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Improved genetic selection for feed efficiency in beef and dairy cattle may improve the
Canadian cattle production industry profitability and environmental sustainability. However, the
application of RNA-Sequencing (RNA-Seq) analysis in livestock research is novel and the
underlying biology and genetic architecture of feed efficiency in cattle is not well studied. The aim
of this thesis was to characterize the functional genetic architecture underlying feed efficiency
using transcriptomic and metagenomic tools, including RNA-Sequencing (RNA-Seq), and
Amplicon-Sequencing (Amplicon-Seq) technologies, to identify functional genetic markers (SNPs
and INDELs), novel transcripts, metabolic processes, and potential host-microbiome genetic
interactions that are playing a role in the regulation of feed efficiency in cattle.
First, an optimized RNA-Seq pipeline for genetic variant detection was developed, and applied
to a Nellore beef cattle population to determine functional genetic variants (SNPs and INDELs)
associated with feed efficiency. The optimized RNA-Seq pipeline was then applied to a Holstein
and Jersey population to identify functional variants and associated functional information
(candidate genes, biological pathways, overlapping QTLs) related with feed efficiency. Then de
novo assembly was performed to identify novel mRNA isoforms associated with feed efficiency,

using rumen epithelium tissue transcriptome data from two pure (Angus and Charolais) and one
composite (Kinsella) beef breed. Using the transcriptomic data from the latter study, and
Amplicon-sequencing (Amplicon-Seq) data of rumen contents from the same animals, correlations
were determined between the host transcriptome and rumen microbiome (archaea and bacteria
profiles) which were different between extreme RFI groups. These studies lead to accurate
detection of functional genetic variants and associated functional information which may influence
the regulation of feed efficiency. Additionally, potential host-microbiome genetic interactions that
may be influencing the regulation of feed efficiency were identified.
In conclusion, this thesis provides valuable information on the underlying genetic architecture
of feed efficiency in both beef and dairy cattle, which may serve to help select genetic markers to
improve the selection for superior feed efficient beef and dairy cattle, leading to improved of the
efficiency and profitability of the beef and dairy industry, and may serve as important information
for future genomic research on feed efficiency.
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CHAPTER 1: General Introduction
Due to the increasing global human population (FAO, 2017), and considerable environmental
impact of animal production, the demand for more environmentally sustainable and efficient
livestock production systems have been growing. In addition, feed costs are the largest and most
variable expense in livestock production (Acosta and De los Santos-Montero, 2019; Arthur et al.,
2004), and a sustainable means to efficiently reduce feed cost inputs are needed. More specifically,
cattle production systems have gained attention due to its substantial contribution to greenhouse
gas (GHG) production compared to other livestock systems, with beef and dairy representing the
two commodities with the highest total GHG emissions within agriculture (FAO, 2018).
The genetic improvement of cattle feed efficiency provides an opportunity to reduce feed cost
input, while producing the same amount of output (beef and milk products) and therefore improve
profitability. Additionally, more feed efficient cattle are expected to more efficiently use metabolic
energy, which can lead to reduced enteric methane production and lower greenhouse gas emissions
from cattle production systems (Basarab et al., 2013). Cattle feed efficiency has been studied for
associated biological indicators (Foote et al., 2016; Lam et al., 2018) and genetic markers (Santana
et al., 2014; Duarte et al., 2019) to help determine traits and genetic features that can improve the
selection for more feed efficient cattle. However, further research on the functional genetics
underlying the biology of feed efficiency is needed. Novel and upcoming approaches to study the
genetic architecture of desirbale production traits, such as feed efficiency, involves the use of OMICs technologies (Cánovas et al., 2016; Suravajhala et al., 2016).
The work reported in this thesis was aimed to characterize the functional genetic architecture
underlying feed efficiency using transcriptomic and metagenomic tools, including RNASequencing (RNA-Seq) and Amplicon-Sequencing (Amplicon-Seq), to identify functional genetic
markers (ie. single nucleotide polymorphisms (SNPs) and insertions and deletions (INDELs)),
novel mRNA isoforms, metabolic processes, and potential host-microbiome genetic interactions
that may be influencing the regulation of feed efficiency in cattle.
This will lead to an improved understanding of the underlying genetic architecture of feed
efficiency in cattle, providing potential genetic markers or genetic information that can be used to
define robust and novel ways to improve genetic and genomic selection for feed efficiency in beef
and dairy cattle. With fewer resources and animals used in livestock production, this research will
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help bring the Canadian cattle industry to the forefront of agricultural production in terms of
improved profitability, global food security, and environmental sustainability.

1.1 Feed efficiency in the cattle industry
Feed efficiency is a complex trait that is most commonly measured as Residual Feed Intake
(RFI; kg/d) (Koch et al. 1963), which is the suggested trait for selection to achieve genetic
improvement in feed efficiency. More specifically, RFI is defined as the difference between actual
dry matter intake (DMI) and expected DMI computed by a regression approach based on BW and
ADG over a performance period (Arthur et al., 2001; Nkrumah et al., 2004). This measure allows
the opportunity to compare RFI estimates among individuals that differ in production levels, which
may reflect metabolic processes that regulate the efficiency of feed use.
Genetic selection for feed efficiency has been increasing in importance, as major challenges in
the cattle industry involve rising feed costs, which represent up to 75% of production costs (Connor
et al., 2012; FAO, 2017). In addition, an increasing socio-economic challenge involves the demand
for more environmentally sustainable production systems. As feed efficiency is correlated with
methane emission traits, it also suggests that feed efficiency contributes to variation in the
environmental footprint of the cattle industry (Connor et al., 2012; Basarab et al., 2013). Therefore,
there is a demand for improving the accuracy of selection for superior feed efficiency, in both beef
and dairy cattle, which can lead to economic benefits, reduced production costs, and improved
environmental sustainability for the cattle industry (Connor et al., 2012; Acosta et al., 2019).
Genomic selection has substantially advanced animal breeding programs in livestock
production systems, leading to increased rates of genetic improvement of economically relevant
traits (Gondro et al., 2013). This emphasizes the importance to investigate alternative ways to
improve feed efficiency of the herd using genomics. Conducting functional genomics studies that
compare cattle with high and low feed efficiency is an effective method to identify genetic variants
related to feed efficiency. These genetic variants can be incorporated into commercial breeding
programs.
Beef cattle feed efficiency
Feed efficiency measures explain 73% of profitability in the feedlot production system,
resulting in its high economic importance in the beef industry (Retallick et al., 2013). With regards
to beef production systems, in general, feed efficiency is the conversion of feed energy used for
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growth and maintenance in these cattle (Koch et al., 1963). Measuring feed efficiency in beef cattle
is considering the metabolic efficiency of a growing animal, and has been considered in many
different prediction measures, such as Feed Conversion Ratio, Partial Efficiency of Growth, and
Residual Feed Intake (Berry and Crowley, 2013). Such indicators of feed efficiency in growing
animals are based on growth related measures. The heritability of RFI in beef cattle has been
estimated, revealing a low to moderate heritability estimates of 0.33 ± 0.01 (range of 0.07 to 0.62)
(Berry and Crowley, 2013) and 0.45 ± 0.06 (RFI) (Crowley et al., 2010). Therefore, it is expected
that there is potential for genetic gain in the selection for feed efficiency in these cattle, leading to
improved herd effiency, which can provide major financial implications, and improvement of
environmental stewardship of beef cattle production systems.
The understanding of the genetic complexity underlying desirable phenotypes is a major
challenge in beef genetics research which has limited the rate of genetic improvement in this
industry. This highlights the importance of investigating alternative approaches to improve feed
efficiency based on RFI in beef cattle.
Dairy cattle feed efficiency
In regards to dairy production, feed efficiency, in general, also describes units of product per
unit of feed input, with dairy specifically having the major product as milk (Vanderhaar et al.,
2016; Seymour et al., 2019a; Seymour et al., 2019b). However, feed efficiency defined in dairy
cattle must consider the metabolism of a lactating animal (Berry and Crowely, 2013). This means
the prediction of feed efficiency in lactating animals must consider the depletion and replenishing
of energetic body reserves throughout the lactating cycles of the animal (Berry and Crowley,
2013). Some feed efficiency traits measured in lactacting dairy cattle include milk production per
unit intake and milk production per kg body weight (Berry and Crowely, 2013). Improved
selection for feed efficiency in dairy cattle has the the potential to improve milk production
efficiency (Conner et al., 2012) and may result in lower methane emission production (Thoma et
al., 2013), leading to economic improvements and improved production efficicency of the dairy
herd.
The heritability of RFI in dairy cattle has been estimated, revealing low to moderate heritability:
0.04 ± 0.08 to 0.11 ± 0.08 (Hurley et al., 2017), 0.23 ± 0.05 (Byskov et al., 2017), and 0.16 ± 0.02
(Lu et al., 2018). The studies mentioned show variation in heritability of RFI in cattle, which may
be due to breed differences and different population parameters. However, with previous studies
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reporting low to moderate heritabilities of RFI for both beef and dairy cattle populations (Crowley
et al., 2010; Berry and Crowley, 2013; Hurley et al., 2017; Byskov et al., 2017; Lu et al., 2018),
this suggests the potential for genetic improvement of feed efficiency in cattle.
Currently, a large proportion of variation of feed efficiency is unknown, and the functional
genetic understanding of the regulation of feed efficiency is not clear. Therefore, there is a need to
better understand the underlying functional genetic architecture of feed efficiency in both beef and
dairy cattle.

1.2 Use of transcriptomics in livestock
The study of the transcriptome using high-throughput technologies, such as RNA-Sequencing
(RNA-Seq) technology, has been important for identifying differentially expressed genes in
livestock studies to detect and quantify expressed transcripts for novel transcript discovery and
analyze differential gene expression in a biological sample (Cánovas et al., 2014a; Cardoso et al.,
2017; Mortazavi et al., 2008; Pightling et al., 2015, Wickramasinghe et al., 2014). In addition to
these applications, RNA-Seq can detect functional genetic variants, including single nucleotide
polymorphisms (SNPs), which are restricted to the expressed portion of the genome and represent
a large amount of genetic variation (Cánovas et al., 2010; Cánovas et al., 2012; Chepelev et al.,
2009). RNA-Seq experiments in livestock studies have identified significant SNPs in candidate
genes associated with metabolic pathways that may play a role in the regulation of production
traits (Cánovas et al., 2010; Cánovas et al., 2013; Dias et al., 2017; Suárez-Vega et al., 2017). The
application of RNA-Seq analysis can also be expanded to discover and quantify novel transcripts
that have yet to be annotated using de novo sequence assembly, as it does not rely on the annotation
of known genes (Cardoso et al., 2018; Ye et al., 2011). This has resulted in a better understanding
of the bovine transcriptome. Overall, RNA-Seq allows for an improved understanding of the
genetic architecture and a reduction in genome complexity of important production traits, such as
feed efficiency, health, fertility, and meat quality traits in beef cattle (Cánovas et al., 2010; Cánovas
et al., 2014b; Fonseca et al., 2018; Weber et al., 2016).
Although SNP identification for genetic markers has served as a powerful tool in genomics, the
ability to better understand the relationship between genotype and phenotype relies on the accuracy
of analysis to detect genomic variation. Studies have previously compared software for SNP
identification and genotype and SNP calling methods (Piskol et al., 2013; Quinn et al., 2013;
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Nielsen et al., 2011). However, currently, no studies have evaluated RNA-Sequencing pipelines
and their ability to accurately detect genetic variants, such as functional SNPs and INDELs, and
their related functions associated with desirable livestock traits.
Despite the studies using RNA-Seq to examine the genetic influences on feed efficiency, no
studies have used this method to identify functional genetic variants, such as SNPs and INDELs
associated with feed efficiency in cattle. In addition, there is also opportunity for the use of RNASeq using bovine data to detect novel mRNA isoforms that may be influencing feed efficiency that
are note being captured.
1.3 Host-microbiome interactions
The rumen microbial community is a complex ecosystem composed mainly of bacteria,
protozoa, fungi, and archaea, which are dependent on the ruminant or ‘host’ for a habitat to survive
(Williams and Coleman, 1997, Hungate et al., 1966). In return, the rumen microbial community
produces and serves as metabolic energy products for the host, resulting in the symbiotic hostmicrobial relationship. The use of high-throughput sequencing technologies has enabled the
taxonomic and compositional characterization of the rumen microbiota bringing opportunities to
study associations between rumen microbial features and feed efficiency in cattle (Shabat et al.,
2016; Li and Guan, 2017; Paz et al., 2018).
Genetics of rumen microbiome
Due to the ability of the rumen microbial community to adapt rumen parameters rapidly
(Weimer et al., 2010), it is suggested that the assembly of the microbial community could be
partially determined by the host, with ruminants possibly exhibiting individual rumen microbial
profiles. The nature of the diverse community of the rumen microbiome has led to variation in
characterizing and defining consistent rumen microbiome traits to estimate heritability and
investigate correlations with production traits. Studies estimating the heritability of the rumen
microbiome have recently emerged, primarily calculated using taxonomic profiles on an
Operational Taxonomic Unit (OTU) abundance basis (Sasson et al., 2017; Difford et al., 2018;
Wallace et al., 2019, Li et al., 2019). Additionally, more recent traits used to estimate heritability
of the rumen microbiome include microbial diversity indices and ratios between microbial groups
(Li et al., 2019). However, the understanding of the genetic basis underlying the interactions
between the host’s genetics and the rumen microbiome, along with its overall influence on feed
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efficiency is limited. This has led to recent studies using -OMICs technologies to study the rumen
microbiome.
Studying the rumen microbial metagenome and associations with feed efficiency using OMICs technologies
Previous studies have used metagenomic and metatranscriptomic approaches to measure
microbial content/abundance and microbial gene expression, respectively, along with its potential
link to feed efficiency in cattle (Shabat et al., 2016; Li and Guan, 2017; Paz et al., 2018). Studies
evaluating the rumen metagenome and its association with feed efficiency have revealed
differential bacteria abundances across divergent rumen metabolic efficiencies by classifying
specific bacteria using OTU (Paz et al., 2018), which measures various microbial species and their
abundance. Specific OTU have been characterized in beef cattle across divergent feed efficiency
groups and revealed that specific OTU abundance from bacterial families, including
Prevotellaceae and Lachnospiraceae, were significantly associated with feed efficiency in beef
steers (Paz et al., 2018). Previous studies have suggested an association between feed efficiency
traits and rumen microbiome traits (Hayes et al., 2013; Sasson et al., 2017; Paz et al., 2018),
revealing that models used to explain feed efficiency traits (average daily feed intake; ADFI,
average daily gain; ADG, gain to feed ratio; G:F), including OTU abundance parameters, explain
up to 20% of the variation (Paz et al., 2018). This evidence suggests microbial OTU abundance
may serve as a rumen microbiome feature associated with feed efficiency (Paz et al., 2018).
Previous studies have also analyzed the rumen metatrascriptome and its link to feed efficiency,
revealing that less efficient cattle exhibit more diverse microbial activities (Li and Guan, 2017).
This supports the finding by Shabat et al., (2016), in which less feed efficient beef cattle exhibited
higher richness of microbial gene content compared to more feed efficient beef cattle. These
studies suggest that the function of the rumen microbiome can serve as a feature to target feed
efficiency (Shabat et al., 2016; Li and Guan, 2017).
Associations between the rumen microbiome and host genome and its relationship with feed
efficiency
The function of the rumen to extract nutrients from feed and deliver metabolites to productive
tissues, represents its large role in nutrient exchange and whole-body metabolism (Baldwin and
Connor, 2017). As feed efficiency is largely dependent on more efficient use of metabolic energy,
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the metabolic efficiency of the rumen microbiome is known to influence this trait, due to its large
role in energy production and delivery to the host (Myer et al., 2015; Shabat et al., 2016).
Advances in transcriptomic and metatranscriptomic sequencing (RNA-Seq to measure both
host and microbial gene expression), (Li and Guan, 2017) and metagenomic sequencing
(amplicon-sequencing to measure microbial content/abundance) (Sasson 2017 and Wallace et al.,
2019) approaches have provided opportunities to better understand rumen microbiome parameters
and their relationship with host phenotypes. However, few studies have evaluated host genome
and rumen microbiome interactions, which is defined in this thesis as, ‘host-microbiome
interactions’, or the connective genetic relationship between the host’s genome and rumen
microbiome. The underlying genetic architecture of this interaction has not been well studied in
cattle for feed efficiency.
A recent study by Li et al., (2019) evaluated host genetic influence on the rumen microbial
features and its association with feed efficiency in 709 beef cattle. From performing a GWAS on
rumen microbial taxonomic features, 19 SNPs in the host genome were identified to be associated
with 14 rumen microbial taxa, with the majority of the taxa heritabilities being h2 > 0.15. Among
the 19 identified SNPs, five are known QTL for cattle feed efficiency (Li et al., 2019). Despite the
abundant existing research on host-microbiome interactions, mainly in mice and humans (Benson
et al., 2010; Turpin et al., 2016), Li et al. (2019) was the first study to characterize bovine genotype
with heritable microbial features and how they influence feed efficiency in cattle.
Approaches using -omics technologies to study the host genome and rumen microbiome are
now available to better understand the complex genetic relationship between the host and rumen
microbiome. Further studies are necessary to investigate host-microbiome interactions in cattle
and their potential influence on feed efficiency.
The identification of interactions between the host and rumen microbiome may suggest the use
of rumen microbiome features that lead to desirable phenotypes, and eventually allow us to target
both host and rumen microbial traits that lead to more feed efficient cattle (Myer et al., 2019). It is
known that specific rumen microbiome features exhibit low to moderate heritabilities (Sasson et
al., 2017; Difford et al., 2018; Wallace et al., 2019, Li et al., 2019), suggesting genetic inheritance
is possible, while outlining the importance of studying host-microbiome interactions and their
influence on feed efficiency in beef and dairy cattle.
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Despite the recent studies evaluating the rumen microbiome, few studies have considered the
genetic interactions and associations between the rumen microbial metagenome and host
transcriptome in cattle. The use of -OMICs technologies and functional genomics (to integrate
host-microbiome sequence information) and genomic technology (to link sequences with functions
and phenotypes) can help to understand the underlying biological system at different functional
levels and define genetic variants, gene pathways and networks that may play a role in the
regulation of feed efficiency.

1.4 Outline of the Thesis
The overall goal of this thesis was to use -OMICs technologies and functional genomics to
better understand the underlying genetic architecture of feed efficiency in cattle, by evaluating the
host transcriptome, as well as genetic interactions between the host and rumen microbiome. This
work aimed to provide results that could be used for future studies regarding the genetic
architecture of feed efficiency, and ultimately provide information to develop robust and novel
approaches to improve genomic selection for feed efficiency in cattle.
The first manuscript chapter developed an optimized RNA-Seq pipeline approach to identify
functional genetic variants which may be associated with desirable livestock traits. The most
optimized approach is applied to identify genetic variants and associated metabolic pathways in a
beef cattle population divergent for extreme feed efficiency groups.
The second manuscript chapter applies the most optimized RNA-Seq pipeline, determined in
the first manuscript chapter, to identify genetic variants and associated overlapping QTLs and colocalized candidate genes in Holstein and Jersey cattle herds and then evaluates these results using
an across breed metanalysis.
The third manuscript chapter uses RNA-Seq to identify novel mRNA isoforms that are
differentially expressed across two pure (ie. Angus, Charolais) and one composite breed (Kinsella)
beef cattle breeds divergent for extreme feed efficiency groups in beef cattle herd with differing
genetic backgrounds.
The fourth manuscript chapter uses RNA-Seq and Amplicon-Seq to determine genetic
interactions between the host transcriptome and the rumen microbial metagenome and how these
interactions influence feed efficiency in pure (ie. Angus and Charolais) and composite breed (ie.
Kisnella) beef cattle breeds with differing genetic backgrounds.
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2.1 Abstract
Optimization of an RNA-Sequencing (RNA-Seq) pipeline is critical to maximize power and
accuracy for identifying genetic variants, including SNPs, which may serve as genetic markers to
select for feed efficiency, leading to economic benefits for beef production. This study determined
an optimized pipeline for variant detection using a dataset with multiple samples and tissues. The
RNA-Seq data (GEO Accession ID: PRJEB7696 and PRJEB15314) from muscle and liver tissue,
respectively, from 12 Nellore beef steers selected from 585 steers with residual feed intake
measures (RFI; n=6 low-RFI, n=6 high-RFI) were used. Three RNA-Seq pipelines were compared
including multi-sample calling from i) non-merged samples; ii) merged samples by group for lowRFI and for high-RFI for each tissue, iii) merged samples by group and tissue for low- and highRFI for both tissues. The RNA-Seq reads were aligned against the UMD3.1 bovine reference
genome (release 94) assembly using STAR aligner. Variants were called using BCFtools and
variant effect prediction (VeP) and functional annotation (ToppGene) analyses were performed.
Approaches were compared by comparing read depth, overlap of SNP detection results, and
following SNP annotation for positional candidate genes. On average, total reads detected for
Approach i) individual liver and muscle samples were 18,362,086.3 and 35,645,898.7,
respectively. For Approach ii), total reads detected for each merged group of samples was
162,030,705, and for Approach iii) was 324,061,410, revealing the highest read depth for
Approach iii). Additionally, Approach iii) encompassed the majority of localized positional genes
detected by each approach, suggesting Approach iii) be applied to maximize detection power, read
depth, and accuracy of SNP calling, therefore increasing confidence of variant detection and
reducing false positive rate. Approach iii) was then used to detect unique SNPs fixed within low(12,145) and high-RFI (14,663) groups. Annotation of moderate to high functional impact SNPs
revealed co-localized positional candidate genes for each RFI group (2,886 for low-RFI, 3,075 for
high-RFI), which were significantly (P<0.05) associated with immune and metabolism pathways.
The most optimized RNA-Seq pipeline allowed the more accurate identification of SNP,
associated positional candidate genes, and significantly associated metabolic pathways in muscle
and liver tissues, providing insight on the underlying genetic architecture of feed efficiency in beef
cattle.
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2.2 Introduction
High-throughput RNA-Sequencing (RNA-Seq) technology is a widely approach used to detect
and quantify expressed transcripts, novel transcript discovery and analyze differential gene
expression and alternative splicing in a biological sample (Mortazavi et al., 2008; Pightling et al.,
2015; Wickramasinghe et al., 2014). In addition to these applications, RNA-Seq can detect
functional genetic variants such as single nucleotide polymorphisms (SNPs), which are restricted
to the expressed portion of the genome and represent a large amount of genetic variation in the
genome (Cánovas et al., 2010; Chepelev et al., 2009). SNPs based genetic markers are useful due
to their high abundance in the cattle genome and genetic stability (Nielsen, 2000; Heaton et al.,
2001).
RNA-Seq experiments in livestock studies have identified significant SNPs in candidate genes
associated with metabolic pathways that may play a role in the regulation of production traits
(Cánovas et al., 2010; Cánovas et al., 2012; Cánovas et al., 2013; Suárez-Vega et al., 2017;
Cardoso et al., 2017; Dias et al., 2017). This has resulted in an improved understanding of the
genetic architecture and a reduction in genome complexity of important production traits such as
feed efficiency, health, fertility, and meat quality traits in beef cattle (Cánovas et al., 2010;
Cánovas et al., 2013; Cánovas et al., 2014a; Fonseca et al., 2018; Weber et al., 2016). More
specifically, the study of genetic variants that may serve as markers to select for feed efficiency or
residual feed intake (RFI) may help lead to the genetic improvement of feed efficiency and result
in economic and environmental benefits for beef production, as feed costs represent approximately
70% of livestock production expenses (FAO, 2006).
Although SNP identification for genetic markers has served as a powerful tool in genomics, the
ability to better understand the relationship between genotype and phenotype relies on the accuracy
of analysis to detect genomic variation. Studies have previously compared software for SNP
identification and genotype and SNP calling methods using RNA-Seq data (Piskol et al., 2013;
Quinn et al., 2013; Nielsen et al., 2011). With the availability of RNA-Seq data from multiple
samples, animal groups, and tissues, the merging approaches to determine SNP calling workflows
optimized for power and accuracy of SNP detection can be performed. However, the evaluation
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of RNA-Seq pipelines to identify variants across different phenotypic or genotypic groups that
include samples from multiple tissues has not been evaluated and strategies for the use and merging
of RNA-Seq data from multiple samples and tissues remain limited. Optimized RNA-Seq analysis
approaches can then be applied for SNP discovery to detect SNPs that may serve as functional
genetic markers and be used in selection strategies to improve economically relevant traits in
livestock.
The aim of this study was to compare three RNA-Seq sample merging pipelines for SNP
identification to determine the most optimized and accurate pipeline based on study experimental
design and data analysis objectives. The approach considered as the most optimized and accurate
approach for SNP detection using RNA-Seq data was then used to identify functional SNPs
associated with feed efficiency in Nellore beef cattle to improve the understanding of the biology
and metabolic pathways underlying genetic markers that may influence the function and regulation
of feed efficiency in beef cattle. The specific objectives of this study were to 1) compare three
RNA-Seq pipelines using samples from two divergent groups for feed efficiency (i.e., low- and
high-RFI) and two tissues (i.e., liver and muscle) including multi-sample calling from: i) nonmerged samples; ii) merged samples by group for low-RFI and merged samples for high-RFI for
each tissue, iii) merged samples by group and tissue for low- and high-RFI for both tissues, 2)
define the pipeline with maximized accuracy and power for SNP detection and apply it to identify
unique SNPs fixed within high or low feed efficient Nellore beef steers, and determine associated
genes and metabolic pathways.
2.3 Materials and Methods
RNA-Seq dataset
The datasets used in this study consist of RNA-Seq data obtained from liver and muscle tissue
samples from Nellore beef steers deposited in the NCBI - Gene Expression Omnibus (GEO) public
repository with PRJEB7696 and PRJEB15314 GEO accession numbers for both liver and muscle,
respectively. Detailed animal management and sampling information was previously described by
Tizioto et al., (2015) and by Tizioto et al., (2016). Briefly, 20 Nellore feedlot beef steers (n=10
low-RFI and n=10 high-RFI) at 21 months of age were used, which were selected from 585 steers
that were calculated for feed efficiency through Best Linear Unbiased Prediction (BLUP) estimates
for RFI (Tizioto et al., 2015; Tizioto et al., 2016). Tissue samples were collected from the
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longissimus thoracic muscle (Tizioto et al., 2016) and liver (Tizioto et al., 2015). RNA was
extracted using Trizol method (Invitrogen®), and mRNA sample preparation was performed using
TruSeq RNA Sample Preparation Kit ® (illumina, San Diego, CA). Cluster generation and
sequencing was performed on the Illumina HiSeq 2000® which generated paired end-reads of 2 x
100 bp. The previous studies performed identification and annotation of differentially expressed
genes across feed efficiency groups (Tizioto et al., 2015; Tizioto et al., 2016).
Comparison of animals from each study revealed four high-RFI individuals in the muscle group
which did not match the high-RFI individuals in the liver group. This may be due to RFI re-ranking
of animals, as liver tissue was sampled from only 83 of the 585 beef steers. Therefore, the four
non-matching animals from the high-RFI muscle group (ERS1342436, ERS1342439,
ERS1342440, ERS1342443) were removed from the study, and four corresponding individuals
(ERS579404, ERS579406, ERS579407, ERS579411) from the high-RFI liver group were also
removed. To maintain the same sample size across RFI groups, four animals were randomly
selected to be removed from the low-RFI group for muscle (ERS1342447, ERS1342448,
ERS1342450, ERS1342453) and liver (ERS579395, ERS579396, ERS579398, ERS579301).
Therefore, this study used RNA-Seq data from 12 Nellore beef steers divergent for feed efficiency
(n = 6 low-RFI and n = 6 high-RFI) from both muscle and liver tissue (Figure 2-1).
RNA-Seq analysis workflow
Identification of SNPs was performed using the workflow shown in Figure 2-2. Fastq files were
downloaded using the SRA toolkit command fastq-dump with the option -split-files to download
the data from each sample into two files, one for each of the paired ends. Quality of sequence reads
were verified using FastQC (version 0.11.8; Andrews, 2014) to identify sequencing read artifacts
including sites with low quality Phred scores, duplicated reads, uncalled bases (N sequences), and
potential contamination (Cardoso et al., 2018; Cánovas et al., 2014b). Next, reads were trimmed
to remove Illumina adapters and low quality bases at the start and end of reads (sites removed if
Phred score<30) using Trimmomatic (Version 0.38; Bolger et al., 2014). Additionally, reads with
an average quality score below 20 within a sliding window of 5 nucleotides, and with length less
than 75 bp were removed. Quality of sequence reads were re-evaluated post-trimming using
FastQC (Andrews, 2014). The resulting trimmed reads from each sample were individually aligned
to the bovine reference genome (Bos taurus Assembly UMD3.1. release 94), using STAR (version
2.7.0.; Dobin et al., 2013) with the following filtering options: --outFilterMismatchNmax 999,
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allowing a maximum of 999 mismatches per pair, --outFilterMismatchNoverReadLmax 0.04,
allowing alignment to be output only if its ratio of mismatches to read length is less than 0.04, and
--outFilterMultimapNmax 1, which allowed a max of 1 alignment per read (if exceeded, the read
is considered unmapped). ReadGroups (RG) were then added to each sample and PCR duplicates
were

