise” does not obscure 

identifying cases and controls. Therefore, identification of genetic regulation at the level of causal-

mutation is feasible. For instance, BLAD was found to be caused by a mutation on CD18 gene that 

encodes an adhesion molecule (β2 integrin) on the leukocytes surface causing major defect in 

phagocytosis, chemotactic response and other normal functions of neutrophils 40. In investigating 
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the genetic regulation of diseases with lower mortality or morbidity rate, the study “noise” must 

be carefully considered in case-control studies and modified designs are being proposed for 

complex diseases, such as bovine mastitis 41.  

Genetic regulation of resistance to complex diseases, such as clinical and sub-clinical mastitis, 

Johne’s disease, lameness, calf diarrhea, bovine leukosis, bovine tuberculosis, and helminth 

infestations are the subject of numerous investigations by employing the single-disease approach. 

The heritabilities of these traits are relatively low in comparison to production and immune 

response traits (Table 1). Therefore, the genetic gain will be slow depending on selection intensity 

42.  

Additional challenges to the single-disease approach, as well as other approaches to selecting for 

health are introduced by the possibility of negative genetic correlations in resistance to two 

pathogens, even those causing the same disease (e.g. the many diverse pathogens that cause bovine 

mastitis or pneumonia), or negative associations between resistance to a pathogen and important 

production traits. Mahmoud et al. investigated the genetic correlation between 9 calf and 14 cow 

pathogens/diseases 43. In addition to a strong favourable correlation between resistance to the most 

common etiological agents of mastitis (Escherichia coli (E. coli) and Staphylococcus aureus (S. 

aureus)), they also reported negative correlations between rotavirus and chorioptic scabies, and 

between E. coli and daily weight gain in calves 43. Rupp et al reported similar negative associations 

in relation to mastitis, SSC and immune response traits 23. However, other studies have not shown 

these negative associations 44–46. For example, breeding for enhanced immunity in cattle has not 

been associated with any notable negative impact on production, growth or reproduction47–50. This 

may be due to overall better health minimizing any decreases in feed intake due to illness or 

beneficial shared genes which control a range of fitness traits.  
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It is possible to define customized breeding programs to increase genetic resistance to disease by 

combining epidemiological data on the common pathogens in any geographical location with the 

results of single-disease approaches. Bovine tuberculosis (bTB) is a significant threat to the cattle 

industry globally and a distressing problem in the UK, where the carrier of the pathogen, badgers, 

are protected by law. Nonetheless, Raphaka et al. predicted that the risk of transmission of bTB 

between the herd mates can be reduced by 50% in 6 generations by selecting the top 25% of bTB 

resistant sires (heritability of 0.1) 51. Improving resistance to sub-clinical mastitis by reducing the 

somatic cell score in dairy cows has been used for decades. Additionally, Scandinavian countries 

have been selecting for improved resistance to clinical mastitis. More recently resistance to clinical 

mastitis has been added in the selection programs in Canada and the United States to improve 

health in dairy cattle 26. In March 2016, Zoetis Inc. introduced a Wellness Trait Index™ (WT$™) 

on their Bovine Clarified Plus SNP chip into the United States as part of their genomics program. 

The index includes genomic information on combined health traits including: mastitis, retained 

placenta, metritis, displaced abomasum, ketosis, lameness and polled. In Canada, the Canadian 

Dairy Network offers a similar combined health index 52.  The limitation of these indices relates 

to the accuracy of disease event recording and the low heritability of these traits. In 2018, the 

Semex Alliance began to offer a genomics test for immunocompetence as part of their Elevate 

program. Rather than being based on lowly heritable clinical scoring data, the genomics test for 

immunity is based on direct measurements of the more highly heritable information on both 

antibody and cell-mediated immune responses, which control responses to a wide range of 

bacterial and viral pathogens.  

Improvement of immunocompetence (also known as overall immune responsiveness) is another 

approach to increase resistance against infectious diseases. The rationale behind the 
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immunocompetence approach is the beneficial direct link between the type and magnitude of an 

immune response with protection of the host. This makes sense since the immune system is the 

body’s defence against infectious disease and cancer. The idea of selection based on immune 

response traits dates back to Guido Biozzi in 1972 and the mouse model he generated 53. These 

mice are currently known as the ABH strain 54. Biozzi selected these mice for many generations 

for increased antibody and decreased cellular responses to investigate the genetic regulation of 

susceptibility and resistance to infectious diseases. In livestock, the idea was first introduced in the 

late 20th century and continued research led to the first commercially available health index for 

dairy cattle in 2013, based on their immunocompetence 6. Improving the overall immune 

responsiveness provides the opportunity for resistance to a broad range of pathogens when 

heritable, well-balanced and broad-based aspects of immunity are contained within the selection 

index. Simultaneously, responses to vaccines have been reported to improve, and in ruminants, 

their colostrum contains higher amounts of immunoglobulin (Ig) to protect their newborns 55–57. 

Cows classified as having superior immunocompetence have a lower occurrence of various 

diseases, such as mastitis, metritis, and pneumonia 6. This is true both in research and commercial 

application 58. Also, as mentioned above this approach has not been found to adversely affect 

production or reproductive traits of dairy cattle 58,59.   

The main challenge in the immunocompetence approach is to develop methods to measure immune 

responses that can reflect the overall performance of this complex system. The immune system is 

composed of an integrated network of innate and adaptive immune responses. The antibody-

mediated, and cell-mediated immune responses are the effector mechanisms of the adaptive 

immune system. Measuring serum antibody as the indicator of antibody-mediated immune 

response is accurate, inexpensive and technically simple. However, defining an index to measure 
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antibody and cell-mediated immune responses, as well as capture innate cellular responses is much 

more challenging. The cell-mediated response can be evaluated by measuring T-cell cytotoxicity, 

interferon-γ, delayed-type hypersensitivity (DTH) or other measures of T-cell effector functions 

60,61. Although there are various methods to capture these T-cell responses, they are generally not 

as simple, cost effective or as accurate as measuring antibody. One of the advantages of measuring 

DTH is that it involves a variety of important leukocyte populations; neutrophils, macrophages, 

dendritic cells, and NK cells from the innate system, as well as T and B lymphocytes from the 

adaptive immune system that are involved in mounting the DTH response 62. Not surprisingly the 

genetic control of this response is complex and involves many genes on various chromosome. The 

results of genome-wide association studies of serum antibody and DTH responses in dairy cattle 

illustrates the differences in the genetic control of these two responses. Two major QTLs on 

chromosomes 21 and 23 are associated with antibody response to a type II antigen, whereas 

associations of SNPs with DTH are scattered over the entire bovine genome. Both traits are under 

polygenic control, but the nature of that control differs. To date, studies indicate that the heritability 

of antibody-mediated response is about 2 fold larger than the heritability of DTH response in dairy 

Holsteins 60 (Table 1). This may simply be due to the large number of leukocyte populations 

involved in DTH or the difficulty to accurately measure this response in vivo. Nonetheless, the 

heritability estimates for both of these immune response traits are moderately high at 0.18 – 0.46, 

which is above those for clinical scores of diseases. This is partly due to the fact that the immune 

system directly controls host defence and disease outcome, whereas clinical scores are an indirect 

indicator of the host response. For this reason, in 1999 Wilkie and Mallard proposed that heritable 

adaptive immune responses measured after exposure to carefully selected non-pathogenic antigens 

can reflect general immunocompetence and be utilized in a selection index based on estimated 
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breeding values to improve animal health 63 (Figure 2). From a technical point of view, this method 

is similar to a highly controlled experimental challenge since the background response, the dose 

of antigen and time duration from exposure to the test antigens to sample collection is fully 

controlled. Moreover, the added benefit of this test method over an experimental disease challenge 

is that there is no need for a containment facility due to non-pathogenic characteristics of the test 

antigens 64. These controlled factors result in relatively high heritability of these health traits (Table 

1). 

Measuring innate host defence can be more challenging than adaptive immune responses due to 

their varied mechanisms of action, broad specificity and assorted tissue locations. Measuring 

innate cellular responses in vivo is very difficult, except for some limited measures in birds (e.g. 

measuring macrophages phagocytosis using carbon clearance test) 65,66. On the other hand, 

humoral innate responses, such as natural antibodies (NAb), are simpler to measure, and their roles 

in disease resistance have been well studied in ruminants. NAb, produced mainly from B1 

lymphocytes, are present in the body before exposure to any foreign antigens and are classified as 

one of the humoral innate responses 67. NAb provides one of the first barriers to infection. Binding 

to the pathogen, activating the complement system, and facilitating phagocytosis are the effector 

mechanisms that are mediated by NAb 68. Studies on the genetic regulation of IgM and IgG NAb 

have shown these as heritability traits in dairy cattle (Table 1). The genes that control specific 

adaptive antibody responses versus NAb differ indicating that these are distinct traits each making 

unique contributions to defence of the host 67,69.  

Reductionist Models 

As mentioned previously, pathogenesis is the outcome of a highly complex set of interactions 

between host, pathogen and environment. An alternative method to scrutinise these complex 
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interactions is to simplify the main interaction network into subsystems which can be examined in 

detail using in vitro methods, known as reductionist models. In any sub-systems, genetic control 

requires the contribution of a smaller number of genes. These genes and their mechanisms of action 

can, in some cases, be studied in fully controlled in vitro environments where infectious dose and 

virulence of the pathogen are set by the investigator 70. Therefore, the chance of detecting QTLs 

with smaller effects or discovering causal mutations is relatively higher than with other 

approaches. The other advantage of the reductionist model is the smaller sample size needed for 

these types of studies 37. The down side of using reductionist models to study the complexity of 

disease resistance is that focusing on a single subsystem in vitro might be misleading. These in 

vitro models may not represent the in vivo condition, or their effect on the in vivo system might be 

small. Therefore, the results of the reductionist models should subsequently be evaluated on the in 

vivo outcome of host-pathogen-environment interactions. 

The reductionist concept to study the genetic control of disease resistance was introduced in 2009 

by Dennis Ko and later was reviewed in a 2014 publication entitled “The marriage of quantitative 

genetics and cell biology” 70,71. Dennis Ko and his colleagues have developed an in vitro model, 

called “High-throughput human in vitro susceptibility testing”, Hi-HOST, to screen the response 

of B lymphocytes followed by a genome-wide association study to investigate host-pathogen 

interactions. Using the Hi-HOST model, in 2017 they discovered an association between VAC14, 

a gene with a role in the pathway of  phosphoinositide metabolism, and resistance to Salmonella 

enterica serovar Typhi72. In 2018, an independent study on a African population found the 

association of the same gene with bacteremia in children 73,74. These findings represent the 

potential of the reductionist approach to reveal the genetics rules in resistance to infectious disease.    
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In dairy cows, the genetic regulation of blood leukocyte proportions was first reported by Denholm 

et al. in 2017 75, who found the heritability of the percentage of cells from the myeloid and 

lymphoid lineage in bovine blood ranged from 0.18 to 0.81. However, the researchers did not find 

any significant associations between these cellular proportions and the infectious diseases they 

examined 75. Emam et al. studied the effect of host genetics on the function of bovine monocyte-

derived macrophages (MDMs) in response to E. coli and S. aureus, using a cellular immuno-

genomic approach in 2018 76. Using a highly controlled in vitro culture system, they demonstrated 

a pedigree-based heritability of 0.776 for in vitro nitric oxide production by MDMs against E. coli 

77. The genome-wide association study on this cellular trait revealed the association of 8 SNPs on 

chromosome 4, 5, 6, 9 and 27 describing 78% of the phenotypic variation 78. 

Results from reductionist models should be confirmed using other experimental systems. These 

confirmatory studies can be association studies in an independent population or investigation using 

genome editing or other appropriate technologies. Inducing disease resistance in ruminants using 

gene editing has been previously reported. Resistance to S. aureus in a transgenic cow expressing 

lysostaphin in epithelial cells of the mammary gland is an example of this approach 79. Currently, 

new technologies with high efficiency and accuracy in inserting, deleting or substituting single 

nucleotides are available. Clustered regularly interspaced short palindromic repeats/CRISPR-

associated protein 9 (CRISPR/Cas9) is a tool to edit a specific sequence of the genome with single-

nucleotide accuracy. Some research groups have reported the successful application of this method 

in cattle. However the publications are yet to come due to the long generation interval in cattle and 

novelty of the technology 80. The reductionist models in conjunction with genome editing methods 

will likely provide the foundation of genetically resistant ruminants in future. 
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EPIGENETIC CONTROL OF THE IMMUNE SYSTEM IN 

DOMESTICATED RUMINANTS 

Epigenetics is defined as the control of gene expression by mechanisms which do not change the 

underlying DNA sequence81,82. The epigenome can be influenced by environmental factors 

including diet, stress, hormones, pathogens, toxins and drugs, resulting in both permanent and 

reversible changes to gene expression. The epigenome encompasses all epigenetic modifications 

including DNA methylation, histone modifications, and microRNA (miRNA) regulation, which 

are among the major regulatory elements which dictate chromatin accessibility and gene 

transcription. The immune system is dynamic and possesses the ability to respond to infection and 

other stressors while also regulating its own response. Epigenetic modifications regulate gene 

expression which drives adaptive and innate immune cell phenotypes, establishing cell memory, 

cell polarization, and regulation of the immune response83. 

DNA Methylation   

The DNA methylome of the ruminant immune system is influenced by species84, tissue and 

immune cell types85–93, disease state87,94, stimulation95, age96, and physiological event85,89,90,95,97–

99. Studies investigating the DNA methylation levels and profiles of immune response genes have 

been performed on immune-associated tissues91, specific immune cells87,99–101 as well as other non-

immune related tissues85,88,89,102 in domesticated ruminants species.  Studies investigating DNA 

methylation and the immune system have reported on both the methylation of individual cytokine 

genes95,101 and the global DNA methylome100. In cattle, CD4+ T-cell polarization is dependent on 

expression and secretion of cytokine genes including IFNγ and IL4. Expression and secretion of 

cytokines by isolated CD4+ T-cells exhibited decreased DNA methylation at the promoter regions 

of IFNγ and IL4 95,101. In addition, differential DNA methylation was observed at transcription 
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factors GATA3 and RORC in alveolar macrophages of Mycobacterium bovis infected cattle100. In 

agreement with this observation, examination of the major histocompatibility complex (MHC-I) 

revealed that DNA methylation of MHC-associated CpG islands are associated with 

downregulation of MHC-I 103.  

Differentially methylated regions (DMR) have been identified in cattle using global methylation 

analysis technologies on different types of immune cells, which are summarized in Table 2 

84,87,96,99,100. Evaluation of global DNA methylation can reveal regions of the genome that change 

in response to a treatment, or that change in a tissue-specific manner. DMRs can differ depending 

on factors such as the tissue type, comparison of treatments, environmental impacts, and infection. 

As such, care must be taken when choosing the type of tissue or cell type isolated for DNA 

methylation analysis. Furthermore, the time of sample collection could impact the presence of 

DNA methylation or intermediary DNA methylation87. Age and diet are also well-known factors 

that impact global DNA methylation and therefore DMRs 96,90,92,93. Indeed, examination of global 

DNA methylation in non-immune related tissues showed an association between decreased DNA 

methylation at immune related genes, including TLR4, and increased chromatin accessibility and 

gene expression in cattle that were fed high concentrate diets compared with their counterparts that 

were fed a low concentrate diet 97. Overall DNA methylation is associated with transcriptional 

regulation in ruminants and thus can influence immune cell phenotype and function.  

Histone Modifications  

There are limited studies that report on histone modifications in domesticated ruminants, especially 

in the context of the immune response. Genome-wide assessment of the gene repressor marker, 

H3K27me3104, in bovine peripheral blood lymphocytes identified that this epigenetic mark is 

predominantly found 2kb upstream of transcription start sites (TSSs) and in introns105. The 



18 
 

presence of H3K27me3 at TSSs was generally associated with transcriptional repression for most 

genes 105. He et al 106,  investigated the impact of S. aureus on H3K27me3 levels in blood 

mononuclear cells (BMC) in cattle106.  The majority of H3K27me3 was found to be intergenic and 

20kb upstream of TSSs, suggesting it is associated with regulatory factors outside the promoter 

region, such as enhancers 106. There was a negative correlation between H3K27me3 and gene 

expression. In this case, the transcription start site was a key area of regulation for genes which 

function in “immune-related processes” in innate and adaptive immune responses when comparing 

mastitis cows to healthy cows106. More research is needed to better understand the regulatory role 

of histone modifications and the histone code in bovine and how they relate to immunity and 

immune function.    

BOVINE COLOSTRUM AND MILK EXOSOMAL MICRORNAS 

MicroRNAs are abundant in bovine colostrum and milk either free or enclosed within 

exosomes107,108,109. Notably, immune-related microRNA (miRNA) are highly expressed in milk, 

particularly in colostrum, suggesting they are crucial for mammary gland immune regulation as 

well as promoting development of the calf gut mucosal immune system110. 

Studies from the Mallard Lab assessed the bioactivity of bovine colostrum and milk exosomes 

containing miRNA on gut health. Purified exosomes were noted to have typical phenotypic 

features similar to those in other body fluids111 based on size (20-100 nm) and protein markers 

essential for their interaction with host cells112,113. Fluorescently labeled exosomes co-cultured 

with human intestinal epithelial (Caco-2 cells) were taken up and visualized in the vicinity of the 

nucleus of cultured cells at 2 and 24 hours113. Furthermore, colostrum and milk exosomes co-

cultured with Caco-2 cells were not only non-cytotoxic but enhanced cell viability using methyl 
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thiazolete trazolium (MTT) cell proliferation/viability assay. Interestingly, while both colostrum 

and milk appear to support Caco-2 cells viability for up to 72 hours, MTT activity was significantly 

(p < 0.0001) higher in cells co-cultured with milk compared to those with colostrum. Furthermore, 

differences in Caco-2 cells metabolic activity co-cultured with exosomes from cows with different 

immune response (IR) phenotypes was observed.  Specifically, metabolic activity after co-culture 

with colostrum and milk exosomes from High (H) IR cows was significantly greater than those 

with Low (L) IR exosomes (p = 0.0198). Of note, classification of those cows as H, or L IR was 

based on estimated breeding values using the patented High Immune Response (HIR™) 

technology. Viability of Caco-2 cells co-cultured with either colostrum or milk exosomes from H 

immune responder cows were significantly greater (p < 0.0024 and p < 0.0048), than L responders 

at 72 hours. A similar observation was reported in porcine milk exosomes114.  

