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Summary

Calving performance is a significant contributor to the profitability of cattle production
systems whilst also becoming an increasingly important welfare issue in recent years.
Calving performance includes both dystocia and perinatal mortality. Dystocia, commonly
known as calving difficulty is defined as a prolonged or difficult parturition whereas
perinatal mortality is defined as calf mortality shortly before, during or shortly after
parturition. This thesis describes four separate bodies of work that were carried out to
understand the genetic variation focusing on dystocia and perinatal mortality.

Dystocia and perinatal mortality traits were widely prevalent nationally (dystocia 4.29%,
perinatal mortality 4.15%) with under half of mortalities occurring where no dystocia was
observed (1.57%) from 2008 to 2012. Genetic parameters were estimated for dystocia and
perinatal mortality using 100,664 calving events from the same time period. Heritability
estimates differed substantially for calving difficulty between primiparous (direct 0.207,
maternal 0.034) and multiparous dams (direct 0.104, maternal 0.008). Perinatal mortality
was lowly heritable across all parities (primiparous direct 0.007 & maternal 0.017;
multiparous direct 0.001 & maternal 0.001). The existence of genetic variation for both
traits suggests the use of breeding programs to lower the prevalence will be fruitful.

The extent of homozygosity per animal was measured by characterising lengths of runs of
homozygosity (ROH) in a variety of breeds across 891 HD genotyped sires and 1166
Bovine SNP50 genotyped sires. ROH were frequent across all breeds but variation existed
between breeds due to a difference in breed origins and recent management. A strong
correlation (r=0.75) existed between the pedigree inbreeding coefficient and a statistic
based on the sum of ROH length >0.5Mb suggesting this statistic is a sufficient predictor
of inbreeding.

Regions of the bovine genome associated with dystocia and perinatal mortality in

Holstein—Friesian dairy cows were detected using 54,001 SNPs on up to 1,970 Holstein-



Friesian sires. A genome-wide association study (GWAS) was carried out by fitting all
SNPs simultaneously in a Bayesian framework and phenotypes were provided through the
use of predicted transmitting abilities. Several associations were identified and one
genomic region on chromosome 18 suggested strong evidence of an underlying causative
mutation for direct calving difficulty. Genomic regions only associated with one calving
trait were identified suggesting that direct selection for improvement in calving difficulty
whilst overcoming the genetic antagonism that exists between the remaining calving traits
is possible.

A frequentist and a Bayesian approach were used to identify genomic regions of
association for calving performance in HD genotyped Holstein-Friesian (n=927), Charolais
(n=770) and Limousin (n=963) populations. Genomic regions associated for each trait
differed per breed emphasising the complex nature of calving performance. Genome
sequence data was used to refine strong associations detected in the HD GWAS in the
Holstein-Friesian population. Again a strong association for direct calving difficulty was
detected on chromosome 18 and imputed sequence data refined this to a 1Mb region
containing 16 gene/gene-products. Four highly significant missense variants were
identified and the variant within CTUI 1is suggested to impact protein structure
(SIFT=0.06; PolyPhen=0.95). Genetic architecture surrounding genomic associations was
further assessed by analysing copy number variation and ROH and double copy CNVs
were commonly found for this QTL on chromosome 18.

In summary, clear genetic variation exists some of which is attributable to alleles of large
effect but the vast majority is due to common alleles, each with a small effect in calving
performance in Irish herds. Genetic improvement for calving performance is possible and
an understanding of the genomic architecture will help facilitate a targeted breeding

approach.
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Chapter 1

Introduction



1.1. Irish Agriculture

Gross agricultural output in Ireland in 2012 was estimated to be €5.58 billion. The
beef sector accounted for the largest proportion (i.e., 38%) followed by dairy production
(29%) (BordBia, 2012). Of the 6.2 million cattle in Ireland, 1.06 million are dairy cows
and 1.12 million are beef cows (CSO, 2013). Beef cattle production is the most prevalent
enterprise on Irish farms, with 100,000 or 90% of farms having a beef cattle enterprise
(BordBia, 2012). Herd size in Ireland is, on average, small for both dairy and beef
enterprises with an average of 50 cows per dairy herd and 18 cows per beef herd (O'Mara,
2012). Both dairy and beef production systems predominately operate seasonal production
systems (Berry et al., 2013, Berry and Evans, 2014); 69% of cows calve between January
and March and a further 8% calve between October and December (CMMS, 2012). The

seasonality of production is to maximise the utilisation of low-cost grazed grass in the diet.

i.1.1 Cattie Breeding in Ireland

The Irish Cattle Breeding Federation (ICBF) was founded in 1996 with the objective of
establishing breeding schemes to deliver optimal rates of genetic improvement in cattle
using the best available technologies. One of the key roles of the ICBF is to provide a
centralised database to support the information requirements of cattle breeding in Ireland
(Figure 1.1). The information stored in the database includes animal events recordings,
movement notifications, milk recording for 50% of the national dairy, herd linear scoring
for the dairy and beef traits, as well as dairy and beef genetic evaluations (ICBF, 2008,
Wickham, 2004). The database now also inciudes genotypes of animals and genomic

breeding values estimated using genomic selection algorithms (Wickham, 2004).
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Figure 1.1 Schematic diagram showing the data inputs and outputs of the ICBF. (Source;
http://www.icbf.com)

National beef and dairy genetic evaluations are computed by the ICBF on behalf of
the Irish cattle breeding industry. The data are routinely extracted from the database (some
60 traits in total are evaluated) to undertake genetic evaluations which are then uploaded

back into the database for widespread publication.

A number of indexes have been developed by the ICBF, in collaboration with
national and international collaborators (Berry et al., 2007a; Amer et al., 2001). The

national breeding objectives in Ireland are:

e Dairy: Economic Breeding Index (EBI)
e Beef: Maternal index

e Beef: Terminal index

The ICBF officially launched the EBI to the dairy industry in February 2001. This index
replaced the existing relative breeding index (RBI) which focused solely on the production
traits of milk, fat and protein yield. The EBI is a single figure profit indexes aimed to aid

producers identify the most profitable parents of the next generation. The EBI is currently
3



comprised of seven sub-indexes related to profit and the evolution of the EBI over time can
is in Figure 1.2. As milk production and fertility greatly impact profit on Irish dairy farms,
these two suites of traits represent the largest proportion of the emphasis within the EBI
(33% and 35% of the weighing, respectively) (Table 1.1). Calving performance, such as
calving difficulty and calf mortality also represent a substantial part of this index (9%).
The inclusion calving traits in the index has aided producers identify parents whose
progeny are more likely to experience difficulty calving and more likely to die at birth.
Regression analyses on a large dataset of herds with herd profit information clearly showed
that differences in profit for different herd EBI were within the theoretical expectation