marked

and

removed

using

PICARD

tools

(Version

2.18.25.;

http://broadinstitute.github.io/picard/). The RGs allowed for differentiation of samples by
assigning the origin of the read (low- or high-RFI group) and assignment of SNPs to a specific
genotype.
RNA-Seq read merging approaches
A diagram outlining the strategy used for merging BAM files is shown in Figure 2-3. Three
different RNA-Seq read merging approaches were compared including: i) non-merged samples,
ii) merged samples by group for low-RFI and for high-RFI for each tissue, and iii) merged samples
by group and tissue for low- and high-RFI for both tissues (liver and muscle). Each approach
required the merging of aligned reads prior to variant calling (Figure 2-2). BAM files were merged
using SAMtools (Version 1.4; Li et al., 2011), which merged multiple BAM files and produced a
single output file per strategy, leading to a total of six new BAM files containing merged aligned
reads from: low-RFI muscle samples, low-RFI liver samples, high-RFI muscle samples, high-RFI
liver samples, low-RFI muscle and liver samples, and high-RFI muscle and liver samples (Figure
2-3).
Variant calling and filtering
Variant calling was performed for each read merging method to identify SNPs using the
‘mpileup’ and ‘call’ commands from BCFtools (Version 1.9-77-gd0cf724+; Danecek et al., 2018).
This involved conversion of BAM files into genomic positions and variant calling, producing a
BCF (Binary Variant Call Format) file containing variant information including genomic position,
alternative allele detected, quality of SNP call, and other information (Danacek et al., 2011). The
multi-sample calling (or joint calling) method, previously shown to enhance the sensitivity of SNP
detection and accuracy of genotype calling over calling each sample independently in datasets with
low sequencing depth, was employed for all read merging approaches.
The comparisons of approaches performed with VCF files of varying genotypes (GT) is
summarized in Table 2-2 and Figure 2-3. For approach i), BAM files (aligned reads) from the
different animals and tissues were not merged and files for each tissue type were called for variants
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individually using multi-sample calling, resulting in one multi-sample VCF file for each tissue
type, each containing 12 genotypes (1 GT for each animal). For approach ii), BAM files of animals
in the same RFI group were merged for each tissue and files for each tissue type were called for
variants using multi-sample calling, resulting in one VCF file for each tissue, each containing 2
genotypes (1 GT per RFI group). For approach iii), BAM files of animals in the same RFI group
were merged for both tissues prior to multi-sample calling, resulting one VCF file that contained
2 genotypes (1 GT per RFI group). Variant filtering was performed using VCFtools to remove
variants with a minimum read depth below 10 and a minimum of 2 supporting reads for the
alternative allele as well as to filter SNPs within 3 bp surrounding a gap as described by Cánovas
et al. (2010). BCFtools filter was used to remove variants with quality values below 30 (based on
Phred scaled scores for the assertion made in the alternative allele), filter SNPs within 5 bp of an
INDEL, and filter any alternative allele with a lower frequency of 20% in the population.
Whole Transcriptome Coverage Analysis
The Whole Transcriptome Coverage Analysis tool of CLC Genomics Workbench 12.0.2
(https://www.qiagenbioinformatics.com/) was used to determine the total number of unfiltered
reads across the whole transcriptome or each individual sample in Approach i) and for merged
sample groups in Approach ii) and iii). This tool is used to identify regions in read mappings with
unexpectedly low or high coverage, however, the summary of results of this analysis presents the
‘Total Mapped Reads’ across the whole transcriptome for each approach, counting both reads of a
paired end sequence, while ignoring ‘non-specific matches’, or ‘broken pairs’ (CLC Genomics
Workbench 12.0.2, https://www.qiagenbioinformatics.com/).
Identification and gene annotation of unique SNPs fixed within low- or high-RFI groups for each
approach
Unique SNPs fixed within low- or high-RFI groups were identified using the VCF files
containing filtered SNPs as previously described for each approach. These SNPs were filtered for
moderate or high functional impact using Variant Effect Predictor (VeP) (McLaren et al., 2010).
Variants with functional consequence within High, Moderate, or Modifier categories were selected
for further analysis. In addition, in order to identify positional candidate genes, the genes localized
with these SNPs were also determined using custom R scripts (Version 1.1.463.; R Core Team,
2013) and the VennDiagram R package (Cánovas et al., 2014).
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Approach iii) was then used to identify unique SNPs fixed within low- or high-RFI groups using
the VCF files containing filtered SNPs as previously described (Figure 2-2). Therefore, 2 VCF
were compared (1 low-RFI and 1 high-RFI VCF) with 1 GT each (representative of multiple
samples). SnpSift (Version 4.0; Cingolani et al., 2012) filtering command was used to remove all
variants present in one RFI group but missing in the other RFI group. The VCF file was then split
using VCFtools vcf-subset to create one VCF file with only low-RFI variants and one VCF file
with only high-RFI variants, which were then compared using the BCFtools isec command to
determine the intersection of the files and create three files: SNPs exclusive to low-RFI VCF file,
SNPs exclusive to high-RFI VCF file, and SNPs shared between both low- and high-RFI groups
VCF file. Positional candidate genes in which these variants were localized were selected to
determine associated metabolic pathways. Functional annotation was performed using ToppGene
(Chen et al., 2009) to determine metabolic pathways significantly associated with the gene lists.
2.4 Results and Discussion
In this study, we compared three multi-sample calling approaches and their SNP calling results
and applied the most optimized approach to perform a more accurate SNP discovery for genetic
markers associated with feed efficiency in beef cattle. The number of total reads, total uniquely
mapped reads, and percentage of uniquely mapped reads is given in Table 2-1. Overall, the number
of uniquely mapped reads identified in muscle tissue (205,269,868) were observed to be greater
than that detected in liver tissue (87,466,593) (Table 2-1). This may have resulted in a lower
number of total SNPs detected in liver compared to muscle in both the non-merged and merged
samples approaches (Table 2-3).
Table 2-3 displays all merging and non-merging approaches and includes total SNP identified
before and after applying quality filters. On average, the percentage of SNPs that passed all quality
filters for all approaches was 40.05%. The frequency of overlapping SNPs between liver (Table 23 a)) and muscle (Table 2-3 b)) tissues was relatively high, confirming that variants were expressed
in these tissues and supporting our rationale that merging data by tissues could lead to increased
accuracy of SNP detection by increasing read depth and reducing possible false positives. To
compare the first two merging approaches (non-merging and merging by RFI group) to the third
approach (merging by RFI group and tissues), the VCF files of the liver and muscles tissues for
the first two approaches (i and ii) were merged using VCFtools. A higher number of total SNPs
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were identified in the non-merging method compared to all other merging approaches. This may
be due to an increase in detection of rare variants (i.e., variants detected in a small subset of the
animals).
Comparison of RNA-Seq merging approaches for more accurate SNP detection
To compare the overlap of the SNPs detected by the various approaches, we determined the
total number and percentage of SNPs identified as shared or unique across the approaches being
compared (Table 2-4). Results revealed that when comparing the approaches of non-merging
(Approach i)) and merging samples by RFI group (Approach ii)) for liver, the majority of SNPs
were shared (76.20%) between both approaches. A considerable number of SNPs detected by the
non-merging approach (23.66%) were unique to this approach and were not detected by the
merging samples by tissue approach, while very few SNPs (0.13%) were found to be uniquely
detected by the merging samples by tissue approach. Similar results were detected when
comparing these two approaches (i and ii) for the muscle tissue. Comparing the non-merging
approach to that of merging tissues (i and iii) yielded similar results, with the majority of SNPs
found shared (72.84%) or unique to the non-merging approach (22.42%). In addition, 4.74% of
SNPs were detected uniquely by the merging tissues approach. Comparing the merging samples
by tissue approach to that of merging tissues (ii and iii), a greater overlap between SNPs was
detected (86.70%), with 3.41% of SNPs found unique to merging samples by tissue and 9.89% of
SNPs found unique to merging tissues.
The SNPs that are uniquely detected by the non-merging method could represent SNPs that are
present in a small subset of animals and hence not be representative of a specific RFI group. For
SNPs with a low non-reference allele frequency, merging reads from multiple samples could lead
to dilution of reads supporting the variant and consequent call as homozygous for reference
(VanRaden et al., 2019). Alternatively, the Phred quality score of a SNP may be inflated when
detected in a large number of samples and consequently, some of the SNPs uniquely detected by
the non-merging method could have been removed by the quality filters in the merging methods
suggesting possible false positives (Liao et al., 2017). On the other hand, the detection of SNPs
that are unique to the merging methods suggests that merging samples and tissues improves SNP
detection and Phred quality scores due to increased read depth and reducing potential false
positives.
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Comparison of RNA-Seq merging approaches based on read depth, annotated SNPs, and
annotated genes fixed within RFI groups
The analysis resulted in the total number of mapped reads on the reference for each individual
sample in Approach i) (non-merged samples), and for merged map reads of samples in Approach
ii) (merged samples by RFI group) and Approach iii) (merged samples by RFI and tissue group)
(Table 2-5). To identify the most optimized approach with highest read depth, the total reads
mapped across the whole transcriptome for each approach were compared (Table 2-5). On average,
the total reads for Approach i) individual liver samples and individual muscle samples were
18,362,086.3 and 35,645,898.7, respectively. For Approach ii), the average total number of reads
for each merged group of samples was 162,030,705, and for Approach iii) was 324,061,410.
Approach iii) had the highest read depth and coverage across the whole transcriptome, suggesting
that this approach may have higher read depth to filter out false positives and more accurately
detect SNPs and INDELs.
The list of SNPs fixed within low- or high-RFI groups and filtered for moderate or high
functional impact were compared across each approach (Figure 2-4). The most optimized approach
for detecting SNPs that best represented the feed efficiency trait was determined by comparing the
SNP detection results from each approach. From this, SNPs fixed within low- or high-RFI groups,
filtered for moderate, modifier, or high functional impact, were compared across each approach
(Figure 2-4), and the associated genes harboring these SNPs were also compared across
approaches (Figure 2-5). The total amount of SNPs after filtering, detected by each approach were
23,228, 22,957, and 27,429 for approach i), ii), and iii), respectively (Figure 2-4). A large overlap
of SNPs (14,807) between approach ii) and iii) was observed which is likely due to the merging
of samples in these approaches. The total amount of genes unique to low- and high-RFI groups
identified for each approach were 4,568, 4,804, and 3,938 for approach i), ii), and iii), respectively.
We observed a higher average of SNPs detected per gene for approach iii) (1.832 SNPs/gene;
SD=1.564), compared to approach i) (1.775 SNPs/gene; SD = 1.499) and ii) (1.773 SNPs/gene;
SD = 1.537), as approach iii) had more SNPs and less annotated genes ratio (Figures 2-4 and 2-5).
This may suggest that approach iii) reveals that more SNPs are influencing fewer genes.
As shown in the Venn Diagram in Figure 2-5, the majority of genes (1,975) from each approach
were identified as shared across all three approaches. Additionally, 1,296, 715, and 486 genes were
identified as unique to approach i), ii), and iii), respectively. The number of genes shared between
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approach i) and ii) was 967, and between ii) and iii) was 1,147, and between i) and iii) was 330.
When considering the total genes identified in each approach, approach iii) shares the most genes
among both approach i) and ii) (50%), and 8.37% with approach i) and 29.13% with approach ii).
The genes shared among all three approaches were of most importance and interest, as they were
the genes most representative of the trait, and approach iii) had the most genes located in this
mutual group. Additionally, approach iii) had the lowest percent of genes unique to its own group
(12.3%). This may suggest that approach iii) is most representative of the unique genes associated
with feed efficiency, and was able to identify more positional candidate genes (486) that are likely
to play a role in regulating feed efficiency, while potentially excluding false positive SNPs that
may have been annotated for untrue genes identified by the other approaches. Notably, approach
ii) and iii) had more shared variants (86.70%) compared to the other approach comparisons in
Table 2-4, and approach ii) and iii) also have the most shared annotated genes (Figure 2-5).
Similarly, approach i) and iii) had the least shared variants (Table 2-4) and also have the least
shared annotated genes (Figure 2-5). This suggests that the comparison of unique and shared SNPs
across approaches in Table 2-4 is representative or may be correlated with the annotated genes (for
low- and high-RFI) compared between approaches in Figure 2-5.
Unique SNPs fixed within low- or high-RFI groups and their associated candidate genes and
metabolic pathways
Unique or shared SNPs identified across low- and high-RFI groups using approach iii) are
shown in Figure 2-6. In total, 415,624 SNPs were detected, with 13,145 SNPs unique in low-RFI,
and 14,663 SNPs unique in high-RFI. In addition, 387,816 SNPs were identified as shared across
both low- and high-RFI groups. The unique SNPs were filtered for variant impact information
including only High, Moderate, or Modifier impact. With variant impact ‘High’, meaning the
variant may have a high or disruptive impact in the protein that would lead to protein truncation,
loss of function, or tissue nonsense, mediated delay; ‘Moderate’, meaning a non-disruptive variant
that may change protein effectiveness; or ‘Modifier’ non-coding variant, or variant affecting noncoding genes, where predictions are difficult or the impact is unknown (McLaren et al., 2010).
Further investigation of the genes localized with these SNPs with more potential of impacting
protein function were selected as they may be more likely to have a functional impact in metabolic
pathways that may play a role in regulating feed efficiency. In total, 2,886 and 3,075 genes colocalized with SNPs were identified for the low- and high-RFI groups, respectively. The gene lists
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were significantly (P<0.01) enriched for 111 and 3 functional pathways for low- and high-RFI
groups, respectively. The 3 most significant pathways associated with each RFI group are
displayed in Table 2-6. Low-RFI animals display a genetic architecture with fewer genes affecting
more biological pathways, compared to high-RFI animals, explaining the large number of
significantly enriched genes (111) for low-RFI group, compared to the high-RFI group (3).
When using RNA-Seq technology to detect structural genetic variants (Cánovas et al., 2010),
the structural variants are expected to be detected from mRNA reads, which are not necessarily
differentially expressed or highly expressed in a specific tissue. The following structural variants
and co-localized genes are discussed in a means that the structural variants are unique or fixed
within RFI groups and are located within or near the discussed genes that could be of interest to
better understand feed efficiency, but not necessary in terms of the expression of the genes.
The three most significant pathways associated with low-RFI (more feed efficient) cattle,
included immune response, fertility, and metabolism pathways, including the BCR signaling
pathway, oxytocin signaling pathway, and EPHA2 forward pathway (Table 2-6). The BCR
signaling pathway is associated with immune response and fertility; Olivieri et al. (2016)
previously identified candidate genes related to feed efficient Nellore beef cattle which were
associated with immune system function, including NLRP14 gene which was present in the low
feed efficient group in this study, and CACNG7 which was present in high feed efficient group in
this study. The regulation of NLRP14 has also been suggested to be associated with excessive
accumulation of undifferentiated spermatogonia germ cells in cattle, implying its role in
reproductive function (Cai et al., 2017). It may be possible that these genes which are co-localized
with variants unique to low- and high-RFI steers are being expressed. The CACNG7 gene is
associated with oxytocin signaling; this may explain the oxytocin enriched pathway in the current
study which was associated with more feed efficient cattle, supporting a link between metabolic
processes with feed efficiency. Oxytocin is a neuropeptide which has also been found to regulate
brown adipocyte production, which functions for metabolic maintenance of temperature regulation
(thermogenesis) and gluconeogenesis (Ding et al., 2018).
The EPHA2 forward signaling was also associated with more feed efficient cattle in this study.
The EPHA2 is a gene known to be targeted by miR-26b, a microRNA (miRNA) in pituitary tissues
of Zanbian cattle, and this miRNA is known to regulate cell proliferation, differentiation,
apoptosis, and development (Yuan et al., 2015). In addition, EPHA2 receptor is a key modulator
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for a wide variety of cellular functions, such as embryonic development, tissue boundary
formation, central nervous system function, bone remodeling, vascular organization (Park et al.,
2013), suggesting its role in metabolic maintenance and regulation. This may be relevant in the
regulation of feed efficiency due to the strong correlation between feed efficiency and efficiency
of metabolic energy use to meet physiological demands.
The three most significant pathways associated with high-RFI (less feed efficient) cattle, also
included BCR signaling pathway (Table 2-6), which may suggest similar variants are present in
both low- and high-RFI groups, but are acting in different ways to regulate feed efficiency in cattle.
This is supported by the discovery in the study where many SNPs were detected in both low- and
high-RFI groups with the same position but with different alleles. Another significantly associated
pathway to less feed efficient cattle was B cell activation which is additionally related to immune
response. It has been found that B cell activation pathway was enriched for differentially expressed
genes in pigs selected for RFI (Schroyen et al., 2016). This may suggest the influence of feed
efficiency on immune pathways and function in livestock. Regulation of RAC1 was another
significantly associated pathways with less feed efficient cattle, which is known to have a role in
glucose transport and skeletal muscle (Sylow et al., 2013), and could be associated with the
regulation of gluconeogenesis, along with oxytocin as discussed previously.
Overall, the most significant pathways associated with the extreme feed efficiency groups were
both related to metabolic, reproductive, and immune functions (Table 2-6). Notably, both feed
efficiency groups found similar significant pathways. From the analysis, similar SNP were found
with different alleles in both low- and high-RFI, suggesting that the same SNPs with different
alleles are present in animals in both high and low feed efficiency groups, influencing genes
differently, to make an animal more or less feed efficient.