High throughput next generation sequencing of milk exosomal miRNA from average immune 

responder cows identified 680 mature miRNA112. This study was the first to profile bovine 

exosomal miRNA isolated by differential ultracentrifugation and report their abundance compared 

to those identified in bovine milk exosomes by microarray (n=79107 and in porcine milk exosomes 

[n= 218115, n= 491116and n=234117). Similar to the aforementioned studies, immune-related 

miRNA, such as miR-148a, let-7 family, miR-21, miR-26, were highly expressed in the study of 

cows classified based on their immune response phenotypes.   

Important immune-related miRNAs (including miR-148a, miR-155, miR-21, miR-26a and miR-

29b) were also confirmed by qRT-PCR in colostrum and milk exosomes with significantly (p < 

0.05) higher expression of miR-155 in colostrum compared to milk exosomes. Further, miR-155, 

miR-21, miR-26a and miR-29b were differentially expressed among high and low immune 

responder cows112. 
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GENE BY ENVIRONMENT EFFECTS ON REGULATION OF 

IMMUNOCOMPETENCE OF DOMESTICATED RUMINANTS 

In this final section we will touch on the environmental component of host-pathogen-environment 

interactions that dictate disease profiles. This is an important and topical area of research because 

the changing climate is impacting livestock health and welfare directly through increased 

environmental temperatures and drought 118 and indirectly through ecosystem changes that alter 

the availability of feed resources, and the distribution or epidemiology of animal diseases 119,120. 

In this section we will define heat stress (HS) and resilience to climate change and how these 

factors relate to immunocompetence in domestic ruminants. 

Since ruminants are endothermic homeotherms, they can maintain a physiological body 

temperature within a certain ambient thermal neutral zone through passive cooling mechanisms 

(conduction, convection, and radiation) 121. However, when the surrounding ambient temperature 

is above an animal’s thermal neutral zone, they must expend energy and mobilize body reserves 

to maintain euthermia through active cooling (sweating and panting) 121,122. In general, cold 

ambient temperatures are manageable through protective shelters, increasing body size, insulation, 

and the heat generated through metabolism 121,122.  

Resilience can be defined as the ability of a species to survive and recover from a perturbation 123. 

Animals with greater resilience to HS will be able to maintain euthermia for longer through heat 

dissipation before becoming physiologically compromised 120,124–126. Resilience depends on 

multiple factors, including region (adaptability), species, breed, sex, and productivity 119,121. For 

example, among cattle, an increase in body temperature under heat stress was less pronounced in 

Brown Swiss compared to Holstein cows, suggesting that Brown Swiss are more resilient 127,128. 

Among dairy animals, goats were identified as the most adapted species to HS in terms of 
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production, reproduction, and disease resistance 129,130. The question of whether animals more 

resilient in the face of climate HS can be identified within breed and if they are more resistant to 

disease is an area of emerging research. 

The temperature-humidity index (THI) has been widely used as an indicator of HS in livestock 131–

133. THI is calculated by combining ambient temperature and humidity 134. Various THI HS 

thresholds have been estimated, depending on species, breed, and region. For example, estimated 

THI thresholds for heat stress in Holstein cows range from 60 (which could correspond to a 

temperature of 21°C and a relative humidity of 62%; see box 1 for calculation of THI) for Holsteins 

in Germany 135, to 78 for Holsteins in a US subtropical environment 136. The THI threshold for 

heat stress will likely be higher for animals with lower production rates and for non-lactating 

animals 134. Curtis et al., 137 used rumen temperature and feed intake to estimate a THI HS threshold 

of 75.5 for black angus feedlot cattle. Given these diverse ranges for THI thresholds it is important 

for studies in various geographical locations to determine the relevant THI thresholds for each 

study. 

Livestock are likely to experience days during the summer months when the THI exceeds their 

THI HS threshold. HS intensifies when the THI exceeds the threshold for consecutive days because 

the animal has reduced opportunity to dissipate body heat at night 138. As an example, analysis of 

climatic data from a temperate region in Southern Ontario, Canada, revealed that livestock 

frequently experience days, often consecutively, where the THI HS threshold was likely exceeded 

(Figure 3). 
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Stress Responsiveness and Immunocompetence 

The environment plays a key role in the nature and outcome of host-pathogen interactions 139, and 

it is therefore important to improve understanding of how climate extremes effect an animal’s 

response to pathogens. Furthermore, climate change could induce shifts in the spread and types of 

diseases to which livestock are exposed 120. The health and welfare of animals in the face of climate 

change will be dictated in part by their resilience to extreme temperatures as well as their natural 

resilience to infections agents. As such, it is desirable to select for animals with both enhanced 

ability to resist disease 49,56,140,141 and superior resilience to heat stress.  

There is evidence for favourable associations between disease resistance and stress responsiveness 

in livestock 126. Recently, Aleri et al 49 demonstrated a favourable and significant association 

between a preferred response to stress and above average immune competence in Holstein-Friesian 

and Holstein-Friesian × Jersey heifers. For example, heifers with above average immune 

competence had lower serum cortisol concentrations compared to their below average 

counterparts, suggesting that they had enhanced ability to cope with management-induced stress 

49. Reduced cortisol production in response to stress is desirable because high concentrations can 

suppress immune function and decrease the ability to cope with stress 142,143. Since heat stress also 

results in increased serum cortisol concentrations 144,145, it will be informative to investigate 

associations between immune competence and resilience to heat stress. For this reason, the Mallard 

lab is investigating the connection between cattle classified based on estimated breeding values of 

immune responsiveness and their response to HS. Preliminary results indicate substantial 

individual variation in response to both in vivo and in vitro HS in Holsteins, as well as beef cattle 

of mixed breeds. Knowledge of the genetic link between resilience to heat stress and 

immunocompetence would provide scope for breeding animals that are more resilient to heat stress 
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and disease for a future with predictions for increased frequency and duration of heat stress events 

and changes to the distribution or epidemiology of pathogens. 

SUMMARY 

Disease resistance is a complex phenotype due to the dynamic interaction between host, pathogen 

and environment. Discovering the mechanism(s) of how the genome shapes this phenotype is an 

exceptionally complex process with over 5000 genes controlling host defence. Various strategies 

that have been employed by researchers are relatively limited. Although new technologies and 

bioinformatic methods are promising to collect and analyze much more complex data, the 

bottleneck of the investigation seems to be at the starting point; how to accurately translate a 

biological phenomenon (disease resistance) to a parsable data set. Recently, after decades of 

researches on the genetic regulation of disease resistance, some technologies became 

commercially available. However, these technologies are mainly based on association studies and 

in some cases, the heritabilities are very low. Therefore, the actual genetic gain might be limited 

due to the loss of association over generations or the low heritabilities. Novel strategies and sources 

of data are required to deepen the current study beyond association, free from study “noise” to 

discover the causal mechanisms with near perfect heritability to overcome these limitations. 

Reductionist models, structural variants, epigenomic research are all examples of novel approaches 

and source data in an attempt to illustrate the genetic blueprint of disease resistance. It should also 

be noted that livestock production and health will likely face new challenges with climate change. 

Emerging or remerging diseases, or the compromised performance of the current traits under 

environmental stress, such as heat stress, are just a few examples of the potential future challenges. 

All these factors warrant further investigation to identify the genetic regulation of disease 

resistance to improve livestock health now, as well as to be prepared for future challenges.  
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Figure 1.1 Classification of studies on genetic control of immune response and resistance to 

infectious disease based on genetic and phenotypic information 

The pedigree information can be used alone, or it can be added to the genome-wide study to 

account for polygenic effects. The pedigree information can also be used to select samples in 

candidate gene approaches to maximize the diversity of the samples. 
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Figure 1.2 The schematic links between the immunological phenotypes and the genome 

In 1999, Willkie and Mallard proposed that the overall performance of the immune system 

(Phenotype or P) is shaped by adaptive immune responses including cell-mediated immune 

responses (CMIR) and antibody-mediated immune responses (AMIR). Because innate responses 

initiate adaptive immune responses, adaptive immune responses can reflect the performance of 

innate defences. Furthermore, all of these responses are coded by immune response genes in the 

host genome 146 that can be influenced by the epigenome.  
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Figure 1.3 Distribution of temperature-humidity index in summer 2018 in Southern Ontario, 

Canada 

The temperature-humidity index (THI) calculated for the summer months (May-September) of 

2018 at a temperate region in Southern Ontario, Canada. Suggested THI heat shock thresholds for 

dairy cows are indicated: * was estimated by Zimbelman et al 134; ** was estimated by Brügemann 

et al 135. 
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Table 1.1 Heritabilities of health traits in cattle 

Health Trait  Heritability References 

Disease resistance    

 Clinical Mastitis 0.02 – 0.04 
Govignon-Gion A, et.al. 147; 

Koeck A, et.al.148 

 Sub-Clinical Mastitis 0.04 – 0.06 Narayana SG, et.al. 149 

 Johne's disease 0.04 – 0.06 
Brito LF, et.al.150; 

Kirkpatrick BW, et.al.151 

 Lameness 0.01 – 0.09 
Chapinal N, et.al.152; Koeck 

A, et.al.148 

 Bovine Leukosis 0.08 Abdalla EA, at.al.153 

 Bovine Tuberculosis 0.10 Raphaka K, et.al. 51 

 Nematodes Infestation 0.06 – 0.23 Passafaro TL, et.al. 154 

Immunocompetence    

 
Cell-Mediated Immune 

Response 
0.18 Mallard B, et.al 155 

 Natural Antibody 0.27 – 0.31 de Klerk B, et.al. 67 

 Specific Antibody Response 0.46 Emam M, et.al.156 

Cellular traits    

 
Percentage of CD4+ 

Lymphocytes 
0.46 Denholm SJ, et.al.75 

 
Percentage of CD8+ 

Lymphocytes 
0.41 Denholm SJ, et.al.75 

 Percentages of Monocytes 0.15 Denholm SJ, et.al.75 

 Percentages of Monocytes 0.42 Denholm SJ, et.al. 75 

 

In vitro Nitric Oxide Response of 

Bovine Monocyte-Derived 

Macrophages 

0.78 Emam M, et.al.77 
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Table 1.2 Summary of global DNA methylation studies in dairy cattle  

  

Cell Type Method Comparison 

Number of Differentially 

Methylated Regions 

(DMR) 

References  

 CD4+ T 

lymphocytes  

Reduced 

Representation 

Bisulfite Sequencing 

Mycobacterial 

bovis infected 

cattle vs. non-

infected cattle  

765 DMR infected vs. non-

infected cattle   

Doherty, et 

al., 2016 100 

Fibroblast  

Reduced 

Representation 

Bisulfite Sequencing  

 Difference 

between 5 months 

to 16 months age 

stimulated with 

LPS  

14,094 DMR 

(5065 gene regions, 1117 

promoters, 1057 gen exons, 

2891 gene introns) 

Korkmaz and 

Kerr, 2017 96 

Peripheral 

blood 

mononuclea

r cell   

Whole Genome 

MeDIP-seq  

High milk yield 

and average milk 

yield 

72 DMR high vs average 

milk yield  

252 DMR herd 

environment  

DeChow and 

Liu, 2018 99 

Alveolar 

macrophage 

Whole Genome 

bisulfite sequencing 

Mycobacterium 

bovis infected 

cattle vs. non-

infected 

0 DMR between infected 

and non-infected 

O’Doherty et 

al., 2019 87 

Blood cells 

Reduced 

Representation 

Bisulfite Sequencing 

Creole Cattle vs. 

Iberian breeds 

334 DMR  

 

Sevane et al., 

2019 84 
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ABSTRACT 

The dynamic interaction between the host and pathogens, along with environmental factors, 

influence the regulation of mammalian immune responses. Therefore, comprehensive in vivo 

immune-phenotyping during an active response to a pathogen can be complex and prone to 

confounding effects. Evaluating critical fundamental aspects of the immune system at a cellular 

level is an alternative approach to reduce this complexity. Therefore, the objective of the current 

study was to examine an in vitro model for functional phenotyping of bovine Monocyte-Derived 

Macrophages (MDMs), cells which play a crucial role at all phases of inflammation, as well 

influence downstream immune responses. As indicators of MDMs function, phagocytosis and 

nitric oxide (NO-) production were tested in MDMs of 16 cows in response to two common 

bacterial pathogens of dairy cows, Escherichia coli (E. coli) and Staphylococcus aureus (S. 

aureus). Notable functional variations were observed among the individuals (coefficient of 

variation: 33% for phagocytosis and 70% in the production of NO-). The rank correlation analysis 

revealed significant, positive and strong correlation (rho = 0.92) between NO- production in 

response to E. coli and S. aureus, and positive but moderate correlation (rho = 0.58) between 

phagocytosis of E. coli and S. aureus. To gain further insight into this trait, another 58 cows were 

evaluated solely for NO- response against E. coli. The pedigree of the tested animals was added to 

the statistical model and the heritability was estimated to be 0.776. Overall, the finding of this 

study showed a strong effect of host genetics on the in vitro activities of MDMs and the possibility 

of ranking Holstein cows based on the in vitro functional variation of MDMs. 
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INTRODUCTION 

Genetic regulation of immune responses in mammals is exceptionally complex with about eighteen 

percent of the human genome (7,696 genes) annotated with the “immune response” term. In the 

bovine genome, this proportion increases to twenty-three percent with the total number of genes 

as 5,586 (ENSEMBL, release 93) 157. Analyzing host resistance or resilience in natural or 

experimental challenge models have been widely used to understand the genetic regulation of 

disease resistance 158–162. However, often the dynamic interaction between the host and pathogen, 

as well as the environmental effects which have a substantial effect on the outcome of infection,  

have resulted in various findings which shows the need for a well-defined phenotype for disease 

resistance 13,163. An alternative approach is to reduce the complexity of this system by removing 

the effects of the pathogen by measuring host immunocompetence without pathogen exposure 13,59. 

This approach has revealed a substantial contribution of host genetics in the variation of bovine 

immune responses. The heritabilities of immunocompetence traits in cattle have been estimated to 

be approximately three to four folds larger than the heritability of disease occurrence and immune 

responses against specific pathogens 164,165. Evaluating key cellular components of the immune 

system in vitro is another way to reduce the complexity of immunocompetence testing. Recently, 

immunophenotyping based on the performance of the cells of immune system in in vitro models 

has been successfully carried out in humans. These cellular immunogenetics studies have 

identified phenotypic variation in cellular responses which then were linked to genetic variations 

and cellular mechanisms that control the resistance to bacterial infection in human populations 166–

168. In cattle, immunophenotyping based on in vivo responses of the adaptive immune system is 

currently available. Studies have shown that the phenotypes of adaptive immune responses are 

linked to the naturally occurring genetic variation and associated with resistance to infectious 
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diseases 55,169,170. However, the innate arm of the immune system, has remained less investigated 

and there is still a need to identify a robust model to further the understanding of genetic regulation 

of the innate responses in cattle. Identifying phenotypic variation in functional traits is the primary 

requirement to identify and understand the genetic mechanisms that shape the trait. As an initial 

step toward this goal, it was hypothesized that there is considerable variation in the function of 

bovine Monocyte-Derived Macrophages (MDMs) following in vitro exposure to bacterial 

pathogens and that it would be possible to identify individuals which respond stronger than others. 

Macrophages are a key component of the innate immune system that play a crucial role in the early 

phase of inflammation 171,172. Therefore, the objective of this study was to examine an in vitro 

model of phenotyping bovine MDMs, and to evaluate phenotypic and genetic variance. As 

indicators of MDMs function, phagocytosis and nitric oxide (NO-) production were evaluated 

following exposure of MDMs to two common bacterial pathogens of dairy cows, Escherichia coli 

(E. coli) and Staphylococcus aureus (S. aureus).   

 MATERIAL AND METHODS 

Animals 

Cows for this study were selected from the research herd at the University of Guelph. This research 

herd is approximately four times larger than the average commercial dairy herds in Canada. All 

the cows are registered with Holstein Canada, and health records and treatments are recorded in 

detail. Hence, samples from this herd provided genetic diversity as well as detailed environmental 

records for the statistical analysis. The pedigree of the herd was obtained from the Canadian Dairy 

Network and the relationship between the cows was tested and full-sib animals were removed from 

the study to maximize host genetic variation of the samples. Sixteen milking cows that were 

offspring of 12 sires, 15 dams, 9 paternal grandsires and 14 maternal grandsires were selected. 
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These animals were not diagnosed nor treated for any diseases in the lactation period that samples 

were collected. Samples were collected in groups of four cows per sampling day. For the second 

part of the study, an additional 58 samples (offspring of 33 sires, 57 dams, 23 paternal grandsires 

and 37 maternal grandsires) were collected from the same barn with similar criteria to calculate 

genetic parameters, specifically the heritability of MDMs NO- response.  All the procedure and 

handling of the animals were approved by the animal care committee of the University of Guelph. 