(Ramsbottom et al., 2012).
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Figure 1.2 Relative emphasis on various traits in the EBI over a fourteen year period.
(Source; http://www.icbf.com)



Table 1.1 Traits, economic values and relative emphasis that constitute the Economic

Breeding Index
Sub-Index Trait Economic Emphasis Overall
Weight Emphasis
Production Milk -€0.09 10.6%
Fat €1.04 3.4% 33%
Protein €6.64 18.9%
Fertility Calving Interval -€12.43 24.0% 35%
Survival €12.01 10.9%
Calving Direct Calving Difficulty -€3.52 2.8% 9%
Maternal Calving Difficulty  -€1.73 1.3%
Gestation Length -€7.49 4.1%
Calf Mortality -€2.58 1.0%
Beef Cull Cow Weight €0.15 0.7% 9%
Carcass Weight €1.38 5.1%
Carcass Conformation £10.52 1.7%
Carcass Fat -€11.71 1.1%
Maintenance  Cull cow weight -€1.65 7.2% 7%
Management Milking Time -€0.25 2.1% 4%
Milking Temperament €33.69 1.9%
Health Lameness -€54.26 0.6% 3%
SCC -€43.49 1.8%
Mastitis -€77.10 0.8%

The ICBF in 2012 revised the sucker beef breeding index to comprise of two
separate indexes: Replacement Index and Terminal Index (Table 1.2). The development of
these new indexes has provided producers with tools to more accurately identify

appropriate animals to maximise potential for replacement or terminal traits in beef

animals.



Table 1.2 Traits, economic values and relative emphasis that constitute the Terminal Beef
Index and the Replacement Beef Index.

Traits Economic  Maternal Terminal
Weight Index Index
Emphasis  Emphasis
(A) Calving difficulty -€5.27 2.6% 22.1%
Terminal Gestation -€1.72 0.4% 3.7%
Male and female | Mortality -€5.34 0.4% 3.6%
progeny of a bull | Docility €18.40 0.3% 2.4%
destined for Feed Intake -€0.16 2.2% 18.4%
slaughter Carcass Weight €3.78 4.1% 35.1%
Carcass Conformation €18.93 1.1% 9.3%
Carcass Fat -€10.08 0.6% 5.5%
(B) Age at 1st Calving -€1.65 5.0%
Female progeny of | Maternal Calving Difficulty  -€2.29 4.4%
bull who become | Maternal Weaning weight €1.81 9.1%
COWS Calving Interval -€2.20 7.0%
Survival €4.00 5.0%
Mature Weight Heifer Intake -€2.28 7.8%
Mature Weight Cow Intake -€0.57 7.4%
Cow Docility €34.40 2.9%
Cull Cow Carcass Weight €3.04 5.5%
(©) Calving difficulty -€5.27 9.7%
Grandprogeny of a | Gestation -€1.72 1.6%
bulls through his | Mortality -€5.34 1.6%
daughters Docility €18.40 1.0%
Feed Intake -€0.16 5.7%
Carcass Weight €3.78 10.2%
Carcass Conformation €18.93 2.7%
Carcass Fat -€10.08 1.6%

1.1.2 Genetic trends in Irish dairy and beef performance

Genetic trends for dairy performance indicate a steady increase in the average EBI of the
national dairy herd with an average dairy herd EBI of €120 in 2012 (Figure 1.3). A
substantial increase in EBI gain in the dairy herd has occurred in the last four years due to
the improvement in fertility performance and emphasis on genomic selection. The recent
introduction of the separate maternal and terminal indexes for beef herds may help

improve the downward genetic trend that has observed for the maternal beef traits.
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Figure 1.3 Genetic trend of the Economic Breeding Index (EBI), Terminal Beef and

Maternal Beef Indexes from 2000 to 2012.(Source; http://www.icbf.com).

A predicted transmitting ability (PTA) is a measure of the difference in performance that
can be expected in an animal’s progeny. The average breed PTAs for calving difficulty can
be seen in Figure 1.4. The PTAs for calving difficulty and perinatal mortality are evaluated
and published on an across breed basis allowing farmers to directly compare the PTA for
different breeds. This is relevant due to the level of crossbreeding in both the dairy and

commercial suckler herds (Evans and Pabiou, 2012).
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Figure 1.4 Stock chart showing the breed average, top 5 percentile and bottom 5 percentile

of PTA for calving difficulty based on all pedigree animals in each breed born since 2007.

1.2. Quantitative genetics and statistical models

The phenotypic model that is the basis for animal breeding may be described as:

P=p+G+E
where P is the phenotypic value of an animal for a given trait, g is the population mean or
average phenotypic value for the trait of all animals in the population, G is the genotypic
value of an animal for the trait and £ is the effect of the environmental factors on the
phenotype of the animal. A term describing how the genotype and environment interact is
often ignored. Breeding values, also known as additive genetic values, reflect the
genotypic value of the equation that is transmitted from parents to offspring. A breeding
value is defined as sum of the additive effects of individual genes (Mrode and Thompson,
2005). Using animals with higher than average genetic merit as parents of the next
generation will result in genetic gain since their progeny are, on average, expected to be
genetically superior than their parental generation (Cameron, 1997). Substantial progress in
recent years has been made in the selection of high genetic merit animals for traits using
traditional quantitative genetics methods. This selection of superior animals has been based

on a value known as the estimated breeding value (EBV) of an animal which is an estimate
8



of the true breeding value of an animal based on the information from the animal's
phenotypic records, as well as phenotypic records on its relatives. As a PTA indicates the
difference in performance that can be expected in an animal's progeny; a PTA is a half of

the EBV.

1.2.1 Terminology in animal quantitative genetics

Variance

Variance is a measure of the variation within a sample population (i.e. the differences that
exist among individuals). Phenotypic variation is composed of both genetic and
environmental variation (Griffiths et al., 2000). Differences in genetic variation across
populations can be due to the variation in alleles and their effects, can occur due to
selection, inbreeding, mutations and genetic drift whereas environmental variation can
arise from permanent (non-genetic) and temporary variation. Thus, phenotypic variance (
0'/:, ) can be cumulatively written as:

2 2
o,= o, + o5+ of + ofp + ok

where o represents the additive genetic variation, g} is the dominance genetic variation
and o/ is the epistatic variation and oZp and g2 represent the permanent and temporary

environmental variation, respectively.

Covariance
Covariance defines the relationship between variables. For two variables denoted X and Y,

the covariance ( g, ) can be calculated as:

. L=l -3
Oxy = N_1

where X and y are the respective means of the two variables, X and Y and N is the sample

size. Covariance can be positive or negative and have units.