2.5 Conclusion
In conclusion, this study demonstrates the different results obtained in SNP detection from
using different sample merging pipelines for RNA-Seq analysis. We suggest that the most
optimized RNA-Seq pipeline for SNP detention when analyzing multiple samples and tissues in
divergent traits or phenotypic groups is to merge multiple samples and tissue data by group to
increase aligned reads at each variant site which increases read depth and coverage, leading to
improved accuracy and power of SNP and genotype calling and reduction of false positive
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detection. This pipeline can be used to identify SNPs associated with extreme phenotypes of
interest, which can be annotated to identify genes that may regulate that trait. Overall, this work
presents an optimized RNA-Seq pipeline to discover SNPs in coding regions to improve the
detection of potential trait-associated variations using RNA-Seq data. Additionally, using the
proposed optimized RNA-Seq pipeline, this study successfully identified functional candidate
SNPs within genes involved in major metabolic pathways associated with high and low feed
efficient Nellore beef cattle, suggesting the relationship between immune, reproductive, and
metabolic function with feed efficiency in beef cattle, and confirming the successful use of the
most optimized RNA-Seq pipeline described in this study.
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2.8 Tables
Table 2-1. Liver and muscle sample information including feed efficiency group, read mapping
information.
Sample Accession
Number by study

Feed efficiency
group

Total Reads

# uniquely
mapped reads

% uniquely
mapped reads

Tissue (study accession #)
Liver (PRJEB7696)
ERS579394

high

7,338,446

6,975,563

95.06

ERS579397

high

7,079,855

6,714,099

94.83

ERS579399

high

8,325,791

7,903,077

94.92

ERS579400

high

7,716,404

7,305,248

94.67

ERS579402

high

7,354,529

6,978,182

94.88

ERS579403

high

7,114,744

6,742,752

94.77

ERS579405

low

6,363,266

6,042,120

94.95

ERS579408

low

6,596,129

6,272,955

95.10

ERS579409

low

7,923,682

7,497,828

94.63

ERS579410

low

7,132,356

6,642,434

93.13

ERS579412

low

6,913,752

6,537,053

94.55

ERS579413

low

7,607,639

7,209,026

94.76

ERS1342445

high

17,227,810

16,261,921

94.39

ERS1342446

high

20,976,425

19,931,762

95.02

ERS1342449

high

20,926,000

17,475,676

83.51

ERS1342451

high

14,807,990

14,064,136

94.98

ERS1342452

high

15,773,643

10,430,495

66.13

ERS1342454

high

13,852,120

13,174,573

95.11

ERS1342435

low

18,443,978

17,618,969

95.53

ERS1342437

low

15,475,954

14,733,896

95.21

ERS1342438

low

17,516,264

16,728,409

95.50

Muscle (PRJEB15314)
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ERS1342441

low

17,307,502

16,462,170

95.12

ERS1342442

low

14,900,733

14,179,347

95.16

ERS1342444

low

18,061,449

17,254,366

95.53
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Table 2-2. Summary of merging strategy for each approach and description of VCF file comparisons.
Approach

i)

Non-merged
samples

ii)

Merged samples
for low-RFI and
merged samples
for high-RFI for
each tissue

iii)

Merged samples
for low- and highRFI for both tissues

Samples per RFI group

6

6

12

RFI group

Non-merged

Merged

Merged

Tissues

Non-merged

Non-merged

Merged

To compare approach i) and ii)
12 GT
Number of merged GT
per VCF file for
comparisons

2 GT
To compare approach i) and iii)

24 GT

2 GT
To compare approach ii) and iii)
4 GT

Variant calling strategy

Multi-sample calling
from multiple samples
in one command line

2 GT

Multi-sample calling from Multi-sample calling from
merged samples per RFI merged samples per RFI
group for each tissue
group for both tissues

RFI = residual feed intake; n: sample size; VCF = Variant Calling Format; GT = Genotype
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Table 2-3. Summary of total SNPs detected using bcftools for each approach scenario used for comparisons.
Approach

Tissue

n

Total SNPs before
filtering

Total SNPs
after filtering

Percentage of
SNPs passing
all filters (%)

i) a)

Liver

6

626,460

258,120

41.20

i) b)

Muscle

6

940,143

396,705

42.20

i) c)

Liver + Muscle

6

1,205,664

511,092

42.39

ii) a)

Liver

6

521,588

197,309

37.82

ii) b)

Muscle

6

770,685

296,169

38.43

ii) c)

Liver + Muscle

12

1,005,696

388,322

38.61

iii)

Liver + Muscle

12

1,048,370

416,216

39.70

i) Non-merged samples; ii) Merged samples for low-RFI and merged samples for high-RFI for each tissue; iii) Merged samples for low- and
high-RFI for both tissues.
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Table 2-4. Results of approach comparisons showing total SNP identified unique within approach
and shared between both approaches.
Approach i) v.s. Approach ii)
Liver Non-merged v.s. Liver Merged by RFI group

Total number of SNPs
Percentage of SNPs

Individual
61,158
23.66

Shared
196,962
76.20

Merged samples
347
0.13

Total
258,467

Approach i) v.s. Approach ii)
Muscle Non-merged v.s. Muscle Merged by RFI group

Total number of SNPs
Percentage of SNPs

Individual
101,047
25.44

Shared
295,658
74.43

Merged samples
511
0.13

Total
397,216

Approach i) v.s. Approach iii)
Liver and Muscle Non-merged v.s. Liver and Muscle Merged by RFI group
and Tissues

Total number of SNPs
Percentage of SNPs

Individual
120,301
22.42

Shared
390,791
72.84

Merged tissues
25,425
4.74

Total
536,517

Approach ii) v.s. Approach iii)
Liver and Muscle Merged by RFI group v.s. Liver and Muscle Merged by RFI
group and Tissues

Total number of SNPs
Percentage of SNPs

Merged samples
14,699
3.41

Shared
373,623
86.70

Merged tissues
42,593
9.88

Total
430,915

i) Non-merged samples; ii) Merged samples for low-RFI and merged samples for high-RFI for each tissue; iii) Merged samples for
low- and high-RFI for both tissues.
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Table 2-5. Total reads across genome for each approach from CLC Whole Transcriptome
Coverage Analysis.
Feed
Sample Accession number or samples merged description
efficiency
Total Reads
group
Approach i): Non-merged
Individual liver samples
ERS579394
high
18,505,235
ERS579397
high
17,915,515
ERS579399
high
21,085,175
ERS579400
high
19,602,337
ERS579402
high
18,583,880
ERS579403
high
18,078,573
ERS579412
low
17,489,472
ERS579413
low
19,044,144
ERS579408
low
16,647,703
ERS579409
low
19,843,569
ERS579410
low
17,775,528
ERS579405
low
15,773,905
Individual muscle samples
ERS1342445
high
35,720,847
ERS1342446
high
43,782,111
ERS1342449
high
43,403,981
ERS1342451
high
30,832,942
ERS1342452
high
33,478,392
ERS1342454
high
28,850,693
ERS1342435
low
38,307,806
ERS1342437
low
32,252,078
ERS1342438
low
36,486,302
ERS1342441
low
36,091,768
ERS1342442
low
31,067,715
ERS1342444
low
37,476,149
Approach ii): Merged by RFI group
Liver samples for high feed efficiency merged
high
113,770,715
Liver samples for low feed efficiency merged
low
106,601,321
Muscle samples for high feed efficiency merged
high
216,068,966
Muscle samples for low feed efficiency merged
low
211,681,818
Approach iii): Merged by RFI group and tissue group
Liver and Muscle samples for high feed efficiency merged
high
329,839,681
Liver and Muscle samples for low feed efficiency merged
low
318,283,139
*Total reads - refers to total reads based on coverage across genome
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Table 2-6. Metabolic pathways significantly associated with genes in which SNPs from Low- and High-RFI
were localized.
p-value

FDRi

Genes associated
with SNPs detected

Function

Members of the BCRa signaling

1.68x10-6

5.12x10-3

20

Immune

Oxytocin signaling

1.70x10-5

1.87x10-2

42

Reproduction
and
Metabolism

EPHA2b forward signaling

2.72x10-5

1.87x10-2

10

Growth and
Metabolism

Members of the BCR signaling

1.21x10-5

1.52x10-2

19

Immune

B cell activation

1.313x10-5

1.52x10-2

22

Immune

Regulation of RAC1c activity

1.48x10-5

1.52x10-2

17

Metabolism

Pathway Name
Low-RFIii

High-RFI

i

FDR = False Discovery Rate

ii

Top 3 pathways out of 111 significantly associated pathways

a

BCR = B Cell Receptor

b

EPHA2 = Ephrin type-A receptor 2

c

RAC1 = Ras-related C3 botulinum toxin substrate 1
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2.9 Figures

Figure 2-1. Population, tissue sample, and feed efficiency group structure using RNA-Seq data
from two studies*
RFI = residual feed intake; n = sample size. Initial population sizes were n = 20 (liver) and n = 20 (muscle); however, 4 individuals
were removed from each high-RFI group due to non-matching animal IDs. Additionally, 4 individuals were randomly removed
from each low-RFI group to maintain a consistent sample size of n = 6 for each RFI group.
*GEO Accession ID: PRJEB7696 and PRJEB15314 for liver and muscle tissue data, respectively
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Figure 2-2. Workflow diagram to compare SNP calling approaches, identify functional SNP, and predict corresponding variant effects.
i

Samples were merged based on three different approaches:

i) Non-merged samples, meaning BAM files were not merged and each file was called individually using a multi-sample VCF file containing 6 GT (1 for each animal) for each
group;
ii) Merged samples for low-RFI and merged samples for high-RFI for each tissue, meaning BAM files of same group and tissue were merged. Using one VCF file for each RFI
group per tissue, containing 1 GT;
iii) Merged samples for low- and high-RFI for both tissues, meaning BAM files of same group were merged for tissues. Using one VCF file for each RFI group for both tissues,
containing 1 GT.
RFI = residual feed intake; GT = genotype; SNP = single nucleotide polymorphism; VCF = variant calling format.
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Figure 2-3. Workflow diagram of sample non-merging and merging strategies for each approach and
for approach comparisons
RFI = residual feed intake; n = sample size; BAM = Binary Alignment Map file; VCF = Variant Calling Format; GT = Genotype
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Figure 2-4. Common and unique SNPs which were fixed within low- or high-RFI groups across
each approach.
Approach i) = Non-merged samples
Approach ii) = Merged samples for low-RFI and merged samples for high-RFI for each tissue
Approach iii) = Merged samples for low- and high-RFI for both tissues
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Figure 2-5. Common and unique genes co-localized with variants fixed within low- and high-RFI
groups from each approach.
Approach i) = Non-merged samples
Approach ii) = Merged samples for low-RFI and merged samples for high-RFI for each tissue
Approach iii) = Merged samples for low- and high-RFI for both tissues
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Figure 2-6. Unique or common SNPs between low- and high-RFI groups using the most optimized
RNA-Seq pipeline*
*Approach iii) merged samples for low- and high-RFI for both tissues.
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3.1 Abstract
The identification of functional genetic variants and associated candidate genes linked to
feed efficiency may help improve selection for feed efficiency in dairy cattle, providing economic
and environmental benefits for the dairy industry. This study used RNA-Seq data obtained from
liver tissue from 9 Holstein cows (n = 5 low-RFI, n = 4 high-RFI) and 10 Jersey cows (n = 5 lowRFI, n = 5 high-RFI), which were selected from a single population of 200 animals. Using RNASequencing, three analyses were performed to identify variants within: 1) low- or high-RFI
Holstein cattle; 2) low- or high-RFI Jersey cattle; and 3) low- or high-RFI groups, which are
common across both Jersey and Holstein cattle breeds. From each analysis, all variants were
filtered for moderate or high functional impact, and co-localized QTL regions and QTL classes,
enriched biological processes, and co-localized genes related to these variants, were identified.
The overlapping of the resulting genes co-localized with functional SNPs from each analysis in
both breeds for low- or high-RFI groups were compared. For analysis 1) and 2), the total number
of candidate genes associated with moderate or high functional impact variants fixed within lowor high-RFI groups were 2,810 and 3,390 for Holstein and Jersey breeds, respectively. The major
QTL regions co-localized with these variants included milk and reproduction QTLs for the
Holstein breed, and milk, production, and reproduction QTL regions for the Jersey breed. For
analysis 3), the common variants across both Holstein and Jersey breed populations, uniquely fixed
within low- or high RFI groups were identified revealing a total of 86,209 and 111,126 functional
variants in low- and high-RFI groups, respectively. Across all 3 analyses for low- and high-RFI
cattle, 12 and 31 co-localized genes were overlapping, respectively. Among the overlapping genes
across breeds, 8 were commonly detected in both the low- and high-RFI groups (INSRR, CSK,
DYNC1H1, GAB1, KAT2B, RXRA, SHC1, TRRAP), and are known to play a key role in the
regulation of biological processes that have high metabolic demand, such as immune response,
lipid metabolism. The genes identified and their associated functional variants may serve as
putative genetic markers and can be implemented into breed programs to help improve the
selection for feed efficiency in dairy cattle.
Key words: feed efficiency, Holstein, Jersey, RNA-Seq, genetic variant
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Interpretive Summary
Identifying genetic variants, their functional characteristics, and their associations with feed
efficiency is important to understand the genetic architecture underlying feed efficiency in dairy
cattle. This study revealed functional genetic variants that are associated to more or less feed
efficient Holstein and Jersey cattle, which were co-localized with genomic regions harbouring
milk and reproduction traits, and genes that regulate lipid metabolism and immune response. The
identified genetic variants can serve as genetic markers for feed efficiency to help optimize genetic
selection for superior feed efficiency dairy cattle, and therefore, help improve the production
efficiency and profitability of the dairy industry.
3.2 Introduction
Feed costs are a highly variable expense in cattle production and represent up to 75% of
production costs (FAO, 2016), emphasising the importance in improving genetic selection for feed
efficiency in cattle production. In addition, the correlation between feed efficiency and methane
emission traits suggests that feed efficiency contributes to variation in the environmental footprint
of the dairy industry (Connor et al., 2012). Therefore, there is a demand for improving the accuracy
of selection for superior feed efficiency, and thus milk production efficiency, in dairy cattle, which
can lead to economic benefits, reduced production costs, and improved environmental
sustainability for the dairy industry (Connor et al., 2012; Seymour et al., 2019).
A strategy to better understand the genetic architecture of feed efficiency traits is using highthroughput RNA-Sequencing (RNA-Seq). RNA-Seq allows for the identification of differentially
expressed genes (DEG) in specific tissues across phenotypically divergent groups and has been
performed to identify DEG across divergent feed efficiency groups in cattle (Kern et al., 2016;
Salleh et al., 2017; Keel, et al., 2018; Higgins et al., 2019). In addition to DEG analysis, RNA-Seq
has since been applied to identify mRNA isoforms and functional genetic variants such as single
nucleotide polymorphisms, insertions and deletions associated with desirable traits (Mortazavi et
al., 2008; Cánovas et al., 2013; Cardoso et al., 2017; Wickramasinghe et al., 2014). Accordingly,
it has successfully been applied to large scale SNP discovery analyses in livestock leading to the
identification of functional genetic markers and a deeper understanding of the genetic architecture
and a reduction in genome complexity of important production traits such as feed efficiency,
health, fertility, and meat quality traits in ruminants (Cánovas et al., 2010; Cánovas et al., 2014a;
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Dias et al., 2017; Weber et al., 2016). In order to explain and understand the genetic variation
related to feed efficiency or metabolic status, genetic markers influencing the regulation of these
traits must be identified. In addition to identifying putative genetic markers, the functional study
of positional candidate genes, along with the identification of Quantitative Trait Loci (QTL)
regions co-localized with functional variants, can be performed to generate a greater understanding
of feed efficiency and identify associated genomic regions (Pareek et al., 2016). Currently, the
identification of genetic variants associated with feed efficiency using RNA-Seq and their
subsequent functional annotation, in dairy cattle has not been fully completed. This could provide
an insight into the biology underlying genetic markers that may influence the regulation of feed
efficiency in dairy cattle and ultimately improve selection strategies for feed efficiency, resulting
in economic and environmental benefits for dairy production.
This study aimed to improve the understanding of the genetic architecture underlying genetic
variants and candidate genes that may influence the regulation of this trait in dairy cattle. This was
done by using Holstein and Jersey cattle which were previously selected for extreme RFI groups
from a larger population. The objectives of this study were to: 1) identify unique SNPs and
INDELs fixed within low- or high-RFI Holstein or Jersey cattle population (independent breeds),
and common SNPs and INDELs within low- or high-RFI groups common across both Holstein
and Jersey cattle (both breeds); 2) determine functional information of the genetic variants by
evaluating variant functional impact, co-localized QTL regions and classes, biological processes,
and functional candidate genes, associated with genetic variants related to feed efficiency; and 3)
determine the overlapping functional genes associated with low- or high-RFI groups across all
three analyses (Holstein analysis, Jersey analysis, across breed analysis).

3.3 Materials and Methods
RNA-Seq dataset information
The data used for this study were obtained from NCBI Gene Expression Omnibus (GEO) public
database (liver RNA-Seq data) accession number: GSE92398 (Salleh et al., 2017). RNA-Seq raw
sequence reads from liver tissue of 9 Holstein (n = 5 low-RFI, n = 4 high-RFI) and 10 Jersey cattle
(n = 5 low-RFI, n = 5 high-RFI) divergent for feed efficiency were analyzed. The 9 Holstein (5
low-RFI and 4 high-RFI) and 10 Jersey cows (5 low-RFI and 5 high-RFI) were selected from a
larger research herd of 200 dairy cattle. Detailed animal management and sampling information
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has been previously described (Salleh et al., 2017). Briefly, animals in this study with the lowest
(more feed efficient) and highest RFI (less feed efficient) values were used, classifying them as
‘extreme’ RFI animals with the intention to capture the greatest phenotypic and genetic differences
to facilitate characterisation of the RFI trait. The RFI values were calculated using one-step
approach and random animal solutions were extracted from random regression model. The RFI
was adjusted for stage of lactation, age, management group, breed, and parity. Two liver tissue
samples were collected per animal via biopsy (Salleh et al., 2017). RNA was extracted from liver
samples using Qiazol, RNeasy® Mini Kit, and the cDNA was paired-end sequenced using Illumina
HiSeq 2500® machine, generating paired-end reads (100 bp length).
RNA-Seq data processing and analysis workflow
The workflow used for SNP and INDEL detection for each dairy breed is summarized in Figure
3-1, and was adapted from a study which determined an optimized RNA-Seq pipeline to detect
genetic variants for RNA-Seq data from multiple samples per animal (Lam et al., 2019). Quality
of sequence reads were verified using FastQC (Andrews, 2014) to identify sequencing read
artifacts including sites with low quality PHRED scores, duplicated reads, uncalled bases (N
sequences) and potential contamination (Cardoso et al., 2018; Cánovas et al., 2014b). Reads were
trimmed to remove Illumina adapters and low-quality bases at the start and end of reads (sites were
removed if lower than PHRED score = 30) using Trimmomatic (Bolger et al., 2014). Additionally,
using Trimmomatic, reads with an average quality score below 20 within a sliding window of 5
nucleotides were removed, and reads with a minimum length of 75 bp following trimming were
retained. Quality of sequence reads were re-evaluated post-trimming of reads using FastQC
(Andrews, 2014). Trimmed reads were individually aligned to the Bos taurus reference genome
(Assembly UMD3.1. release 94), using STAR (Dobin et al., 2013). ReadGroups (RG) were then
added to each sample using SAMtools (Version 1.4; Li et al., 2011) consequently allowing the
differentiation of samples by assigning the origin of the read (low- or high-RFI group) and
assignment of SNPs to a specific genotype. Additionally, PCR duplicates were marked and
removed

using

PICARD

tools

(Version

2.18.25.;

Picard

tools;

http://broadinstitute.github.io/picard/). Then, multi-sample calling was performed to enhance the
sensitivity of variant detection and accuracy of genotype calling over calling each sample
independently. Therefore, BAM files of animals in the same RFI group were merged for each
tissue sample and were called for variants using multi-sample calling, resulting in one VCF file
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for each tissue, each containing 2 genotypes (1 genotype (GT) per RFI group). Variant calling was
performed to identify SNPs and INDELs using the ‘mpileup’ and ‘call’ commands from BCFtools
(Version 1.9-77-gd0cf724+; Danecek et al., 2018). After BAM files with the corresponding
merging methodology was created for each approach, variant filtering was performed using
VCFtools to remove variants with a minimum read depth below 10 and a minimum of 2 supporting
reads for the alternative allele as well as to filter SNPs within 3 bp surrounding a gap (Cánovas et
al., 2010). BCFtools filter was then used to remove variants with quality values below 30 (based
on Phred scaled scores for the assertion made in the alternative allele), filter SNPs within 5 bp of
an INDEL, and filter any alternative allele with a lower frequency of 20% in the population.
To categorize the functional genetic variants, the unique SNPs fixed within low- or high-RFI
groups were identified using the VCF files containing filtered SNPs. SnpSift (Version 4.0;
Cingolani et al., 2012) was used to filter variants present in one RFI condition, and not present in
the other. The VCF file was then split using VCFtools vcf-subset to create one VCF file with all
low-RFI variants and one VCF file with all high-RFI variants, which were then compared using
the BCFtools isec command to determine the intersection of the files and create three files: SNPs
or INDELs exclusive to low-RFI VCF file, SNPs or INDELs exclusive to high-RFI VCF file, and
SNPs or INDELs shared between both low- and high-RFI groups VCF file.
Identification of functional variants and percentage of variants overlapping/co-localized with
QTL regions and QTL classes
Functional variants based on the variant effect prediction tool and the percentage of variants
overlapping/co-localized with QTL regions and QTL classes were identified. The unique SNPs
and INDELs fixed within low- or high-RFI groups for each Holstein or Jersey breed (Figure 3-4),
and common SNPs and INDELs within low- or high-RFI groups common across both Holstein
and Jersey cattle (Figure 3-5), were analyzed for their variant effects and functional consequences
using Variant Effect Predictor (VeP) (McLaren et al., 2010). Variants were selected based on
moderate or high functional impact, including Missense, Stop gain, Stop loss, Splice variants, 5’
and 3’ UTR, for SNPs, and Frameshift deletion, Inframe deletion, Inframe insertion, 5’ and 3’
UTR for INDELs. The chromosome number and start and end position information of these
variants of the unique variants fixed within low- or high-RFI groups and identified as a moderate
or high impact variant, was used to determine the percentage of variants co-localized with QTL
regions and classes (Asselstine et al., 2019). This was performed using R (Version 1.1.463.; R
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Core Team, 2013) and the R package: Genomic functional Annotation in Livestock for positional
candidate Loci, also known as ‘GALLO’ (https://github.com/pablobio/GALLO) with previously
known QTL region and class information from the Cattle QTL Database (Cattle QTLdb) that were
filtered for dairy cattle breeds (Hu et al., 2007), sourced from the Animal QTL Database (Animal
QTLdb) (Hu et al., 2007).
Functional analysis of positional candidate genes associated with variants fixed within low- or
high-RFI groups
Gene network analysis was performed using the gene symbols detected for each RFI group
using Protein-Protein interaction (PPI) network analysis on NetworkAnalyst software (Xia et al.,
2015; http://www.networkanalyst.ca). The option “Minimum Interaction Network” was used to
construct a minimally connected network that contains all of the genes (seeds) uploaded for the
analysis, which is performed by keeping only those nodes that are necessary to connect the seed
nodes. A biological processes analysis (GO:BP explorer) was performed to identify significantly
enriched biological processes associated with the submitted gene lists (and other related genes
added by the software) using Gene Ontology (GO) terms (Cánovas et al., 2012) based on the
KEGG

pathways

database

(Kyoto

Encyclopedia

of

Genes

and

Genomes:

http://www.genome.jp/kegg/) and Reactome database (Fabregat et al., 2018) used by
NetworkAnalyst. The following biological processes that were most related to metabolic
efficiency from the GO:BP functional explorer were selected to construct a subnetwork: lipid
biosynthetic process, carbohydrate transport, regulation of protein metabolic process, energy
reserve metabolic process, cellular carbohydrate metabolic process, fatty acid oxidation, lipid
catabolic process, regulation of growth, skeletal muscle tissue development. The genes associated
with the latter biological processes were used to construct the subnetwork using centrality analysis,
which provides a ‘degree’ centrality number, indicating the number of connections that a node has
to other nodes, and a ‘betweeness’ centrality which indicates the number of the shortest paths
passing through the node (Fabregat et al., 2018). To compare the overlapping of the resulting genes
from each analysis, Venn Diagrams were constructed using the genes that were present in the 1st
quartile of the degree centrality value of the genes from each analysis.
3.4 Results and Discussion
Alignment statistics
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The number of total reads, total uniquely mapped reads, and percentage of uniquely mapped
reads are shown in Table 3-1. For Holstein low-RFI samples, the average number of total reads,
total