In vitro Transformation of Monocyte to Macrophages 

Blood samples were collected from the tail vein in tubes containing EDTA. Blood Mononuclear 

Cells (BMCs) were purified based on the gradient centrifuge separation method. Concisely, 

Histopaque-1077 (Sigma-Aldrich, St. Louis, MO) was loaded into the Sepmate tubes 

(STEMCELL Technologies, Vancouver, BC) and whole blood samples were overlaid on the top 

of Histopaque-1077. After centrifugation for 10 minutes at 1200 ×g, the layer of cells above the 

Histopaque-1077 was collected and washed 3 times to obtain the purified BMCs. Purified BMCs 

were cultured at the concentration of 1×106 cells per square centimetre of the culture flask for 2 

hours in Monocyte Attachment Medium (PromoCell, Heidelberg, Germany) at 37 °C. Non-

adherent cells were removed by washing and the medium was replaced with AIM V® Medium 

(Thermo Fisher Scientific Inc., Mississauga, ON) containing 5 ng/ml recombinant bovine 

Granulocyte-macrophage colony-stimulating factor (GM-CSF, Kingfisher Biotech, St. Paul, MN; 

chosen based on maximizing the number of harvested cells at the lowest concentration of GM-

CSF in a titration experiment using 2.5, 5 and 10 ng/ml) in the presence of 5% CO2. After 6 days 

of incubation, adherent cells were detached from the flask using TrypLE™ Select Enzyme 

(Thermo Fisher Scientific Inc., Mississauga, ON). Phenotypic characteristics of macrophages 

(CD14+, CD205- and strong auto-fluorescence) were analyzed using flow cytometry to determine 
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the proportion of macrophages among the harvested cells 173–175. Harvested cells were labelled 

with RPE conjugated mouse anti-bovine CD205 (Clone: IL-A114), to check the presence of 

monocyte-derived dendritic cells and ALEXA FLUOR® 647 conjugated mouse anti-human CD14 

(Clone: TÜK4) to check the presence of myeloid cells, separately. The labelled samples were 

analyzed using the BD Accuri C6 flow cytometer (Becton Dickinson, Franklin Lakes, NJ) and the 

data from the flow cytometer were analyzed by FlowJo V.10 (FlowJo LLC, Ashland, OR). The 

positive gates were defined based on the fluorescence minus one procedure and the isotype 

controls were not included based on the absence of any report on the non-specific binding of 

fluorochrome used in this study 176. The fluorescence emission of an unlabeled harvested cells was 

compared with the emission of unlabeled fresh BMCs in 533/30 filter excited by the blue laser to 

test the auto-fluorescence as an indicator for macrophages (Figure 1).  

Phagocytosis 

MDMs from each sample were seeded in 12 wells of an opaque 96-Well plate at the concentration 

of 5×104 cells per well in AIM V® Medium containing 5 ng/ml GM-CSF and incubated overnight. 

Each sample was assigned to 2 challenge groups and 2 control groups, each group including 3 

wells. Challenge groups were exposed to either pHrodo™ Green conjugated E. coli (MOI:5) 

(Thermo Fisher Scientific Inc., Mississauga, ON) or pHrodo™ Green conjugated S. aureus 

(MOI: 10) (Thermo Fisher Scientific Inc., Mississauga, ON) for four hours. One of the control 

groups was labelled with NucBlue™ Live ReadyProbes™ Reagent (Thermo Fisher Scientific 

Inc., Mississauga, ON), 20 minutes before the reading time. The plates were washed 3 times and 

the fluorescence intensity (FI) was measured by a microplate reader (Biotek Instruments Inc., 

Winooski, VT) as an indication of bacterial uptake. pHrodo™ is fluorescent in an acidic 

environment and therefore FI represents the bacterial particles in phagolysosomes.  The average 
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of FI from each sample ( 3 wells) in the challenge group was corrected by the average of the same 

sample in the cell-only control group. Then, the corrected FI for each sample was normalized 

against the average FI of the control group (12 wells) containing the NucBlue™ to adjust for the 

cell number in each sample. 

Nitric Oxide Production 

MDMs from each sample were seeded in 3 wells of a 48-well plate at the density of 2×105 cells 

per well in AIM V® Medium containing 5 ng/ml GM-CSF and incubated overnight. One well was 

assigned as the control and the other two wells were assigned as treatment groups and were 

exposed to inactivated E. coli (MOI: 5, determined by titration (MOI 1, 5, 10, and 50) to induce 

maximum NO- using minimum MOI, the strain was isolated from a mastitic cow by a 

microbiologist, Dr. P. Boerlin, Ontario Veterinary College) or S. aureus (MOI: 10, determined by 

titration (MOI 1, 5, 10, and 50) to induce maximum NO- using minimum MOI) (Thermo Fisher 

Scientific Inc., Mississauga, ON) for 48 hours. Supernatant from each well was collected and the 

concentration of nitric oxide (NO-) was measured with the Measure-iT™ High-Sensitivity Nitrite 

Assay Kit (Thermo Fisher Scientific Inc., Mississauga, ON). The concentration of NO- for every 

sample in the challenge groups was subtracted by its replicate in the control group. 

Statistical Analysis 

On the first data set including samples from 16 cows, two functional responses (NO- and 

phagocytosis) and 2 treatments (E. coli and S. aureus), the Coefficient of Variation (CV) was 

calculated based on dividing the standard deviation of the response (log2 transformed corrected 

fluorescence intensity or the nitrate concentration of culture supernatant 48 hours after challenge) 

by the average of the response for each treatment, separately. In addition, the correlation between 

the functional characteristics of MDMs was investigated using Spearman's rank-order correlation. 
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These coefficients and their p-values were calculated in SAS (V 9.4) by employing the PROC 

CORR procedure. 

On the second data set including samples from 58 cows, one functional response (NO-), and one 

treatment (E. coli), the PROC UNIVARIATE in SAS (V 9.4) was used to test the distribution of 

dependent variable (NO- response to E. coli) for normal, Log-normal, Weibull, and Gamma 

distributions followed by visual inspection of the QQ-plot. The p values for goodness-of-fit tests 

based on the empirical distribution function, Anderson-Darling, Cramer-von Mises, and 

Kolmogorov-Smirnov, for Gamma distribution were >0.50, > 0.25 and >0.50, respectively. 

Therefore, the dependent variable was transformed based on the method described by K 

Krishnamoorthy et al. in 2008 and tested again for normality (Figure 4) 177. The transformed 

normal data were used in the subsequent statistical analysis. It should be noted that similar 

procedure was employed on the first data set (n = 16). However, no differences were detected on 

the type of distribution of all four functional responses, probably due to small sample size. 

Since all the samples were collected from cows in one farm, only the effect of age in month , days 

in milk (classes: 1 = 0-20 days, 2 = 21-105 days, 3 = 106-235 days, 4 = > 235 days)67,178, days in 

pregnancy (classes: 1 = non pregnant, 2 = 1 - 120 days, 3 = 121 - 180 days, 4 = 181 - 220 days) 178 

and sampling group (classes: 1-4 for the first dataset and 1 - 7 for the second dataset) were tested 

by Generalized Linear Model (GLM) procedure in SAS (V 9.4) . The statistical model was as 

follow:  

yijkln = μ + β×ai + gj + mk + pl + eijkln 

Where yijklm is the phenotypic observation of the nth cow (the cubic roots of nitrite concentration of 

culture supernatant 48 hours after treatment with E. coli in the second data set (n = 58) or raw 
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functional measures on the first data set including phagocytosis and nitric oxide response to E. coli 

and S. aureus); μ is the overall average of the response.  β is the linear coefficient of the fixed 

regression on age of the cow (ai) (in months); gj is the fixed effect of jth  class of sampling group; 

mk is the fixed effect of kth class of days in milk; pl is the fixed effect of lth class of days in pregnancy 

; eijkln is the random residual effect. 

Variance components for NO- production were calculated by the Restricted Maximum Likelihood 

(REML) method in ASreml package (Ver. 4.1, VSN International) by including the random 

additive genetic effect of the animal, as in Thompson Crispi et al. (2012b). All available pedigree 

information was used to calculate the additive genetic relationship matrix fit in the model. 

Heritability was then calculated dividing the estimated additive genetic variance by the total 

variance (additive and residual variance).  

RESULTS 

Functional Characteristics of MDMs 

Monocytes are among the first cells that migrate into the infected tissues and give rise to 

macrophages. MDMs can eliminate the pathogens via phagocytosis and secretion of bactericidal 

molecules. In this experiment, the phagocytic ability of bovine MDMs and the production of NO- 

were investigated when MDMs were exposed to E. coli and S. aureus. The statistical analysis on 

the second dataset (n =58) did not show any effect of age (p value = 0.37), group of sampling (p 

value = 0.25), days in milking (p value = 0.47), and pregnancy (p value = 0.73) on the production 

of NO- in response to E. coli (Model p value = 0.52, R-Square = 0.21). Similarly, none of these 

effects were significant on the four functional characteristics of MDMs on the first dataset (n= 16).  
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Substantial variation was observed among individuals in phagocytic ability and NO- production of 

MDMs (Figure 2 and 3). The coefficient of variation (CV) ranged from 33% in phagocytic ability 

to 70% in the production of NO- (inter-assay CV ranged from 6-10% in phagocytosis and 3-9% in 

NO- production). The maximum concentration of NO- in the supernatant of MDMs was 42 µM in 

response to E. coli while the highest response to S. aureus was 20.5 µM. It should be noted that 

one cow had the greatest NO- response to both pathogens. Similarly, MDMs from another cow 

produced the lowest NO- in response to E. coli and S. aureus, 2.7 and 1.8 µM, respectively. The 

maximum fluorescence intensity (FI) after phagocytosis of S. aureus belonged to the same 

individual that produced the highest amount of NO-. The minimum FI after phagocytosis of S. 

aureus did not belong to the same individual which produced the lowest amount of NO-, but it 

produced one of the lowest amounts of NO-. To test the repeatability of the results and ensuring 

the technical assay optimization, NO- response to E. coli was chosen as it showed the highest 

variation among all measured responses. Blood was collected from four cows initially sampled 

and the experiment was repeated independently in a double-blind like study when the barn and 

laboratory personnel was not aware of the results of the first experiment. The correlation 

coefficient between the two repeats of four cows was 0.97.  

Correlation between Functional Characteristics of MDMs 

The pairwise rank correlation between the four characteristics of MDMs (phagocytosis and NO- 

production in response to E. coli and S. aureus) was investigated using Spearman’s rank-order test 

(Table 1). The highest correlation (0.92) was observed between the production of NO- in response 

to E. coli and S. aureus. The correlation between phagocytosis of E. coli and S. aureus was 0.58. 

The lowest correlation (0.53) was observed between the phagocytosis of S. aureus and the NO- 

response to E. coli. These results indicated a strong, significant, and positive correlation among 
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these in vitro functional characteristics of bovine MDMs. In addition, the heritability of in vitro 

NO- production in response to E. coli was estimated to be 0.776. 

DISCUSSION 

Macrophages uniquely play dual roles in the immune system. They are professional antigen 

presenters, as well as effector cells of the immune system 179. Macrophages recognize the presence 

of pathogens via pathogen recognition receptors (PRRs). Following recognition, they destroy the 

pathogens via phagocytosis and producing respiratory burst-derived microbicidal components, 

such as reactive oxygen and nitrogen species 180–183. Recent advances have shown that monocytes 

are not necessarily giving rise to tissue-resident macrophages under steady-state in many tissues 

184–188. However, during inflammation, proinflammatory macrophages that are transformed from 

monocytes under the influence of GM-CSF play a significant role in controlling infection 186,189,190. 

In in vitro models, blood monocytes can transform to macrophages in the presence of Macrophage 

Colony-Stimulating Factor (M-CSF) or GM-CSF 191. Adding M-CSF promotes macrophages 

towards an anti-inflammatory state, which are also known as M2-like macrophages. These 

characteristics resemble macrophages under steady-state, but the pitfall in this model is the origin 

of macrophages, which should not be from blood monocytes. GM-CSF in cattle, mice and humans 

promotes the transformation of blood monocytes towards proinflammatory macrophages, which 

is also known as M1-like macrophages. These macrophages resemble the macrophages under 

inflammation which are of the same origin as monocytes 192. Furthermore, under in vitro challenge 

with pathogens in the presence of M-CSF, MDMs receive two signals, pro-inflammatory by 

Pathogen Associated Molecular Pattern (PAMPs) and anti-inflammatory by M-CSF. This situation 

is in contrast to what happens in the host during inflammation. During inflammation, specifically 

at the peak of inflammation, the local tissue milieu contains GM-CSF along with PAMPs from 
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pathogens that stimulate the macrophages in the same direction toward a pro-inflammatory status 

192,193. Therefore, in the current study, MDMs in the presence of GM-CSF were chosen as the 

model. This model seemed to mimic the macrophages in inflamed tissue and exposed to colony 

stimulating factor that is expressed during inflammation.  

Measuring NO- and phagocytosis in in vitro models has been widely used as an indicator of the 

bactericidal performance of macrophages, but the results are inconsistent between species. A 

positive correlation between the concentration of NO- and bactericidal activity has been reported 

in rats and chickens but not in mice and cattle 194–200. Lack of the ability to reliably measure 

macrophage function, including the production of NO- seems to be the source of inconsistency. 

Different research groups have frequently observed the complete or partial failure of macrophages 

in producing NO- in cultures containing fetal bovine serum (FBS). MDMs from humans, cattle, 

sheep, goats, badgers, and ferrets in a culture containing FBS were found to be unable to produce 

detectable level of NO- or approximately 20 to 50 fold less than macrophages from chickens 

200,201,210,202–209. FBS contains a considerable amount of immuno-regulatory cytokines and 

bioactive molecules. In addition, each batch of FBS can contain different components at different 

concentrations 211,212. Transforming growth factor-beta (TGF-β) is one of the cytokines that is 

present in FBS in notable concentrations 213. The effect of TGF-β on macrophages in reducing 

scavenger receptors and suppressing the production of NO- has been shown in previous studies 

202,210,214–217. The similarity and difference between the amino acid sequence of the isoform 2 of 

TGF-β among cattle (accession number P21214.3), chickens (accession number P30371.1) and 

humans (accession number P61812.1) can explain the low level of NO- production by human and 

bovine macrophages in the presence of FBS. The isoform 2 of TGF-β in cattle is 99% identical to 

its ortholog in humans and only 89% to that of chickens. Subsequently, the effect of TGF-β on 
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human and bovine cells are likely greater compared to chicken. Therefore, in the current study, a 

serum-free model was developed to measure the functional performance of MDMs. The high level 

of NO- produced by MDMs in this culture system and high correlation that was observed between 

the two repeats of NO- production in response to E. coli showed the robustness of this serum-free 

culture system.  

The considerable phenotypic variation in this study that was observed in the functional 

characteristics of MDMs among individuals is noteworthy. The statistical analysis revealed no 

effect of age, days in milking, days in pregnancy and group of sampling on the results of both 

sample sets (set 1 including 16 cows and set 2 including 58 cows). In addition, the correlation 

coefficient of NO- production against E. coli in two independent experiments was high (r = 0.97). 

Therefore, it was reasoned that the overall variation that was observed in this trait between 

individuals is likely due to the genetics of the host. This hypothesis aligned with the high 

heritability (h2=0.776) that was estimated for the NO- response to E. coli. In addition, the high 

repeatability and heritability showed that the serum-free culture system and stimulation with GM-

CSF is an effective method to evaluate bovine MDMs function in vitro and unmask the genetic 

effects. 

 Another notable finding of this study is the rank correlation between the functional characteristics 

of MDMs. When these functional traits were compared within one pathogen treatment, the rank 

correlation was significant, moderately high and positive (Table 1). These correlating indices of 

phagocytosis and NO- production, 0.61 for E. coli and 0.70 for S. aureus, suggest that increased 

bacterial uptake is providing positive signals that in turn upregulate the pathway of NO- production 

in response to both pathogen treatments. Correlations between phagocytosis and NO- production 
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have been rarely reported and these reports are mainly limited to in vivo experiments or in vitro 

experiments only on MDMs from chickens and mice 200,218.  

 Additionally, the rank correlation was examined in each functional response (phagocytosis or NO- 

production) between the two bacterial treatments. In this case, the correlation indices were positive 

but the difference between the pathogens was large (0.58 for phagocytosis versus 0.92 for NO- 

production). It should be noted that the comparison beyond rank correlation cannot be justified 

and it was avoided in the current study. The lower FI after phagocytizing E. coli in comparison to 

S. aureus (Figure 2) could be due to the intensity of the fluorochrome after labeling the bacterial 

particle. However, the difference in ranking correlation can be explained by the mechanisms that 

macrophages employ to recognize the presence of bacteria and initiate phagocytosis versus 

production of NO-. Gram-positive and negative bacteria display various sets of PAMPs that consist 

of in-common and Gram-specific PAMPs. The Gram-specific PAMPs are recognized by different 

sets of PRRs 219,220. But, NO- is produced through a common pathway following activation of 

macrophages 214,221. Therefore, the lower correlations for phagocytosis can best be explained by 

the utilization of different receptors. In addition, it seems genetic control of the receptors that 

recognize common PAMPs, such as scavenger receptors, AI and AII, contribute to the moderate 

phagocytosis correlation that was observed between the two bacterial species 222. The significant 

and positive correlations between these traits also raise the possibility of using only one of the 

responses as the indicator of functional characteristics of bovine MDMs as a method to classify 

cattle based on MDMs function. The strong positive correlation in NO- production (rho = 0.92) 

along with the notable variation that was observed in NO- response to E. coli (CV = 70%) 

suggested it may be suitable to use NO- response to E. coli as a more general indicator of in vitro 

bovine MDMs function. Therefore, only NO- response against E. coli was evaluated in the second 
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sample set (n = 58 cows). Although the sample size is small in comparison to in vivo studies on 

complex traits, when the phenotype is simple, such as gene expression at tissue level in Holstein 

or NO- response of peritoneal macrophages, approximately 60 samples or less were sufficient to 

identify expression Quantitative Trait Loci or heritability 223,224. This observation is probably due 

to the small effective population size of Holstein (Ne ~115) and the simple genetic nature of the 

measured traits  37,225. In a cellular Genome-wide association study (cGWAS) on human samples, 

352 samples were successfully used to investigate the genetic regulation of B lymphocyte response 

to Salmonella typhi 166. The Ne of the Utah residents with Northern and Western European ancestry 

that samples were collected from in the aforementioned cGWAS has been estimated to be 10,437 

226. Therefore, more samples were required to compensate for the genetic variation in human 

studies.  