Pearson correlation coefficient

The Pearson correlation coefficient (r) is the measure of the strength of the linear
relationship between two variables. This coefficient can range from -1 to +1, where 0
indicates no association between the two variables. Examples of Pearson correlation scatter

plots are in Figure 1.5.

Positive Correlation Negative Correlation No Correlation

v
v
v

Figure 1.5 Graphic depiction of a positive, negative and no association between variables.

(Source; http://www.statistics.laerd.com).

The Pearson correlation coefficient can be calculated using the following formula:

_ cov(X)Y)
Vvar(X)var(Y)

where the covariance between the two variables, X and Y, is divided by the square root of
the product of the variance of each variable. One advantage of the Pearson correlation
coefficient is that is unitless, allowing correlation coefficients between different traits to be
compared without the necessity to take cognisance of the units of measurement of the traits

used in the comparisons.

Regression
A regression quantifies the extent to which changes in one trait are associated with changes

in another. Therefore, regression reveals the direction of the association between two traits

10



but it does not explain the strength of the relationship between the two traits. The linear
relationship between two variables may be described as:

y=bX+a
where b is the slope of the line relating y to X'and ais the intercept of that line. The
regression coefficient is defined as the slope of the line (b), representing the expected

change in y per unit change in X (Figure 1.6).

b
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Figure 1.6 A simple linear regression model (Source; Zou et al., 2003).

The slope of the line can also be computed from the correlation coefficients using standard
deviation of the two variables X and Y, as described below. If the two variables X and Y
differ greatly in their standard deviations, it is possible to have a small slope and a high

correlation (Zou et al., 2003).

ax
b=—
oy

Heritability

Heritability is defined as the ratio of genetic variance to phenotypic variance upon
exclusion of the variance attributable to systematic environmental effects. Heritability is a
proportion; therefore its numerical values range from 0.0 to 1.0. It is useful in quantifying

the likely response to selection as well as being an indicator of the potential efficiency of

11



genome wide association studies (Berry et al., 2011b). When heritability of a trait is high,
the measured phenotype is a good indicator of underlying true breeding value and
phenotypic selection will be effective in changing the level of the trait. Broad-sense
heritability (H°) captures the proportion of phenotypic variation due to the total genetic
values and includes effects due to dominance and epitasis. Broad sense heritability may be

written as:

The numerator of the narrow-sense heritability (4°) is just the additive genetic variance and

may be described as:

The heritability (4°) of milk, fat and protein yield in Holstein-Friesian cattle is moderately
high ranging from 0.30 to 0.33 (More O'Ferrall, 1990, Hansen et al., 2002). Low
heritability generally exists for health (Berry et al., 2011) and fertility (Berry et al., 2014)

traits in cattle.

1.2.2 Genetic Evaluations

Linear models are commonly used in genetic evaluations. Two of the most common linear
models are fixed effects models and mixed models. Fixed effects models contain only

fixed effects while mixed models contain both fixed and random effects.

1. Fixed effects. Fixed effects correct for systematic differences in the population that
has different mean levels. Fixed effects usually have a finite number of levels and

all levels can potentially be accounted for within the model. They can be
12



continuous or class variables. Examples of fixed effects include gender, age and
contemporary group management.

2. Random effects. Random effects usually have an infinite number of levels and the
levels are drawn from a probability distribution. Inferences are then made to the
greater population. Examples of random effects include experimental block and an

individual.

1.2.2.1 Best Linear Unbiased Predicts (BLUP)
Estimates of genetic merit (i.e. EBVs) are generally estimated using Best Linear
Unbiased Predictions (BLUP). Breeding values and fixed effects are simultaneously

estimated in BLUP evaluations. The properties of the BLUP procedure include:

e Best: it maximises the correlation between the true breeding value and the predicted
breeding value.
e Linear: predicted breeding values are linear functions of the observations.
e Unbiased: estimates of fixed effects are unbiased and the unknown true breeding
values are distributed about the predicted breeding values.
e Prediction: the prediction of the true breeding value.
Over past decades, BLUP application has evolved from simple models such as sire models

to more complex models such as the animal, multivariate, and random regression models

(Mrode and Thompson, 2005).

1.2.2.2 Linear mixed model
A sire model is used when only EBVs of sires are of interest. The main advantage

of sire models is that there is a considerable reduction in the number of equations to be

13



solved in comparison to an animal model; this therefore reduces the computational density.
The major disadvantage of the sire model is that the genetic merit of the mate (dam) is not
accounted for and all mates are therefore assumed to be genetically identical. This can
result in bias in the predicted breeding values if assortative mating exists (Mrode and

Thompson, 2005). A simple univariate sire model can be represented as:

y=Xb+2Zs+e
where y is the vector of observations, X is the incidence matrix of the fixed effects, b is the
vector of fixed effects, Z is the incidence matrix of the sire effects, s is the vector of
random sire effects, and e is the vector of random residual effects.
The mixed model equation used in a simple univariate sire model, accounting for

both fixed and random effects is:

X'X X'z ]‘1 [X ’y]z[E]

Z’X 7'Z+ A 'a Z'yl la
where X is the design matrix relating records to fixed effects (number of records by
number of levels of fixed effects), Z is the design matrix relating records to sires (number
of records by number of random effects), 4 is the numerator relationship as defined
below, a is the ratio of residual variance to genetic variance (026/023), y is the vector of
phenotypic records, b is the fixed effect solutions and @ is the random effect solutions (i.e
the sire predicted breeding values).

The matrix which defines the additive genetic relationship among individuals is
called the numerator relationship matrix (A4). The prediction of breeding value requires the
inverse of the relationship matrix, 4 and can be calculated as;

Ar={r DTt

where; A is the inverse of the relationship matrix

14



T is a lower triangular matrix with ones along the diagonal. All elements in the
upper triangle are zeros. The only non zero-elements to the left of the diagonal for
animal 7 are -0.5 for columns corresponding to their parents.
D" is the variance and covariance matrix for Mendelian sampling and is the
reciprocal of the diagonal elements D computed as;
1. If both parents, sire (s) and dam (d), of animal i are known, the diagonal
element of D is dii = 0.5 - 0.25 (Fs + Fd)
2. If one parent is known, say sire,dii = 0.75 - 0.25 Fs
3. If no parents are known, this is the case in the base population, then
dii=1.

where F; is the inbreeding coefficient of animal i.