uniquely

mapped,

and

percent

uniquely

mapped

was

24,717,619±644,888.7,

22,905,631±750453.8, and 93.0±0.6%, respectively. For Holstein high-RFI samples, the average
number of total reads, total uniquely mapped, and percent uniquely mapped was
23,647,674±1,072,433.4, 22,049,836±997,383.5, and 93.0±0.5%, respectively. For Jersey lowRFI samples, the average number of total reads, total uniquely mapped, and percent uniquely
mapped was 24,367,426±2,384,616.2, 22,635,826±2,009,950.7, and 93.0±1.5, respectively. For
Jersey high-RFI samples, the average number of total reads, total uniquely mapped, and percent
uniquely mapped was 25,315,626±1,646,094.0, 2,635,826±2,009,950.7, and 93.0±0.6%,
respectively. Overall, on average, 93.13% reads from each sample were uniquely mapped to the
UMD3.1 bovine reference genome, release 94 (Table 3-1). This alignment statistic was expected,
as in vitro and in vivo bovine embryo samples have shown 91% and 92% alignment of uniquely
mapped reads to the bovine reference (btau 4.0), respectively (Driver, 2012), while Salleh et al.
(2017) showed 91% of uniquely mapped reads to the bovine reference genome release 82. Two
technical replicate samples were available for each animal, as the previous study collected two
samples at different time points. Both samples for each animal allowed for merging of RNA-Seq
data for each sample, resulting in increased read depth and coverage, improving accuracy of variant
calling.
SNPs and INDELs uniquely identified within low- or high-RFI groups for each analysis
For analyses 1) and 2) (independent breeds analysis), functional SNPs and INDELs within
low- or high-RFI groups for each Holstein and Jersey cattle breeds were identified (Figure 3-2). In
total, 251,622 SNPs and 9,513 INDELs were identified for the Holstein cattle breed (Figure 3-4).
For the Jersey cattle breed, 275,642 SNPs and 10,411 INDELs were identified (Figure 3-4). A
greater number of SNPs were identified compared to INDELs across feed efficiency groups for
both breeds (Figure 3-4). This was expected as INDELs occur less frequently in the genome;
however, they are still capable of causing substantial genetic and phenotypic variation (Mullaney
et al., 2010). The majority of variants were shared among low- and high-RFI groups for both
Holstein and Jersey cattle (Figure 3-4). On average, 5.94%, and 5.54% of variants were uniquely
fixed within low-RFI and high-RFI groups respectively, which could be contributing to the
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biological regulation of feed efficiency. The total number of uniquely detected and commonly
detected SNPs and INDELs for low- or high-RFI groups for each breed, are shown in Figure 3-4.
For analysis 3) (both breeds analysis), functional SNPs and INDELs within low- or high-RFI
groups that are common across both Holstein and Jersey cattle breeds were identified (Figure 33), revealing a total of 159,767 in low-RFI and 111,148 in high-RFI group (Figure 3-5).
Identification of common putative genetic variants across breeds is important to build supportive
evidence for selection of variants that may serve as potential genetic markers to select for
production traits in livestock (Pareek et al., 2016).
Variants associated with feed efficiency that are co-localized with dairy cattle QTL regions
It was observed that variants unique to more feed efficient Holstein cattle are mainly colocalized with milk (38.36%) and reproduction (28.56%) QTL regions (Figure 3-6). Variants
unique to more feed efficient Jersey cattle are mainly co-localized with milk QTL regions
(64.12%) (Figure 3-6). When examining less feed efficient Holstein and Jersey cattle, milk and
reproduction are also the major QTL regions co-localized with SNPs and INDELs unique to these
groups (Figure 3-6). This may suggest that variants unique to more or less feed efficient animals
may be regulating the same QTL regions but in different ways to influence the regulation of feed
efficiency in dairy cattle. In addition, it was expected that these variants are co-localized mainly
within milk QTLs, as feed efficiency in dairy cattle refers to milk production efficiency, which is
related to milk production and composition traits. In addition, feed efficiency in cattle is known to
be correlated with reproduction traits (Hurley et al., 2018), suggesting the large percentage of
variants unique to low- or high-RFI would be co-localized with both milk and reproduction QTLs.
In addition, it is known that there is a negative correlation between fertility traits, in both females
(Ferreira Júnior et al., 2018) and bulls (Awda et al., 2013) with feed efficiency. However, it is
important to note that there is a higher probability that co-localized QTL regions are mainly in
QTLs associated with milk traits, due to the Cattle QTL database having information
predominantly in milk QTL regions, leading to a bias towards overlapping with milk related QTLs.
This is due to the larger number of existing studies that have evaluated milk traits in dairy cattle,
in comparison with other traits in other breeds. After performing a more in-depth analysis, by
evaluating the traits related with the QTL classes that the variants were co-localized, the Holstein
low- and high-RFI groups were both mainly associated with milk fat yield and milk fat percentage
QTL classes (Supplementary Material: SS Fig. 3-1 and SS Fig. 3-2). Additionally, the reproductive
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traits in the QTLs identified were also of the same order for both RFI groups for Holstein as well,
including calving ease, and interval to first estrous after calving QTL classes (Supplementary
Material: SS Fig. 3-5 and SS Fig. 3-6). This may further suggest that these variants are influencing
similar QTL regions and classes differently, which could either improve or reduce the metabolic
status or level of feed efficiency in Holstein cattle. In addition, as feed efficiency is a complex
trait, regulated by multiple genes, pleiotropic effects should be considered, as multiple loci could
be simultaneously regulating feed efficiency (Fonseca et al., 2018).
When evaluating the QTL classes associated with the Jersey cattle coding variants (Figure
3-6), it is observed that the milk QTL classes related to the more feed efficient Jersey cattle
included milk fat yield and milk yield (Supplementary Material: SS Fig. 3-3). Additionally, the
major milk QTL type associated with less feed efficient Jersey cattle is milk yield and milk fatty
acid index (Supplementary Material: SS Fig. 3-4). Reproduction QTL classes related to both Jersey
feed efficiency groups included calving ease and interval to first estrous after calving
(Supplementary Material: SS Fig. 3-7 and 3-8). Comparably, the milk and reproduction QTL types
were fairly similar across efficiency groups and dairy breeds
The substantial overlapping of milk and reproduction QTL regions with divergent feed
efficiency groups was expected, as metabolic energy utilization influences milk traits (Berry and
Crowley, 2013) and reproductive conditions (Awda et al., 2013; Ferreira Júnior et al., 2018). It is
known that increased milk yield is associated with improved energetic efficiency due to the
“dilution of maintenance effect” in which high producing dairy cows may use less energy for body
maintenance relative to a low-producing cow of the same body size (Bauman et al., 1985; De Vries
et al., 2000; Collard et al., 2000). When considering feed efficiency and reproduction, it is known
that greater milk yield is associated with poor fertility conditions and metabolic imbalance (De
Vries and Veerkamp, 2000; Oltenacu and Broom, 2010; Wathes et al., 2014). The strong
correlation between reproduction, milk production, and metabolic efficiency supports our results
of the substantial overlap of these QTLs within each feed efficiency group (Figure 3-7). The
variants unique to low- and high-RFI across both Holstein and Jersey cattle breeds were
significantly enriched in these QTL regions as shown in Figure 3-8 and Figure 3-9 for low- and
high-RFI groups, respectively. Figure 3-8 reveals enrichment of many QTL regions related to milk
protein yield, milk fat yield, and calving ease for variants unique to low-RFI or more feed efficient
Holstein and Jersey cattle. Contrastingly, Figure 3-9 reveals enrichment of many QTL regions
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mainly associated with milk protein yield for variants unique to high-RFI or less feed efficient
Holstein and Jersey cattle.
Analysis 3), which identified co-localized genes with SNPs common across both Holstein
and Jersey breeds, was performed to determine co-localized QTL regions and classes associated
with these variants. This revealed that the variants unique to low-RFI or more efficient dairy cattle
were mainly co-localized with QTL regions related to milk (49.97%) and reproduction (23.07%)
(Figure 3-5). Similarly, QTL regions associated with milk (52.00%) and reproduction (21.60%)
QTLs were also overlapping in high-RFI, or less feed efficient animals (Figure 3-5). This was
reasonable, as the majority of the overlapping QTL regions were associated with the same QTL
region traits when evaluating the dairy breeds individually. However, when evaluating the
common variants across both breeds, more similar proportion sizes of overlapping for each QTL
region was observed when comparing high and low feed efficiency groups, which can be observed
in Figure 3-7. This may support the hypothesis that although the genetic variants identified within
low- or high-RFI cattle are different; they are still influencing similar genes but in a different
manner, leading to an animal being more or less feed efficient. This is further supported as the two
most significant QTL classes for both the low- and high-RFI cattle groups were the same for both
milk and reproduction QTL regions. These milk QTL regions included milk fat yield and milk
kappa-casein percentage, while the QTL regions for reproduction involved calving ease and
interval to first calving.
Biological pathways and positional candidate genes associated with variants uniquely found in
high or low feed efficient cattle
After filtering genes co-localized with functional variants fixed within low- or high-RFI groups,
we identified 1,444 and 1,366 genes for low-RFI and high-RFI, respectively within the Holstein
breed. For the Jersey breed analysis, 1,683 and 1,707 positional genes were identified for low-RFI
and high-RFI, respectively. Analysis across breed revealed 2,268, and 2,248 genes for low-RFI
and high-RFI, respectively. Using RNA-Seq technology, detection of structural genetic variants
associated with an extreme phenotype can be identified from mRNA reads (Cánovas et al., 2010).
However, the mRNA reads are not necessarily differentially expressed or highly expressed in the
tissue. The discussion of the following structural variants and their associated functional
information (co-localized genes, enriched biological processes, and overlapping QTL regions and
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classes), are approached by considering the structural variants that are unique or fixed within RFI
groups and how their functional characteristics could be related to the feed efficiency trait.
The resulting significantly enriched biological processes are presented in Table 3-2 using the
threshold of including the top 50% biological processes of the 1st quartile of the most significantly
enriched biological pathways based on degree centrality value. Several major metabolic pathways
related to feed efficiency were present in more than one analyses including lipid biosynthetic
process, immune response, carbohydrate transport, fatty acid oxidation, and energy reserve
metabolic process (Table 3-2).
The associated candidate genes were identified and compared for overlapping among the 3
analyses (Holstein breed, Jersey breed, and both Holstein and Jersey breeds) for low-RFI (Figure
3-10) and for high-RFI (Figure 3-11). Table 3-3 shows all 12 (Figure 3-10) and 31 (Figure 3-11)
genes identified as common across all 3 analyses for low- and high-RFI analyses, respectively.
Additionally, many of the genes identified were similar across low- and high-RFI analyses
including INSRR, CSK, DYNC1H1, GAB1, KAT2B, RXRA, SHC1, TRRAP which are shown in
Table 3-4, with the corresponding variant.
The INSRR gene, also known as IRR (insulin receptor-related receptor), is a member of the
insulin receptor family, which includes its homologs insulin-like growth factor receptor (IGF-IR)
and the insulin receptor (IR) (Tatulian, 2015). The IRR gene is found in cells of highly functioning
metabolic organs including the kidney, pancreas, and stomach (Petrenko et al., 2013), and works
in syncrony with liver function to regulate glucose (Raile et al., 2005). Specifically, IRR has shown
to be expressed in liver tissue (Mathi et al., 1995), suggesting possibly IRR signalling involved
with the regulation of glucose homeostasis. Similarly, Lysine Acetyltransferase 2B (KAT2B),
identified in this study, plays a key role in stimulating hepatic gluconeogenesis, by which its
concentration affects the regulation of blood glucose concentrations (Ravnskjaer et al., 2013).
The C-Terminal Src Kinase (CSK) gene along with Phosphoinositide-3-Kinase Regulatory
Subunit 3 (PIK3R3) gene, which leads to the quaternary structure PIK3CB found in the present
study, was identified in Cobb chickens as differentially expressed across feed efficiency groups in
breast muscle and liver samples (Liu et al., 2018). In this study, both genes revealed upregulated
expression in low-RFI Cobb chickens compared to high-RFI, suggesting their importance in the
regulation of feed efficiency. The CSK gene is additionally known to influence the “Hippo
signalling pathway” also known as Salvador-Warts-Hippo pathway which regulates organ size and
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tissue growth (Kwon, et al., 2015). The PIK3R3 was also identified in a study on Duroc boars ear
tissue where it was significantly associated with average daily feed intake (Ding et al., 2017).
Specifically, PIK3CB has been shown to be up-regulated in breast muscle of high feed efficiency
chickens, suggesting increased activity in breast muscle of higher feed efficient animals (Zhou et
al., 2015), while also found to be associated with leukocyte trans-endothelial migration and
melanoma KEGG pathways (Taye et al., 2017).
The DYNC1H1 gene known as Cytoplasmic dynein 1 heavy chain 1, results in the production
of a protein that is part of a group (complex) of proteins called dynein. This gene has not yet been
identified in association with feed efficiency traits in livestock. However, it has been shown that
mRNA levels of Dynein increase as chickens are induced with cardiotoxicity, suggesting a
relationship between Dynein production and cardiac function (Li et al., 2018). In addition, dynein
plays a major functional role in energy production for bovine sperm motility, suggesting its
importance in reproductive function in cattle (McConnell et al., 1987; Lorch et al., 2008).
The GAB1 gene also known as growth factor receptor bound protein 2-associated protein 1, is
known to play a key role in endothelial cell migration, blood capillary formation, and pathways
associated with vascular endothelial growth factor (Laramée et al., 2007). More recently,
evaluation of metabolic pathways related to hepatic growth in high feed efficient pigs has shown
over-expression of GAB1 suggesting its role in liver function in increased feed efficiency
(Horodyska et al., 2019). In the same study, GAB1 was significantly enriched in immune response
pathways, which was also a commonly enriched biological pathway across the 3 analyses in this
study. Based on the role of GAB1 gene in hepatic function, it may serve as a good candidate gene
for feed efficiency, as the gut and liver contribute 38% to total energy expenditure in cattle, which
is related to metabolic efficiency (Ortigues-Marty et al., 2017). In support, a study examining
hepatic tissue transcriptome in beef cattle divergent for feed efficiency, identified genes
differentially expressed across RFI groups which were related to immune function (Higgins et al.,
2019).
The RXRA is a transcription factor gene, which is part of the retinoid X receptors (RXR). It is
known that RXR initiates tocopherol metabolism pathways in mammals (Azzi et al., 2004). Many
beneficial effects results from tocopherol (for example vitamin E) supplementation in livestock
feed, including tocopherols acting as an antioxidant and improving immune function and health in
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dairy cattle, which has been shown to reduce incidence of mastitis and retained placenta in
transition dairy cattle (Spears et al., 2008).
The SHC1 (SHC Adaptor Protein 1) is a scaffold protein coding gene, which helps regulate the
epidermal growth factor (EGF) signalling pathway by directing the signal information after the
EGF is stimulated, regulating cell proliferation (Zheng, et al., 2013). In addition, previous studies
have shown that SHC1 was upregulated in the liver, promoting cell division and growth, as a
hepatic response to post realimination of feed-restricted steers (Connor et al., 2010).
The TRRAP is a cofactor transformation/transcription domain-associated protein which, in
conjunction with Histone Acetyltransferase 1 (HAT), has an important role in liver regeneration
after toxic shock by helping with cell cycle progression and cell proliferation (Shukla et al., 2011).
An animal’s efficiency to utilize feed for production is dependent on metabolic efficiency which
is depicted by metabolic tissue function and capacity at the whole body and cellular level
(Cantalapiedra-Hijar et al., 2018). The liver, specifically, elicits high metabolic activity, being the
primary site of gluconeogenesis and producing 90% of glucose to the host (Nafikov and Beitz,
2007) which is a major energetic product needed to support meat and milk production (Connor
et al., 2010). As several candidate genes were associated with hepatic function, this reinforces the
importance of the genes identified in this study. The genes described may serve as potential
candidate genes for selecting for feed efficiency, as they are involved in many metabolically
demanding biological processes related to cell growth and regeneration, metabolism, and immune
function. These genes may provide insight on which animals exhibit lower energy requirements to
respond to high metabolic needs. In addition, the relationship of these genes with metabolic
processes that have been studied in previous experiments, may suggest that the associated
functional variants that affect these genes (Table 3-4) may be valuable functional variants for
selecting animals for feed efficiency. Currently, the Canadian dairy industry implements genomic
breeding strategies to select for desirable milk production and composition traits. However, feed
efficiency is a novel trait that is recently being implemented into genomic selection. With further
validation studies, these functional variants can be implemented into genotype panels in aim to
help select for more feed efficient dairy cattle.
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3.5 Conclusion
The findings obtained in the present study were important for identifying functional genetic
variants that may be candidate genetic markers for feed efficiency, with positional and functional
supporting evidence and overlapping with relevant cattle QTL regions. Additionally, this study
improved the knowledge of genetic variants and associated biological processes and candidate
genes, which are largely related to highly metabolically demanding processes, underlying feed
efficiency in Holstein and Jersey dairy cattle. Further validation analyses in additional independent
cattle populations of these functional genetic variants and functional candidate genes may lead to
their use in improving selection strategies for feed efficiency, which can improve the economic
and environmental sustainability of the dairy cattle industry.
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3.9 Tables
Table 3-1. Sample information regarding feed efficiency group, total reads, uniquely mapped
reads, and percent uniquely mapped reads for Holstein and Jersey cattle.
Sample Accession
Number by Breed
Holstein
SRR5110641
SRR5110642
SRR5110605
SRR5110606
SRR5110615
SRR5110616
SRR5110625
SRR5110626
SRR5110635
SRR5110636
SRR5110607
SRR5110608
SRR5110617
SRR5110618
SRR5110621
SRR5110622
SRR5110633
SRR5110634
Jersey
SRR5110613
SRR5110614
SRR5110619
SRR5110620
SRR5110623
SRR5110624
SRR5110631
SRR5110632
SRR5110637
SRR5110638
SRR5110609
SRR5110610
SRR5110611

Feed
efficiency
group

Total Reads

# uniquely
mapped reads

% uniquely
mapped reads

high
high
high
high
high
high
high
high
high
high
low
low
low
low
low
low
low
low

25,321,432
25,057,354
23,502,530
24,403,058
24,427,969
25,282,382
24,847,652
25,618,485
24,671,570
24,043,757
24,840,679
23,491,361
21,658,806
23,109,961
24,537,168
24,578,437
24,050,940
22,914,036

23,666,950
23,3612,00
21,729,637
22,759,681
22,783,258
23,533,724
23,400,261
23,928,688
22,878,009
22,098,566
23,216,873
21,874,159
20,216,184
21,646,222
22,615,327
23,023,871
22,508,736
21,297,319

93.47
93.23
92.46
93.27
93.27
93.08
94.17
93.40
92.73
91.91
93.46
93.12
93.34
93.67
92.17
93.68
93.59
92.94

high
high
high
high
high
high
high
high
high
high
low
low
low

22,869,282
23,556,898
22,850,990
24,563,768
22,817,590
24,200,729
25,221,268
30,716,358
22,828,294
24,049,084
23,388,117
22,751,232
27,078,436

21,080,678
21,848,994
21,461,451
22,976,995
20,803,374
22,434,967
23,604,244
27,750,531
21,510,319
22,886,706
21,712,208
21,271,977
25,325,368

92.18
92.75
93.92
93.54
91.17
92.70
93.59
90.34
94.23
95.17
92.83
93.50
93.53
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SRR5110612
SRR5110627
SRR5110628
SRR5110629
SRR5110630
SRR5110639
SRR5110640

low
low
low
low
low
low
low

24,580,784
25,438,093
26,824,275
26,255,195
24,637,330
27,771,572
24,431,226

23,098,526
23,890,611
24,885,483
24,536,291
22,757,648
25,726,479
22,834,599

93.97
93.92
92.77
93.45
92.37
92.64
93.46

65

Table 3-2. Significantly enriched biological processes selected from the top 50% of the 1st quartile
of betweenness value of the total pathways identified for the independent breed analyses (Holstein
and Jersey breeds) and the across breed analysis (Holstein and Jersey breeds).
Pathwayi
Holstein low-RFI
Regulation of transcription from RNA
polymerase II promoter
Lipid biosynthetic process
Regulation of cytokine biosynthetic process
Actin filament based process
Immune response
Energy reserve metabolic process
Carbohydrate transport
Positive regulation of T cell proliferation
Cell maturation
Response to hypoxia
Nitrogen compound metabolic process
Fatty acid oxidation
DNA damage checkpoint
DNA damage response, signal transduction
by p53 class mediator
Holstein high-RFI
Regulation of transcription from RNA
polymerase II promoter
Lipid biosynthetic process
Regulation of cytokine biosynthetic process
Immune response
Actin filament based process
Carbohydrate transport
Cell maturation
Response to hypoxia
Energy reserve metabolic process
Positive regulation of T cell proliferation
Fatty acid oxidation
Regulation of protein metabolic process
DNA damage checkpoint
Nitrogen compound metabolic process
Regulation of binding
Regulation of transcription from RNA
polymerase II promoter
Jersey low-RFI
Lipid biosynthetic process
Regulation of transcription from RNA
polymerase II promoter

Total
Hits2
genes1

p-value

FDRii

498
374
708
161
28
206
146
126
426
105
227
292
487

63
51
55
25
12
27
22
19
35
17
24
27
36

2.71·10-27
1.53·10-23
4.95·10-14
2.99·10-13
1.26·10-12
2.12·10-12
1.56·10-11
3.92·10-10
7.72·10-10
1.09·10-09
3.30·10-09
6.34·10-09
7.48·10-09

1.80·10-24
5.07·10-21
1.09·10-11
4.95·10-11
1.67·10-10
2.34·10-10
1.48·10-09
3.24·10-08
5.68·10-08
7.21·10-08
1.99·10-07
3.50·10-07
3.81·10-07

317

26

1.41·10-07

6.45·10-06

498
374
708
28
161
146
426
105
206
126
292
147
487
227
83

64
56
59
12
23
22
37
18
23
18
27
19
35
23
14

4.91·10-30
1.18·10-29
5.70·10-18
5.44·10-13
3.81·10-12
3.83·10-12
5.82·10-12
4.07·10-11
6.20·10-10
9.10·10-10
1.35·10-09
1.74·10-09
3.98·10-09
4.19·10-09
7.87·10-09

3.25·10-27
3.89·10-27
1.26·10-15
9.01·10-11
4.22·10-10
4.22·10-10
5.51·10-10
3.37·10-09
4.56·10-08
6.03·10-08
8.12·10-08
9.59·10-08
1.98·10-07
1.98·10-07
3.47·10-07

498

64

4.91·10-30

3.25·10-27

374

78

9.76·10-47

6.46·10-44

498

81

5.16·10-40

1.71·10-37
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Positive regulation of T cell proliferation
Regulation of binding
Inflammatory response
Carbohydrate transport
Energy reserve metabolic process
Fatty acid oxidation
Regulation of cytokine biosynthetic process
Regulation of protein metabolic process
Response to hypoxia
Nitrogen compound metabolic process
Cell maturation
Immune response
Reciprocal meiotic recombination
Jersey high-RFI
Lipid biosynthetic process
Regulation of transcription from RNA
polymerase II promoter
Positive regulation of T cell proliferation
Energy reserve metabolic process
Regulation of binding
Fatty acid oxidation
Carbohydrate transport
Inflammatory response
Regulation of protein metabolic process
Nitrogen compound metabolic process
Regulation of cytokine biosynthetic process
Immune response
Response to hypoxia
Positive regulation of lymphocyte activation
Across breeds low-RFI
Lipid biosynthetic process
Regulation of transcription from RNA
polymerase II promoter
Energy reserve metabolic process
Positive regulation of T cell proliferation
Regulation of binding
Fatty acid oxidation
Nitrogen compound metabolic process
Regulation of cytokine biosynthetic process
Regulation of protein metabolic process
Inflammatory response
Carbohydrate transport
Response to hypoxia
Cell maturation
Immune response
Actin filament based process

126
83
80
146
206
292
708
147
105
227
426
28
145

32
27
24
28
32
37
59
25
21
29
39
11
21

5.09·10-22
6.97·10-22
1.23·10-18
6.05·10-16
2.68·10-15
1.31·10-14
3.40·10-14
4.14·10-13
1.26·10-12
9.20·10-12
7.94·10-11
1.14·10-10
7.37·10-10

1.12·10-19
1.15·10-19
1.62·10-16
6.68·10-14
2.54·10-13
1.08·10-12
2.50·10-12
2.74·10-11
7.59·10-11
5.07·10-10
4.04·10-09
5.40·10-09
3.25·10-08

374
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8.93·10-39

5.91·10-36

498
126
206
83
292
146
80
147
227
708
28
105
33

71
29
34
23
36
26
18
23
27
50
10
17
10

2.37·10-33
1.08·10-19
4.54·10-18
8.55·10-18
6.53·10-15
7.06·10-15
1.76·10-12
4.56·10-12
4.49·10-11
9.73·10-11
1.18·10-09
1.77·10-09
7.38·10-09

7.84·10-31
2.38·10-17
7.52·10-16
1.13·10-15
6.68·10-13
6.68·10-13
1.46·10-10
3.35·10-10
2.97·10-09
5.86·10-09
6.49·10-08
9.01·10-08
3.49·10-07

374
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3.23·10-48

2.13·10-45

498
206
126
83
292
227
708
147
80
146
105
426
28
161

103
47
36
29
51
43
80
33
24
30
25
51
12
27

1.77·10-44
3.74·10-22
1.04·10-20
1.28·10-19
1.61·10-18
4.18·10-17
1.49·10-16
1.22·10-15
9.80·10-15
3.03·10-13
9.19·10-13
9.90·10-12
4.45·10-10
6.34·10-10

5.87·10-42
8.25·10-20
1.71·10-18
1.69·10-17
1.78·10-16
3.95·10-15
1.23·10-14
8.95·10-14
6.48·10-13
1.82·10-11
5.07·10-11
5.04·10-10
2.11·10-08
2.80·10-08
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Across breeds high-RFI
Lipid biosynthetic process
374
93
4.02·10-48 2.66·10-45
Regulation of transcription from RNA
polymerase II promoter
498
101
1.13·10-43 3.72·10-41
Regulation of cytokine biosynthetic process
708
90
7.97·10-23 1.76·10-20
Fatty acid oxidation
292
54
3.33·10-21 5.51·10-19
Positive regulation of T cell proliferation
126
35
4.92·10-20 6.30·10-18
Energy reserve metabolic process
206
44
5.71·10-20 6.30·10-18
Regulation of binding
83
28
9.10·10-19 8.60·10-17
Cell maturation
426
59
9.09·10-17 7.52·10-15
Carbohydrate transport
146
31
2.57·10-14 1.89·10-12
Regulation of protein metabolic process
147
31
3.14·10-14 2.08·10-12
Inflammatory response
80
23
6.21·10-14 3.74·10-12
Nitrogen compound metabolic process
227
38
9.57·10-14 5.28·10-12
Immune response
28
14
7.89·10-13 4.02·10-11
Actin filament-based process
161
30
2.49·10-12 1.18·10-10
Response to hypoxia
105
24
4.27·10-12 1.89·10-10
Reciprocal meiotic recombination
145
25
9.68·10-10 4.01·10-08
1
Total genes – Total number of genes from gene list associated with that specific biological
pathway
2

Hits – Gene hits within the network

i

Pathways which were in the top 50 % biological processes of the first quartile of the most

significantly enriched biological pathways (P < 0.05, FDR < 0.05) were reported in this table.
ii

FDR – False Discovery Rate < 0.05
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Table 3-3. Genes associated with significantly enriched biological processes associated with lowRFI and high-RFI groups commonly detected in all functional analyses (analyses for Holstein
breed, Jersey breed, and both Holstein and Jersey breed).
RFI
group

ENSEMBL ID

Low-RFI (high feed efficient)
ENSBTAG00000003054
ENSBTAG00000021424
ENSBTAG00000016598
ENSBTAG00000002813
ENSBTAG00000000746
ENSBTAG00000006909
ENSBTAG00000010989
ENSBTAG00000008063
ENSBTAG00000017851
ENSBTAG00000010627
ENSBTAG00000019838
ENSBTAG00000007113
High-RFI (low feed efficient)
ENSBTAG00000021181
ENSBTAG00000001700
ENSBTAG00000010109
ENSBTAG00000026403
ENSBTAG00000021424
ENSBTAG00000016598
ENSBTAG00000005676
ENSBTAG00000017355
ENSBTAG00000002813
ENSBTAG00000004736
ENSBTAG00000012698
ENSBTAG00000006270
ENSBTAG00000001354
ENSBTAG00000003054
ENSBTAG00000000746
ENSBTAG00000013790
ENSBTAG00000020783
ENSBTAG00000030965
ENSBTAG00000006909
ENSBTAG00000014453
ENSBTAG00000053390
ENSBTAG00000011043
ENSBTAG00000004279

Gene
name

Gene region
BTA

Gene Start
(bp)

Gene End
(bp)

INSRR
CSK
DYNC1H1
GAB1
KAT2B
PIK3CB
PIK3R1
PPARA
RXRA
SF3B3
SHC1
TRRAP

3
21
21
17
1
1
20
5
11
18
3
25

13,991,619
33,873,489
66,850,740
14,421,800
157,277,141
130,293,099
11,397,628
116,438,987
105,021,683
1,578,539
15,616,454
37,265,876

14,008,734
33,892,160
66,911,778
14,549,193
157,374,828
130,471,254
11,480,087
116,507,065
105,114,871
1,6184,05
15,626,916
37,353,871

BUB1
CDC42
CDK1
CREBBP
CSK
DYNC1H1
EHMT2
ERCC1
GAB1
GRB2
HDAC1
HSP90AA1
INPP5E
INSRR
KAT2B
MAP3K1
MAPK14
MCM7
PIK3CB
PLK1
RAC1
RAC2
RHOA

11
2
28
25
21
21
23
18
17
19
2
21
11
3
1
20
23
25
1
25
25
5
22

1,585,412
130,732,620
16,488,142
3,054,344
33,873,489
66,850,740
27,467,178
53,024,536
14,421,800
56,117,146
121,225,584
66,936,747
103,876,330
13,991,619
157,277,141
22,340,163
9,969,009
36,349,409
130,293,099
21,334,598
38,278,343
75,656,456
50,701,226

1,618,575
130,787,969
16,582,565
3,173,309
33,892,160
66,911,778
27,480,388
53,039,604
14,549,193
56,181,857
121,257,548
66,945,064
103,886,130
14,008,734
157,374,828
22,417,428
10,044,336
36,356,836
130,471,254
21,345,432
38,297,376
75,673,313
50,751,132
69

ENSBTAG00000015473
ENSBTAG00000017851
ENSBTAG00000019838
ENSBTAG00000009985
ENSBTAG00000019220
ENSBTAG00000011643
ENSBTAG00000008938
ENSBTAG00000007113

RPS27A
RXRA
SHC1
SIN3A
SMARCA4
SOS1
SRC
TRRAP

11
11
3
21
7
11
13
25

37,970,354
105,021,683
15,616,454
33,383,914
15,424,807
21,308,259
66,295,099
37,265,876

37,972,652
105,114,871
15,626,916
33,450,894
15,515,086
21,434,854
66,349,583
37,353,871
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Table 3-4. List of significantly enriched genes common among low- and high-RFI groups identified across all
functional analyses (analyses for Holstein breed, Jersey breed, and both Holstein and Jersey breed), and associated
variant information.
ENSEMBL ID

Gene
Name

ENSBTAG00000003054
ENSBTAG00000021424
ENSBTAG00000016598
ENSBTAG00000002813
ENSBTAG00000000746

INSRR
CSK
DYNC1H1
GAB1
KAT2B

ENSBTAG00000006909

PIK3CB

ENSBTAG00000017851
ENSBTAG00000019838
ENSBTAG00000007113

RXRA
SHC1
TRRAP

Variant region

3
21
21
17
1
1

Variant
Variant
start (bp)
end (bp)
13,991,776 1,3991,776
33,874,869 33,874,869
66,881,702 66,881,702
14,423,106 14,423,106
157,273,917 157,273,917
144,408,494 144,408,494

11
25
25

105,112,722 105,112,722
37,273,227 37,273,227
37,273,227 37,273,227

BTA

Allele
C
A
C
G
G
G
C
C
C

Functional
consequence
5 prime UTR variant
Missense variant
Missense variant
3 prime UTR variant
Upstream gene variant
Downstream gene
variant
Missense variant
Missense variant
Missense variant
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3.8 Figures
Figure 3-1. Workflow diagram to identify unique functional SNPs and INDELs within LOW- or
HIGH-RFI groups, and predict corresponding QTL regions and types in Holstein cattle.