The analysis of the phenotypic variation revealed that genetics described 77% phenotypic variation 

of this trait (heritability NO- response to E. coli: 0.776). The heritability of NO- production of 

peritoneal macrophages in in vitro system from mice has also been reported to be very high (broad-

sense heritability of 0.81) 224. The high heritability does not imply that the environment does not 

influence MDMs function in other contexts, but rather that the culture method employed here is 

reliable and consistent enough to reveal the additive genetic variation of this trait.  Therefore, this 

method can be further employed along with -omics technology to better understand the genetic 

control of molecular pathways that shape the response of MDMs. 

In conclusion, the serum-free culture method for bovine MDMs developed in the current study 

was effective in the evaluation of both phagocytosis and NO- production. The results of this study 

are similar to in vivo studies in other species and may provide a feasible approach to measure the 

activity of inflammatory macrophages in cattle and other large animals in a much less invasive 
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way as compared to broncho-alveolar lavage or tissue biopsies. The strong positive correlations 

that were observed between phagocytosis and NO-, along with the high heritability of NO- response 

to E. coli, are likely a reflection of the strong contribution of host genetics on the function of 

MDMs which has been previously reported in mice and human 224,227,228. In addition, this model 

can be used in the future to rank the cows based on their MDMs function and then to look for 

disease associations, as well as to better understand the mechanism(s) that determine the 

magnitude of these responses in MDMs following bacterial challenge. 
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Figure 2.1 Phenotypic characteristics of harvested cells after six days of in vitro incubation in 

serum-free media supplemented with recombinant bovine Granulocyte-macrophage colony-

stimulating factor. a) Autofluorescence of Monocyte-Derived Macrophages (MDMs) (red curve) 

versus monocyte (blue curve), exited by blue laser and the emission was measured by 533/30 filter. 

b) Expression of CD14 on MDMs. The harvested cells were stained with Alexa Flour 647 

conjugated anti-human CD-14 (Clone TÜK4) (red curve) versus unstained sample (blue curve). c) 

Expression of CD205 on MDMs. The harvested cells were stained with phytoerythrin (PE) 

conjugated anti-bovine CD-205 (red curve) and compared against the unstained sample (blue 

curve). The cells were analyzed in BD Accuri™ C6 cytometer. The data from the flow cytometer 

was analyzed and graphed using FlowJo (v. 10). 

  

a)                b)               c) 
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Figure 2.2 Phagocytic activity of monocyte-derived macrophages in response to in-vitro treatment 

with E. coli and S. aureus. Error bars represent the standard deviation from the mean.  

Monocyte-derived macrophages were harvested after 6 days and seeded in 96-well plates at 

concentration of 5×104 per well. The cells were incubated overnight before treatment. Samples 

from each individual were treated with pH-rodo conjugated E. coil (MOI: 5) and S. aureus (MOI: 

10), separately.  The fluorescence intensity of each sample was corrected based on NucBlue stained 

control wells with no bacterial treatment. The graph represented log2 transformation of corrected 

fluorescence intensity as an indication of bacterial uptake. Only relative uptake of each bacterial 

strain can be compared among the samples in this graph due to the possible differences in 

saturation of the pH-rodo on the surface of each bacterial strain. 
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Figure 2.3 Nitric oxide production of monocyte-derived macrophages in response to in vitro 

treatment with E. coli and S. aureus. Error bars represent the standard deviation from the mean. 

Monocyte-derived macrophages were harvested after 6 days in culture and seeded in 48-well plates 

at the concentration of 2×105 per well. The cells were incubated overnight before bacterial 

treatment. Samples from each individual were treated with E. coil (MOI: 5) and S. aureus (MOI: 

10), separately.  The concentration of nitric oxide was determined using the Measure-iT™ High-

Sensitivity Nitrite Assay Kit at 48 hours after treatment. 
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Figure 2.4 Distribution of nitric oxide response. 

Nitrite concentration measured by the Measure-iT™ High-Sensitivity Nitrite Assay Kit in the 

supernatant of monocyte-derived macrophages 48 hours after treatment with Escherichia coli was 

transformed based on the method describe by K Krishnamoorthy et al. in 2008. The transformed 

data were used in subsequent statistical analysis. 
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Table 2.1 The results of Spearman’s rank correlation test (n = 16) between phagocytosis and nitric 

oxide production of E. coli and S aureus. 

 

The Spearman’s rank correlation coefficients (rho) between each pair of functional tests are 

presented in their crossing cell with the p value in the bracket.  
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ABSTRACT 

Reactive Nitrogen Species (RNS) are a group of bactericidal molecules produced by macrophages 

in response to pathogens in a process called oxidative burst. Nitric oxide (NO-) is a member of 

RNS produced from arginine by inducible Nitric Oxide Synthase (iNOS) enzyme. The activity of 

iNOS and production of NO- by macrophages following stimulation is one of the indicators of 

macrophage polarization towards M1/proinflammatory. Production of NO- by bovine monocyte-

derived macrophage (MDM) and mouse peritoneal macrophages has been shown to be strongly 

associated with host genetics with the heritability of 0.776 in bovine MDM and 0.8 in mouse 

peritoneal macrophages. However, the mechanism of genetic regulation of macrophage response 

has remained less explored. In the current study, the transcriptome of bovine MDMs was compared 

between two extreme phenotypes that had been classified as high and low responder based on NO- 

production. The results showed that 179 and 392 genes were differentially expressed (DE) between 

high and low responder groups at 3 and 18 hours after exposure to Escherichia coli, respectively. 

A set of 11 transcription factors (TFs) (STAT1, IRF7, SPI1, STAT4, IRF1, HIF1A, FOXO3, REL, 

NFAT5, HIC1, and IRF4) at 3 hours and a set of 13 TFs (STAT1, IRF1, HIF1A, STAT4, ATF4, 

TP63, EGR1, CDKN2A, RBL1, E2F1, PRDM1, GATA3, and IRF4) at 18 hours after exposure to 

E. coli were identified to be differentially regulated between the high and low responders 

phenotypes. These TFs were found to be divided into two clusters of inflammatory- and hypoxia-

related TFs. Functional analysis revealed that some key canonical intra cellular pathways such as 

phagocytosis, chemotaxis, antigen presentation, and cell-to-cell signalling are enriched among the 

over-expressed genes by high responder phenotype. Based on the results of this study, it was 

inferred that the functional characteristics of bovine MDMs are associated with NO-based 

classification. Since NO- production is strongly associated with host genetics, this study for the 
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first time showed the distinct proinflammatory profiles of macrophages are controlled by natural 

genetic polymorphism in an outbred population. In addition, the results suggest that genetics can 

be considered as a new dimension in the current model of macrophage polarization which is 

currently described by the combination of stimulants, only.    
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INTRODUCTION 

The immune system is an intricate network of cells and molecules, providing several layers of 

protection against pathogens. Approximately, 8,000 genes in human and mouse genomes and 

5,500 genes in the bovine genome are annotated with the “immune response” term (Ensembl, 

release 96) 229. This notable number of the genes represents the complexity of genetic regulation 

of the immune system. Understanding the genetic regulation of immune system in health and 

disease can shed light on many gaps in the current knowledge about individual differences between 

patients in the progress of their diseases and also provide the foundation of precision medicine 

4,230. In livestock, this information can help to breed livestock that is naturally more resistant to 

diseases and help to reduce the use of antibiotics on farm 231. However, investigating genetic 

control of the immune system is remarkably challenging. Besides the number of genes controlling 

this system, environmental and physiological factors, and the dynamic interactions between the 

host-pathogens and host-microbiota have been limiting factors to precisely determine the causal 

mechanism in resistance or susceptibility to disease 231. One of the primary barriers has been an 

optimized strategy to measure susceptibility or resistance, particularly in the context of complex 

disease traits 13,231. Recently, along with technical advances in cellular biology and genetics, 

reductionist approaches are gaining more attention to reduce the complexity of the various 

interactions by investigating a sub-system instead of the whole immune system 4,70,232. In the 

reductionist approaches, the interaction of the sub-system with pathogens are examined in a 

controlled environment. In this approach, the performance of the sub-system is the criterion of 

classification, instead of the holistic approach that is based on the outcome of infection 233,234. Due 

to the fact that the sub-system, i.e. a cellular function, is regulated by a limited number of genes 
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under a controlled environment, the probability of finding causal mechanisms is much higher in 

comparison to holistic approaches 37,234.  

Among cells and molecules of the immune system, macrophages are the cornerstone of the innate 

immune system. They are equipped with a wide range of functions from pro-inflammatory (at the 

beginning of infection) to anti-inflammatory and wound healing (at the end of infection). These 

cells are among the first responder to infections.  Macrophages are present in tissues either before 

the exposure to pathogens, Tissue-Resident Macrophages (TRM), or they are transformed from 

monocytes after the exposure to pathogens, Monocyte-Derived Macrophages (MDM) 189,191,235. 

During inflammation, MDMs play a crucial role in eliminating the pathogens, attracting cells of 

the adaptive immune system to the tissue, and re-stimulating the lymphocytes as they enter into 

the inflamed tissues 192. Phagocytosis and production of Reactive Oxygen and Nitrogen Species 

(ROS and RNS) via oxidative burst process are the main microbicidal functions of macrophages 

236. Nitric oxide (NO-) is a member of the RNS produced by macrophages with strong bactericidal 

activity 237. Inducible Nitric Oxide Synthase (iNOS) utilize L-arginine and NADP+ to produce 

NO-. However, L-arginine can be used by Arginase 1 (Arg1) to produce polyamines 214. The 

magnitude of utilization of L-arginine by iNOS or Arg1 has been documented to be associated 

with the proinflammatory profile of macrophage, also known as M1 and M2 polarization 238,239. 

Although the detailed mechanism of macrophage polarization in regard to stimulation is very well 

known and the individual variation in cytokine production in human population has been reported, 

the mechanism of genetic regulation has remained unanswered 240. Recently, the reductionist 

approach was utilized to investigate the effect of host genetics on the in vitro functional variation 

of bovine MDM in response to Escherichia coli (E. coli). The study revealed notable individual 

variation in NO- production and also positive correlation between the phagocytic ability of MDMs 
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and NO- production. Furthermore, the results showed that the genetics of the host determined 77% 

of the phenotypic variation in NO- production 77. However, it is not known if individual variation 

in production of NO- in response to one stimulant is associated with overall distinct 

proinflammatory profiles of macrophages, similar to distinct macrophage inflammatory profile in 

response to different stimulants. Based on the literature, it was hypothesized that the inflammatory 

profile of MDMs differs between classes of macrophages ranked based on NO- production 241,242. 

In addition, the observed functional variation in the response of MDMs to bacterial treatment is 

expected to be governed through the differences in the abundance of intracellular signalling 

components. In the current study, MDMs from cows that were previously classified into high and 

low responder groups based on the in vitro NO- response were stimulated with E. coli and the 

transcriptome of MDMs at two time points were analyzed by RNA-Seq technology. The 

differentially expressed genes were identified based on the in vitro phenotype, corrected by 

untreated controls in each time point. Functional analysis was performed to identify intra-cellular 

pathways and to predict the biological consequence associated with the phenotypic class of 

MDMs. 

MATERIAL AND METHODS 

Monocytes-Derived Macrophages and E. coli Stimulation 

Blood samples were collected from the tail vein of 6 Holstein mid-lactating cows from the research 

herd at the University of Guelph. Based on our previous study 77, these samples were divided into 

high (n = 3) and low (n = 3) responder groups based on in vitro NO- response to E. coli. The 

average of NO- response 48 hours after the challenge was 13.1 µM (Standard Error: 0.66) and 5.3 

µM (Standard Error: 0.47) for high and low responder groups, respectively (p-value of T-test 

between high and low responder groups was < 0.002). The MDMs were generated in a serum-free 
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culture system by the method previously published 77. Briefly, blood Mononuclear Cells (BMCs) 

were purified based on the gradient centrifuge separation method and cultured for 2 hours in 

Monocyte Attachment Medium (PromoCell, Heidelberg, Germany) at 37 °C. Non-adherent cells 

were removed and the medium was replaced with AIM V® Medium (Thermo Fisher Scientific 

Inc., Mississauga, ON) in the presence of 5 ng/ml recombinant bovine Granulocyte-macrophage 

colony-stimulating factor (GM-CSF, Kingfisher Biotech, St. Paul, MN) and 5% CO2. After six 

days of incubation, the culture flasks were vigorously washed to remove any dead cells before the 

harvest. Adherent cells were detached from the flask using TrypLE™ Select Enzyme (Thermo 

Fisher Scientific Inc., Mississauga, ON). Phenotypic characteristics of macrophages (strong auto-

fluorescence, CD14+, CD205-) were analyzed using flow cytometry to determine the proportion of 

macrophages among the harvested cells. MDMs from each sample were seeded in 4 wells in two 

24-well plates in AIM V® at the concentration of 0.4 x 106 cells per well. Each plate was assigned 

to one time-point. One well of each sample was assigned as the control and the other well was 

exposed to E. coli (MOI: 5). 

RNA Isolation, Library Construction and Sequencing 

At 3 and 18 hours after treatment, total RNA was extracted from all four wells, using TRIzol 

Reagent (Thermo Fisher Scientific Inc., Mississauga, ON) according to the manufacturer's 

protocol. Briefly, 1 ml of Trizol Reagent was used to extract total RNA from 0.4 × 106 MDMs 

based on company’s recommendation. The extracted samples were treated with DNase to remove 

any possible DNA contamination. The quantity of the purified RNA samples was measured by the 

RNA High Sensitivity kit in the Qubit Fluorometric Quantification system (Thermo Fisher 

Scientific Inc., Mississauga, ON) and the qualities were checked by the 2100 Bioanalyzer (Agilent, 
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Santa Clara, CA). The average of RNA integrity numbers was 9.3 (standard deviation = 0.50), 

indicating good RNA quality 243. 

Library construction was performed using the TruSeq Stranded mRNA Libraries Prep kit (Illumina 

Inc. San Diego, CA). Adapters were ligated to the ends of double-stranded cDNA and PCR 

amplified to create libraries 243,244. An equal amount of each library was pooled together and was 

paired-end sequenced in HiSeq-4000 system (Illumina Inc. San Diego, CA) to generate 150 bp 

reads.  

Bioinformatics Analysis 

Differentially Expressed Genes: 

Sequencing reads were filtered for quality and removing the index (universal Illumina index) using 

Trimmomatic in the pair-end mode 245. Nucleotides with quality of less than 30 (in Phred score) at 

the beginning or the end of the reads were removed 243,246. In addition, reads shorter than 100 bp 

or with quality of less than 20 (in Phred score) in 5 adjacent base pair were removed from the 

analysis. The quality of the reads was checked by FastQC (v. 0.11.5) before and after trimming 

247. At the next step, clean reads were mapped to the bovine reference genome (UMD 3.1, Release 

94) by using Spliced Transcripts Alignment to a Reference (STAR) v. 2.7.0a 248,249. The quantity 

of expression per annotated genes was calculated by using RNA-Seq by Expectation Maximization 

(RSEM) package (v. 1.3) 250. The raw count data were imported by R’ Bioconductor package 

“tximport” (v 1.10.1) and analyzed by DESeq2 (v. 1.22.2) by employing negative binomial GLM 

fitting approach 251,252. Every sample was numbered within a phenotype and consisted of two reads 

files, treated and control. The model term in DESeq2 was designed to calculate the differential 

expression in fold change (FC) between the phenotypes in the treated group after accounting for 

the expression level of the respective control sample. To correct for multiple comparison error, p-
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values for each gene was adjusted based on the Benjamini and Hochberg method 253. Genes with 

the absolute FC of greater than 1.5 and adjusted p-value of less than 0.1 were considered 

Differentially Expressed (DE). 

Functional Analysis: 

The output of DESeq2 analysis was imported to Ingenuity Pathway Analysis (IPA) cloudware 

(QIAGEN, Redwood City, www.qiagen.com/ingenuity), to identify Gene Ontology (GO) terms, 

metabolic pathways, upstream regulators and functional networks among the DE genes 254. The 

“core analysis” function in IPA was used as per suggested by the manual with following criteria: 

removing genes with an ambiguated identifier (unmapped), absolute log2 FC of less than 0.58, and 

q-value of less than 0.1. The Fisher Exact test followed by adjusting p-value based on the 

Benjamini and Hochberg method was used by the IPA to identify statistically significant enriched 

pathways and functional networks. The interaction between the DE genes were investigated using 

the Search Tool for Retrieval of Interacting Genes/Proteins (STRING, v. 11) 255.  