In an animal model, the additive genetic value of each animal is included as

random effects. A simple univariate animal model may be described as;

y=Xb+Za+e
where y is the vector of observations, X is the incidence matrix of the fixed effects, b is the
vector of fixed effects, Z is the incidence matrix of animal effects, a is the vector of
random animal effects and e is the vector of random residual effects. Animal linear mixed
models are more suitable for estimating variance components because they account for all
relationships among all animals and both assortative mating and selection (Mrode and
Thompson, 2005). The computational requirements are greater though as equations for the

animal, pedigree and progeny need to be solved (Mrode and Thompson, 2005).

1.2.2.3 Repeatability model
A repeatability model can be used where repeated records on the same animal exist.

Repeatability represents the degree of association between measurements on the same

15



animal for traits which are measured more than once (Mrode and Thompson, 2005). An
assumption made in the definition of repeatability is that the underlying genotypic effect is
the same each time the trait is measured. The repeatability animal model is an extension of
the simple animal model and can be written in the form:
y=Xb+Za+ Wpe+e

where y is the vector of observations, X is the incidence matrix of the fixed effects, b is the
vector of fixed effects, Z is the incidence matrix of animal effects, a is the vector of
random animal effects, I is the incidence matrix of permanent environmental effects, pe is
the vector of random permanent environmental effects, and e is the vector of random
residual effects. The inclusion of multiple records on the same animal means that a
proportion of the environmental effects an animal are exposed to is repeated. The inclusion
of permanent environmental effects in the repeatability model allows for the repetition of
environmental variation to be accounted for. The mixed model equation (MME) for the

repeatability model is:

X'X X'Z xz 1 '[Xy b
7X 7'7+ Al 7'W Zy|l=|a
W'x W'z W'W+1Ia,| |w'y| |pe

where o= csze/cszal and (>12=(52¢/c52pe (Mrode and Thompson, 2005)

1.2.3 Deregression of EBVs

EBVs derived from BLUP evaluations are composed of the true breeding value
(BV) plus a prediction error. However, there are two main problems with EBVs that can

simply be solved through their deregression.

1. BLUP is a shrinkage estimator, meaning it shrinks observations towards the mean,

resulting in an inconsistent regression of the EBV on the genotype. This means
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that inferior animals tend to be over evaluated and superior animals are
consequently under evaluated (Garrick et al., 2009).
2. If both a parent and its progeny are genotyped, the degree of double-counting

decreases as the deregressed EBV excludes ancestral information (Ostersen et al.,

2001
Many different deregression approaches exist but the method below is commonly used in
Ireland (Berry et al., 2009):

y=R(R1+AHa

where y is the deregressed EBV of the animal, @ is a vector of traditional BLUP
evaluations, R is a diagonal matrix containing one divided by the animal’s reliability from
his daughters less one and A is the numerator relationship of the matrix (as described

previously).

1.2.4 Inclusion of genomic data in genetic evaluations

Genomic evaluation of animals in Ireland was launched in February 2009 (Berry et
al., 2009). Direct genomic breeding values, like traditional breeding values are also
estimated in Ireland using mixed model equations. In genomic evaluations, however, the
traditional numerator relationship matrix (4) is replaced with a genomic relationship
matrix computed from thousands of single nucleotide polymorphisms (SNPs). As all
animals are not genotyped within the pedigree, a combination of direct genomic values
(DGVs) and traditional EBVs is currently being used to produce genomically enhanced

EBVs (Berry and Kearney, 2009).
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1.3 Alternative structural variants

Copy number variation (CNV) and runs of homozygosity (ROH) represent two other
important sources of structural genetic variation in the cattle genome. Both of these
variants may provide additional genomic structural information complementary to SNP
data. Genomic structural variation, including insertions, duplications, deletions, inversions
and translocations of DNA are common variants in animal genomes but little is known
about the extent to which these structural variants contribute to the genetic variation in

cattle.

1.3.1 Runs of homozygosity

Runs of homozygosity (ROH) are contiguous lengths of homozygous genotypes
that are present in an animal due to parents transmitting identical haplotypes to their
offspring. The length and quantity of ROH in an animal may be influenced by
consanguinity, population size reduction, and natural selection (Kirin et al., 2010). Long
ROH can be indicative of recent inbreeding in a pedigree and short ROH may be indicative
of ancestral relatedness. Long ROH may also persist in out bred individuals, perhaps due to
unusual mutation, LD, and recombination rates at certain genomic locations (Gibson et al..

2000).

1.3.2 Copy number variation

Copy number variation (CNV) is a form of structural variation that may result in
animals differing in the number of copies of certain chromosomal segments (Fadista et al.,
2010). Certain genomic segments may have been deleted or duplicated resulting in an
animal possessing more or less genomic regions (Figure 1.7). CNVs are common structural
variants in the cattle genome with studies suggesting that between 2 to 4% of the genome

are covered in these variants (Bickhart et al., 2012, Hou et al., 2011). Studies in humans
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have demonstrated CNVs to contribute to phenotypic variability including disease
susceptibility (Glessner et al., 2009). Limited studies have been undertaken in cattle, but a
similar CNV disease susceptibility trend has been detected, as genes associated with
pathogen and parasite-resistance have been found to be heavily duplicated in Nelore cattle
whilst genes involved in lipid transport and metabolism were highly duplicated in beef

breeds (Bickhart et al., 2012).

1.Full 3. Single
deletion copy
deletion
2. Single 4. Double
copy copy
deletion duplication
Deletion events Duplication events

Figure 1. 7 Different types of copy number variation (CNV) found in the genome. (Source:

http://readingroom.mindspec.org/?page id=8221)

1.4. Genome Wide Association Studies

Genome wide association studies (GWAS) are used to identify regions of the
genome associated with genetic differences in performance by using high-throughput
genotyping technologies to assay (hundreds of) thousands single nucleotide
polymorphisms (SNPs) (Pearson and Manolio, 2008). The ultimate goal of an association
study is to identify candidate regions in the genome, within which genes and gene-products

may contain structural variants that affect the phenotype of interest (Pearson and Manolio,
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2008). Consequently, association studies help prioritise genes or genomic regions for
further investigation and provide an overall description of the genetic architecture of a
phenotype, such as the number of loci underlying the observed genetic (and therefore
phenotypic) variation, and the distribution of effect sizes, as well as suggesting whether
genetic interactions among loci (epistasis) or among traits (pleiotropy) exist (Stranger et
al., 2011). GWAS are commonly used to identify genetic risk factors for diseases, which
can be used for the development of new prevention and treatment strategies but also an
understanding of the biology gained through these studies may help the development of
new pharmacologic therapies (Bush and Moore, 2012) (Figure 1.8). Furthermore the
identification of genomic regions associated with a phenotype can improve breeding as
animals carrying the desirable alleles can be identified and these can be selected upon in a

targeted breeding approach.