72

Figure 3-2. Workflow diagram of genetic variant identification and functional analysis of
independent Holstein breed. The same workflow and analysis were used for the Jersey cattle breed.
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Figure 3-3. Workflow diagram of genetic variant identification and functional analysis of the
across breeds analysis.
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Figure 3-4. Total and proportion (%) of variants identified as unique or shared across low- or highRFI groups in Holstein or Jersey cattle breeds.
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Figure 3-5. Proportion (%) of SNPs and INDELs detected across Holstein or Jersey cattle breeds
for LOW- or HIGH-RFI groups.
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Figure 3-6. Percent (%) proportion of QTL regions co-localized with variants including both
SNPs and INDELs for low- or high-RFI groups in Holstein and Jersey cattle breed.
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Figure 3-7. Percent (%) proportion of QTL regions co-localized with variants including both
SNPs and INDELs for low- or high-RFI groups that were common across both Holstein and Jersey
cattle breeds.

78

Figure 3-8. Significantly enriched QTL regions co-localized with variants (ie. SNPs and
INDELs) unique to low-RFI animals across both Holstein and Jersey cattle breeds
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Figure 3-9. Significantly enriched QTL regions co-localized with variants (ie. SNPs and
INDELs) unique to high-RFI animals across both Holstein and Jersey cattle breeds
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Figure 3-10. Venn diagram of significantly enriched biological processes and genes associated
with low-RFI from each functional network analysis.
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Figure 3-11. Venn diagram of significantly enriched biological processes and genes associated
with high-RFI from each functional network analysis.
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3.9 Supplementary Material
SS Fig. 3-1. Proportion of QTL classes within the Milk QTL region overlapping/co-localized
with the functional variants fixed within Holstein low-RFI cattle
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SS Fig. 3-2. Proportion of QTL classes within the Milk QTL region overlapping/co-localized
with the functional variants fixed within Holstein high-RFI cattle
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SS Fig. 3-3. Proportion of QTL classes within the Milk QTL region overlapping/co-localized
with the functional variants fixed within Jersey low-RFI cattle
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SS Fig. 3-4. Proportion of QTL classes within the Milk QTL region overlapping/co-localized
with the functional variants fixed within Jersey high-RFI cattle
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SS Fig. 3-5. Proportion of QTL classes within the reproduction QTL region overlapping/colocalized with the functional variants fixed within Holstein low-RFI cattle
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SS Fig. 3-6. Proportion of QTL classes within the reproduction QTL region overlapping/colocalized with the functional variants fixed within Holstein high-RFI cattle
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SS Fig. 3-7. Proportion of QTL classes within the reproduction QTL region overlapping/colocalized with the functional variants fixed within Jersey low-RFI cattle
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SS Fig. 3-8. Proportion of QTL classes within the reproduction QTL region overlapping/colocalized with the functional variants fixed within Jersey high-RFI cattle
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4.1 Abstract
The use of de novo assembly to identify novel mRNA isoforms using RNA-Sequencing (RNASeq) technology can aid in understanding of the genetic architecture of feed efficiency. Novel
mRNA isoforms were identified that were significantly differentially expressed (DE) between
residual feed intake (RFI) groups in pure breed and composite breed beef cattle. The RNA-Seq
data was obtained from rumen epithelium tissue from 48 animals divergent for feed efficiency
(low-RFI n=8, high-RFI n=8 for each Angus (AN), Charolais (CH), and Kinsella breed (HY)).
Using CLC Genomics Workbench, de novo assembly was performed to identify novel mRNA
isoforms significantly (p-value<0.001; FC|>|2; FDR<0.05) DE between low- and high-RFI groups.
The significantly DE novel mRNA isoforms identified were annotated using Biomart, BLAST,
and ToppGene. Nine mRNA isoforms with annotated genes and two novel mRNA isoforms were
identified as DE between low- and high-RFI groups across the breeds studied. The DE mRNA
isoforms identified were associated with muscle tissue function and metabolism, and novel mRNA
isoforms were overlapping with genes related to immune function. This provides insight on novel
mRNA isoforms that may be important in the regulation of feed efficiency which can aid in better
understanding the transcript diversity and genetic architecture of bovine feed efficiency.
Key words: RNA-Sequencing, bovine, feed efficiency, mRNA isoform, transcript discovery

4.2 Introduction
Livestock production is one of the fastest growing agricultural sectors, due to the continual
increase of global production and consumption of livestock products (FAO, 2017). Regarding
global milk and meat production, there will be an expected economic increase of 33% and 19%,
respectively, in the next decade (FAO, 2018). Additionally, total feed costs and inputs for livestock
systems is considerably variable and increasing (Acosta and De los Santos-Montero, 2019). With
beef production being one of the largest global commodities with increasing demand for
production, the need for more efficient and sustainable cattle production systems is more apparent.
One approach to improve the sustainability and efficiency of cattle production systems is to
improve the genetic selection for feed efficiency in beef cattle.
The understanding of the bovine transcriptome can be studied using high-throughput -OMICs
technologies (Cánovas et al., 2014a; Fonseca et al., 2018). More specifically, RNA-Sequencing
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(RNA-Seq), allows for the study of the transcriptome by quantifying transcript abundance in a
tissue at a given time (Mortazavi et al., 2008; Pightling et al., 2015; Wickramasinghe et al., 2014).
In addition, RNA-Seq serves to measure levels of transcripts and their isoforms which have not
yet been annotated (Wang et al., 2009; Ye et al., 2011; Cardoso et al., 2018). This is due to the
ability of RNA-Seq to omit relying on the annotation of known genes, and therefore discover and
quantify novel mRNA isoforms that could be important in the regulation of phenotypes in livestock
(Cardoso et al., 2018). This analysis is also known as de novo assembly, which can be used to
improve our understanding of the bovine transcriptome and identify novel transcripts that could
be important in the regulation of feed efficiency in cattle (Dias et al., 2017). In addition, de novo
assembly has potential to improve current reference genome annotations (Denoeud et al., 2008;
Roberts et al., 2011).
Few studies have used de novo assembly to identify novel mRNA isoforms in livestock, despite
the advantage that it can lead to identification of novel transcripts and provide insight on
transcriptomic features related to livestock traits (Li et al., 2016; Cardoso et al., 2018; Guo et al.,
2018; Qi et al., 2019). However, the use of RNA-Seq to perform de novo assembly using bovine
RNA-Seq data to identify novel transcripts that may be influencing feed efficiency has not been
done. The objective of this study was to identify and annotate novel mRNA isoforms significantly
differentially expressed between low- and high-RFI beef cattle of different pure beef cattle breeds
(ie. Angus (AN) and Charolais (CH)) and composite hybrid (Kinsella hybrid (HY)) breed, which
may be contributing to the regulation of feed efficiency.
4.3 Materials and Methods
Animal information, sample collection, and feed efficiency measures
Animal management and sampling information is detailed previously by Sun et al. (2018).
Briefly, 48 beef steers from the Roy Berg Kinsella Ranch (university of Alberta, Alberta, Canada)
selected for residual feed intake (RFI, kg/d), consisting of Angus (n=8; 4 = low-RFI, 4 high-RFI)
and Charolais (n=8; 4 = low-RFI, 4 high-RFI) pure beef breeds, and the Kinsella composite breed
(n=8; 4 = low-RFI, 4 high-RFI), were used in this study (Figure 1). The dry matter intake (DMI)
recorded to calculate RFI, was measured using an automated feed system (GrowSafe system Ltd.,
Airdrie, AB, Canada), over a 70 d period, using the prediction equation described by Lancaster et
al. (2009), based on the difference between actual DMI and expected DMI. To confirm the animals
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RFI values were significantly different, a t-test was performed (Table 4-2), using two group ‘t.test
function’ in R (R Core Team, 2013). Rumen epithelium tissue samples were collected from each
animal within 30 minutes of slaughter after the experimental trial, which were immediately frozen
in liquid N2, and stored at -80°C until RNA isolation.
RNA extraction, library construction and sequencing
Detailed information on RNA extraction, library construction and sequencing was performed
and described by Sun et al. (2018). Briefly, 100 mg of rumen epithelium tissue was ground to fine
powder using sterilized mortar, and total RNA was isolated using mirVana total RNA Isolation
Kit (Ambion, Carlsbad, CA, USA) following the manufacturer’s instructions.
The RNA was quantified using the Qubit 2.0 Fluorometer (Invitrogen, Carlsbad, CA, USA) and
checked for purity and integrity using the Agilent 2200 TapeStation (Agilent Technologies, Santa
Clara, CA, USA). RNA with the ration of 28S/ 18S rRNA ratio ranging from 1.7 to 2.4 and the
RNA integrity number > 7.0 was used for RNA-Seq library construction. One microgram of
isolated total RNA per sample was used to construct a cDNA library for RNA-Seq according to
the protocol of TruSeq Stranded Total RNA Sample Prep Kit (Illumina, San Diego, CA, USA).
The cDNA libraries with qualified concentration (> 2 nM) were performed in 16 lanes (12
samples/lane) on Illumina HiSeq 4000 sequencing platform (Illumina, San Diego, CA, USA) to
obtain paired-end reads (2 x 100 bp, average phred quality score > 33) at the McGill University
and Genome Quebec Innovation Centre (Montreal, Quebec, Canada).
Transcriptome analysis: mRNA isoforms discovery
Alignment, reads mapping, assembly and annotation
A workflow diagram of the RNA-Seq analysis pipeline used to perform de novo assembly is
shown in Figure 2. The mRNA sequence reads were aligned to the new bovine reference genome
ARS-UCD 2.1 (Bos taurus ARS-UCD 2.1 reference genome, release 97) using CLC Genomics
Workbench (CLC Version 12.0.2., Aarhus, Denmark). Quality of all samples were examined as
described by Cánovas et al. (2014b). Briefly, quality control was performed using the ‘NGS quality
control’ tool of CLC Genomics Workbench 12.0.2. (CLC Version 12.0.2., Aarhus, Denmark),
which assessed GC content, ambiguous base content, Phred score, base coverage, nucleotide
contributions and over-represented sequences parameters (Cánovas et al., 2014b). Animal ID 407
from the AN low-RFI group was removed from the analysis due to poor alignment statistics (Table
4-1). The remaining samples passed the quality control analysis showing same length reads (100
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bp), 100% coverage in all bases, 25% of A, T, G and C nucleotide contributions, 50% GC base
content and less than 0.1% over-represented sequences.
Large Gap Read Mapping Analysis, mRNA isoform quantification, and DEG analysis
Using the Large Gap Read Mapping (LGRM) tool of CLC Genomics Workbench 12.0.2. (CLC
Version 12.0.2., Aarhus, Denmark), reads were mapped to the ARS-UCD 2.1 release 97 bovine
reference genome as described in detail by Cardoso et al. (2018). Briefly, the LGRM tool is able
to map sequence reads that span introns without requiring previously annotated transcripts,
allowing it to support transcript discovery using RNA-Seq data. Sequence reads that exhibit an
unaligned end, but meet the mapping length requirement (17/18 bp for standard mapping), are
realigned by the mapper. This process is repeated until there are no reads remaining which are
longer than the standard mapping length. The mRNA isoforms were quantified based on a countbased model on CLC Genomics Workbench 12.0.2. (CLC Version 12.0.2., Aarhus, Denmark)
(Cardoso et al. 2018). The mRNA isoform levels were quantified using a count-based model,
where reads are counted on small counting units (exons), instead of the whole transcript unit, and
the two possible splicing out- comes (inclusion and/or exclusion) are tested for each counting unit.
Count values were normalized and transformed. Using the ‘Empirical Analysis of differential Gene
Expression’ tool, genes were considered statistically differentially expressed between low-RFI
(more feed efficient) and high-RFI (less feed efficient) animals for each breed (AN low-RFI n=7;
high-RFI n=8; CH low-RFI n=8; high-RFI n=8) and composite breed (HY low-RFI n=8; high-RFI
n=8) by t-test. Gene expression levels were quantified in reads per kilo base per million mapped
reads (RPKM) (Cánovas et al., 2013). Genes were filtered based on significance thresholds, and
considered differentially expressed between low- and high-RFI groups when they met the
following statistical and biological significance thresholds: P-value < 0.001, False Discovery Rate
(FDR) q < 0.05, and fold-change |FC| > 2.
To

annotate

the

mRNA

isoforms,

the

Biomart

tool

available

by

ENSEMBL

(http://useast.ensembl.org/index.html) was used to identify the genes of the mRNA isoforms.
Using the mRNA isoforms with annotated genes, functional annotation was performed using the
GO:Biological Process analysis on ToppGene (Chen et al., 2009) to determine biological processes
significantly associated with the gene lists based on p-value, and FDR (Asselstine et al., 2019). To
annotate the novel mRNA isoforms, the sequence of these novel mRNA isoforms were obtained
from the Biomart tool. Then using the ‘Nucleotide BLAST’ tool on Basic Local Alignment Search
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Tool (BLAST; https://blast.ncbi.nlm.nih.gov/Blast.cgi), the sequences of the novel mRNA
isoforms were blasted against known mammalian genomes for co-localized annotated gene
sequences based on percent sequence similarity and coverage.
The differentially expressed mRNA isoforms between low- and high-RFI groups for each pure
breed (AN, CH) and composite breed (HY), were filtered using more lenient statistical and
biological significance thresholds (P-value < 0.01; |FC|>2). These mRNA isoforms were then
compared using a Venn Diagram generated by R (R Core team, 2013) using VennDiagrampackage to determine shared and unique differentially expressed mRNA isoforms between the pure
(AN, CH) and composite (HY) beef breeds.
4.4 Results
Alignment and de novo assembly statistics
The alignment statistics are observed in Table 4-1 for each sample. On average, the total number
of reads mapped for all samples in low- and high-RFI animals were 303,428,164 and 318,958,134,
for AN; 317,776,686 and 299,963,316 for CH; and 328,016,010 and 332,007,994 for HY,
respectively. The majority of reads were successfully uniquely mapped to the bovine reference
genome (ARS-UCD 2.1 release 97) which was on average, 86.68% for low-RFI and 91.02% for
high-RFI for AN, 91.22% for low-RFI and 90.22% for high-RFI for CH, and 90.64% for low-RFI
and 90.65% for high-RFI for HY (Table 4-1). The average number of paired-end reads per sample
was 39,586,465 + 5,152,459 and the percent of uniquely mapped reads to the bovine reference
genome (ARS-UCD 2.1 release 97) was 90.07 + 5.12%.
The total number of predicted transcripts resulting from the de novo assembly was 71,796 for
low-RFI and 106,471 for high-RFI for AN, 73,005 for low-RFI and 104,377 for high-RFI for CH,
and 73,378 for low-RFI and 106,453 high-RFI for HY.
Identification of significantly DE mRNA isoforms between low- and high-RFI groups
The RFI means for low- and high-RFI groups for each pure beef breed and composite breed
were significantly different for both breeds (AN, CH) and composite breed (HY) (P<0.001) (Table
4-2). The DE transcripts analysis was then performed, where the evaluation of different stringent
significance levels was considered. When less stringent significance thresholds were used, (P <
0.001; FC|>|2), to identify significantly DE transcripts between low- and high-RFI, more DE
transcripts were obtained for each breed: AN revealed 23 DE transcripts (22 annotated mRNA
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isoforms and 1 novel mRNA isoform), CH revealed 42 DE transcripts (36 mRNA annotated
isoforms and 6 novel mRNA isoforms), and HY revealed 87 DE transcripts (78 annotated mRNA
isoforms and 9 novel mRNA isoforms). However, this study used more strict significance
thresholds, (P-value < 0.001; FC |>| 2; FDR < 0.05), to eliminate possible noise and errors and to
filter for the most significantly DE mRNA isoforms that may be influencing feed efficiency (Table
4-3 to 4-5). As reported in Table 4-3 to 4-5, the identified DE mRNA isoforms were organized
into three types: mRNA isoforms with annotated genes and transcript lengths (Table 4-3); mRNA
isoforms with annotated genes and novel transcript length (Table 4-4); and novel mRNA isoforms,
with no annotated gene or transcript length known for the bovine reference genome (Table 4-5).
When considering DE mRNA isoforms with annotated genes and transcript lengths, we
observed that only HY composite breed detected 4 mRNA isoform with both annotated genes and
transcript lengths and none were detected in AN or CH breeds (Table 4-3). The HY mRNA
isoforms

(and

their

annotated

ENSBTAG00000018369.3_1

genes)

(MYL2),

were

ENSBTAG00000018204.5_2

ENSBTAG00000021218.5_2

(MYH1),

(MYLPF),

and

ENSBTAG00000046725.2_3 (TNNC2) (Table 4-3). The MYH1, MYL2, MYLPF, TNNC2 genes
have 5, 4, 3, and 3 annotated transcripts, respectively, meaning only one of those mRNA isoforms
were identified as DE between RFI groups for each gene (Table 4-3).
The DE mRNA isoforms with annotated genes but novel transcript length were presented in all
three breeds and composite breed studied: AN, CH, and HY revealed two, one, and two mRNA
isoforms with annotated genes but novel transcript length, respectively (Table 4-4). For the AN
breed,

the

detected

mRNA

isoforms

and

their

annotated

gene

included

ENSBTAG00000006883.5_8 (EIF4B), and ENSBTAG00000020600.6_5 (RHOD). The gene
EIF4B has 14 annotated transcripts, meaning our study revealed an mRNA isoform DE between
low- and high-RFI groups that has a novel transcript length. Likewise, as the gene RHOD has 7
annotated transcripts, this study revealed a DE mRNA isoform with a novel transcript length,
outside of the annotated 7 transcripts for RHOD gene.
For the CH breed, the detected mRNA isoforms and their annotated gene included
ENSBTAG00000017945.5_1 (TCEANC). The TCEANC gene has 1 annotated transcript,
therefore, our study revealed an mRNA isoform DE between feed efficiency groups that contains
a novel transcript length for TCEANC gene. Lastly, for the HY composite breed, two mRNA
isoforms with annotated genes but novel transcript length were detected including
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ENSBTAG00000013921.3_5