RESULTS 

At 3 hours after treatment, the average number reads which passed the quality control was 18.1 

and 15.6 million reads per sample for the control and treatment group, respectively. In both groups, 

more than 96% of the reads were uniquely mapped to the bovine reference genome. Comparing 

the gene expression between the two phenotypic groups, 179 genes were identified with the 

absolute FC of >1.5 and the FDR < 0.05 (Figure 1, Supplementary Table 1). Among these genes, 

174 genes were over expressed in the high NO- responder group and 5 genes were more expressed 

in the low NO- responder group. The average of FC in the top 10 over expressed genes was 8.55 

(average DESeq2 base mean of 926.1) and the average of the 5 DE genes more expressed in the 

low NO- responder group was 2.39 (average DESeq2 base mean of 568.0). 
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At 18 hours after treatment, the average number reads which passed the quality control was 21.5 

and 21.7 million reads per sample for the control and treatment group, respectively. In both groups, 

more than 95% of the reads were uniquely mapped to the bovine reference genome. Comparing 

the gene expression between the two phenotypic groups, 392 genes were identified with the 

absolute FC of >1.5 and the FDR < 0.05 (Figure 2, Supplementary Table 2). Among these genes, 

326 genes were overexpressed in the high NO- responder group and 66 genes were more expressed 

in the low responder NO- group. The average of FC for the top 10 overexpressed genes was 9.32 

(average DESeq2 base mean of 1249.7) and the average of the top 10 more DE expressed genes 

in the low responder NO- group was 3.59 (average DESeq2 base mean of 2435.7). Among DE 

genes at both 3 and 18 hours after E. coli treatment, 55 genes were in common (Figure 3). 

It is worth emphasizing that the DE genes that were identified in this study are not only corrected 

against the untreated control, but the FCs in the expression are calculated based on the differences 

between two groups of genetically distinct MDMs. These two groups were exposed to the same 

bacteria with exactly similar MOI in a similar environment. The only difference between these 

two groups was their genetic architecture as we have previously shown 77. 

The list of DE genes was analyzed in IPA. In this analysis, FDR of 0.1 and absolute log2FC of 

0.58 (equal to 1.5 FC) were set as the criteria to maximize discovery of the pathways that are 

associated with different phenotypes. At the first step of the analysis, 8 and 18 canonical pathways 

were identified with FDR <0.05 and z score of ≥ 2, at 3- and 18-hours post-treatment, respectively 

(Figure 4 and 5). Of note, FC-γ mediated phagocytosis, and 3-phosphoinositide biosynthesis 

pathways were identified to be associated with high responder groups at the first time point (3 

hours, Figure 4). At the 18 hour time point, production of NO- and reactive oxygen species, Th1 



60 
 

pathway, inflammasome pathway and leukocyte extravasation signalling were among the 

associated pathways with MDMs phenotypic groups (Figure 5). 

All DE genes were screened using IPA to predict the upstream regulators. At both time points, 

lipopolysaccharide (LPS) was identified as the most probable upstream regulator of DE genes with 

the z-score of 9.00 and p-value of 1e-58 at the second time point (Supplementary Figure 1). 

Transcription factors are known to be the master regulators of macrophage functions 256,257. After 

applying a filter to only include transcription factors 11 TFs (STAT1, IRF7, SPI1, STAT4, IRF1, 

HIF1A, FOXO3, REL, NFAT5, HIC1, and IRF4) were identified with activation z scores ≥ |2|, p-

value between 1.06e-3 to 1.45e-14 and log2FC > |0.58| at the first time point (Supplementary Table 

3). At the second time point, another set of 13 TFs (STAT1, IRF1, HIF1A, STAT4, ATF4, TP63, 

EGR1, CDKN2A, RBL1, E2F1, PRDM1, GATA3, and IRF4) were identified with activation z score 

≥ |2|, p-value between 3.37e-7 to 1.41e-24 and log2FC ≥ |0.53| (Supplementary Table 4). The 

interaction analysis revealed that these TFs form one network, composed of two clusters at each 

time point. One of the clusters contained TFs with roles in regulation of inflammatory responses 

and the other cluster contained TFs with roles in response to hypoxia and regulation of the 

metabolic process of macrophages (Figure 6). 

The list of DE genes was also screen by IPA, to predict cellular process and biological functions 

that are downstream of DE genes.  Among 45 categories of disease and function including 502 

different pathways, the top 5 categories based on the proportion of members with z-scores ≥ 2 

were identified as “Free Radical Scavenging” (100%, 3 members), “Cell-To-Cell Signalling and 

Interaction” (53%, 38 members), “Immune Cell Trafficking” (53%, 32 members), Cellular 

Response” (48%, 41 members), “Inflammatory Response” (29%, 51 members), and 

“Hematological System Development and Function” (23%, 84 members) at 3 hours post-treatment 
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(Supplementary Figure 2, Supplementary Table 5). At 18 hours after treatment, the top 5 categories 

with most members with z-scores ≥ 2 were identified as “Cell-To-Cell Signalling and Interaction” 

(80%, 60 members), “Immune Cell Trafficking” (78%, 41 members), “Cellular Movement” (68%, 

51 members), “Cellular Function and Maintenance” (59%, 39 members), “Hematological System 

Development and Function” (58%, 96 members). Also, it should be noted that “Inflammatory 

Response” (48%, 81 members) was the 6th category at 18 hours post-treatment (Supplementary 

Figure 3, Supplementary Table 6).  The detailed heat maps and tables for the categories of the 

“cell-to-cell signalling and interaction” and “inflammatory response” are presented in the 

Supplementary Figures 5 – 8 and Supplementary Tables 7 - 10. 

At the last step of the analysis, upstream regulators and downstream impacts along with DE genes 

were combined in IPA to predict the most probable network of the signalling pathways and 

biological consequences, simultaneously.  The most probable network consisted of 5 transcription 

regulators, 29 DE genes that are directly linked to them and 6 biological consequences that are 

directly or indirectly linked to the DE genes and transcription factors (Figure 7). Downstream 

Biological impacts that were predicted to be positively associated with the high NO- responder 

group included: “Antimicrobial Response”, “Antiviral Response”, Innate Immune Response”, 

“Activation of Antigen Presenting Cells”, and “Activation of Macrophages”. In addition, 

“Infection of Mammalia” was predicted to be negatively associated with the high responder group 

(Figure 7). 

DISCUSSION 

Reductionist approaches, such as in vitro models and single-cell analysis, have been instrumental 

in advancing the understanding of the mechanisms that control immune responses by mimicking 
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host-pathogen interactions under experimental challenge designs 4. Likewise, Genome-Wide 

Association Studies (GWAS) have been successful in detecting many Quantitative Trait Loci 

(QTL) that are associated with complex traits such as disease resistance 258. However, the 

combination of these two approaches has recently been explored as an alternative method to 

investigate the genetic regulation of disease resistance. Expression QTL (eQTL) and high-

throughput human in vitro susceptibility testing (Hi-HOST) are just two examples of utilizing the 

reductionist approach in genetic studies 232,234,258,259. Our group has recently reported notable 

individual variation in NO- production of bovine MDMs. This cellular phenotype was strongly 

associated with host genetics. The heritability of NO- production was 77%, similar to the 

heritability of NO- production by peritoneal macrophages in mice 77,224. These findings showed 

that NO- production could be considered as a genetic index to classify MDMs. The next step was 

to investigate if the NO-based classification could represent two functionally distinct groups. 

Therefore, in the current study, the whole transcriptome of MDMs with opposite NO-based 

phenotypes was compared during the response to E. coli to identify differentially regulated intra-

cellular mechanisms and also to investigate if the DE genes could impact functional characteristics 

of MDMs. Although analyzing the transcriptome reveals an unbiased gene expression, the results 

are a snapshot in time and cannot represent the dynamic regulation of macrophage functions. This 

limitation can be overcome by employing more than one time point and bioinformatic methods 

(i.e. in-silico prediction) to expand the snap-shot picture of gene expression in time, retrospectively 

(upstream regulators) and prospectively (downstream functions).  

The DE genes were the first indicator of differentially regulated gene expression associated with 

NO-based classification. Among DE genes, only approximately 10% of DE genes were in common 

between the two time points, (Figure 3). A similar pattern of time-dependent gene expression in 
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bovine MDMs has been reported in response to Mycobacterium avium subspecies 

paratuberculosis and Mycobacterium bovis 260,261. Although the number of DE genes in the current 

study seems to be lower than other studies on bovine MDMs (8 to 10 times less than comparable 

studies), the DE genes and FC reported in the current study are the result of a comparison between 

two challenged groups, not a challenged group versus a control group (a common design in 

immunological studies). It is worth emphasizing that the only difference between the two 

challenged groups was their genetic background classified based on ability to produce NO-. 

Therefore, these results indicate that genetics affects gene expression in a time-dependent manner, 

and it should be considered in studies on mRNA expression.   

Functional annotation analysis followed by in-silico prediction of the upstream regulator and 

downstream functions of DE genes revealed some key differences between high and low NO- 

responder groups. Although some of these results are not surprising, they can indirectly indicate 

the absence of noise in the data set and the likelihood of accuracy of the obtained results. For 

instance, at both time points, LPS was found to be the most probable upstream regulator in this 

experiment by using an unsupervised algorithm by IPA. LPS is one the most abundant Pathogen 

Associated Molecular Pattern (PAMP) on the surface of Gram-negative bacteria (i.e. E. coli), and 

it perfectly aligns with the treatment that was used in this study 262. Therefore, likely, other 

upstream regulators were also accurately predicted such as transcription factors. The STAT1, 

STAT4, IRF1 and HIF1A that were predicted in the current study as the upstream regulators 

associated with NO-Based index at both 3 and 18 hours after treatment (Supplementary Table 11 

and 12), are all known key transcription regulators that shape the proinflammatory response of 

macrophages 263–265. In a mouse model, IRF8, IRF1, STAT1 and PU.1 have been shown to be key 

regulators of macrophage proinflammatory and antimicrobial response by using the combination 
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of ChIP-Seq and RNA-seq techniques. Specifically, IRF1 and STAT1 were shown to attached to 

the cis-regulatory region of iNOS. The NO- production of macrophages was completely abrogated 

in irf1-/- mouse 257.  In the current study, IRF1, STAT1 and SPI1 (gene that encodes PU.1) were 

differentially expressed at the 3 hour time point. In addition, the expressions of IRF8, IRF1, and 

STAT1 were differentially expressed at the 18 hour time point. Although it should be noted that 

FDR p-value of IRF8 and SPI1 was not significant in our study, their unadjusted p-values were 

less than 0.05. In five species of non-human primates, a conserved regulatory binding site for 

STAT1, HIF-1, NFAT5 that controls the expression of iNOS has been previously reported 266. In 

addition, interactions between HIF-1 and IRF-1, and HIF-1 and STAT1 have also been reported in 

mice, and these regulate the expression of iNOS and induce apoptosis in cancer cells 266,267. 

Although, this information supports the association between NO-based phenotypes and these TFs 

(summarized in Figure 8) the genetic control in expression of these TFs seems to be less clear. 

Based on the design of the current study, it is possible to infer that the expressions of these TFs 

are genetically regulated. Although the mechanism of genetic regulation remained unanswered, it 

can be expected that simple genetic mechanism such as linkage disequilibrium cannot explain the 

variation in their expression. These TFs are located on 3 different chromosomes on the bovine 

genome (STAT1 and STAT4 on Bovine Autosomal Chromosome (BTA)-2, IRF1 on the BTA-7 

and HIF1A on the BTA-10) and it is unlikely to expect that their expressions are controlled via a 

physical linkage. Whether there is one mutation in one regulatory molecule upstream of all these 

TFs or another mechanism that links and regulates the expression of these TFs needs to be further 

investigated. The presence of two clusters among differentially regulated TFs should also be noted. 

Markedly, the cluster that contains TF with role in response hypoxia (HIF1A) is growing during 

the time (Figure 6). The expression of HIF1A after stimulation of macrophage with LPS has been 



65 
 

previously documented. The role of HIF1A in regulation of metabolic process and pro-

inflammatory characteristics of macrophages is also known 268,269. However, the results of the 

current study suggest a genetic regulation mechanism on activation of HIF1A. In addition, due to 

the role of HIF1A in trained immunity 270, the current study indicates the possibility of genetic 

effect on trained immunity in outbred populations. This hypothesis needs further investigation on 

identifying genetic markers that are associated with trained immunity, macrophage polarization, 

response to hypoxic and oxidative stress in macrophages.   

Among enriched canonical pathways at the 3 hour time point, “Fcγ Receptor-mediated 

Phagocytosis in Macrophages and Monocytes” is notable. We have previously shown a strong and 

significant correlation between NO- production and phagocytosis in bovine MDMs in response to 

E. coli and S. aureus 77. The VEGF signalling pathway, enriched at 3 hours, regulates angiogenesis 

and lymphangiogenesis in the host during inflammation. The association between VEGF pathway 

and macrophages NO- production has been previously reported in mice and plays a vital role in 

antigen clearance and regulation of inflammation 271–273. Similarly, the PI3k-dependent pathways 

have different roles in the cells of the immune system from the regulation of metabolism to down-

regulation of inflammation and macrophage polarization 274,275. Inhibition of this pathway has 

resulted in a reduction of proinflammatory cytokine expression in response to LPS in THP-1 

derived macrophages 276. 

The enriched pathways at 18 hours are either directly related to proinflammatory responses (i.e. 

STAT3 277, iNOS signalling, Inflammasome pathways 278 and IL-2 Signalling 279, or they show 

inflammatory status in a tissue or an organ (i.e. Neuroinflammatory Signalling pathway) (Figure 

5). The “Production of Nitric Oxide and Reactive Oxygen Species in Macrophages” pathway had 

the lowest p-value and “Inflammasome Pathway” was the most enriched pathway (20%) among 
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all pathways. Although it is not surprising to find nitric oxide pathway is enriched in this data set, 

it indicates the accuracy of the methods that were employed in the current study, from the wet lab 

(cell culture, stimulation and measuring the NO- response) to the bioinformatic analysis (trimming 

and aligning the reads, quantifying the expression level and thresholds for DE genes). The most 

enriched pathways at 18 hours timepoint (“Inflammasome Pathway”) is also a known pathway to 

induce NO- production in macrophages 278. The epigenetic mechanism of interactions between 

inflammasome, PARP-1 and iNOS has recently been reported in mice 280. The inflammasome 

pathway that is enriched based on DE genes in the current study, its association with the level of 

NO- production and the stimulator that was used here (E. coli), align with this recent discovery.  

Combining of all these pathways resembles a distinct proinflammatory profile between high and 

low NO- responder groups as it is illustrated in Supplementary Figure 7 and Supplementary Table 

9 and 10. The “Inflammatory Response”, “Cell-to-Cell Signaling”, “Cellular Movement” and 

“Immune Cell Trafficking” were predicted to be significantly associated with the high responder 

phenotype at both time points (Supplementary Table 5 - 10). These predicted functions can 

constitute a distinct immunological response such as stronger antimicrobial and antiviral 

responses, a higher level of antigen presentation in the high NO- responder groups which can lead 

to stronger innate responses and reduced infection (Figure 7). Since these biological impacts of 

DE genes are predicted based on previously published literature, these predicted functions need to 

be validated in future studies using in vivo experiments.    

It is also worth looking at the results of the current study from the lens of the macrophage 

polarization paradigm. Macrophages are known to be polarized with distinct characteristics in a 

continuum of phenotypes from M1 (pro-inflammatory) to M2 (anti-inflammatory), with many 

stages in between 241,242,256. This polarization is classified based on the stimulatory signals that 
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macrophages receive, but this concept has been mainly generated from studies using inbred mice 

models. In the current study, both phenotypes (low and high responders) received the same 

stimulatory signal (GM-CSF and E. coli under the same environmental condition), but their 

functional characteristics seem to be distinct. Therefore, genetics can add a second dimension to 

the linear continuum of the macrophage polarization model. The expression of M1-associated 

genes such as STAT1 (FC= 1.62, FDR= 0.002), IRF1 (FC= 2.44, FDR= 2.83e-11), HIF-1A (FC= 

1.44, FDR=0.046), IL8 (FC= 2.2, FDR= 1.48e-4), CCL5 (FC= 5.83, FDR= 0.04), iNOS (FC= 2.26, 

FDR= 1.89e-4), CD38 (FC= 1.91, FDR= 0.023) and CD14 (FC= 1.60, FDR= 0.005) were found 

to be significantly more expressed in this high responder group 241,242,256,281,282. Whereas, the 

expression of M2-associated genes such as MYC (FC= -1.83, FDR= 0.031), GPNMB (FC= -2.0, 

FDR= 4.34e-4), MSR1 (FC= -1.85, FRD= 0.010), DHCR24 (FC= -1.79, FDR= 0.016) and LGMN 

(FC= -2.86, FDR= 1.14e-9) are more expressed in low NO- responders 238,283–286. It should also be 

noted that the expression of GATA3 and IRF4, known M2-associated TFs 242, were predicted to be 

inhibited in high responder group (or activated in low responder group) based on DE genes at 18 

hours (Supplementary Table 4). Based on these results, there is a notable overlap between NO-

based classification of bovine MDM in the current study and M1/2 macrophage polarization in 

mice or human. These results indicate that stimulatory signals are not the sole determinant of 

macrophages polarization, and the phenotype is shaped in the interaction between genetic and 

stimulatory signals (also known as gene by environment effects). 

In conclusion, the results of this study indicate a distinct proinflammatory profile between MDMs 

that are classified based on NO- production. It is also predicted that cattle that are classified as high 

NO- responder will likely mount a stronger innate response and have a lower incidence of 

infectious disease when NO- is required to help control infection. Moreover, this genetically-
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depended distinct proinflammatory response might be able to describe the individual differences 

in the progress of some infectious diseases that are linked to inflammatory responses, such as 

Johne's disease in cattle or Crohn’s disease in human. A notable difference in the progress of these 

diseases has been reported to be associated with the inflammatory response of the host. Therefore, 

the NO-based classification might be able to provide a platform to investigate the genetic 

mechanism(s) that shapes the outcome of host infection. 

  



69 
 

Figures and Tables 

Figure 3.1 Volcano plot of mRNA expression in monocyte-derived macrophage at 3 hours after treatment with Escherichia coli. 