Disease with genetic component

|

Identify gene(s) \
Diagnostics Understand biology
Preventative Pharmocegenomics Drug therapy

Medicine Gene Therapy  Targeted breeding

Figure 1.8 Graphical depiction of the benefits of discovering genes associated with

diseases. (Source; Berry et al., 2014)

The most commonly studied genetic variants in DNA sequence are SNPs. A SNP is
a single base pair change within DNA. Millions of SNPs exist within the cattle genome but
only a small proportion of these SNPs are likely to be associated with phenotypes (Pearson
and Manolio, 2008). GWAS is based on the premise that a causal variant is located in a

haplotype, and therefore a marker allele (such as a SNP) in linkage disequilibrium (LD)
20



with the causal variant, should show an association with a trait of interest (Stranger et al.,
2011). Linkage disequilibrium (LD) is a statistical measure of the co-occurrence of
particular alleles at neighbouring SNPS and occurs due to genetic variation being passed
on from generation to generation in large chunks (Bush and Moore, 2012). There are two
forms of LD measure, D' and rz, where D' describes the normalised deviation of the
haplotype frequency from linkage equilibrium and r’ is a measure of the correlation
between a pair of alleles at SNPs. Both measures can be calculated using the following

formula:

b = X11 — P11
min(p;q;, P2q2)

and

g Ay~ P191)°
r-f = —mom
P191P292

where x;; is the observed frequency of the haplotype A;B;. pi is the frequency of A;jand q; is
the frequency of B;. Through exploitation of LD, a reduced SNP marker set can be used to
capture the majority of genomic variation that exists in the bovine genome. This has led to
development of several types of SNPs arrays of varying densities that have been used to
genotype sample populations.

In order to achieve sufficient statistical power in a GWAS, numerous factors must
be accounted for while planning such an experiment (Allen et al., 2010);

1. Well defined phenotypes. Defining a phenotype is an important consideration
because phenotypic heterogeneity can reduce statistical power. Accurate measures
of genetic merit of sires based on their large progeny group sizes, such as EBVs
(or PTAs) are commonly used in cattle association studies as they provide well-
defined and highly accurate phenotypes. Also by using accurate measures of
phenotypes such as EBVs, the typically large number of genotyped animals
needed for lowly heritable traits can be partially overcome.
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2. The size of the study population. This is a particularly important factor when
studying lowly heritable and complex traits such as dystocia and perinatal
mortality. Generally increasing the size of the study population enhances the
chances of detecting low-frequency variants that have small effects on such
phenotypes.

3. The size of the effect of the variant on the phenotype. Complex quantitative traits
are likely influenced by the cumulative effect of many polymorphisms throughout
the genome. An increase in the genotype density increases the statistical power to
detect thousands of polymorphisms each of small effect.

4. The extent of linkage disequilibrium (LD) between the marker allele and the
causal allele. The measure of LD between the causative allele and the genotyped
allele can have an effect on study power. Power can be increased by using high
marker density panels as it is thought the likelihood of the causative allele being
in LD with a marker will increase. As LD in the bovine genome stretches far
greater than in the human genome due to non-random mating or smail effective
population sizes that exist in cattle (Allen et al., 2010), the Bovine SNP50 density
panel has proven to be effective in identifying genomic regions associated with
genetic differences in performance particularly milk performance traits in the

Holstein-Friesian population.

1.4.1 Genotyping and Single Nucleotide Polymorphism quality control

The principles of the commonly used Illumina beadchip genotyping platform is
summarised in Figure 1.9. Upon the extraction of DNA from a sample, the DNA is added
to the genotyping platform and following a single base extension base process carried out
using fluorescently labelled nucleotides, fluorescent signals of green, red, and yellow are

read from the platform by an array scanner. Using a clustering algorithm, the behaviour of
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each locus is modelled and depending on the cluster shape and distance of each individual
genotype to each other, a statistical score, GenTrain, is calculated for each SNP.
Genotyping calls are then made by a calling algorithm, which relies on information
provided by the GenTrain clustering algorithm and DNA intensity values. The GenCall
score, the product of the GenTrain score and a data-to-model fit score, is a method to filter
out failed individual genotypes. A GenCall score below 0.2 is an indication of a failed

genotype and a score above 0.7 indicates a well behaved genotype but different thresholds

can be set to exclude certain genotypes

(http://www.illumina.com/Documents/products/technotes/technote gencall data analysis

software.pdf).

e

3
o
o

||||m|m|||nulllﬂnm.‘

Figure 1.8 The principle behind Illumina genotyping and the GenTrain clustering method.

When fragmented DNA is added to the genotyping platform, it hybridizes to the
immobilised DNA on each bead and a single base extension is carried out with
fluorescently labelled nucleotides. This way, the two alleles of the SNP of interest can be
characterised by reading an overall fluorescence signal from the bead, where red or green
means that the individual is only carrying allele A or B (interpreted as a homozygote AA
or BB) and a composite yellow signal means that the individual is heterozygous, carrying
both alleles A and B. The GenTrain clusters genotypes of their respective alleles and

typically SNPs with a GenTrain <0.55 have failed to successfully cluster to their genotype

and are removed from the analyses.
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Strict quality control edits are applied to all genotype datasets prior to conducting a
GWAS to limit the identification of false-positive associations. The following edits are
typically applied before undertaking an association study;

1. Removal of animals and SNPs that are poorly genotyped. The initial step in all data
analysis is to exclude samples with too much missing genotype data; samples with
typically >5% missing genotypes are removed. Poorly genotyped SNPs are also
removed. A typical analyses only retains SNPs with >95% genotyping rate (<5%
missing) and SNPs with GenTrain scores >0.55 as below this threshold any lower
there is doubts over the genotype called at this SNP. Usually, poor genotyping is
indicative of poor quality DNA or a poor SNP (Pare, 2010).

2. Hardy-Weinberg equilibrium. The Hardy Weinberg Equilibrium states that both
allele and genotype frequencies in a population remain constant from generation to
generation unless the population is subjected to evolutionary forces. Standard
thresholds for association studies range from p<10™ to p<10'8 (Pare, 2010).
Selection is common practise in animal breeding therefore typically low HWE cut
of points (p<10®*) are implemented in animal association studies.

3. Minor allele frequency. This refers to the frequency of the less common allele at a
SNP and a minimum allele frequency of between 1-5% is commonly applied to
genome-wide association studies to ensure a genotyping error is not mistaken for an
association.