(CKM),

and

ENSBTAG00000040518.3_2

(ENSBTAG00000040518) (Table 4-4). The two mRNA isoforms detected as DE between lowand high-RFI HY in this study are also additional mRNA isoforms with novel transcript length to
the annotated transcripts for CKM and ENSBTAG00000040518 gene, respectively.
Two novel mRNA isoforms with no annotated gene or transcript length known which were DE
between low- and high-RFI groups were identified in AN breed and HY composite breed (Table
4-5). For AN breed and HY composite breed, the novel mRNA isoform identified was isoform
Gene_3683_1, and Gene_1745_3, respectively (Table 4-5). These two novel mRNA isoforms may
be additional transcripts which are not yet annotated for the genes identified as overlapping with
mRNA isoforms Gene_3683_1 and Gene_1745_3 (further discussed in ‘Functional annotation of
significantly DE novel mRNA isoforms’).
Regarding gene expression level and regulation, results revealed that out of all eleven
significantly DE mRNA isoforms, ENSBTAG00000020600.6_5 (RHOD) in AN breed was
upregulated in the low-RFI group. Contrastingly, all remaining significantly DE mRNA isoforms
between low- and high-RFI animals for each breed and composite breed were down regulated for
the low-RFI group.
Functional annotation of significantly DE novel mRNA isoforms
The novel mRNA isoform with no known gene or transcript length, were annotated for
overlapping gene sequences from existing mammalian genomes. As reported in Table 4-5, only
two mRNA isoforms fell into this category, which were Gene_3683_1 (region: 24:6186281361864879) in the AN breed, and Gene_1745_3 (region: 9:26439576-26444740) in the HY
composite breed. Regarding Gene_3683_1, the sequence results from Biomart revealed sequences
that were overlapping (ranked by highest coverage percentage) with Bos taurus serpin family B
member 2 (SERPINB2) mRNA (Query coverage 100%, percent identity 100%, Accession:
NM_001192051.2). Regarding Gene_1745_3, the sequences output results from Biomart revealed
sequences that were overlapping (ranked by highest coverage percentage) with Bos taurus
Ubiquitin Specific Peptidase 43 (USP43), transcript variant X3 mRNA (Query coverage 100%,
percent identity 100%, Accession: XM_005220431.3).
Regarding the DE mRNA isoforms between low- and high-RFI groups, shared and unique
between the pure (AN, CH) and composite (HY) beef breeds, 1 mRNA isoform was identified as
shared across all beef breeds (Figure 4-3), 1 mRNA isoform was shared between AN and CH pure
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breeds, 28 mRNA isoforms were shared between AN and HY, and 7 mRNA isoforms were shared
between CH and HY. The 1 mRNA isoforms found shared across all beef breeds was
ENSBTAG00000046124.2 and their annotated gene was TPM1 (tropomyosin 1).
Functional annotation of significantly DE mRNA isoforms
The mRNA isoforms identified as significantly DE between RFI groups with annotated genes
were used to perform functional annotation of biological processes. The functional analysis
therefore included the following genes of the identified mRNA isoforms: EIF4B (Eukaryotic
translation initiation factor 4B), RHOD (Ras Homolog Family Member D), TCEANC
(Transcription Elongation Factor A N-Terminal and Central Domain Containing), MYH1 (Myosin
Heavy Chain 1), MYL2 (Myosin Light Chain 2), MYLPF (Myosin Light Chain, Phosphorylatable,
Fast Skeletal Muscle), TNNC2 (Troponin C2, Fast Skeletal Type), and CKM (Creatine Kinase, MType). The five most significantly associated biological processes are reported in Table 4-6. All
five most significant biological processes were related to muscle tissue metabolism or muscle
tissue functional processes including muscle contraction, muscle system process, muscle filament
sliding, actin-myosin filament sliding, and muscle cell fate specification (Table 4-6).
4.5 Discussion
Alignment statistics
Alignment statistics from this study are in similar range of previous studies on bovine tissue
RNA-Seq analysis (Kong et al., 2016a; Sun et al., 2018). A study which evaluated the
transcriptomic profile of rumen tissue in beef cattle reported on average, 42 million paired end
reads per sample (41,991,418 ± 6,835,817) from RNA-Seq and an overall read alignment average
of 85 ± 3.72% to the UMD3.1 bovine reference genome (Kong et al., 2016a). Additionally, a study
by Sun et al. (2018) studied multi-tissue transcriptomes and showed an average of 30.98 million
reads obtained from rumen tissue RNA-Seq, and 74.27% of reads uniquely mapped to the bovine
reference genome (UMD3.1). The results reported by Kong et al. (2016a) and Sun et al. (2018) are
similar to our results which was: on average, paired end reads per sample was 39,586,465 ±
5,152,459 and the percent of uniquely mapped reads to the new bovine reference genome (ARSUCD 2.1 release 97) was 90.07 ± 5.12%. An increase in the average percentage of uniquely
mapped reads is observed in this study compared to previous studies which may be due to
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improved annotation and sequence quality of the updated bovine reference genome (ARS-UCD
2.1 release 97).
Evaluation of mRNA isoforms significantly DE between low- and high-RFI cattle
The aim of the study was to identify mRNA isoforms which may be important in the regulation
of feed efficiency. Using very stringent significance criteria to identify DE mRNA isoforms
between feed efficiency groups for each breed and composite breed, four mRNA isoforms with
annotated genes and transcript lengths, 5 mRNA isoforms with annotated genes and novel
transcript lengths, and 2 novel mRNA isoforms with no annotated genes were identified that are
highly DE across low- and high-RFI groups for each breed.
Five mRNA isoforms with annotated genes were identified (Table 4-4). Regarding the AN
breed, the mRNA isoform, ENSBTAG00000006883.5_8, which is an isoform of the gene EIF4B,
was DE across low- and high-RFI AN group and was downregulated in the low-RFI group. A
study looking at the transcriptomic profile of longissimus dorsi muscle in Nellore beef steers
revealed several key transcription factors played a role in the expression differences across lowand high-RFI Nellore beef steers, with Eukaryotic Translation Initiation Factor 4E-Binding Protein
1 (EIF4EBP1) being one of them, which was also down regulated for the low-RFI group based on
fold change, and plays a role in ATP production (Tizioto et al., 2016). This is reasonable as skeletal
muscle tissue contains a high concentration of mitochondria which is producer of ATP (Tizioto et
al., 2016), suggesting that low-RFI AN animals in this study showed lower energy requirements
to maintain a more efficient use of metabolic energy. This is supported by a study on transcriptomic
profiles of pig skeletal muscle tissue which revealed that more feed efficient pigs exhibited lower
oxidative metabolism in muscle tissue, suggesting lower muscle oxidative stress in low-RFI pigs
(Vincent et al., 2015).
Another mRNA isoform, ENSBTAG00000020600.6_5, of the RHOD gene which was DE in
the AN breed, was upregulated in the low-RFI group. The RHOD gene is a member of the Rho
GTPases protein family, and is involved with regulation and organization of actin cytoskeleton, as
well as cell migration, division, and vesicle trafficking (Blom et al., 2017), suggesting its role in
muscle tissue formation and differentiation. The mRNA isoform of the RHOD gene was
upregulated in the more feed efficient AN group, and expression of RHOD is necessary for the
structure formation of actin filaments; contrastingly, depletion of RHOD is known to lead to
diverse cytoskeletal effects including a loss in critical cellular functions in muscle tissue, including
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cell migration, chemotaxis, and proliferation (Blom et al., 2017). This may suggest that more feed
efficient AN cattle exhibit greater expression of mRNA isoform of RHOD to maintain a highly
functional and efficient cytoskeletal and muscle filament system.
Regarding the CH breed, one mRNA isoform was identified as DE across low- and high-RFI
CH groups, ENSBTAG00000017945.5_1, which is an isoform of the TCEANC gene, and was
down regulated in the low-RFI group. The TCEA3 gene, a paralog gene of TCEANC, and has been
recently shown to play a role in the differentiation of bovine skeletal muscle satellite cells (Zhu et
al., 2017). Recently, Kazim et al. (2019) revealed that TCEA3, is upregulated during skeletal
muscle differentiation and promotes transcription elongation of muscle specific genes.
Regarding the composite Kinsella hybrid (HY) breed, the mRNA isoforms which were isoforms
of annotated genes with known transcript length (Table 4-3) were only identified in this composite
breed

and

included

ENSBTAG00000018204.5_2,

ENSBTAG00000018369.3_1,

ENSBTAG00000021218.5_2, ENSBTAG00000046725.2_3. These mRNA isoforms are isoforms
of the genes MYH1, MYL2, MYLPF, TNNC2, respectively. Interestingly, all four of the latter genes
play a key role in the regulation of muscle contraction (Gogulothua et al., 2020). It is known that
MYH1 hydrolyzes ATP to convert chemical energy into mechanical energy, a key metabolic
process to produce energy for muscle cells to function. The MYLPF and MYL2 are involved with
calcium ion binding, which is necessary for Ca2+ channel activation for muscle contraction and
contain isoforms which were all downregulated in the low-RFI HY group. Other genes associated
with muscle cell energy metabolism and muscle contraction including MYBPC2 (myosin binding
protein C, Fast type) and MYL1 (myosin, light chain 1, alkali; skeletal, fast type) have been
previously found to be upregulated in high-RFI male broiler chickens (Kong et al., 2016b). This
suggests the demanding energetic needs in muscle tissue that resides in livestock animals with
lower feed efficiency. In another study evaluating metabolic efficiency of divergent RFI calves,
SNPs were identified that were co-localized with MYH3 and MYH13 genes which were
significantly DE between low- and high-RFI calves (Asher et al., 2018), supporting our results of
the significantly DE mRNA isoforms between RFI groups in HY that are related to muscle
metabolism.
The mRNA isoforms with novel transcript lengths in HY composite breed were
ENSBTAG00000013921.3_5, which is an isoform of CKM, and ENSBTAG00000040518.3_2,
which is annotated with no gene name. Both mRNA isoforms were down regulated in low-RFI
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animals in HY. The CKM is a protein that functions to transfer phosphate between ATP and
creatine phosphate and is important in the energetic processes of skeletal muscle cells. Down
regulation of this gene was previously found in breast muscle tissue of less feed efficient male
broilers (Kong et al., 2016b) supporting our results. This could imply that more feed efficient
livestock animals require less energy in skeletal muscle to maintain the same level of metabolic
energy.
Functional analysis of annotated mRNA isoforms
A substantial proportion of metabolic energy contributing to the variation of RFI includes
protein turnover, tissue metabolism, and stress (37%), physical activity (8%), and body
composition (5%) (Herd and Arthur, 2009), suggesting the importance of skeletal muscle
metabolism as a major physiological factor influencing the feed efficiency of an animal. Therefore,
the metabolism of muscle tissue account for large energetic turnover in animals, and should be
considered in whole body metabolism. More specifically, the rumen epithelium exhibits a high
tissue turnover rate for digestion, requiring high metabolic demand (Steele et al., 2016). However,
it is known that the rumen metabolism varies across more and less feed efficient beef cattle, and
the rumen epithelium of more feed efficient beef steers is known to be thicker based on
histomorphic measures, which may suggest the lower turnover rate of cellular layers of the
epithelium in more feed efficient cattle (Lam, et al., 2018). The mRNA isoforms identified as DE
between divergent feed efficiency groups in this study were greatly related to muscle function and
metabolism related genes, which were all downregulated in the more feed efficient cattle in our
study in the CH breed and HY composite breed (Table 4-3 to 4-5). Additionally, the biological
processes related to the mRNA isoforms with annotated genes were all related to muscle function
and energetic metabolism including muscle contraction, muscle system process, muscle filament
sliding, actin-myosin filament sliding, and muscle cell fate specification (Table 4-6). This could
suggest that lower expression of these mRNA isoforms could be resulting from a more
metabolically efficient rumen epithelial metabolism. A supporting study by Carvalho et al., (2019)
on transcriptomic and proteomic analysis on skeletal muscle tissue in beef steers divergent for feed
efficiency, reported the HSPB1 (Heat Shock Protein Beta 1) and 14-3-3 epsilon proteins were
significantly DE in skeletal muscle in Nellore beef steers, suggesting metabolic energy use in
muscle tissue is different between low- and high-RFI beef cattle. In addition, mitochondrial
complex II activity in muscle of more feed efficient steers has revealed to be greater, compared to
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less feed efficient steers, suggesting the greater mitochondria activity in muscle tissue and
energetic efficiency of low-RFI beef cattle (Fernandez et al., 2019). Additional analysis in this
study revealed the mRNA isoform, ENSBTAG00000046124.2 (TPM1), which was DE (P<0.01;
|FC|>2) between low- and high-RFI groups, was found to be shared across all the beef breeds in
this study. The annotated gene, TPM1, associated with this mRNA isoform is a major regulator in
the modulation of actin filament conformation, suggesting its important role in muscle fibre
contraction (Ostrowska-Podhorodecka et al., 2020) and further supporting our results. This study
and supporting studies (Carvalho et al., 2019; Fernandez et al., 2019) suggest that differences in
feed efficiency in beef cattle may be largely influenced by metabolic energy use in muscle tissue.
Evaluation of novel mRNA isoforms significantly DE between low- and high-RFI cattle
When considering the novel mRNA isoforms with no annotated genes, one of them were
identified as Gene_3683_1 (region: 24:61862813-61864879) in the AN breed which overlaps with
SERPINB2 gene. The SERPINB2 has been shown to be upregulated in inflammation and
infections, expressed by monocytes and macrophages (Ritchie et al., 1997), and is secreted by cells
during inflammatory responses (Boncela et al., 2013). The other novel mRNA isoform with no
annotated gene was Gene_1745_3 (region: 19:26439576-26444740) in the HY composite breed
which overlaps with USP43 gene. A Genome-Wide Association Analysis study on meat quality
traits, including marbling, colour traits and scores, and moisture, in a cross-bred pig population
revealed a highly significant SNP co-localized with the USP43 gene for all five meat quality traits
(Luo et al., 2012). These genes were identified as co-localized with the regions of the novel mRNA
isoforms are known to be associated with immune function and anti-inflammatory response, and
meat quality traits. This may suggest that the identified novel mRNA isoforms DE between
divergent feed efficiency groups in this study could be playing an important role in the regulation
of feed efficiency in beef cattle.
The differences among the DE mRNA isoform results among the breeds evaluated in this study
was expected, as considerable genetic diversity exists among major beef breeds and composite
breeds in North America (Amer et al., 1992). Many physiological traits are known to be
statistically different across different Canadian beef breeds, including AN and CH (Amer et al.,
1992). When considering the overlap of DE mRNA isoforms between pure (AN, CH) and
composite (HY) beef breeds (Figure 4-3), a larger overlap is shown between HY and the two pure
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breeds (AN, CH), which is likely due to the higher percentage of shared genetic background of
HY with the two pure breeds. Additionally, it is observed that only 1 mRNA isoform is shared
between the two pure breeds, AN and CH, which may be due to the stronger genetic diversity
between two pure breeds of catte. The identified mRNA isoforms unique in Figure 4-3 may be
signature genetic features that can be used to characterize feed efficiency for these specific pure
breed beef breeds and composite breeds.

4.6 Conclusion
This study revealed that novel mRNA isoforms are important in the regulation of muscle
metabolism, specifically rumen epithelium tissue metabolism in this study, as high expression
levels of mRNA isoforms were identified as DE between divergent feed efficiency groups in beef
cattle of the pure breeds (AN, CH) and composite hybrid (HY) breed studied. Using very stringent
significance criteria to identify DE mRNA isoforms between feed efficiency groups, four mRNA
isoforms with annotated genes and transcript lengths, 5 mRNA isoforms with annotated genes and
novel transcript lengths, and 2 novel mRNA isoforms with no annotated genes were identified that
are highly DE across low- and high-RFI groups for each breed. The two novel mRNA isoforms
were associated with immune function and inflammatory response, and meat quality traits, which
could be important genetic features to help better understand the underlying biology of feed
efficiency in cattle. Overall, the mRNA isoforms identified in this study were associated with
genes that were regulating feed efficiency and could be related to novel protein-coding genes that
are not known that may be playing a key role in metabolic functions influencing feed efficiency.
The improved understanding of the functional characteristics of novel mRNA isoforms can help
elucidate the understanding of transcript diversity and its influence on desirable phenotypes such
as feed efficiency in beef cattle.
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4.9 Tables
Table 4-1. Descriptive alignment statistics for read alignment of samples from Angus, and
Charolais pure beef breeds and Kinsella composite breed which are divergent for feed efficiency.
Breed
RFI group
Angus
Low-RFI

Animal
ID

Total reads
mapped

Uniquely
mapped %

Nonspecifically
mapped %

Unmapped
%

301
302
307
401
407
501
505
506

38,759,070
42,946,978
31,711,494
37,452,936
34,318,440
33,489,466
40,185,986
44,563,794
37,928,521
45,405,544
41,179,060
42,673,070
43,775,298
40,119,758
38,042,184
31,709,766
36,053,454
39,869,767

91.60
91.05
91.56
89.79
56.32
89.26
91.79
92.08
86.68
92.35
91.03
92.05
91.59
91.25
90.75
86.65
92.52
91.02

6.17
6.73
6.42
6.80
4.23
7.27
6.44
6.56
6.33
5.89
6.98
6.24
6.78
6.66
7.15
7.58
5.99
6.66

2.22
2.22
2.02
3.41
39.44
3.48
1.77
1.36
6.99
1.75
1.99
1.71
1.62
2.09
2.10
5.77
1.49
2.32

51,048,594
40,709,670
44,199,494
34,201,080
40,308,908
35,073,386
39,102,138
33,133,416
39,722,086
39,579,068
38,260,372
32,875,842

91.46
91.18
91.22
91.90
90.50
90.33
91.19
92.01
91.22
91.10
90.65
90.40

7.09
6.68
7.11
6.67
7.36
7.69
6.97
6.60
7.02
6.88
6.57
6.85

1.45
2.14
1.67
1.43
2.13
1.98
1.84
1.39
1.75
2.01
2.79
2.75

Average
High-RFI
303
304
305
308
402
403
404
503
Average
Charolais
Low-RFI
604
611
612
702
704
706
710
712
Average
High-RFI
601
608
701
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703
705
707
708
709
Average
Kinsella
Low-RFI
101
103
104
105
106
206
207
208
Average
High-RFI
107
112
201
202
203
205
209
210
Average

36,188,318
41,140,472
32,092,800
42,401,790
37,424,654
37,495,415

90.83
90.87
89.75
90.91
87.15
90.22

7.40
6.83
7.86
7.22
7.59
7.15

1.77
2.30
2.39
1.87
5.25
2.64

53,112,042
46,401,356
48,780,584
38,738,522
35,052844
40,571,898
29,405,748
35,953,016
41,001,001
40,604,336
41,161,658
41,666,324
47,721,354
38,334,790
38,399,802
38,816,174
45,303,556
41,500,999

89.51
89.66
90.80
93.02
91.59
90.85
90.08
89.64
90.64
90.81
88.90
90.18
90.93
90.67
90.50
91.15
92.08
90.65

6.79
7.32
6.15
4.82
6.15
7.09
6.57
7.24
6.52
6.80
7.91
7.43
6.56
6.44
6.74
6.42
6.01
6.79

3.70
3.02
3.05
2.16
2.26
2.06
3.35
3.11
2.84
2.40
3.18
2.38
2.51
2.89
2.76
2.43
1.91
2.56
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Table 4-2. Descriptive statistics of RFI group comparisons within each pure breed and composite breed
Pure breed or
composite breed and
n
Mean
SD
T
RFI group
Angus
Low-RFI
8
-0.58
1.88
7.89
High-RFI
8
0.89
1.06
Charolais
Low-RFI
8
-0.81
2.06
11.50
High-RFI
8
0.92
1.41
Kinsella
Low-RFI
8
-0.94
2.05
10.35
High-RFI
8
0.76
1.35
T = t-test value; DF = degrees of freedom; SD = standard deviation

DF

P-value

11.33

6.21 e-06

13.46

2.44 e-08

13.81

6.96 e-08

111

Table 4-3. The mRNA isoforms with annotated genes and transcript length identified as differentially expressed* in
the rumen epithelium tissue of composite breed (Kinsella) divergent for feed efficiency discovered by de novo
assembly.
Feature ID

Gene name

Kinsella
ENSBTAG00000018204.5_2

MYH1

TA Length
1
(bp)

Position

p-value

FC
(log2)2

FDR3
q-value

19:29,483,026- 1.99x10-06 -64.64
0.04
29,507,056
ENSBTAG00000018369.3_1 MYL2
4
856
17:54,706,764- 3.26x10-06 -64.41
0.05
54,714,580
ENSBTAG00000021218.5_2 MYLPF
3
1180
25:26,558,868- 2.61x10-06 -48.37
0.05
26,561,866
ENSBTAG00000046725.2_3 TNNC2
3
677
13:74,591,693 1.04x10-06 -96.80
0.04
4-74,599,856
1
TA= transcripts annotated; 2Log2(FC) = Fold change (log2), 3FDR = False Discovery Rate
*mRNA isoforms were considered significantly differentially expressed were filtered using the following
thresholds: p-value < 0.001; FC |>| 2; FDR < 0.05.
No mRNA isoforms with annotated genes and transcript length were identified in either Angus or Charolais pure
breeds.
5

5987
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Table 4-4. The mRNA isoforms with novel transcript length, identified as differentially expressed* in the rumen
epithelium tissue of two pure beef cattle breeds (Angus, Charolais) and composite breed (Kinsella) divergent for feed
efficiency discovered by de novo assembly.
Feature ID

Gene name

TA Length
1
(bp)

Position

p-value

FC
(log2)2

FDR3
q-value

Angus
ENSBTAG00000006883.5_8

EIF4B

14

1620

9.91x10-07

-138.64

0.04

ENSBTAG00000020600.6_5

RHOD

7

1141

5:26,927,01826,941,945
29:45,039,82645,049,335

1.25x10-07

29.55

0.01

Charolais
ENSBTAG00000017945.5_1

TCEANC

1

1365

X:129,855,110129,866,250

3.79x10-08

-28.38

3.96e-03

Kinsella
ENSBTAG00000013921.3_5

CKM

18:52,956,4711.77x10-06 -41.47
0.04
51,963,582
ENSBTAG00000040518.3_2 ENSBTAG0 5
1551
2:121,800,9953.24x10-06 -35.93
3.44e-03
0000040518
121,802,546
1
2
3
TA= transcripts annotated; Log2(FC) = Fold change (log2), FDR = False Discovery Rate
*mRNA isoforms were considered significantly differentially expressed were filtered using the following thresholds:
p-value < 0.001; FC |>| 2; FDR < 0.05
11

1556
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Table 4-5. The novel mRNA isoforms identified as differentially expressed* in the rumen epithelium
tissue of two pure beef cattle breeds (Angus, Charolais) and composite breed (Kinsella) divergent for
feed efficiency discovered by de novo assembly.
Predicted
gene using
‘BLAST’4

TA1

Length
(bp)

Position

p-value

FC
(log2)2

FDR3
q-value

Angus
Gene_3683_1

SERPINB2

2

1138

24:61,862,81361,864,879

8.83x10-07

32.45

0.04

Kinsella
Gene_1745_3

USP43

Feature ID

19:26,439,5761.96x10-06 -73.93
0.04
26,444,740
1
TA= transcripts annotated; 2Log2(FC) = Fold change (log2), 3FDR = False Discovery Rate, 4Genes
that were identified as overlapping with sequence of novel mRNA isoforms
*mRNA isoforms were considered significantly differentially expressed were filtered using the
following thresholds: p-value < 0.001; FC |>| 2; FDR < 0.05
No novel mRNA isoforms were identified in the Charolais pure breed.
12

1444
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Table 4-6. Biological processes significantly associated with DE mRNA isoforms between high
and low-RFI groups.
Biological process nameii

p-value

FDRi

Muscle contraction
8.92x10-06
1.49x10-03
Muscle system process
2.89x10-05
2.42x10-03
-04
Muscle filament sliding
1.07x10
4.69x10-03
Actin-myosin filament sliding
1.12x10-04
4.68x10-03
Muscle cell fate specification
3.97x10-04
1.33x10-02
i
FDR = False Discovery Rate
ii
Top 5 pathways out of 20 significantly associated pathways

Number of mRNA
isoform associated with
biological process
4
4
2
2
1
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4.10 Figures
Figure 4-1. Beef cattle pure breeds and composite breed population structure and rumen
epithelium tissue sample size.
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Figure 4-2. Workflow diagram of RNA-Seq analysis to perform de novo transcriptome assembly
to identify mRNA isoforms differentially expressed* between low- and high-RFI groups for beef
cattle breeds and composite breed

*mRNA isoforms were considered significantly differentially expressed using the following
thresholds: P-value < 0.001; FC |>| 2; FDR < 0.05
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Figure 4-3. Venn diagram displaying significantly* differentially expressed mRNA isoforms
between low- and high-RFI groups, shared and unique between pure beef breeds, Angus,
Charolais, and composite beef breed Kinsella

*mRNA isoforms used in this venn diagram were considered significantly differentially expressed
when they met the following statistical and biological thresholds: P-value < 0.01; |FC| > 2.

118

CHAPTER 5: Identifying Genetic Interactions Between The Host
Transcriptome And Rumen Microbiome And Its Influence On Feed Efficiency
In Pure And Composite Beef Cattle Breeds

Lam, S.1, Guan, L. L.2, Chen, Y.2, Fonseca, P. A. S.1, Waters, S.3, Cánovas, A.1*

1

Centre for Genetic Improvement of Livestock, Department of Animal Biosciences, University of

Guelph, Guelph, Ontario, Canada, N1G 2W1.
2

Livestock Gentec, Department of Agriculture, Food & Nutritional Science, University of Alberta,

Edmonton, Alberta, Canada, T6H 2P5.
3

Teagasc, Animal & Grassland Research and Innovation Centre, Grange, Dunsany, Co. Meath.

C15 PW93.