Fold changes in expression are calculated by deducting the expression value of low responder group (treated samples, n= 3) from high 

responder group (treated sample, n =3) and adjusted for untreated groups (n = 3/phenotype) within each phenotype.   
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Figure 3.2 Volcano plot of mRNA expression in monocyte-derived macrophage at 18 hours after treatment with Escherichia coli. 

Fold changes in expression are calculated by deducting the expression value of low responder group (treated samples, n= 3) from high 

responder group (treated sample, n =3) and adjusted for untreated groups (n = 3/phenotype) within each phenotype.   
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Figure 3.3 Venn diagram of differentially expressed genes in monocyte-derived macrophages at 3 and 18 hours after stimulation with 

Escherichia coli.  
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Figure 3.4 Canonical pathways associated with differentially expressed genes at 3 hours after treatment. 

The density of orange colour in each column represent the positive activation z-score (all these pathways > 2.0). The orange line 

represents the FDR p-value for each pathway (all pathways < 0.05). 
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Figure 3.5 Canonical pathways associated with differentially expressed genes at 18 hours after treatment. 

The density of orange colour in each column represent the positive activation z-score (all these pathways > 2.0). The orange line 

represents the enrichment ratio for each pathway (all pathways < 0.05). 
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Figure 3.6 The interaction network among the differentially regulated transcription factors 

The interaction network among the transcription factors that were differentially regulated between the extreme phonotypes of high and 

low responder based on production of nitric oxide after 3 (a) and 18 (b) hours exposure to Escherichia coli. The differentially regulated 

transcription factors were analyzed using the Search Tool for Retrieval of Interacting Genes/Proteins (STRING, v.11). The inflammatory 

cluster is represented by the red and the hypoxia-related cluster is represented by green. 

 

  

  

a.        b.  
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Figure 3.7 The network of transcription factors, overexpressed genes, and the downstream impacts. 

The network of transcription factors (upstream regulator, top line), overexpressed genes in high responder group at 18 hours after 

treatment with Escherichia coli (middle line), and the downstream impacts (bottom line). Orange represents activation; blue represents 

inhibition, yellow represent inconsistent prediction and grey indicate the absence information to predict the effect.   
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Figure 3.8 Summary of interaction between inducible nitric oxide synthase and lipopolysaccharide as one of the main pathogens 

associated molecular pattern on Escherichia coli. 

Summary of interaction between the four transcription factors that were in common between the two time points, and NOS2 (inducible 

nitric oxide synthase gene) and lipopolysaccharide as one of the main pathogens associated molecular pattern on Escherichia coli. The 

number under each gene symbol is the log2 fold change at 18 hours post-treatment data set. Over-expression in high responder group 

(or under-expression in low responder group) is represented by the density of red and under-expression in high responder group (or 

over-expression in low responder group) is represented by green. 
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Please see the supplementary Excel file for the tables. 

 

Table 3.1 Gene Expression and statistical results of the comparison between high and low responder phenotype at 3 hours. 

Table 3.2 Gene Expression and statistical results of the comparison between high and low responder phenotype at 18 hours. 

Table 3.3 List of activated/inhibited transcription factors at 3 hours after treatment in monocyte-derived macrophage. 

Table 3.4 List of activated/inhibited transcription factors at 18 hours after treatment in monocyte-derived macrophage. 

Table 3.5 List of disease and biological functions that are predicted to be increases or decreased in high responder group based on 

differentially expressed genes at 3 hours. 

Table 3.6 List of disease and biological functions that are predicted to be increases or decreased in high responder group based on 

differentially expressed genes at 18 hours. 

Table 3.7 List of biological functions in the cell-to-cell signaling category in disease and biological functions that are predicted to be 

increases in high responder group based on differentially expressed genes at 3 hours. 

Table 3.8 List of biological functions in the cell-to-cell signaling category in disease and biological functions that are predicted to be 

increases in high responder group based on differentially expressed genes at 18 hours. 
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Table 3.9 List of biological functions in the "Inflammation" category in disease and biological functions that are predicted to be increases 

or decreased in high responder group based on differentially expressed genes at 3 hours. 

Table 3.10 List of the biological functions in the "Inflammation" category in disease and biological functions that are predicted to be 

increases or decreased in high responder group based on differentially expressed genes at 18 hours. 

 



79 
 

Chapter 4: Genetic Regulation of Response to 

Oxidative Burst-Induced Hypoxia is Strongly 

Associated with Bovine Macrophage Inflammatory 

Profiles as Revealed by Cellular Genome-Wide 

Association 

Mehdi Emam1,2, […], Bonnie Mallard1,2 

1Department of Pathobiology, Ontario Veterinary College, University of Guelph, Guelph, 

Ontario 
2Center for Genetic Improvement of Livestock, Department of Animal Biosciences, University 

of Guelph, Guelph, Ontario 

 

 

 

 

 

 

In preparation to be submitted to a peer-reviewed journal  



80 
 

ABSTRACT 

In mammalian species, hypoxia is a prominent feature of inflammation, including at sites of 

infection and autoimmune disorders.  The role of hypoxia in regulating macrophage responses via 

alteration in metabolic pathways is well established. Recently, oxidative burst-induced hypoxia 

has been shown in murine macrophages after phagocytosis. Despite the available detailed 

information on the regulation of macrophage function at proteomic, transcriptomic and 

epigenomic levels, the genetic control of macrophage function has been less explored. In Chapter 

3, we have shown that host genetics controls approximately 80% of individual variation in 

oxidative burst as measured by nitric oxide (NO-) production by bovine monocytes-derived 

macrophages (MDM) in an in-vitro setting. Also, NO- production can be used as an index to 

investigate individual variation in macrophage function. Further studies revealed that one network 

of transcription factors composed of two clusters (hypoxia-related and inflammatory-related) is 

under the genetic control that shapes the pro-inflammatory characteristics of macrophages.  In the 

current study, we have identified 60 SNPs on 22 chromosomes of the bovine genome that are 

significantly associated with NO- production of macrophages. The functional genomic analysis 

showed a significant interaction between genes that are nearby significant SNPs (±50K bp) and 

mitochondria-related differentially expressed genes from the previous study. Further examination 

showed 7 SNPs located in the vicinity of genes with roles in response to hypoxia, shaping 

approximately 73% of the observed individual variation in NO- production by MDM. Regarding 

the normoxic condition of macrophage culture in this study, it was hypothesized that oxidative 

burst is responsible for causing hypoxia at the cellular level. The results suggest that the genetic 

regulation of response to hypoxia is the critical step that shapes macrophage functional 

characteristics in the pathway of phagocytosis leading to oxidative burst, hypoxia, cellular 
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response to hypoxia and finally the proinflammatory responses. Since all cells in one individual 

carry the same alleles, the effect of genetic predisposition of sensitivity to hypoxia will likely be 

notable on the clinical outcome to a broad range of host-pathogen interactions.  
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INTRODUCTION 

Macrophages are crucial players in both the innate and adaptive immune responses. These cells 

are equipped with mechanisms to destroy pathogens, regulate inflammation and present antigens 

to the cells of the adaptive immune system 192,235. In addition, macrophages are known as effector 

cells in antibody-mediated immune responses 287. During steady-state, macrophages in some 

organs (i.e. liver) are generated from embryonic precursor while in some other organs, they are 

constantly replenished by monocytes (e.g. intestine) 186,191,288. The difference in the origin of 

macrophages during infections does not vary between most of the tissues as macrophages are 

mainly monocyte-derived 186. The genetic and epigenetic mechanisms of the monocyte 

transformation to macrophages, and biological pathways that are employed by macrophages in 

various actions, have been reported in detail by various research groups 241,257,284,289–292. However, 

the genetic mechanisms that control the magnitude of the macrophage functional characteristics 

have remained less investigated 293,294. For instance, the paradigm of macrophage polarization 

between the two extremes of M1 and M2 in respect to stimuli combination, epigenetic mechanism 

and the transcriptomic profile have been reported in detail 295, but the effect of host genetics on 

macrophage polarization in response to stimulation, epigenetic mechanism and transcriptomic 

profile have been less investigated. Our group has recently used the magnitude of macrophage 

nitric oxide (NO-) production in response to Escherichia coli (E. coli) as an index to reveal the 

effect of host genetics on functional characteristics of monocyte-derived macrophages (MDM)77. 

This recent study of bovine MDM, as well as a report from a study using a mouse model, have 

shown that approximately 80% of the individual variation is described by the host genetics 77,224. 

The follow up study on the transcriptome of MDM that were classified based on NO- level, showed 

a distinct inflammatory profile between high and low NO- responder groups. The bioinformatic 
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analysis then revealed that activation of the Hypoxia-induced factor-1α (HIF1A) pathway was 

positively associated with NO- production ability of MDM (Chapter 3). 

Induction of the HIF1A pathway in macrophages after exposure to pathogens or stimulation with 

a pathogen-derived component such as lipopolysaccharide has also been reported by other groups 

269,296. From the cellular metabolic point of view, mitochondria are known as the regulators of 

cellular metabolism and the main intracellular organelle to regulate oxygen and energy metabolites 

in cellular function 297,298. The role of mitochondria in response to hypoxia is very well documented 

299. In addition, mitochondria have recently gained attention as a master regulator of intracellular 

signalling with an important role in inflammation 300,301. Specifically, the role of mitochondria in 

the regulation of macrophage function and its association with intracellular NAD(P)H content have 

been reported 302–304. However, the genetic mechanism that might regulate macrophages function 

via mitochondria has remained less clear.   

In the current study, it was hypothesized that the magnitude of a macrophage inflammatory 

response is associated with polymorphism in genes that interact with mitochondria. In order to test 

this hypothesis, NO- response of bovine MDM against E. coli was measured as the phenotypic 

index of the inflammatory response. A genome-wide association analysis was employed to 

discover the genetic polymorphisms that are associated with the NO- index.  As the last step, the 

interactions between the genes nearby significant SNPs and mitochondria-related genes were 

investigated. 
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MATERIAL AND METHODS 

Animals 

Fifty-eight lactating Holstein cows were selected for this study from the University of Guelph 

Dairy Innovation Centre herd. These animals were not diagnosed nor treated for any diseases in 

the lactation period when samples were collected. Blood samples were collected as part of a 

previous study in groups of 12 individuals per sampling visit (Chapter 2).  All the procedure and 

handling of the animals were approved by the animal care committee of the University of Guelph. 

Although the sample size of this study seems to be small for a GWAS, sample size is a relative 

concept. In association studies, it depends on several factors, for instance: the level of genetic 

diversity in the population, the complexity of the phenotype and its heritability, environmental and 

physiological effects, and the population structure 305. The effective population size (Ne) of 

Holstein has been estimated to be approximately 100 225. The small Ne indicates a high level of 

inbreeding, limited genetic diversity and long genetic linkage306. The phenotype that was analyzed 

in the current GWAS is a relatively simple trait and highly heritable (h2: 0.77-0.99), measured in 

a fully controlled environment, and shown to be free from physiological effects (Chapter 2). In 

addition, samples were collected from one sex and one breed to reduce the possibility of population 

stratification. Considering these factors, the sample population was sufficient to identify loci that 

are significantly associated with the trait. A similar design in a study on the human population has 

successfully identified loci that are associated with cytokine response by using 500 samples 307. It 

should be noted the effective population size of the aforementioned human population was 

approximately 150,000 which is 1,500 fold larger than effective population size of Canadian 

Holsteins 308. When the effective population size is smaller, much lower samples will be adequate 

to find QTLs 308. This concept in human studies is known as familial GWAS or GWAS on isolated 
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population 309. In cattle, less than 50 samples were successfully used in a genome-wide eQTL 

mapping analysis 223. 

In vitro Transformation of Monocyte to Macrophages 

Blood samples were collected from the tail vein in tubes containing EDTA. Blood Mononuclear 

Cells (BMCs) were purified based on the gradient centrifuge separation method. Concisely as 

described previously (Chapter 2), Histopauqe-1077 (Sigma-Aldrich, St. Louis, MO) was loaded 

into the Sepmate tubes (STEMCELL Technologies, Vancouver, BC) and whole blood samples 

were overlaid on the top of Histopaque-1077. After centrifugation for 10 minutes at 1200 ×g, the 

layer of cells above the Histopaque-1077 was collected and washed 3 times with Phosphate 

Buffered Saline (PBS) to obtain the purified BMCs. Purified BMCs were cultured at the 

concentration of 1×106 cells per square centimetre of the culture flask (Nunc, Thermo Fisher 

Scientific Inc., Mississauga, ON) for 2 hours in Monocyte Attachment Medium (PromoCell, 

Heidelberg, Germany) at 37 °C. Non-adherent cells were removed by washing using PBS and the 

medium was replaced with AIM V® Medium (Thermo Fisher Scientific Inc., Mississauga, ON) 

containing 5 ng/ml recombinant bovine Granulocyte-Macrophage Colony-Stimulating Factor 

(GM-CSF, Kingfisher Biotech, St. Paul, MN) in the presence of 5% CO2. After 6 days of 

incubation, adherent cells were detached from the flask using TrypLE™ Select Enzyme (Thermo 

Fisher Scientific Inc., Mississauga, ON). Phenotypic characteristics of macrophages (CD14+, 

CD205- and strong auto-fluorescence) were analyzed using flow cytometry to determine the 

proportion of macrophages among the harvested cells 173–175. Harvested cells were labeled with 

RPE conjugated mouse anti-bovine CD205 (Clone: IL-A114) and ALEXA FLUOR® 647 

conjugated mouse anti-human CD14 (Clone: TÜK4), separately. The labelled samples were 

analyzed using the BD Accuri C6 flow cytometer (Becton Dickinson, Franklin Lakes, NJ) and the 
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data from the flow cytometer were analyzed by FlowJo V.10 (FlowJo LLC, Ashland, OR). The 

fluorescence emission of unlabeled harvested cells was compared with the emission of unlabeled 

fresh BMCs in 533/30 filter excited by the blue laser to test the auto-fluorescence as described 

previously 77 (Chapter 2). 

The MDMs from each sample were seeded in 2 wells of a 48-well plate at the density of 2×105 

cells per well in AIM V® medium containing 5 ng/ml GM-CSF and incubated overnight. One well 

was assigned as the control and the other well was assigned as the treatment group and was exposed 

to inactivated E. coli (MOI: 5) for 48 hours. Supernatant from each well was collected and the 

concentration of nitric oxide (NO-) was measured with the Measure-iT™ High-Sensitivity Nitrite 

Assay Kit (Thermo Fisher Scientific Inc., Mississauga, ON). The concentration of NO- in the 

challenge group was corrected by the control group. These data collected in the previous study 

were used in the analyses described below 77 (Chapter 2). 

Genotyping and Quality Control 

DNA was extracted from hair follicles collected from each individual and genotyping was 

performed with the Illumina Bovine SNP50 BeadChip by Zoetis Canada (Kirkland, Quebec, 

Canada). The initial dataset contained 45,187 SNP markers that are used in routine official 

genomic evaluation in Canada by the Canadian Dairy Network (CDN) (Guelph, ON, Canada). 

Details of quality control were explained in Wiggans et al. 310. The sporadic missing genotypes 

were imputed using 50,000 reference Holsteins from the CDN database by FImpute software 311. 

In the present study SNPs located on the X chromosome were not included and due to relatively 

small sample size, SNPs with minor allele frequency < 1% in the 1716 SNPs were excluded 

resulting in 43,066 SNPs for further association analysis. 
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Statistical Analysis 

The UNIVARIATE procedure of SAS (V 9.4) was used to test the distribution of the dependent 

variable (NO- response to E. coli) for normal, Log-normal, Weibull, and Gamma distributions. The 

goodness-of-fit tests based on the empirical distribution function for Gamma distribution were 

>0.50. The p values for goodness-of-fit tests based on the empirical distribution function, 

Anderson-Darling, Cramer-von Mises, and Kolmogorov-Smirnov, for Gamma distribution, were 

>0.50, > 0.25 and >0.50, respectively. Therefore, the dependent variable was transformed based 

on the method described by Krishnamoorthy et al. (2008) to achieve normal distribution 177.  

The GLM procedure of SAS (V. 9.4) was used to test the effect of age in month , days in milk 

(classes: 1 = 0-20 days, 2 = 21-105 days, 3 = 106-235 days, 4 = > 235 days)67,178, days in pregnancy 

(classes: 1 = non pregnant, 2 = 1 - 120 days, 3 = 121 - 180 days, 4 = 181 - 220 days) 178 and 

sampling group (classes: 1-5). The statistical model was as follow:  

yijkl = μ + β1×ai + gj + mk + pl + eijkl 

Where; yijkl is the vector of the phenotype (the cubic roots of nitrite concentration of culture 

supernatant 48 hours after treatment with E. coli (n = 58)); μ is the overall average of the response.  

β1 is the linear coefficient of the fixed regression on age (ai) (in months), gj is the fixed effect of 

jth  class of sampling group, mk is the fixed effect of kth class of days in milk, pl is the fixed effect 

of lth class of days in pregnancy and eijkl is the random residual effect. 

Genome-wide association analysis was carried out by SNP & Variation Suite (ver. 8.8.1, Golden 

Helix Inc.) using single SNP regression analysis on numerically coded alleles and the cubic roots 

of NO- concentration as the continuous dependent variable. The statistical model was as follow:  

y = µ + cβ + λ + ei 



88 
 

Where y is the cubic root of nitric oxide concentration in the culture supernatant 48 hours after 

treatment with E. coli, μ is the overall average of the response; β is the gene substitution effect for 

the SNP, λ is the vector of eigenvalues, e is the random residual effects; c is a vector of genotypes 

for the SNP coded as described, below. 