4. Mendelian inconsistencies. Mendelian inconsistencies exist when an allele is
present in an individual which could not have been received from its parents by
Mendelian inheritance. Often in animal breeding there are many sire-son pairs

genotyped allowing these opposing homozygotes to be identified and removed.
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1.4.2 Statistical approaches to genome-wide association studies

Many different statistical approaches to undertake a GWAS have been developed in recent
years and these can be partitioned into two main categories: a frequentist approach and a
Bayesian approach. The frequentist approach focuses on probability of the data, given the
hypothesis. This approach is called frequentist because it is concerned with the frequency
which one expects to observe the data, given the hypothesis. Therefore, the data is treated
as random and the hypothesis is fixed in a frequentist approach. Regression approaches are
frequentist in nature. In contrast, the Bayesian approach focuses on the probability of the
hypothesis, given the data; treating the data as fixed and the hypothesis as random (Fox,

2011).

1.4.2.1 Regression approaches to GWAS

There are two types of regression approaches used in genome-wide association
studies, logistic and linear. Logisitic regression is commonly used for association studies
where the dependent variable is binary (e.g. an individual either has or has not succumbed
to a disease), whereas linear regression is used when the dependent variable is a continuous
trait.

To test for an association between a SNP and a continuous phenotype, a simple
linear regression equation can be used;

Yi = bpXm +a

where y; is the vector of the individuals phenotype values, a is the intercept term, X, is a
vector of the individuals genotype value for the m™ SNP and b, is the regression
coefficient corresponding to the m™ SNP (Chen and Witte, 2007). Use of the linear
regression equation for every SNP will give the maximum-likelihood coefficient estimate
for the association between SNP m and the phenotype. Using the 7 test statistic, the

regression coefficient (f,) divided by its standard error, the statistical significance can be
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obtained for an association between the SNP and the phenotype. Ranking SNPs by their
statistical significance identifies genomic regions of association which can be further
investigated, to identify candidate genes and gene-products that may contain structural
variants that affect the phenotype of interest.

An advantage of a regression approach is the ability to include interactions such as
gene x environment and gene x gene interactions (Cantor et al., 2010). Also, the regression
approach can be run independently so whole genome analysis is similar to a parallel
process The main disadvantage of the regression method is the high quantity of false-
positive associations identified in this approach (Cantor et al., 2010). The use of large
genotyping densities for association studies means that often a large proportion of SNPs
are significant by chance in a regression approach. For example, assuming a 5% false
discovery rate in a GWAS of 50,000 SNPs; 2,500 SNP association values are likely to be
false-positive significant. As a large number of tests are performed in a GWAS, correcting
for multiple hypothesis testing ensures the identification of true associations. The simplest
approach to correct for multiple hypothesis testing is the Bonferroni correction, which
multiplies the p-values by the number of statistical tests undertaken. Although SNPs are
correlated due to linkage disequilibrium, the Bonferroni correction approach can lead to a
conservative estimate of associations as it assumes each association test is independent of
all other tests (Bush and Moore, 2012). Spectral decomposition of the square root of the
pair-wise LD between SNP is an alternative method to correct for multiple testing and to
determine the effective number of SNPs, whilst accounting for the covariance that exists

(Nyholt et al., 2004).
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1.4.2.2 Bayesian hierarchical modelling

Recently Bayesian multiple-regression methods have been successfully
implemented for genomic selection and genomic prediction (Fernando and Garrick, 2013).
Bayesian models can simultaneously fit many more SNPs than the number of observations
available for the analysis (Fernando and Garrick, 2013). Therefore the Bayesian approach
differs from linear regression analysis where one SNP must be fitted at a time. As a result,
Bayesian models are capable of handling high density data to estimate all SNP effects
simultaneously, whilst also combining both prior information in the form of prior
distributions and information from the data itself for inference. A Markov Monte Carlo
chain is commonly used to sample and draw inferences from the dataset (Fernando and
Garrick, 2013). Prior information may include results from previous studies such as
identified SNPs of association or the expected number of SNPs in the dataset that are likely
to be associated with the phenotype. The prior information that a SNP is associated with a
phenotype can be denoted by the value 7 and it can be the same for all SNPs included in
the analysis or can be allowed to vary depending on the Bayesian approach taken.
Information such as the MAF of a SNP, the SNPs location and evidence for selection

should be taken into account when choosing a value of m for each SNP (Stephens and

Balding, 2009).

e PriOF
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\

Figure 1.9 Schematic overview of the Bayesian approach incorporating both prior and

likelihood information.

27



In comparison to regression approaches, Bayesian methods are less sensitive to
false-positives due to the fact that SNPs are fitted simultaneously. Also, the ability to
incorporate informative priors into a Bayesian model has resulted in the Bayesian approach

becoming increasingly popular among biologists.

The Bayes Theorem, which is the basis of the Bayesian approach, gives the
relationship between the probabilities of A4, P(4)and B, P(B), and the conditional
probabilities of 4 given B, P(A|B) and B given 4, P(B|4) and can be written as:

P(B|A)P(A)

P(A|B) = —————

(AIB) =——p s

In terms of an association study, the posterior probability P(A[B) is the conditional
probability the marker is associated with the phenotype, after accounting for prior

information, P(A), and the likelihood from the dataset, P(B|A):

P(A|B) a P(B|A) P(A)

In a GWAS Bayesian approach two hypotheses are compared;
1. Hp Null model: There is no association between the SNP and the phenotype
2. H; Alternative model: There is an association between the SNP and the
phenotype
The ratio between the probabilities of the data under the null hypothesis (Hj) and the
alternative hypothesis (/;) is known as the Bayes Factor (BF). If the BF is large then there
1s more support from the data for the alternative hypothesis and if the BF is equal to one
then both hypothesis are deemed to be equally probable (Stephens and Balding, 2009).
Bayes factors can indicate the strength of an association based on their value; a Bayes
factor >3.1 is indicative of ‘substantial evidence’ that a SNP is associated with a

phenotype, whereas Bayes factors >10.1 indicates ‘strong evidence’ and values greater
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than >30.1 indicates ‘very strong evidence’ for association with a phenotype (Jeffreys,

1961). The BF for comparing opposing hypotheses can be calculated as:

Pr(H,|y)

Pr(H,
Br =" |Y)/Pr(Hl)
Pr(H>)

where y is the data, H; is the hypothesis that the marker is associated with a phenotype and
H> is the hypothesis that the marker is not associated with the phenotype. The prior
probability of the first hypothesis and alternative hypothesis are Pr(H;) and Pr(H,),
respectively and Pr(H,|y) and Pr(H,|y) are the posterior probability of H, and H, This

can also be expressed in a simpler version as:

Pr(H,|y)

1= Pr(H
BF = I‘( 1|}’)/ Pr(Hl)
1—Pr(H,)

The posterior probability of association (PPA) can be thought of as the Bayesian
analogue of a frequentist p-value (Stephens and Balding, 2009). The PPA combines the
evidence in the observed data (i.e., the BF) with the prior probability that the SNP is truly
associated with the SNP. To calculate the PPA. the posterior odds (PO) must be calculated

first as:

PO =BFx ™/ _

where BF is the bayes factor and « is the association of a SNP with the phenotype. This

can be used to calculate the PPA as:

_PO
PPA="%/1 4 po)
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A PPA value close to one means there is significant evidence for association but for this to
be obtained the BF value has to be particularly large (10*-10°) (Stephens and Balding,

2009).