119

5.1 Abstract
The demand for more economically and environmentally efficient livestock production systems
is increasing. A better understanding of the host (cattle) transcriptome and its association with the
rumen microbiome and its influences on desirable production traits may lead to more accurate
selection for host and rumen microbial profiles to improve beef cattle feed efficiency. This study
investigated the host transcriptome and its correlation with the rumen microbial metagenome of
two pure beef cattle breeds (Angus and Charolais) and one composite beef breed (Kinsella)
divergent for residual feed intake (low vs. high-RFI). Rumen content archaea and bacteria
Amplicon-Sequencing (Amplicon-Seq) profiles and rumen epithelium tissue transcriptome
profiles were determined by parallel 16s rRNA gene amplicon sequencing and RNA-Sequencing
(RNA-Seq) analysis, respectively. Using RNA-Seq, the differentially expressed (DE) genes
between divergent feed efficient cattle groups were determined in the three pure and composite
breeds. Using Amplicon-Seq, the rumen content archaea and bacteria Amplicon sequence variant
(ASV) profiles were determined also in all breeds. Significantly different ASV between feed
efficiency groups (P<0.20) using Optimarl Microbiome-based Association Test (OMiAT) analysis
and significantly DE genes (p-value<0.001, FDR<0.05, FC|>|2) using CLC genomics workbench
were identified for each animal in each pure breed or composite breed. The correlation between
these two parameters were determined using Pearson correlation in R. Using ToppGene, functional
enrichment analysis was performed to identify significantly enriched pathways associated with the
DE genes that were significantly correlated with microbial ASVs. In total, 174 significant
correlations were identified between the archaea ASVs and host DE genes for both low and highRFI group in Charolais pure breed. For Kinsella composite breed, 373 significant correlations
between host and microbiome were identified in total. No archaea ASVs were significantly
different between RFI groups in the Angus pure breed. For the bacteria analysis, 1,173 significant
correlations were found between the bacteria ASVs and DE genes for the Angus breed, 17,542 for
Charolais breed, and 24,967 for the Kinsella composite breed. The host DE genes significantly
correlated with various rumen archaea and bacteria ASVs, including species, classes, and orders
originated from the firmicutes phyla, and species taxa originated from the methanospheara genus.
The corresponding host DE genes were functionally enriched for several metabolic pathways, such
as, fatty acid degradation, muscle contraction, vitamin digestion, and oxidative stress pathways.
This study identified significantly correlated host DE genes with rumen archaea and bacteria ASVs

120

at various taxa levels that may be interacting with the host transcriptome differently among
divergent feed efficiency groups in pure and composite beef cattle breeds with different genetic
backgrounds.
Key words: Rumen microbiome, Amplicon-Sequencing, RNA-Sequencing, Feed efficiency,
Bovine, Transcriptomics, Metagenomics

5.2 Introduction
With a constantly increasing global human population, the demand for efficient food production
systems and improved global food security is needed (FAO, 2017). More specifically, livestock
production generates nearly 40% of total agricultural output in developed countries and 20% in
developing countries, which makes a substantial contribution to the global economy (FAO, 2018).
The growing demand for livestock products and production of economically important exports,
therefore leads to opportunities and challenges for improving livestock production systems
(Seymour et al., 2019). The genetic improvement of feed efficiency in cattle production systems
may help increase the economic and environmental sustainability of a large sector of agriculture.
More specifically, the improvement of feed efficiency in beef production systems may lead to
improved profitability and environmental sustainability for the beef cattle industry.
When studying animal feed efficiency and their metabolic capacity to expend energy, an
important environmental factor to consider is their rumen microbial community (Williams and
Coleman, 1997, Hungate et al., 1966). Ruminants are dependent on the rumen microbial
community to produce and serve as energy products to survive, and in return, the microbial
community depends on the ruminant for a habitat to survive, resulting in the symbiotic hostmicrobial relationship (Gruninger et al., 2019). This host-microbiome relationship is important to
study metabolic efficiency, as the microbiome plays a key role in metabolic energy production,
and the production and absorption of energetic products (Hungate et al., 1966).
The host genetic influence on rumen microbial features and its association with feed efficiency
in beef cattle has been studied, where 19 SNPs in the host genome were associated with 14 rumen
microbial taxa; among the identified SNPs, five were co-localized with known QTL for cattle feed
efficiency (Li et al., 2019). In addition, Li et al. (2019) revealed distinguishable differences in the
rumen microbial features across beef cattle breeds and RFI groups. Despite the existing abundant

121

research on host-microbiome interactions mainly in mice and humans (Benson et al., 2010; Turpin
et al., 2016), Li et al. (2019) was the first study to characterize bovine genotype with heritable
microbial features with feed efficiency in cattle. Some studies have also estimated the heritability
of rumen microbiome features, revealing low to moderate heritabilities (Sasson et al., 2017;
Difford et al., 2018; Wallace et al., 2019, Li et al., 2019), suggesting its ability to be genetically
inherited. With evidence of the rumen microbiome being partially influenced by host genetics (Li
et al., 2019), and the potential for rumen microbial traits to be heritable, it is possible that the
rumen microbiome can be genetically inherited and a specific rumen microbial profile may be
optimal for improved feed efficiency. This research has highlighted the importance to study hostmicrobiome genetic interactions and their influence on feed efficiency in beef and dairy cattle.
Approaches using high-throughput -OMICs technologies have allowed for improved
understanding of the host genome and transcriptome (Cánovas et al., 2014a; Wickramasinge et al.,
2014). For example, high-throughput RNA-Sequencing (RNA-Seq) technology has been used to
understand the host transcriptome and its association with production traits (Cánovas et al., 2012;
Cardoso et al., 2017; Dias et al., 2017; Fonseca et al., 2018; Cardoso et al., 2018). Additionally, OMICs technologies to study the host transcriptome and rumen microbiome are now available in
livestock to better understand the complex genetic relationship between the host and rumen
microbiome. As prior studies associating rumen microbiome and host phenotoypes, including feed
efficiency, have mainly used DNA data (Hernandez-Sanabria et al., 2010; Shabat et al., 2016),
analysis at the RNA level may represent a stronger link to the rumen microbiome and host
performance, as suggested by Li et al. (2019), who compared rumen metagenomic profiles with
metatranscriptomic profiles and revealed that inter-individual functional variations are higher at
the RNA level compared to the DNA level. This study aimed to evaluate the host transcriptome
and rumen microbiome and how its interactions influence the regulation of feed efficiency in beef
cattle.
The objectives of this study were to 1) characterize the rumen archaeal and bacterial amplicon
sequence variant (ASV) abundance profiles between divergent feed efficiency groups in two pure
beef cattle breeds and one composite breed; 2) determine significantly differentially expressed
(DE) genes across divergent feed efficiency groups in two pure beef cattle breeds and one
composite breed; and 3) identify correlations between the archaea or bacteria ASV abundance
(rumen microbial metagenome) and the DE genes (host functional transcriptome) between

122

divergent feed efficient cattle to determine ‘host-microbiome genetic interactions’ that may be
influencing feed efficiency in pure and composite beef cattle breeds.

5.3 Materials and Methods
Animal, sampling, and RFI measurement information
The animal and sampling information is described in detail by Hui-Zeng Sun et al. (2018). A
total of 48 beef steers from three breeds were used in this study, which were selected for extreme
RFI groups from a herd of 738 cattle cohort, based at the Roy Berg Kinsella Research Ranch,
University of Alberta (Alberta, Canada). The beef steer breeds consisted of Angus (AN; n=16),
and Charolais (CH; n=16), and composite breed was Kinsella (KN; n=16). The Kinsella herd is a
composite breed, consisting of Angus, Charolais, Galloway, Hereford, Holstein, Brown Swiss, and
Simmental breeds (Nkrumah et al., 2007).
The RFI estimates were calculated using data recorded for dry matter intake (DMI), recorded
using an automated feeding system (GrowSafe system Ltd. Airdie, Alberta, Canada), through a 70
day (d) period using the RFI model proposed by Lancaster et al. (2009). Rumen epithelium samples
and rumen contents samples were collected from all animals within 30 minutes of slaughter after
the experiment, which were immediately submerged in liquid nitrogen and stored at -80°C until
RNA isolation. Rumen content samples were sampled from 5 different locations of the rumen and
mixed to allow for a sample with rumen contents composition representative of the whole rumen
contents.
RNA extraction, library construction, and sequencing of rumen epithelium RNA-Seq data
Detailed information on RNA extraction, library construction and sequencing is described by
Hui-Zeng Sun et al. (2018). Briefly, 100 mg of rumen epithelium tissue was ground to fine powder
using sterilized mortar, and total RNA was isolated using mirVana total RNA Isolation Kit
(Ambion, Carlsbad, CA, USA) following the manufacturer’s instructions. The RNA was
quantified using the Qubit 2.0 Fluorometer (Invitrogen, Carlsbad, CA, USA) and checked for
purity and integrity using the Agilent 2200 TapeStation (Agilent Technologies, Santa Clara, CA,
USA). The RNA with the ration of 28S/ 18S rRNA ratio ranging from 1.7 to 2.4 and the RNA
integrity number > 7.0 was used for RNA-Seq library construction. One microgram of isolated
total RNA per sample was used to construct a cDNA library for RNA-Seq according to the protocol
of TruSeq Stranded Total RNA Sample Prep Kit (Illumina, San Diego, CA, USA). The cDNA
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libraries with qualified concentration (> 2 nM) were performed in 16 lanes (12 samples/lane) on
Illumina HiSeq 4000 sequencing platform (Illumina, San Diego, CA, USA) to obtain paired-end
reads (2 x 100 bp, average Phred quality score > 33) at the McGill University and Genome Quebec
Innovation Centre (Montreal, Quebec, Canada).
Reads mapping, assembling, and annotation of rumen epithelium RNA-Seq data
The mRNA sequence reads were aligned to the new bovine reference genome (Bos taurus ARSUCD

1.2.

bovine

reference

genome)

with

the

ENSEMBL

annotation

tool

(http://www.ensembl.org/info/data/ftp/index.html) using CLC Genomics Workbench (CLC
Version 12.0.2., Aarhus, Denmark). Quality control analysis was performed in all samples as
described in detail by Cánovas et al., (2014b). Briefly, quality control was performed using the
‘NGS quality control’ tool of CLC Genomics Workbench (CLC Version 12.0.2., Aarhus,
Denmark), which assessed GC content (50% GC base content and less than 0.1% over-represented
sequences), ambiguous base content, same length reads (100 bp), Phred score (Phred>33), base
coverage (100% coverage in all bases), nucleotide contributions and over-represented sequences
parameters (25% of A, T, G and C nucleotide contributions) (Cánovas et al., 2014b). One sample
from the low-RFI Angus group (ID=407) was removed from the study due to poor alignment
quality (uniquely mapped reads>80%). The remaining samples (n = 47) passed the quality control
analysis according to the conditions stated above (Cánovas et al., 2014b).
Differential gene expression analysis of rumen epithelium RNA-Seq data
Using the ‘Empirical Analysis of differential Gene Expression’ tool, genes were identified that
were differentially expressed between low-RFI (more feed efficient) and high-RFI (less feed
efficient) animals for each breed (AN low-RFI n=7; high-RFI n=8; CH low-RFI n=8; high-RFI
n=8; KN low-RFI n=8; high-RFI n=8) by t-test (Cánovas et al., 2013). Gene expression levels
were quantified in reads per kilo base per million mapped reads (RPKM). Genes were considered
significantly differentially expressed between low and high-RFI groups when they met the
following statistical and biological significance thresholds: p-value < 0.001, False Discovery Rate
(FDR) q < 0.05, and fold-change (|FC|)>2. Using Biomart tool available by ENSEMBL
(http://useast.ensembl.org/index.html), the Gene ID names were annotated for further analysis.
Rumen contents DNA extraction and metagenomic sequencing
Total genomic DNA was isolated from rumen content using the repeated bead beating plus
column (RBB + C) method, which is previous described by Yu et al. (2004). Briefly, the quality
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and quantity of DNA was measured using a NanoDrop Spectrophotometer ND-1000 (Thermo
Fisher Scientific Inc., Wilmington, DE, USA). The metagenome library was constructed using the
TruSeq DNA PCR-Free Library Preparation Kit (Illumina, San Diego, California, USA), and the
quantity of each library was evaluated using a Qubit 2.0 fluorimeter (Invitrogen, Carlsbad, CA,
USA). The sequencing of the metagenome libraries was conducted at McGill University and
Génome Québec Innovation Centre (Montréal, Quebec City, Canada) using Illumina HiSeq 2000
(100 bp paired-end sequencing of ~350 bp inserts).
Rumen contents archaea and bacterial Amplicon-Sequencing analysis
The Amplicon-Seq analysis was performed using Quantitative Insights into Microbial
Ecology 2, also known as ‘Qiime2’ (Bolyen et al., 2019 http://qiime.org/). Using Qiime2 software,
amplicon sequence libraries were processed, and low-quality ends of reads and primers were
trimmed.

The

forward

primer

Arc915aF-CS1

ACACTGACGACATGGTTCTACAAGGAATTGGCGGGGGAGCAC and

reverse primer

Arc1386R-CS2 TACGGTAGCAGAGACTTGGTCTGCGGTGTGTGCAAGGAGC were used
to amplify the archaea 16s rRNA gene amplicon region. The forward primer Bac9F-CS1
ACACTGACGACATGGTTCTACAGAGTTTGATCMTGGCTCAG

and

reverse

primer

Bac515R-CS2 TACGGTAGCAGAGACTTGGTCTCCGCGGCKGCTGGCAC were used to
amplify the bacteria 16s rRNA gene region. The database used to align the archaea reads was
Rumen and Intestinal Methanogen-DB (RIM-DB) (Seedorf et al., 2014) and the database used to
align the bacteria reads to was Silva ribosomal RNA gene database (Quast et al., 2013; Yilmaz et
al., 2014; Glöckner et al., 2017). A feature table and representative sequences table for bacteria
and archaea profiles for each breed was generated for further analysis. Using these tables, a
taxonomy file including ASV abundance for archaea and bacteria were generated and taxonomy
bar plots were generated (Figure 5-1 and 5-2).
Comparison of rumen archaea and bacteria taxonomic profiles between low and high-RFI
groups across each pure breed and composite breed
Using Qiime2 command ‘qiime feature-table relative-frequency’, an of output of the taxonomic
ASV abundance based on total counts of each ASV in each taxa level (Kingdom, Phylum, Class,
Order, Family, Genus, Species), for each animal was generated. Tables were then edited to have
one table for each breed incorporating the ASV abundance for each taxonomic level, the taxonomic
identification names, and the sample information. The R package ‘Phyloseq’ (McMurdie and
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Holmes, 2013) was used to put together the Qiime2 output information using the ASV abundance
values, list of taxa names, and sample information (sample ID, breed, and RFI classification
group). To determine the significantly different (P<0.20) ASV abundance between high and lowRFI animals within each breed analysis, Optimal microbiome-based association test (OMiAT)
analysis was performed as described by Koh et al., (2017).
Evaluation of correlations between host transcriptomic profiles and rumen microbial
taxonomic profiles and its associations with feed efficiency
The significantly DE genes between low and high-RFI animals for each pure breed or composite
breed were identified, using the host rumen epithelium tissue RNA-Seq data by CLC Genomics
Workbench. Additionally, the most significantly different ASVs (p-value<0.20) between low and
high-RFI groups for each breed were used. Host transcriptome (DEGs) and rumen microbiome
(ASV) were then studied for significant correlations between the two parameters, using Pearson
correlation. Using the most significantly correlated DE genes and ASVs, all DE genes that were
correlated with each individual ASV were grouped and used for functional enrichment analysis;
the correlations between the DE genes and individual ASV were considered significant with the
following conditions |r|>0.80, and p<0.0001. Functional enrichment analysis of these genes was
performed using ToppGene (Chen et al., 2009) to determine biological processes significantly
associated with the DE genes, which used the following databases: BioCyc Database Collection
(Karp et al., 2017), Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and Goto,
2000; Kanehisa et al., 2019a; Kanehisa, 2019b), Pathway Interaction Database (Schaefer et al.,
2008); Reactome Pathway Database (Fabregat et al., 2018; Jassal et al., 2020).
5.4 Results and Discussion
RNA-Sequencing and Amplicon-Sequencing alignment statistics
The alignment statistics for the host rumen epithelium tissue RNA-Seq analysis are observed
in Table 5-1 for each rumen tissue sample. On average, the total number of reads mapped for all
samples in low and high-RFI animals were 303,428,164 and 318,958,134, for AN; 317,776,686
and 299,963,316 for CH; and 328,016,010 and 332,007,994 for KN, respectively. The majority of
reads were successfully uniquely mapped to the bovine reference genome (ARS-UCD2.1 release
97) which was on average, 86.68% for low-RFI and 91.02% for high-RFI for AN, 91.22% for lowRFI and 90.22% for high-RFI for CH, and 90.64% for low-RFI and 90.65% for high-RFI for KN
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(Table 5-1). The average number of paired-end reads per sample was 39,586,465±5,152,459 and
the percent of uniquely mapped reads to the bovine reference genome (ARS-UCD2.1 release 97)
was 90.07±5.12%. As expected, an increase in the percentage of uniquely mapped reads is seen in
this study using the new bovine reference genome (ARS-UCD2.1 release 97) compared to previous
studies (Kong et al., 2016; Sun et al., 2018), due to the improved gene annotation and sequence
quality of the new reference.
The alignment statistics of the Amplicon-Seq analysis for each rumen content sample is shown
in Table 5-2. The average number of sequence reads, total reads mapped, and percent uniquely
mapped per sample for AN was 59,784.38±8763.46, 48,535.63±7168.28, and 81.20%,
respectively. Likewise, the average number of sequenced reads, total reads mapped, and percent
uniquely mapped per sample for CH was 63,585.00±5929.53, 51,635.44±4767.78, and 81.22%,
and for KN was 59,831.63±8976.15, 48,413.31±7207.97, and 80.93%, respectively. Similarly, Li
et al. (2018) studied the rumen microbial metagenome and identified 54.63±1.42 million sequence
reads after quality control, and reported 78.47±0.26% of reads mapped back to assembly contigs.
Archaea and bacteria taxonomic community composition
Taxonomy bar plots for bacteria and archaea taxonomic profiles at the Order taxa level is
displayed in Figure 5-1 and 5-2, respectively, for each pure beef breed (AN, and CH) and for the
composite breed (KN). Taxonomy bar plots allow for the visualization of taxonomic community
composition. Currently, the Hungate genome resource represents approximately ∼75% of the
genus-level bacterial and archaeal taxa present in the rumen (Seshadri et al., 2018). To display a
general idea of how the taxonomic community looks in the archaea (Figure 5-1) and bacteria
profiles (Figure 5-2), we display the taxonomic composition in the taxonomy level: Order. Despite
using the archaea (Rumen and Intestinal Methanogen-DB (RIM-DB) (Seedorf et al., 2014))
bacteria databases (Silva ribosomal RNA gene database (Quast et al., 2013; Yilmaz et al., 2014;
Glöckner et al., 2017)) specified for rumen, there is still a high percentage of unclassified bacterial
and archaeal taxa (Seshadri et al., 2018). Further discovery of the rumen microbial genome could
help improve the identification of microbial ASVs to better understand the underlying interactions
between host and rumen microbiome.
Significant correlations between archaea and bacteria ASV and host DE genes
Regarding the archaea analysis, for the pure beef cattle breeds, 54 significant correlations were
found between the ASVs and DE genes for low-RFI CH group, and 120 for the high-RFI CH
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group. For the KN composite breed, 193 significant correlations were identified between the ASVs
and DE genes for low-RFI KN group, and 180 for the high-RFI KN group. No archaea ASVs were
identified as significantly DE between RFI groups in the AN breed, and therefore, no correlations
were found between significantly different ASVs and DE genes.
In the bacteria analysis, the pure beef breeds (AN and CH) revealed 678 significant correlations
between the ASVs and DE genes for low-RFI AN group, and 495 for the high-RFI AN group. For
CH, 7,656 significant correlations between the ASVs and DE genes were identified for low-RFI
CH group, and 9,886 for the high-RFI CH group. Lastly, for the KN composite breed, 15,801
significant correlations were found between the ASVs and DE genes for low-RFI KN group, and
9,166 for were found for the high-RFI KN group. The substantially larger number of significant
correlations identified for the bacteria analysis is likely due to the more completed database for
rumen bacteria taxonomy compared to the rumen archaea taxonomy database (Seshadri et al.,
2018).
Functional enrichment analysis of DE genes significantly correlated with archaea ASVs
The three most significantly correlated archaea and bacteria ASVs and their correlated genes
from the functional enrichment analysis are reported in Table 5-3 and 5-4, respectively.
Additionally, the functionally enriched pathways associated with the corresponding genes are also
reported in Table 5-3 and 5-4. Regarding the archaea analysis (Table 5-3), no significant archaea
ASVs were significantly (P<0.20) different between low and high-RFI groups in AN breed.
Currently, the rumen archaea database has few known taxa which may explain the lack of capturing
ASVs that could be characterized by feed efficiency (Janssen and Kirs 2008). For the CH breed,
low-RFI animals revealed significantly different methanospheara and M. ISO3-F5 sp. which are
a genus and species originating from family, Methanobacteriaceae, suggesting why their
associated host DE genes were similar and were both related to the same functionally enriched
pathways. The Methanospheara genus and ISO3-F5 sp. belongs to the methanobacteria class,
suggesting their significant correlation with similar genes. Additionally, the methanobacteria class
has also been found to be less abundant in low-RFI cattle (Delgado et al., 2019), supporting our
findings of taxa originating from this class to be significantly correlated with host DE genes. These
DE genes were associated with anion transport, transmembrane transport, and transport of
important molecules included vitamins. This is reasonable as ion transmembrane transport is
necessary for the proper function of tissues and metabolic pathways. A supporting study identified
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candidate genes for feed efficiency in Nellore beef cattle, which found genes involved with ion
transport, transmembrane transport, and secretion and cellular activity (Olivieri et al., 2016).
In the high-RFI CH group, ISO4-45 sp. was associated with genes that are involved with
interleukin signalling pathways. Additionally, Group 8 genus was associated with genes involved
with glucocorticoid signalling pathways. Glucocorticoids play a critical role in efficient use of
nutrients throughout the body, which can influence growth, efficiency of nutrient use, and amino
acid and glucose metabolism (Baxter and Forsham, 1972). Foot et al. (2016) previously identified
a strong relationship between glucocorticoids and feed efficiency traits in finishing beef cattle. In
addition, white blood cell count of leukocytes, monocytes, and neutrophils were reported to be
different in divergent feed efficiency groups in the same study (Foote et al., 2016), supporting the
functionally enriched pathways related to interleukin signalling pathway, as interleukin is secreted
by white blood cells. This may suggest the correlation between feed efficiency and biological
pathways related to immune function and inflammatory response.
For the KN composite breed, the low-RFI KN group revealed that Group 10 genus was
significantly associated with genes that play a role in immune response, Calcium signalling, and
bone remodelling. In addition, ISO4-G1 sp. was found as significantly correlated with protein
ubiquitination. Candidate genes for feed efficiency in beef cattle have previously been identified
that are involved with immune function (Olivieri et al., 2016; Foote et al., 2016). Additionally, the
ISO4-G1 sp. has been isolated in sheep rumen (Janssen and Kirs, 2008; Kelly et al., 2016) and is
associated with recently discovered archaea order Methanomassiliicoccales, which is highly
abundant in the rumen and is known to have a low contribution on methanogenesis in goats (Jin et
al., 2017). Likewise, for the KN high-RFI group, Group 9 genus and ISO4-G1 sp. were both
significantly associated with genes that were functional enriched for vitamin digestion and
absorption pathways, and biotin transport and metabolism, which were similar functional pathways
that were enriched in the CH low-RFI group.
Functional enrichment analysis of DE genes significantly correlated with bacteria ASVs
In the low-RFI AN group, succiniclasticum was significantly correlated with muscle
metabolism related pathways, including muscle contraction, calcium signalling, and glycogen
degradation pathways. The succiniclasticum bacteria is a propionate producing microbe, which is
known to reduce in population during a starvation state in Yak (Zou et al., 2019), suggesting its
association with a low energy demanding metabolic state. Additionally, the functional enrichment
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of the genes correlated with succiniclasticum was associated with muscle metabolism, muscle
contraction, and calcium and energy processing pathways, which is reasonable, as skeletal muscle
tissue is a high energy demanding tissue and contains a high concentration of mitochondria which
is producer of the energy product ATP (Tizioto et al., 2016). This may suggest the interaction of
the rumen ASVs with host DE genes may influence major metabolic pathways that are related to
feed efficiency.
In the high-RFI AN group, veillonellaceae and methanospheara were both correlated with
genes that are involved with fatty acid metabolism and degradation. The production of volatile
fatty acids through rumen fermentation is critical to supply 70 to 75% of host energy requirements
(Bergman, 1990). A prior study performed functional enrichment analysis on rumen microbial
contigs of cattle, and found they were enriched for genes involved with fatty acid metabolism and
cellulose degradation pathways (Delgado et al., 2019). Additionally, Delgado et al. (2019) also
found different methanospheara abundance across feed efficiency groups, suggesting cattle with
different feed efficiency levels have different methanospheara abundance, and the potential
association of rumen microbial sequences with fatty acid metabolism. When considering
veillonellaceae, it represents a large proportion of firmicutes (Morgavi et al., 2015), which are a
bacteria family that comprise a large proportion of the bacterial abundance (10-11%) in the rumen
(Indugu et al., 2017). Higher average daily gain is known to be associated with higher firmicutes
abundance in goats (Min et al., 2019), supporting our findings.
In the low-RFI CH group, bacillales was significantly correlated with genes that are involved
with rRNA modification and processing in the mitochondria and keratinocyte differentiation. This
may suggest the interaction of bacillales with epithelial turnover of the rumen. The rumen
epithelium turnover requires high metabolic demand (Steele et al., 2016), and rumen epithelium
cellular layers thickness is different among divergently feed efficient beef cattle (Lam et al., 2018).
Regarding the high-RFI CH group rumen bacterium YS2 order and vadinBE97 order were
correlated with similar genes that play a role in renal diseases and disorders (Table 5-4).
In the KN composite breed, the low-RFI group showed the veillonellaceae family was
correlated with genes relating to the extracellular matrix and interleukin pathways. Similarly, the
high-RFI CH group, had significant ASVs correlated with DEGs functionally enriched for immune
processes, suggesting both archaea and bacteria ASVs at various taxa levels are interacting with
immune function in cattle divergent for feed efficiency. The high-RFI KN group revealed

130

Streptomycetales and Streptosporingiales was associated with metabolic disorder and oxidative
enzymes. Prior studies evaluating transcriptomic profiles of pig skeletal muscle tissue revealed
that more feed efficient pigs exhibited lower oxidative metabolism in muscle tissue, suggesting
lower muscle oxidative stress in low-RFI pigs (Vincent et al., 2015). This may suggest the role of
these bacterial ASVs on oxidative stress levels in divergent feed efficient groups in cattle.
Some significantly correlated archaea or bacteria ASVs with host DE genes did not reveal any
associated functionally enriched pathways. It is indicated that 40 to 50% of rumen microbial genes
have not been annotated in publicly available databases (Li et al., 2019), meaning a substantial
proportion of ASVs are unknown. Therefore, unknown rumen archaea and bacteria ASVs are not
detected as significantly different ASVs across RFI groups, which otherwise could have been
incorporated into the functional enrichment analysis. This may explain the lack of significantly
enriched pathways associated with some DE gene groups associated with the ASVs (Table 5-3 and
Table 5-4).
Studies on the genetic architecture of the rumen microbiome and host interactions and how
these interactions influence production traits, such as feed efficiency, are newly emerging. Various
routes of interaction between the host and gut microbiome are known and include, but are not
limited to, the nervous system, immune system, nutrient metabolism, and absorption of short chain
fatty acids (Lebeer et al., 2019). Integration of metagenomics and metatranscriptomics can provide
the taxonomic and functional profile; however, the integration of metabolomic and proteomic
information may be useful to determine by-products of rumen microbes and the route of its
influence on host transcriptomics (Aguiar-Pulido et al., 2016).
Influence of genetic background on rumen microbiome
Differences across pure breeds and composite breed cattle were observed in this study. As
evaluated by Li et al. (2019), the active rumen microbial taxa differed among AN and CH breeds
and the KN composite breed. Additionally, KN showed a significant difference in archaea and
bacteria communities compared to AN and CH breeds (Li et al., 2019). Rumen microbial breed
differences may be observed due to differences in feed consumption frequency, feed intake levels,
and rumen size, which can influence feed fermentation parameters such as saliva production and
rumen pH; altering the rumen microbial community composition and grown (Li et al., 2019;
Delgado et al., 2019). In support, a study evaluating microbial community across two dairy breeds
(Holstein and Jersey) revealed distinct clustering of bacterial communities by cattle breed (Paz et
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al., 2016). Studies characterizing the difference in rumen microbial community between cattle
breeds are limited (Paz et al., 2016; Li et al., 2019), however GI tract microflora differences are
known to be influenced by genetic backgrounds (Deloris et al., 2006), suggesting further studies
are needed to better characterize the rumen microbiome differences across different beef cattle
pure breeds and composite breeds.
5.5 Conclusion
This study identified significantly correlated host DE genes with rumen archaea and bacteria
ASVs at various taxonomic levels that may be interacting with the host transcriptome differently
among divergent feed efficiency groups in beef cattle. This led to improved insight on specific
rumen microbial features and host transcriptomic DE genes and how they interact to lead to a more
or less feed efficient animal. However, further discovery of unclassified bacterial and archaeal taxa
is needed to improve the annotation of the rumen microbial genome databases, which could help
improve the identification of interactions between the host and rumen microbiome. Overall, the
results of this study help to better understand the biological processes associated with the microbial
dynamics in the rumen and the production response in the host and may suggest the use of rumen
microbiome features that lead to desirable host gene function and phenotypes.