The additive, dominance and recessive models were utilized, separately. For the additive genetic 

model, the SNP alleles were numerically coded as 0, 1, and 2 for “dd”, “Dd”, and “DD” genotypes, 

respectively. For the dominance genetic model, alleles were coded as 0 for “dd”; and 1 for “Dd” 

and “DD”. For the recessive genetic model, alleles were coded as 0 for “dd” and “Dd”; and 1 for 

“DD”, where d is the major allele and D is the minor allele 312,313. The principal component analysis 

was performed on the genotypic data and the top three eigenvalues were included in the analysis 

to account for the population stratification. The details of the estimators and assumptions are 

provided in the SNP & Variation Suite (ver. 8.8.1, Golden Helix Inc.) manual. To reduce the 

probability of false discovery in multiple comparisons, a permutation test was employed by 

randomizing the observations over the genotypes in 10,000 permutation samples. The permutation 

value was calculated based on the direct count of the number of samples that have resulted in equal 

or smaller p values compared to the unrandomized p-value divided by the total number of samples. 

The permutation value of 0.0005 was set as the cut-off for the significant association. The linkage 

between the significant SNPs were evaluated using the Expectation-Maximization algorithm in 

SNP & Variation Suite (ver. 8.8.1, Golden Helix Inc.) 314. The SNPs with R-Square of greater than 

0.5 were considered linked and the second SNPs in each pair were removed for the quantitative 

analysis.  

The significant SNPs were used in the K-fold genomic prediction algorithm in SNP & Variation 

Suite using Bayes C(π) method in 50,000 iterations in 6 folds of prediction 315. 
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Bioinformatic Analysis 

Identifying Positional Candidate Genes 

Candidate genes were selected based on two strategies; 1) Position-dependent; and 2) Comparative 

genomics 316. First, the significant SNPs were mapped to the bovine genome (ARS-UCD1.2, 

Ensemble Genes 97). Genes that are located in the vicinity of the significant SNPs (up to 50K bp 

upstream and downstream of the significant SNPs) were considered as the positional candidate 

genes. Due to the fact that the annotation of the bovine genome is not complete, the comparative 

strategy was employed on the SNPs when the first strategy was not able to retrieve any genes. In 

the comparative strategy, 1Kb up and downstream of the significant SNPs were aligned against 

the human genome (GRCh38.p12, Ensemble Genes 97), and genes that were located in the 

identical region were selected as the positional candidate genes. The Gene Ontology (GO) terms 

for the positional candidate genes were extracted from Ensemble using ‘biomaRt’ (v. 2.41.7) 

package in R (v. 3.6) 317.  

Network Analysis 

Activation of HIF1A that was found in the previous study, as well as the known role of 

mitochondria in response to hypoxia led to investigating the interaction between the positional 

candidate genes and mitochondria, the genes that have been found to be differentially expressed 

(DE) between the high and low nitric oxide responder were selected from our previous study 318 

(Chapter 3). Then, GO terms for these genes were extracted from Ensemble using ‘biomaRt’ (v. 

2.41.7) package in R (v. 3.6). Only, the DE gene that has been annotated with “mitochondrion” 

(GO:0005739) were selected for interaction analysis. The protein identifiers of these genes were 

combined with the list of all positional candidate genes from the current GWAS. The protein-

protein interaction network in the final gene set (mitochondria-related DE genes and positional 
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candidate genes from the GWAS) was analyzed using the Search Tool for Retrieval of Interacting 

Genes/Proteins (STRING, v. 11) 255. 

RESULTS 

The flow cytometry assay confirmed that more than 98% of the harvested cells after 6 days of 

incubation had characteristics of macrophages (CD14+, CD205-, and strong autofluorescence in 

FITC channel) (Figure 1). The concentration of NO- in the culture supernatant after 48 hours of 

exposure to E. coli ranged from 0.38 µM up to 18.82 µM (Standard Deviation: 4.07, Coefficient 

of Variation: 74.78%). The statistical analysis did not show any effect of age (p-value = 0.37), 

group of sampling (p-value = 0.25), days in milking (p-value = 0.47), or pregnancy (p-value = 

0.73) on the production of NO- in response to E. coli (Model p-value = 0.52, R-Square = 0.21). 

Therefore, the cubic root of NO- concentrations without any adjustment for environmental effects 

were used in the association analysis. 

The association of 60 SNPs with the concentration of NO- was found to be statistically significant 

(permutation value < 0.0005). These SNPs were located on 22 autosomal chromosomes. The 

pattern of genetic effects for 22, 20 and 18 SNPs followed additive, dominant, and recessive 

models, respectively (Figures 2, 3, and 4; Table 1). The linkage analysis showed strong LD among 

9 pairs of SNPs (Figure 5). The 51 informative SNPs were able to predict the NO- concentration 

with 85% correlation between the observed and the predicted NO- concentration with an R-Square 

of 0.708 for the linear regression between the observed and the predicted NO- concentration (Table 

2). This R-Square was considered as the genomic heritability of the NO- index 319.  

By employing the position-dependent strategy, 72 genes, including 14 novel genes, 8 non-coding 

genes and 2 micro-RNA were identified as positional candidate genes. By employing the 
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comparative genomic approach, 8 coding genes were identified based on the similarity to the 

human genome. No genes were found in the vicinity of the 8 SNPs at the end of screening for the 

positional candidate genes (Table 1). The top 3 R-Square for a single SNP were 0.413 (adjacent to 

THBS2), 0.332 (adjacent to PARPBP), and 0.306 (adjacent to ENSBTAG00000045919) (Figure 

6). After removing all non-coding and novel genes and combining genes from all 3 steps of the 

screening, the final list of positional candidate genes consisted of 58 genes (Table 1). In this set of 

58 genes, the “vesicle-mediated transport” GO term (GO:0016192) was in common between 8 

genes (ARL1, STXBP6, PIK3C2A, SORL1, YIPF5, MCFD2, STX2, and VAMP4), calcium-related 

GO terms of “calcium ion binding” (GO:0005509), and “calcium:sodium antiporter activity” 

(GO:0005432), were in common between 6 genes (SNED1, THBS2, LC8A1, FGF14, CDH20, 

PDE1A, and LRP1B) and “response to hypoxia” (GO:0001666) were in common between 4 genes 

(APAF1, CD38, SLC18A1, and SMAD3).  

From the previously data set of 839 DE genes between high and low NO- responders (Chapter 3) 

(Fold change > 1.5 and FDR p-value < 0.1), 44 genes were found to be annotated with the GO 

term of “mitochondrion” (GO:0005739) (Table 3). The interaction analysis using STRING (v. 11) 

on the combined list of genes (positional candidate genes and mitochondria-related DE genes = 

102 genes) resulted in one network of 100 connected nodes (Figure 7). The enrichment p-value of 

this network was 6.87e-6 with the average local clustering coefficient of 0.345. Only two genes, 

SLC18B1 and CNBD1 (both were selected at the first step of screening) were not connected to the 

network. The functional enrichment analysis on the network showed that “response to oxygen-

containing compound” (GO:1901700) and “response to oxidative stress” (GO:0034599) were 

significantly enriched (FDR ≤ 0.002) (Table 4).  
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DISCUSSION 

Identifying the genetic elements that shape the host response to pathogens has been gaining more 

attention as the treatment and prognosis of diseases are moving towards precision medicine. 

Individual differences in response to pathogens or treatments have been observed in outbred 

populations. However, identifying the genetic mechanisms that control this variation is extremely 

difficult. More than 8,000 genes in the human genome are known to contribute to immune 

responses (Ensemble, Genes 97) 229. In addition, the effective population size of the human 

population is very large 226. The combination of these two factors requires a large sample size to 

discover genetic control of immunity at the whole-organism level. Reductionist approaches are 

shown to be a successful alternative to overcome some of the barriers of studies on whole-

organisms. Investigating the genetic regulation of subsystems, instead of the whole organism, can 

overcome the limitation of the complexity of the trait. The genetic control of the sub-systems is 

much simpler than the whole organism 37. Hence, these studies require smaller sample size and the 

generated data is free from environmental effects 234. In 2013, the concept of cellular genome-wide 

association study was proposed by Dennis Ko et.al 168. Since then, this approach has been used to 

reveal the genetic regulation of host-pathogen interaction 240,307,320. It has been shown that the 

genetic associations that are identified in this approach are relevant to resistance to disease based 

on clinical data 73,167. Genetic studies using a reductionist approach in livestock can further address 

the limitation of effective population size in comparison to studies on human. The effective 

population size of Canadian Holstein cattle is just above 100 321. Hence, the level of genetic 

polymorphism is far less than the human population. Recently, our group has used the ability of 

bovine MDM to produce NO- as an index to reveal the role of genes in macrophages 

proinflammatory responses 77. The heritability of NO- production in bovine MDM was estimated 
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to be 0.78. This heritability is similar to the heritability of the NO- production by mouse peritoneal 

macrophages (0.8), indicating the majority of variation is described by genetics 77,224. Further 

investigation of the cellular mechanisms shaping the NO-based phenotype showed that one 

network of transcription factors is controlled by the host genetics. This network was composed of 

two clusters: hypoxia-related genes including HIF1A and inflammatory-related clusters. The 

induction of HIF1A under the normoxic condition in macrophages and neutrophils has been 

reported previously 269,296. This activation is thought to be hypoxia-independent 269. However, the 

role of the oxidative burst in the activation of HIF1A was shown by abrogation of the HIF1A 

pathway when ROS generation was inhibited in macrophages 269,322. Furthermore, Lue et al. 

showed that oxidative burst can cause hypoxia at the cellular level and activate HIF1A 323.  

In the current study, 60 SNPs were found to be significantly associated with NO- production. The 

similarity between the genomic heritability and the pedigree-based heritability indicates that the 

identified loci are the main genetic regulators of macrophage proinflammatory responses. The 

significant interaction network between the genes that are nearby significant SNPs and 

mitochondria-related genes that were associated with the NO- index, indicates the role of 

mitochondria in the regulation of the inflammatory profile of MDM. The functional annotation 

analysis of the network showed that “response to oxygen-containing compound” (GO: 1901700) 

was the most enriched biological process in the network. “Response to hypoxia” was one of the 

other enriched terms among 4 positional candidate genes. The SNPs nearby genes that are 

annotated with the response to hypoxia (APAF1, CD38, SMAD3, and SLC8A1) described a notable 

proportion of the observed variation (33.1%, 26.4%, 18.5%, and 16.9%, respectively). In addition, 

the SNPs that are nearby two novel genes, ENSBTAG00000025812 (an orthologue of CD38) and 

ENSBTAG00000045919 (has a role in oxidative stress-induced sensing, Reactome pathway: R-
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BTA-2559580), explained 32.4% and 30.6% of the observed variation, respectively. The SNP that 

is nearby PARPBP described 24.9% of the observed variation. Although this gene does not have 

a direct role in hypoxia, the product of this gene binds to PARP1 and enhance its function 324. 

PARP1 is an ADP-ribose polymerase which can be found in mitochondria with a role in the cellular 

response to oxidative stress (GO:0034599). Our previous study has shown that PARP1 is 

significantly downregulated in NO- high responder macrophages. The PARP1 gene has a positive 

role in mitochondrial depolarization (GO:0051901). Depolarization of the mitochondrial 

membrane is a mechanism that results in sensitivity to hypoxic condition and inability to cope with 

hypoxic conditions 325. By only including SNPs nearby genes that are associated with response to 

hypoxia (APAF1, CD38, SMAD3, SLC8A1, PARPBP, ENSBTAG00000025812, and 

ENSBTAG00000045919) in the general linear model (to include additive and non-additive genetic 

effects), 72.9% of the variation in NO- response was described by these 7 SNPs. Therefore, the 

difference between the broad-sense heritability (0.80) of macrophage NO- production and the R-

Square of the aforementioned model indicates that approximately 7% of the genetic regulation of 

macrophage response is controlled by the other 53 SNPs, and probably other loci that were not 

detected in this study. This large proportion of variation that is described by these 7 SNPs shows 

that response to hypoxia, probably via mitochondria, is the major genetic mechanism that controls 

the MDMs functional characteristics.  

The results of our previous study showed that HIF1A was one of only 4 TFs found to be activated 

at both 3- and 18-hours post-exposure to E. coli. In addition, the cluster containing the HIF1A was 

expanded at 18 hours in comparison to 3 hours. The synergic interaction between HIF1A and NFkB 

in macrophages can lead to increased production of NO- 326. We have previously shown a strong 

positive correlation between NO- production and phagocytosis 77. It probably indicates that the 
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pathway from phagocytosis to oxidative burst, hypoxia, HIF1A activation, proinflammatory 

response in macrophages is a dose-dependent pathway.      

The role of other candidate genes (i.e. PASK), biological process (i.e. “vesicle-mediated 

transport”), molecular function (i.e. “calcium ion binding”, and “calcium:sodium antiporter 

activity”) that were found in the current study should also be emphasized. PASK codes a protein 

that is a nutrient-sensing molecule with a role in regulating cellular energy balance via regulating 

lipid and glucose metabolism, mitochondrial respiration and phosphorylation 327,328. The role of 

Ca+-depended exocytosis in macrophages is an example of the interaction between the “vesicle-

mediated transport” and Ca ions that regulates phagocytosis which is the primary triggers of the 

oxidative burst-induced hypoxia 323,329.  

In conclusion, the findings of the current study align with the previously published mechanisms in 

mice and humans regarding the role of mitochondria and response to hypoxia controlled by HIF1A 

of macrophages, thereby broadening the importance of this mechanism across species. 

Furthermore, these results show genetic regulation of response to oxidative burst-induced hypoxia 

is a major mechanism that controls macrophage proinflammatory responses such as NO- 

production. It should be mentioned that, although this genetic predisposition is reported in MDM 

in the current study, the genes are shared among all leukocytes of the host. Hence, in an individual 

who carries unfavourable alleles, other cells, such as neutrophils and monocytes, that are capable 

of oxidative burst will likely also share  an impaired response 330,331. Also, if the hypoxic condition 

is caused by other factors such as inflammation or solid tumours, then all the cells of the immune 

system in a hypoxic tissue (such as lymphocytes) may not be able to maintain their function and 

cope with the hypoxic condition 332. Therefore, the final consequence of genetic sensitivity to 
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hypoxia will likely have a broader effect on the outcome of infection than just the effects that are 

directly or indirectly linked to macrophages. 
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Figures and Tables 

Figure 4.1 Phenotypic characteristics of harvested cells after six days of in vitro incubation in serum-free media supplemented with 

recombinant bovine granulocyte-macrophage colony-stimulating factor. 

 

 

 

 

 

 

 

 

a) Autofluorescence of Monocyte-Derived Macrophages (MDMs) (red curve) versus monocyte (blue curve), exited by blue laser and 

the emission was measured by 533/30 filter. b) Expression of CD14 on MDMs. The harvested cells were stained with Alexa Flour 647 

conjugated anti-human CD-14 (Clone TÜK4) (red curve) versus unstained sample (blue curve). c) Expression of CD205 on MDMs. 

The harvested cells were stained with phytoerythrin (PE) conjugated anti-bovine CD-205 (red curve) and compared against the unstained 

sample (blue curve). The cells were analyzed in BD Accuri™ C6 cytometer. The data from the flow cytometer was analyzed and graphed 

using FlowJo (v. 10).  

a)                          b)               c) 
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Figure 4.2 Distribution of -Log10 regression p values from additive genetic model analysis of SNPs in association with MDM nitric 

oxide production 

In this analysis, the alphabetic codes of aa, ab, and bb for each SNP were transformed to 0, 1, and 2, respectively. The regression analysis 

was performed between normalized nitric oxide response of Monocyte-Derived Macrophages culture treated by Escherichia coli (n = 

58) and numerically coded SNPs. To account for multiple comparison errors, permutation analysis (10,000 iterations) analysis for each 

SNP and the permutation p-value of 0.0005 were considered as the threshold for each SNPs. Significant SNPs are shown in red. 
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Figure 4.3 Distribution of -Log10 regression p values from dominant genetic model analysis of SNPs in association with MDM nitric 

oxide production 

In this analysis, the alphabetic codes of aa, ab, and bb for each SNP were transformed to 0, 1, and 1, respectively. The regression analysis 

was performed between normalized nitric oxide response of Monocyte-Derived Macrophages culture treated by Escherichia coli (n = 

58) and numerically coded SNPs. To account for multiple comparison errors, permutation analysis (10,000 iterations) analysis for each 

SNP and the permutation p-value of 0.0005 were considered as the threshold for each SNPs. Significant SNPs are shown in red. 
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Figure 4.4 Distribution of -Log10 regression p values from recessive genetic model analysis of SNPs in association with MDM nitric 

oxide production 

In this analysis, the alphabetic codes of aa, ab, and bb for each SNP were transformed to 0, 0, and 1, respectively. The regression analysis 

was performed between normalized nitric oxide response of Monocyte-Derived Macrophages culture treated by Escherichia coli (n = 

58) and numerically coded SNPs. To account for multiple comparison errors, permutation analysis (10,000 iterations) analysis for each 

SNP and the permutation p-value of 0.0005 were considered as the threshold for each SNPs. Significant SNPs are shown in red. 
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Figure 4.5 Linkage analysis between the SNPs that are significantly associated with NO- production in bovine monocyte-derived 

macrophages   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The linkage between the significant SNPs was evaluated using the Expectation-Maximization algorithm and evaluated by R-Square 

(represented by the colour of the square between two SNPs) in SNP & Variation Suite (ver. 8.8.1, Golden Helix Inc.). The SNPs with 

R-Square of greater than 0.5 were considered linked and the second SNPs in each pair were removed for the quantitative analysis. 
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Figure 4.6 The Whiskers plots of nitric oxide concentration in the culture supernatant of bovine monocyte-derived macrophages 48 

hours after exposure to Escherichia coli based on the cow’s genotype for significant SNPs nearby genes with role in response to hypoxia. 