Several alternative Bayesian algorithms have been developed and a combination of
these methods is generally used to identify genomic regions of association with the

phenotype. A brief summary of some of these Bayesian alterations are detailed below:

BayesA

The BayesA method estimates the variance for each marker separately but all SNPs are
assumed to contribute towards the variation in the phenotype, meaning there is a t-
distribution of the SNP effects (Meuwissen et al, 2001). By allowing each SNP to have
a distinct effect variance, the BayesA method will shrink SNPs of small effect towards

zero and apply less shrinkage on SNPs of large effect (Meuwissen et al, 2001).

BayesB

The BayesB method assumes that many SNPs will have no association with the
phenotype. This method is dependent on the prior value m given in the model and will
fit a mixture distribution that assumes any SNP might come from a continuous

distribution or distribution towards zero (Meuwissen et al, 2001).

BayesC

The BayesC is useful to fit as a first analysis to estimate the genotypic and residual
priors as it is less sensitive to prior information than BayesB. The information from the
data itself will overwhelm the prior genetic and residual parameters to give an accurate

estimation of the genetic and residual priors for successive analysis.
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BayesCrn
The probability that a SNP is associated with a trait (1) can be estimated from the data
using the BayesCm algorithm (Habier et al, 2011). This approach is commonly used as

a first analysis to accurately estimate 7.

BayesRS

This is a novel approach used to share information across populations for genomic
predictions. It involves first mapping the variation explained by segments of the bovine
genome for traits and subsequently using this information as genomic location specific

priors to estimate EBVs (Brendum et al., 2012).

1.4.3 Advantages and disadvantages of the genome-wide association approach

The main advantage of a GWAS approach is that this method scan the entire
genome for genomic variation associated with a phenotype. This contrasts with the
previously commonly used candidate-gene approach which focused on associations
between genomic variation within pre-specified genes of interest and a phenotype.
Candidate genes were most often selected based on prior biological knowledge meaning
that it often failed to identify novel genes and pathways associated with the phenotype (Fan

etal., 2010).

GWAS 1is now also the preferred method over traditional family-based linkage
studies (linkage based QTL mapping). A key difference between linkage and association
mapping is the precision with which they map the location of the quantitative trait loci
(QTLs). A linkage analysis uses recombination events only within the recorded pedigree,
therefore the confidence interval for the position of the QTL will be relatively large

(~20cM) and further fine mapping is typically required to identify polymorphisms (Lynch
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and Walsh, 1998). In contrast, association studies rely on LD between the QTLs and SNPs
to detect polymorphisms, and as LD in cattle typically extends no further than 100kb (r’
>0.15) in the cattle genome (McKay et al., 2007), the confidence interval for the position
of the QTL is generally smaller in association studies than that of a linkage analysis study
(Kemper et al., 2012). Therefore, the high density of SNPs used in a GWAS approach
allows smaller genomic regions of association to be identified, permits the identification of
novel associations with the phenotype and no previous knowledge of the underlying
biology is needed. Also there is a wide variety of computational tools readily available for

analysis, allowing researchers to choose which method suits their requirements.

One major disadvantage of a GWAS approach is the ability to miss rare alleles that
may be significantly associated with a phenotype. Minor allele frequency edits are often
applied to genotypic data prior to analyses which may remove rare alleles of significance
from the population. In addition, tag SNPs in a genotype density panel are often common
SNPs that exist in the genome hence it is possible that significant genomic associations for
a phenotype may have never been genotyped (Hirschhorn and Daly, 2005). One method to
overcome this is to include more SNPs in the GWAS analyses to capture more of the
genomic variation. Population stratification is another source of bias that may limit a
GWAS approach particularly in a case-control study (Pritchard et al., 2000). If cases and
controls are sampled from different subgroups of the population being studied, an
association found may not be a true association with the disease but rather could be due to
the underlying structure of the population (Devlin and Roeder, 1999). Also, large
genotyped population sizes are often required to achieve statistical power, particularly for
lowly heritable traits as seen in Figure 1.10, therefore a well-planned study can be costly
with power studies suggesting that at least 2,000 to 5,000 samples are required when using

general populations.
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Figure 1.10 Accuracy gained in predictions versus the number of animal records for four
heritabilities.

1.5 Pathway analysis

After identification of possible candidate genes from a GWAS, pathway analysis
can provide another insight into the underlying biology of a complex trait. Pathways
analysis has the ability to identify the genes and mechanisms that are involved in the
expression of the phenotype (Khatri et al., 2012). By grouping long lists of individual
genes identified in an association study into smaller sets of related genes or proteins, the
complexity of an analysis can be reduced (Khatri et al., 2012). If a biological pathway is
involved in the expression of the phenotype, then it is likely the associations detected in a
GWAS represent candidate genes within that pathway (Szkiba et al., 2014). There are two
main pathway repositories, gene ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGQG).

The GO database is a collection of ontologies that describe and relate gene products
in terms of their biological properties. These biological properties have been divided into
three sections: cellular components, biological processes and molecular functions, with

each containing a set of GO terms describing a function such as steroid metabolism (Moore
33



and Dunlap, 2010). Thus in pathway analysis the idea is to test whether the number of
candidate genes linked to a GO term is greater than expected (enriched) (Szkiba et al.,
2014).

The KEGG pathway database divides biological processes into five groups:
metabolism, genetic information processing, environmental information processing
(including signal transduction), cellular processes, and human diseases. By comparing to a
background of all genes in the human genome over-represented KEGG pathways can be

identified upon submission of a list of candidate genes.

1.6. Calving performance traits

1.6.1. Dystocia
Dystocia, commonly referred to as calving difficulty or calving ease, is broadly
defined as a birth delivery requiring more assistance than desirable (Meijering, 1983).
Calving difficulty may be partitioned into two components: direct calving difficulty and
maternal calving difficulty. Direct calving difficulty refers to the characteristic of the calf
itself (e.g., body size) while maternal calving difficulty describes the characteristics of the
dam giving birth (e.g., pelvic dimensions). In Ireland calving difficulty is scored by
producers on a scale of 1-4 as follows:
1. No assistance;
2. Slight assistance (assistance by one person, without needing to use a calf puller);
3. Considerable assistance (assistance by one person needing to use a calf puller or
more than one person);
4. Veterinary assistance (including caesarean operations).
This scale approximates an increase in the duration and force required to deliver a calf

(Mee et al., 2011). Dystocia has been documented to account for 50% of all cases of
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perinatal mortality (Steinbock et al., 2003). This trait has also been reported to impact milk
production (Bicalho et al., 2008), fertility (Olsen et al., 2010) and cow survival (Bicalho et
al.,2007) as well as being a welfare concern; dystocia is considered one of the most painful
conditions a cow can experience (Huxley and Whay, 2006). Consequently dystocia has
huge economic implications for producers (Amer et al., 2001, Berry et al., 2007a, McGuirk
et al., 2007).