5.6 Future directions
Further studies on host-microbiome interactions and complimentary Systems Biology analysis
to integrate the host production traits and functional transcriptome can lead to a specific host and
rumen microbiome profile which is characterized for high feed efficient cattle. More rumen
metagenomic data will be incorporated in this study to provide a more comprehensive evaluation
of the genetic interactions between the host-transcriptome and rumen amplicon-sequence profiles
and metagenomic profiles. The results of this study, in combination with additional rumen
metagenomic information will help provide more insight on targeting both host and rumen
microbial traits that lead to more feed efficient beef cattle.
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5.9 Tables
Table 5-1. Descriptive alignment statistics for RNA-Sequence read alignment of low and highRFI groups of samples in pure (Angus, Charolais) and composite (Kinsella) beef breeds.
Breed
RFI group
Angus
Low-RFI

Animal Total reads
ID
mapped

Uniquely
mapped %

Nonspecifically
mapped %

301
302
307
401
407
501
505
506

38,759,070
42,946,978
31,711,494
37,452,936
34,318,440
33,489,466
40,185,986
44,563,794
37,928,521
45,405,544
41,179,060
42,673,070
43,775,298
40,119,758
38,042,184
31,709,766
36,053,454
39,869,767

91.60
91.05
91.56
89.79
56.32
89.26
91.79
92.08
86.68
92.35
91.03
92.05
91.59
91.25
90.75
86.65
92.52
91.02

6.17
6.73
6.42
6.80
4.23
7.27
6.44
6.56
6.33
5.89
6.98
6.24
6.78
6.66
7.15
7.58
5.99
6.66

2.22
2.22
2.02
3.41
39.44
3.48
1.77
1.36
6.99
1.75
1.99
1.71
1.62
2.09
2.10
5.77
1.49
2.32

51,048,594
40,709,670
44,199,494
34,201,080
40,308,908
35,073,386
39,102,138
33,133,416
39,722,086
39,579,068
38,260,372

91.46
91.18
91.22
91.90
90.50
90.33
91.19
92.01
91.22
91.10
90.65

7.09
6.68
7.11
6.67
7.36
7.69
6.97
6.60
7.02
6.88
6.57

1.45
2.14
1.67
1.43
2.13
1.98
1.84
1.39
1.75
2.01
2.79

Average
High-RFI
303
304
305
308
402
403
404
503
Average
Charolais
Low-RFI
604
611
612
702
704
706
710
712
Average
High-RFI
601
608

Unmapped
%

139

701
703
705
707
708
709
Average
Kinsella
Low-RFI
101
103
104
105
106
206
207
208
Average
High-RFI
107
112
201
202
203
205
209
210
Average

32,875,842
36,188,318
41,140,472
32,092,800
42,401,790
37,424,654
37,495,415

90.40
90.83
90.87
89.75
90.91
87.15
90.22

6.85
7.40
6.83
7.86
7.22
7.59
7.15

2.75
1.77
2.30
2.39
1.87
5.25
2.64

53,112,042
46,401,356
48,780,584
38,738,522
35,052,844
40,571,898
29,405,748
35,953,016
41,001,001
40,604,336
41,161,658
41,666,324
47,721,354
38,334,790
38,399,802
38,816,174
45,303,556
41,500,999

89.51
89.66
90.80
93.02
91.59
90.85
90.08
89.64
90.64
90.81
88.90
90.18
90.93
90.67
90.50
91.15
92.08
90.65

6.79
7.32
6.15
4.82
6.15
7.09
6.57
7.24
6.52
6.80
7.91
7.43
6.56
6.44
6.74
6.42
6.01
6.79

3.70
3.02
3.05
2.16
2.26
2.06
3.35
3.11
2.84
2.40
3.18
2.38
2.51
2.89
2.76
2.43
1.91
2.56
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Table 5-2. Descriptive alignment statistics for Amplicon-Sequence read alignment of low and
high-RFI groups of samples in pure (Angus, Charolais) and composite (Kinsella) beef breeds.
Sample ID
Angus
301
302
303
304
305
307
308
401
402
403
404
407
501
503
505
506
Average:
Total:
Charolais
601
604
608
611
612
701
702
703
704
705
706

Total # reads

Total # reads
mapped

% reads mapped

63,628
39,710
56,360
61,416
61,236
56,384
56,770
75,808
57,154

51,014
32,566
44,277
49,432
50,606
45,409
48,086
62,417
44,976

80.18%
82.01%
78.56%
80.49%
82.64%
80.54%
84.70%
82.34%
78.69%

52,272
67,368
60,930
57,220
59,614
54,164
76,516
59,784.38
956,550.00

41,622
53,964
49,254
47,328
48,490
45,162
61,967
48,535.63
776,570.00

79.63%
80.10%
80.84%
82.71%
81.34%
83.38%
80.99%
81.20%

61,918
55,424
75,322
67,792
64,840
65,502
65,652
66,026
61,104
55,428
57,472

50,688
43,646
61,139
55,069
51,464
54,035
53,164
53,014
50,288
43,973
47,109

81.86%
78.75%
81.17%
81.23%
79.37%
82.49%
80.98%
80.29%
82.30%
79.33%
81.97%
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707
708
709
710
712
Average:
Total:
Kinsella
101
103
104
105
106
107
112
201
202
203
205
206
207
208
209
210
Average:
Total:

64,840
53,854
66,238
63,780
72,168
63,585.00
1,017,360.00

53,072
45,433
54,658
52,010
57,405
51,635.44
826,167.00

81.85%
84.36%
82.52%
81.55%
79.54%
81.22%

55,784
60,500
66,080
48,644
58,792
48,356
61,318
78,004
51,368
58,090
53,278
57,414
63,820
50,404
71,864
73,590
59,831.63
957,306.00

44,293
49,294
53,430
39,568
47,885
38,933
51,060
62,805
40,685
46,986
42,446
46,585
51,107
42,311
58,053
59,172
48,413.31
77,4613.00

79.40%
81.48%
80.86%
81.34%
81.45%
80.51%
83.27%
80.52%
79.20%
80.88%
79.67%
81.14%
80.08%
83.94%
80.78%
80.41%
80.93%

142

Table 5-3. Most significantly correlated archaea ASVs and host DE genes and the associated
functional pathways for Angus and Charolais pure breed and Kinsella composite breed for low
and high-RFI groups
Breed or Composite breed
RFI group

Genes

Biological Processes

p-value

FDR

Archaeal ASVs
Charolais
High-RFI
ISO4-H5 sp.

Methanomassiliicoccaceae
Group8 genus
Methanomassiliicoccales
order
Low-RFI

NRDE2, GULO,
IL-17 signaling pathway
ITLN2, DEFB4A
Rapid glucocorticoid signaling
Glypican 3 network
ZNF276, MAPK9,
Synthesis of PG
PLD6
Activation of the AP-1 family of
transcription factors
Neuroactive ligand-receptor interaction
GABRP
GABAergic synapse

3.28x10-04 4.69x10-02
1.12x10-03 2.51x10-02
1.29x10-03 2.51x10-02
1.29x10-03 2.51x10-02
1.61x10-03 2.51x10-02
2.23x10-02 2.23x10-02
7.07x10-03 1.01x10-02

Transport of organic anions
9.64x10-04
Transport of vitamins, nucleosides, and
3.21x10-03
Methanosphaera genus
SLC16A2, TAFA5 related molecules
Thyroid hormone signaling pathway
9.32x10-03
SLC-mediated transmembrane transport 2.31x10-02
FKBP15, CIDEC,
RNASE6, KRT4,
IL37, MPP3,
Methanomassiliicoccaceae
SFRP5, TAFA5, No significant pathways
Group8 genus
AGR2, DDAH1,
SULT1C2,
CNKSR2
Transport of organic anions
9.64x10-04
Transport of vitamins, nucleosides, and
3.21x10-03
Methanosphaera ISO3-F5 sp. SLC16A2, TAFA5 related molecules
Thyroid hormone signaling pathway
9.32x10-03
SLC-mediated transmembrane transport 2.31x10-02

4.82x10-03
8.03x10-03
1.55x10-02
2.88x10-02

4.82x10-03
8.03x10-03
1.55x10-02
2.88x10-02

Kinsella
High-RFI
Methanomassiliicoccaceae
Group 10 genus

Methanomassiliicoccaceae
Group9 genus

GNRH1, PLTP,
CPNE7, TAC1,
GNG8, SYT15,
HHLA2, NIT1,
MISP, ZNF814
NOL3, SPAAR,
SLC5A6,
TMEM59L,
GOLT1A,

No significant pathways
Biotin transport and metabolism
Vitamin B5 (pantothenate) metabolism
Vitamin digestion and absorption
Metalloprotease DUBs

1.77x10-03
2.73x10-03
3.85x10-03
6.10x10-03

2.74x10-02
2.74x10-02
2.74x10-02
2.74x10-02
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ISO4-G1 sp.

ABRAXAS1,
PROX2
SLC5A6, NOL3,
TMEM59L,
GOLT1A,
ABRAXAS1,
GOLT1A,
ABRAXAS1,
PROX2, SPAAR

Transport of vitamins, nucleosides, and
related molecules
Biotin transport and metabolism
Vitamin B5 (pantothenate) metabolism
Vitamin digestion and absorption
Metalloprotease DUBs

6.42x10-03 2.74x10-02
1.77x10-03
2.73x10-03
3.85x10-03
6.10x10-03

2.74x10-02
2.74x10-02
2.74x10-02
2.74x10-02

Transport of vitamins, nucleosides, and
6.42x10-03 2.74x10-02
related molecules

Low-RFI

Methanomassiliicoccaceae
Group10 genus

Methanomassiliicoccaceae
Group8 genus

WGK1 sp.

Interleukin-19, 20, 22, 24
2.17x10-03
Bone Remodelling
3.37x10-03
Calcium signaling in the CD4+ TCR
6.73x10-03
IL20, PIMREG,
pathway
FOSL1, SHLD2,
Validated transcriptional targets of AP1
MISP, CERCAM,
8.17x10-03
family members Fra1 and Fra2
MAGED2
Calcineurin-regulated NFAT-dependent
1.15x10-02
transcription in lymphocytes
TREM2, PDRG1,
C4BPA, KCNE3,
UEVLD, TMOD4,
No significant pathways
DGKB, TOR4A,
MARCH1, LYZ1,
TEX49
NAALAD2,
TREM2, PDRG1,
C4BPA, KCNE3,
UEVLD, KIN,
TMOD4, UBE2J1, Protein ubiquitylation
CXCL17, ZNF219,
DGKB, TOR4A,
MARCH1, LYZ1,
COX7B2, TEX49

4.04x10-02
4.04x10-02
4.80x10-02
4.80x10-02
4.80x10-02

2.84x10-02 1.56x10-02
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Table 5-4. Most significantly correlated bacteria ASVs and host DE genes and the associated
functional pathways for Angus and Charolais pure breed and Kinsella composite breed for low
and high-RFI groups
Breed or Composite breed
RFI group

Genes

Biological Processes

p-value

FDR

Bacterial ASVs
Angus
High-RFI

Veillonellaceae order

Megasphaera family

Acidaminococcaceae
family

Fatty acid degradation
Ensemble of genes encoding ECMassociated proteins including ECMaffiliated proteins, ECM regulators
CXCL10, ECI1, CHI3L2,
and secreted factors
OSM, ACAA1, CRLF3,
Genes encoding secreted soluble
UFSP2, STUB1, PI3,
factors
SMIM15, STPG4,
fatty acid beta-oxidation
(unsaturated, odd number)
benzoate degradation via
hydroxylation
Fatty acid degradation
Ensemble of genes encoding ECMassociated proteins including ECMaffiliated proteins, ECM regulators
ECI1, CHI3L2, OSM,
and secreted factors
ACAA1, CRLF3, UFSP2,
Genes encoding secreted soluble
STUB1, CXCL10, PI3,
factors
SMIM15, STPG4
fatty acid beta-oxidation
(unsaturated, odd number)
benzoate degradation via
hydroxylation
GDF10, STK35, ZNRD2,
KIAA0930, ZNF432,
NCF4, FN1, MYORG,
RNASE6, C8H9orf43,
ANKRD54, SIGLEC1,
No significant pathways
POLRMT, CHI3L1,
CD84, CDKL4,
SMARCD1, GPC6,
RNF224, SHISA3, MYMX

3.37x10-04 2.13x10-02

IGFL1, PYGM, SRL,
PALLD, LMOD2,
MYOZ2, AP1G1, PADI2,
DHRS7C, MB, ENO3,
APOBEC2, TNNT1,
ATP2A1, PPP1R3A,
OTX1, CMYA5, NEB,
RYR1, BDKRB1, MYH2
NUDT18, NBN, WNT3,
CCND2, RHBDL3,
ELOA, TNP2, AGMO,

Muscle contraction
glycogen degradation
Striated Muscle Contraction
Calcium signaling pathway

4.46x10-05 4.68x10-03
2.74x10-04 1.44x10-02
5.54x10-04 1.94x10-02
7.89x10-04 2.07x10-02

Ion homeostasis

1.50x10-03 3.15x10-02

7.64x10-04 2.13x10-02
1.06x10-03 2.13x10-02
1.29x10-03 2.13x10-02
1.29x10-03 2.13x10-02
3.37x10-04 2.13x10-02
7.64x10-04 2.13x10-02
1.06x10-03 2.13x10-02
1.29x10-03 2.13x10-02
1.29x10-03 2.13x10-02

Low-RFI

Succiniclasticum family

Dialister family

No significant pathways
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Megasphaera family

HBG, EDIL3, SHISA9,
ACTBL2
CHRNA3, ZAR1,
TRIM63, BRICD5,
MAP1LC3C, DNLZ,
WSCD2, FOXRED1,
KANK4, ZP3, ERAL1,
No significant pathways
GMPR, CYB561D1,
PFN3, PRDM8, PRSS2,
YIF1B, MYL6B, LY6G5B,
CCER2, TNIP3, ITLN2

Charolais
High-RFI
CCSAP, EPGN, SPP1, Renal disease, renal disorder
CIDEC, MIA, TRARG1,
Rumen bacterium YS2 order
TUBA1D, ADIG, SMCO4, Diabetic nephropathy
DEFB4A
VPS54, SECISBP2,
MFSD2B, SUN2,
MCOLN1, CAMK2B,
Caldicoprobacteraceae
C5H12orf66, TGM7,
No significant pathways
order
FBXL3, PPP2R2C,
TMEM114, LYSMD3,
TTC8, PLAC8L1
CCSAP, LSMEM2,
Renal disease, renal disorder
EPGN, SPP1, CIDEC,
VadinBE97 order
MIA, TRARG1, TUBA1D, Diabetic nephropathy
ADIG, SMCO4, DEFB4A
Low-RFI
HOXA7, OSR1,
rRNA modification in the
PWWP2A, PRM3,
mitochondrion
VTCN1, DUOXA1,
rRNA processing in the
Bacillales class
SVOP, MRM3,
mitochondrion
C6H4orf48, CDK10,
SMCO4, ZNF705A,
Keratinocyte Differentiation
FAM237B
PIWI-interacting RNA (piRNA)
FNDC1, MIA, WSCD2, biogenesis
Rhodobacterale class
CD27, MAEL, VSIG2
TNFs bind their physiological
receptors
Sphingomonadales class
HIST2H2BF, GTSF1
No significant pathways

3.21x10-04 9.96x10-03
6.43x10-04 9.96x10-03

3.21x10-04 9.96x10-03
6.43x10-04 9.96x10-03

1.93x10-04 1.12x10-02
3.21x10-04 1.12x10-02
1.47x10-02 3.43x10-02
6.97x10-03 3.61x10-02
7.21x10-03 3.61x10-02

Kinsella
High-RFI

Streptomycetales class

Electron transport from NADPH to
1.45x10-03 4.14x10-02
Ferredoxin
Defective CYP11A1 causes Adrenal
ZNRD2, ZPBP, MYH4, insufficiency, congenital, with
1.93x10-03 4.14x10-02
CXCL13, CD70, FDX2, 46,XY sex reversal (AICSR)
KIN, MAEL, C25H7orf26, Metabolic disorders of biological
2.89x10-03 4.14x10-02
H2B, MYOZ2
oxidation enzymes
Mitochondrial iron-sulfur cluster
4.33x10-03 4.14x10-02
biogenesis
Pregnenolone biosynthesis
4.81x10-03 4.14x10-02
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Streptosporangiales class

Microbacteriaceae order

Electron transport from NADPH to
1.45x10-03 4.14x10-02
Ferredoxin
Defective CYP11A1 causes Adrenal
MYOZ2, ZNRD2, MYH4, insufficiency, congenital, with
1.93x10-03 4.14x10-02
ZPBP, CXCL13, CD70, 46,XY sex reversal (AICSR)
FDX2, KIN, MAEL,
Metabolic disorders of biological
2.89x10-03 4.14x10-02
C25H7orf26, H2B
oxidation enzymes
Mitochondrial iron-sulfur cluster
4.33x10-03 4.14x10-02
biogenesis
Pregnenolone biosynthesis
4.81x10-03 4.14x10-02
Biotin transport and metabolism
2.65x10-03 3.64x10-02
NOL3, SPESP1, SLC5A6,
Vitamin B5 (pantothenate)
4.09x10-03 3.64x10-02
TMEM59L, GOLT1A,
metabolism
HIST1H1T, ABRAXAS1,
Vitamin digestion and absorption 5.77x10-03 3.64x10-02
PROX2, TCEANC,
6.25 x10WFDC5, PI3, CARTPT, Interleukin 4 (IL-4) Pathway
3.64x10-02
03
SPAAR
G alpha i Pathway
8.41x10-03 3.64x10-02

Low-RFI
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C15H11orf42, EFCAB10, No significant pathways
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No significant pathways
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Ensemble of genes encoding ECMassociated proteins including ECM8.42x10-04 2.11x10-02
affiliated proteins, ECM regulators
and secreted factors
Ensemble of genes encoding
OSM, CRLF3, UFSP2, extracellular matrix and extracellular 2.11x10-03 2.63x10-02
PI3, SMIM15, STPG4
matrix-associated proteins
Genes encoding secreted soluble
4.40x10-03 3.20x10-02
factors
IL-6-type cytokine receptor ligand
6.41x10-03 3.20x10-02
interactions
Interleukin 4 (IL-4) Pathway
8.33x10-03 3.20x10-02
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5.9 Figures
Figure 5-1. Relative taxonomic abundance of archaea order in low and high-RFI animals for
Angus and Charolais pure breeds and Kinsella composite breed.

*Bar plot colours do not necessary correspond to the same taxa for each breed. Refer to SS Fig. 5-1. for Archaea Order
Bar plot legends.
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Figure 5-2. Relative taxonomic abundance of bacteria order in low and high-RFI animals for
Angus and Charolais pure breeds and Kinsella composite breed.

*Bar plot colours do not necessary correspond to the same taxa for each breed. Refer to SS Fig. 5-2 for Bacteria Order
Bar plot legends.
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5.10 Supplementary Material
SS Fig. 5-1. Legend for taxonomy bar plots for relative taxonomic abundance of archaea taxonomy
orders in low and high-RFI animals for Angus and Charolais pure breeds and Kinsella composite
breed

SS Fig. 5-2. Legend for taxonomy bar plots for relative taxonomic abundance of bacteria
taxonomy orders in low and high-RFI animals for Angus and Charolais pure breeds and Kinsella
composite breed
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CHAPTER 6: General Discussion and Conclusions
Functional genomics aims to use genome sequence information using high-throughput -OMICs
technologies to link sequence information with functions and phenotypes to better understand how
a biological system functions at different levels. This brings challenges especially with
understanding the biology of complex traits, such as feed efficiency, including but not limited to:
accuracy and power of analysis, defining true gene function, delineating gene-trait associations,
targetting key genetic markers regulating traits of interest, and understanding the influence and
interaction of environmental factors (ie. rumen microbiome). The importance of integrating and
studying information from multiple biological “levels”, and implementing this knowledge to
improve complex traits, is critical for improving livestock science and agricultural production.
This thesis used functional genomics and -OMICs technologies to better understand the underlying
genetic architecture of feed efficiency in cattle, by examining the host transcriptome, as well as
genetic interactions between the host transcriptome and rumen microbiome.
The accuracy of high-throughput technologies is important to consider to ensure the most
appropriate genetic markers associated with a desirable trait are captured. In this thesis, we were
able to develop an optimized RNA-Seq pipeline with improved accuracy and reduced false
positives to identify functional genetic variants (ie. SNPs and INDELs) that may be putative
genetic markers that can be used to select for feed efficiency in cattle. The RNA-Seq pipeline was
applied to a Nellore beef cattle population, identifying functional SNPs and INDELs and
associated biological pathways that may be influencing feed efficiency. Beneficially, this
optimized RNA-Seq pipeline can be applied to other livestock studies in identifying functional
genetic markers associated with desirable phenotypes in these animals. To further our
understanding on the genetic architecture of feed efficiency, the optimized RNA-Seq pipeline was
applied to the following thesis studies, including a Holstein and Jersey dairy cattle populations,
where we identified putative SNPs and INDELs and their associated biological pathways,
overlapping QTLs regions, and co-localized candidate genes related to feed efficiency. Then, we
performed de novo assembly to identify potential novel mRNA isoforms which were not
previously annotated that could be playing a role in regulating feed efficiency in two beef cattle
pure breeds (Angus and Charolais) and one beef cattle composite breed (Kinsella). Finally, using
the host transcriptome information (differentially expressed genes for feed efficiency) of the two
pure beef cattle breeds (Angus and Charolais) and one beef cattle composite breed (Kinsella), as
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well as their rumen archaea and bacteria ASV abundance information using Amplicon-Seq, we
were able to identify correlations that exist between the host transcriptome and the rumen
microbial metagenome that were acting differently in more or less feed efficient groups of cattle.
This indicated potential genetic interactions between the host and rumen microbiome that impacts
host feed efficiency. However, further studies using complementary -OMICs analyses should be
considered to better understand the rumen microbiome including the metaproteome, and
metabolome. Investigating the interactions between all -OMICs at both microbiome and host level
and the influence on feed efficiency will allow for exploration using a systems biology approach,
leading to a more complete understanding of the whole microbial ecosystem and its interaction
with the host and how it influences desirable phenotypes.
The results of this thesis contributes to the current understanding of the underlying functional
genetic architecture of feed efficiency in beef and dairy cattle, through the identification of genetic
variants that could be targeted to select for feed efficiency, supported by their associated regulatory
genes, metabolic pathways, and host transcriptome-rumen microbiome genetic interactions.
Additionally, it provides insight on the use of rumen microbiome features that are associated with
desirable host gene function and phenotypes.With this information, we could determine how it can
be targeted in both host and rumen microbial traits that lead to more feed efficient beef cattle. This
research could be used for future studies on the genetic architecture of feed efficiency, and
ultimately provide information to develop robust and novel approaches to improve genomic
selection for feed efficiency in beef and dairy cattle, which will help cattle production systems
move towards enhanced production efficiency, profitability, and long-term sustainability.
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