The y-axis represents the nitric oxide concentration, the animal genotypes are represented along the x-axis. Each dot represents one 

individual. “The lower and upper hinges correspond to the first and third quartiles. The upper whisker extends from the hinge to the 

largest value no further than 1.5 * IQR from the hinge (where IQR is the inter-quartile range, or distance between the first and third 

quartiles). The lower whisker extends from the hinge to the smallest value at most 1.5 * IQR of the hinge. Data beyond the end of the 

whiskers are called "outlying" points and are plotted individually” (Summary of statistics for geom_boxplot function in ‘ggplot2’ R 

package). 
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Figure 4.7 Gene network using the list of positional candidate genes from the current genome-wide association studies and the 

differentially expressed genes that are annotated with “mitochondrion” 

 

 

 

 

 

 

 

 

 

 

 

The genes that are annotated with “mitochondrion” GO term are shown in red. 

 

Number of nodes: 102 

Number of edges: 439 

Average node degree: 8.61 

Average local clustering coefficient: 0.345 

Expected number of edges: 354 

PPI enrichment p-value: 6.87e-06 
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Please see the excel files for the tables. 

Table 4.1 The list of SNPs that are significantly associated with the concentration of nitric oxide in the supernatant of Monocyte-Derived 

Macrophages culture treated by Escherichia coli after 48 hours exposure.  

The genes that were selected in the second step of screening (expanding the window around the significant SNPs) are shown by “+” 

sign. The genes that are selected based on the 3rd step of screening (similarity to the human genome) are shown by “*” sign. 

 

Table 4.2 The observed cubic root of nitric oxide concentration versus predicted concentration using 51 SNPs in K-fold genomic 

prediction algorithm in SNP & Variation Suite (Golden Helix Inc.) using Bayes C(π) method in 50,000 iterations in 6 folds of prediction. 

 

Table 4.3 The list of differentially expressed genes from the previous transcriptomic study that are annotated with “mitochondrion” GO 

term. 

Table 4.4 The list of biological process GO terms that were enriched in the interaction network.
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Chapter 5: Overall Discussion, Conclusions, Future 

Recommendations and Limitations 
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Despite the achievements in improving production traits of livestock, the incidences of diseases 

have continued to increase over the past 18 years 333. Infectious diseases are still a major source of 

economic losses in livestock, as well as a major concern for animal wellbeing  333,334. Based on a 

report by US National Animal Health Monitoring System in February 2018, clinical mastitis was 

the most common disease in dairy cows (24.8% occurrence nation-wide), 99.7% of herds have 

reported at least on case on clinical mastitis. Among all the culled dairy cows in 2013 in the USA,  

16.5% was due to clinical mastitis 333. Recently in North America, a direct measure of resistance 

to mastitis, the most prevalent infectious disease in dairy cows, has been included in selection 

programs. However, the relatively low heritability of resistance to mastitis and its low weighting 

in the selection index constrain any notable improvement in the near future 335. The complexity of 

host-pathogen-environment interactions is a major limiting factor in identifying markers with 

strong association with resistance to infectious diseases. Each element of this interaction can 

introduce prominent errors into case-control studies, weakening the associations and lowering the 

heritability estimates. For instance, infectious dose, pathogen load, time of infection, mutation of 

the pathogen during the course of infection, and immunological memory are some of the key 

limiting factors in defining a reliable phenotyping index for health traits 5. When these limitations 

are less prevalent in a study, the blueprint of genetic control of disease resistance can be clearer. 

For instance, studies on genetic regulation of resistance to highly pathogenic avian influenza 

(HPAI) illustrate this point. In the case of HPAI, the high mortality and morbidity of the disease 

make a precise distinction or index between susceptible individuals that die and resistant 

individuals that remain alive. This clear difference between resistant and susceptible individuals 

provides an ideal opportunity to compare the genetic markers between these two groups 336. In the 

majority of infectious diseases, the classification between resistant and susceptible groups is far 
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less clear than for HPAI. Experimental challenge studies can overcome some pathogen- and 

environment-related limitations, but the number of individuals required for genetic studies, is a 

major limiting factor in experimental challenge studies. In addition, experimental challenge may 

not actually mimic natural infection in a meaningful way. 

An alternative method is to remove the pathogen from the interaction, and to measure the 

performance of the immune system as an index of resistance to infectious diseases. This makes 

intuitive sense since the immune system is the main body system providing host defence. However, 

it should be noted that the host immune system is an intricate network of cells and molecules that 

provide several layers of protection which are not necessarily simple to dissect. Nonetheless, this 

approach has yielded useful methods to identify disease resistant livestock, including the 

application of the High Immune Response technology to identify cattle with improved health 337.  

Another alternative is the Cellular Immuno-Genomics (CIG) that has recently immerged. The CIG 

approach is reductionist multi-omics approach to investigate genomic regulation of host-pathogen 

interaction at the cellular level using in vitro or ex vivo models followed by genomic, epigenomic, 

transcriptomic and or proteomic technique. In an in vitro setting, one cell type is purified from the 

host and is challenged with pathogens of interest to identify genetic markers that control the 

performance of that cell 70. However, such experiments need critical consideration of the role of 

each cell in the grand scheme of the immune response, rigorous optimization of the in vitro 

condition to mimic the in vivo condition, and meticulous interpretation of the results. Nonetheless, 

because of its advantages it was the method of choice selected for this research. 

This thesis is the first study on the genetic regulation of bovine MDM responses using the CIG 

approach. As the first step, a phenotyping index based on two primary functions of macrophages, 

phagocytosis and oxidative burst, was developed (Chapter 2). Then, the overall characteristics and 
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intracellular metabolic pathways of the extreme classes (high versus low) based on oxidative burst 

responses were investigated at the transcriptomic level (Chapter 3). At the last step, the association 

between loci and quantitative measures of oxidative burst were examined at the genomic level 

(Chapter 4). 

SUMMARY OF FINDINGS IN CHAPTER 2 

• For the first time, bovine MDMs were seen to produce NO- in serum-free culture in 

response to E. coli and S. aureus. 

• There is a significant positive correlation between phagocytosis and production of NO- in 

response to E. coli and S. aureus. 

• The distribution of NO- production by MDMs in response to E. coli follows the Gamma 

distribution. 

• Host genetics determine most of the phenotypic variation in the production of NO- in 

response to E. coli by MDM (h2 = 0.776).  

In 2013, Lewandowska-Sabat, et. al. observed the transcriptional pattern of both M1 and M2 

macrophage activation at the same time in bovine MDM in response to Staphylococcus aureus 338. 

In 2019, Imrie and Williams reported that bovine MDMs are unable to produce nitric oxide in 

response to LPS and interferon-γ 339. In both experiments, the culture medium was supplemented 

with 10% Foetal Calf Serum (FCS). Fetal Calf Serum contains a considerable amount of immuno-

regulatory cytokines and bioactive molecules. Transforming growth factor-beta is one of the 

cytokines that is present in FCS in notable concentrations 213. The effect of TGF-β on macrophages 

in reducing scavenger receptors and suppressing the production of NO- has been shown in previous 

studies 202,210,214–217. The similarity and difference between the amino acid sequence of the isoform 
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2 of TGF-β among cattle, chickens and humans can explain the low level of NO- production by 

human and bovine macrophages in the presence of FBS.   

The considerable phenotypic variation in this study observed in the functional characteristics of 

MDMs among individuals is noteworthy. The high heritability (h2=0.776) estimated for the NO- 

response to E. coli and the high repeatability indicated that the serum-free culture system and 

stimulation with GM-CSF is an effective method to evaluate bovine MDMs function in vitro and 

unmask the genetic effects. 

Although the sample size is small in comparison to in vivo studies on complex traits, when the 

phenotype is simple and well defined, such as gene expression at the tissue level in Holsteins or 

NO- response of peritoneal macrophages, approximately 60 samples or less is sufficient to identify 

expression of Quantitative Trait Loci or heritability 223,224. This observation is probably due to the 

small effective population size of Holsteins (Ne ~115) and the simple genetic nature of the 

measured traits  37,225. In a cellular Genome-Wide Association Study (cGWAS) on human samples, 

352 samples were successfully used to investigate the genetic regulation of B lymphocyte response 

to Salmonella typhi 166. The Ne of the Utah residents with Northern and Western European ancestry 

that were sampled in the aforementioned cGWAS has been estimated to be 10,437 226. Therefore, 

more samples were required to compensate for the genetic variation in human studies. 

SUMMARY OF FINDINGS IN CHAPTER 3 

• The transcriptomic profiles of MDMs between high and low NO-responders are distinct. 

• The expression of 90% of differentially expressed genes in response to E. coli is time-

dependent. 
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• There are 2 clusters (inflammatory- and hypoxia-related) of transcription factors that are 

genetically regulated in bovine MDM in response to E. coli. 

• The bioinformatic analysis predicted that anti-bacterial, anti-viral and proinflammatory 

characteristics of high NO-responders are stronger than low NO-responders.  

• There is a notable overlap between the transcriptomic profile of M1/2 polarization and NO-

based classification. Therefore, genetics can be considered as a novel dimension in the 

macrophage polarization paradigm.  

The DE genes were the first indicator of differentially regulated gene expression associated with 

NO-based classification in Holsteins. Among DE genes, only approximately 10% of DE genes 

were in common between the two time points (3 and 18hr). A similar pattern of time-dependent 

gene expression in bovine MDMs has been reported in response to Mycobacterium avium 

subspecies paratuberculosis and Mycobacterium bovis 260,261.  

STAT1, STAT4, IRF1 and HIF1A that were predicted in the current study as the upstream regulators 

associated with NO-based index at both 3 and 18 hours after treatment, are all known key 

transcription regulators that shape the proinflammatory response of macrophages 263–265. In a 

mouse model, IRF8, IRF1, STAT1 and PU.1 have been shown to be a key regulator of macrophage 

proinflammatory and antimicrobial response by using the combination of ChIP-Seq and RNA-seq 

techniques. Specifically, IRF1 and STAT1 were shown to attach to the cis-regulatory region of 

iNOS. The NO- production of macrophages was completely abrogated in irf1-/- mouse 257.  In the 

current study, IRF1, STAT1 and SPI1 (the gene that encodes PU.1) were differentially expressed 

at the 3 hours time point. In addition, the expression of IRF8, IRF1, and STAT1 were differentially 

expressed at the 18 hours time point. Based on the design of the current study, it is possible to infer 

that the expressions of these TFs are genetically regulated. Although the mechanism of genetic 
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regulation remains unanswered, it can be expected that simple genetic mechanisms such as linkage 

disequilibrium will not explain the variation in their expression.  

The “Inflammatory Response”, “Cell-to-Cell Signaling”, “Cellular Movement” and “Immune Cell 

Trafficking” were predicted to be significantly associated with the high responder phenotype at 

both time points. These predicted functions constitute a distinct immunological response such as 

stronger antimicrobial and antiviral responses, a higher level of antigen presentation in the high 

NO- responder groups which can lead to stronger innate responses and reduced infection.    

In the current study, the expression of M1-associated genes such as STAT1, IRF1, HIF-1A, IL8, 

CCL5, iNOS, CD38 and CD14 were found to be significantly more expressed in this high 

responder group 241,242,256,281,282. Whereas, the expression of M2-associated genes such as MYC, 

GPNMB, MSR1, DHCR24 and LGMN are more expressed in low NO- responders 238,283–286.  Based 

on these results, there is a notable overlap between NO-based classification of bovine MDM in the 

current study and M1/2 macrophage polarization in mice or humans. The results of this thesis 

indicate that stimulatory signals are not the sole determinant of macrophages polarization, but in 

fact these MDM phenotypes are shaped by the interaction between genetic and stimulatory signals 

(also known as gene by environment effects). 

SUMMARY OF FINDINGS IN CHAPTER 4 

• Sixty SNPs on 22 chromosomes were found to be significantly associated with NO- 

production of bovine MDMs. 

• There is a significant interaction between the genes that are nearby significant SNPs and 

mitochondria-related differentially expressed genes (from the study in the chapter 3), 

showing the role of mitochondria in regulating macrophage responses.  
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• The functional annotation analysis showed that “Response to hypoxia” and “Response to 

oxidative stress” pathways genetically shape the bovine MDM proinflammatory responses. 

• Due to the normoxic condition of the experiments in the current study, oxidative burst-

induced hypoxia was inferred to be the trigger of these pathways in bovine MDMs.  

The genes in proximity to these SNPs are annotated with the response to hypoxia (APAF1, CD38, 

SMAD3, and SLC8A1) describing a notable proportion of the observed variation (33.1%, 26.4%, 

18.5%, and 16.9%, respectively). In addition, the SNPs that are nearby two novel genes, 

ENSBTAG00000025812 (an orthologue of CD38) and ENSBTAG00000045919 (which has a role 

in oxidative stress-induced sensing, Reactome pathway: R-BTA-2559580), explained 32.4% and 

30.6% of the observed variation, respectively. The SNP that is nearby PARPBP described 24.9% 

of the observed variation. Although this gene does not have a direct role in hypoxia, the product 

of this gene binds to PARP1 enhancing its function 324. PARP1 is an ADP-ribose polymerase 

which can be found in mitochondria with a role in the cellular response to oxidative stress 

(GO:0034599). Our previous study has shown that PARP1 is significantly downregulated in NO- 

high responder macrophages. PARP1 has a positive role in mitochondrial depolarization 

(GO:0051901). Depolarization of the mitochondrial membrane is a mechanism that results in 

sensitivity to hypoxic conditions and an inability to cope with hypoxic conditions 325. By only 

including SNPs near genes that are associated with response to hypoxia (APAF1, CD38, SMAD3, 

SLC8A1, PARPBP, ENSBTAG00000025812, and ENSBTAG00000045919) in the general linear 

model (to include additive and non-additive genetic effects), 72.9% of the variation in NO- the 

response was described by these 7 SNPs.  

It should be mentioned that, although this genetic predisposition is reported in MDM in the current 

study, the genes are shared between all leukocytes of the host. Hence, in an individual who carries 
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unfavourable alleles, other cells, such as neutrophils and monocytes, that are capable of oxidative 

burst will likely also share an impaired response 330,331. Also, if the hypoxic condition is caused by 

other factors such as inflammation or solid tumours, then all the cells of the immune system in a 

hypoxic tissue (such as lymphocytes) may not be able to maintain their function and cope with the 

hypoxic condition 332. Therefore, the final consequence of genetic sensitivity to hypoxia will likely 

have a broader effect on the outcome of infection than just the effects that are directly or indirectly 

linked to macrophages. 

OVERALL FINDINGS 

Combining the results of all thesis chapters, a novel hypothesis on the genetic regulation of bovine 

macrophage response is suggested as follows: 1) exposure to a particular pathogen triggers the 

oxidative burst in macrophages and initiates the proinflammatory response, 2) oxidative burst 

causes a hypoxic condition and oxidative stress at cellular level, 3) the cellular response to hypoxia 

and oxidative stress is initiated, 4) if the cell can cope with hypoxic condition (such as by reducing 

the oxygen use and maintaining the potential of mitochondrial membrane and producing ATP all 

controlled by HIF1A via aerobic glycolysis), the inflammatory response continues and 5) however, 

if macrophages fail to cope with hypoxic conditions, then they will switch their metabolism to use 

lipids or aerobic glycolysis which result in macrophage polarization towards M2 thereby reducing 

their ability to eliminate the pathogen. Pathogen survival may lead to chronic infection, morbidity, 

or mortality of the host.  
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FUTURE DIRECTIONS 

Different aspects of genetic regulation of response to oxidative stress and its effect on the 

susceptibility of the host, including should be investigated: 

1- Identifying the role of novel DNA-binding proteins that were identified in Chapter 3, by 

using ChiP-seq (antibody-mediated and/or hemagglutinin-tagged) 

2- Identifying the role of positional candidate genes from the cellular GWAS in Chapter 4, by 

using ATAC-seq, ChIP-seq for H3K4me1, H3K4me3, H3K27ac, and H3K27me3 

3- Examing the role of enriched pathways from Chapters 3 and 4, by using interfering RNA 

4- Examining the predicted functions from Chapter 3, and the final consequence of carrying 

unfavourable alleles at the in vivo level, by using mouse model of bovine mastitis in 

experimental challenges. 

Additional recommendations are included in the limitations section as a way to extend or clarify 

the results found in this thesis. 

LIMITATIONS 

This study investigated the in-vitro MDM responses as cellular traits to delineate the effect of host 

genetics on host-pathogen interactions. Although many technical and environmental effects have 

been removed by utilizing an in-vitro challenge model, the role of other cells of the immune system 

(i.e. granulocytes and lymphocytes) and cells with indirect roles in generating the immune 

response (i.e. endothelial cells) were ignored in this study. In addition, the physiological effect of 

the host, and the effect of commensal microorganism are not included here. These would also be 

worthy of future investigation. 
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In this study, many functional characteristics were predicted by in-silico methods to be associated 

with the NO-based phenotype of the MDMs. While these predictions were based on previously 

published results, these previously published associations were based on characteristics of the 

stimulant (i.e. LPS, Ab-Ag complex, IFN-γ), not the genetic effects. In addition, the input data for 

these predictions were limited to mRNA expression, and other regulatory mechanisms such as 

post-transcriptional (i.e. microRNA) and post-translational (i.e. phosphorylation and 

glycosylation) are not included in this study. These could also be investigated in the future. 

The GWAS performed in this project was performed on 58 individuals. Although 60 SNPs were 

found to be significantly associated with NO-based phenotyping, the small sample size of the study 

was a limiting factor. To obtain a broader picture of genetic regulatory mechanisms of macrophage 

functions additional animals from an independent population could be tested. In addition, the 

results can be cross-validated in association with disease data from natural exposure in an 

independent population. Two independent validations were performed confirming the relevance 

of these SNPs in connection with mastitis occurrence in Canadian Holsteins; however, these results 

are not presented here due to the IP associated with these SNPs.   
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