The overall prevalence of calving assistance (i.e. calving difficulty score >2)
documented in Irish Holstein-Friesian dams was 31.1% with 6.8% of calving events
requiring considerable or veterinary assistance (Mee et al., 2011). Mee et al., (2011)
documented that although the dystocia prevalence of 6.8% was quite high, it was
considerably lower than reported twenty years previous (Crosse and Soede, 1988). A
similar prevalence of dystocia was reported in beef cattle with 22.98% of calving events
reporting some level of assistance and 5.93% requiring considerable or veterinary
assistance (Mc Hugh et al., 2014). A detailed overview of the prevalence of dystocia in a
variety of countries can be found in Table 1.3.

Many factors influence the degree of dystocia experienced during parturition
including season of calving, parity of the dam, sex of the calf, twinning and cow

phenotype.

1.6.2. Perinatal Mortality

Perinatal mortality in cattle is defined as calf mortality shortly before, during, or
after parturition. Recent studies have highlighted that the prevalence of bovine perinatal
mortality is increasing, with current prevalence statistics varying between 2% and 10%
internationally (Table 1.3). In Ireland a perinatal mortality prevalence of 4.29% in grass
based Holstein-Friesians was documented (Mee et al., 2008). A slightly higher prevalence

of 5.48% perinatal mortality was reported in Irish beef cattle (Mc Hugh et al., 2014). The
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majority of perinatal mortality (75%) occurs within 1 hour of calving with the remainder
occurring either pre-partum (10%) or post-partum (15%) (Mee et al., 2008).

Perinatal mortality is a trait that is influenced by many factors, although dystocia is
by far the largest contributor, accounting for 50% of mortality experienced within the first
24 hours of birth (Collery et al., 1996, Mee et al., 2008). Other significant risk factors
include age at first calving, gestation length, season of birth and body condition score
(Berry et al., 2007b, Johanson and Berger, 2003, Mee et al., 2008). An increase in the
prevalence of perinatal mortality where no assistance was required during calving has been
documented (Gustafsson et al., 2007, Mee et al., 2008). Genetic analyses suggest half the
genetic variation remains in perinatal mortality after adjustment for a difficult calving
(Berglund et al., 2003, Steinbock et al., 2003). Congenital defects, placental dysfunction,
infection, pre-calving nutrition, or possibly other management issues such as age at first
calving may be the cause of these deaths.

Lethal genetic recessive variants could also be another contributing factor to
perinatal mortality where no dystocia has been observed. Currently in Ireland, there are
four main deleterious mutations that breed societies test for;

1. Complex vertebrate mutation (CVM). This recessive disease is characterised by
misshapen and fused vertebrae around the cervico-thoracic junction due to a
mutation in the SLC35A3 gene (Thomsen et al., 2006).

2. Bovine leukocyte adhesion deficiency (BLAD). This disease is characterized by
recurrent bacterial infections, delayed wound healing and stunted growth. The
molecular basis of BLAD is a single point mutation (adenine to guanine) at position
383 of the CD18 gene (Nagahata, 2004).

3. Deficiency of uridine monophosphate synthase (DUMPS). DUMPs is caused by a
mutation of uridine monophosphate synthetase (UMPS) protein, resulting in

pyrimidine deficiencies. The mutation leads to the loss of an Aval site at codon 405,
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resulting in a premature stop codon with a truncated C-terminal catalytic subunit of
the proteinuridine monophosphatesynthetase (Schwenger et al., 1993).

. Brachyspinia. Affected animals are characterised by severely reduced body weight,
growth retardation, extensive vertebral malformations causing a significant
shortening of the spine (brachyspina) and long and slender limbs. This defect is
caused by a 3.3kb deletion in the FANCI gene which is essential for DNA

interstrand crosslink repair (Charlier et al., 2012).
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Table 1.3 International prevalence rates for dystocia (defined as considerable or veterinary assistance) and perinatal mortality (defined as the death of a

newborn calf within the first 24hrs of parturition) in primiparous (primi) and multiparous (multi) dams.

Country Breed Dystocia prevalence Mortality prevalence Reference
Primi Multi Primi Multi
America Holstein X 16.4% 8.4% 15.1% 12.7% Heins et al., (2006)
Brown Swiss X 12.5% 4.9% 11.6% 5.6% Heins et al., (2006)
Normande cross N/A 8.7% N/A 7.3% Heins et al., (2006)
Montbeliarde X 11.6% 5.4% 12.7% 5.0% Heins et al.. (2006)
Scandinavian Red X 5.5% 2.1% 7.7% 4.7% Heins et al., (2006)
Australia Holstein-Friesian 9.5% 4.1% 7.4% 7.1% McClintock (2003), Pryce et al., (2006)
Germany Holstein N/A 2.66% N/A 9.7% Popescue et al.,(2013), Gundelach et al.,(2009)
Iran Holstein 19.3% 7.0% 7-2% 3.3% Hossein-Zadeh (2014)
Ireland Holstein-Friesian 9 3% 5.8% 7.7 % 3.5% Mee et al., (2008,2011)
France Holstein-Friesian N/A 6.6% 6.9% N/A Fourichon et al.,(2001), Chassagne et al., (1999)
Norway Norwegian red N/A 2.14% N/A 3.4% Gulliksen et al., (2009)
Sweden Charolais 6.6% 1.0% 5.9% 1.8% Eriksson et al., (2004)
Hereford 6.2% 1.2% 5.6% 1.8% Eriksson et al., (2004)
Holstein 8.3% 4.5% 7.1% 2.7% Steinbock et al., (2003)
United Holstein-Friesian 4.0% 1.89% 11.6% 4.3% Eaglen et al., (2012)
Kingdom
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1.6.3 Risk factors associated with calving performance traits
Dystocia and perinatal mortality are both traits influenced by direct and maternal
genetic components (Berger et al., 1992); that is the genetic makeup of both the calf and

the dam will impact on the birth process and its outcome (Meijering, 1983).

1.6.3.1. Effects of the calf

A variety of animal level factors influence the direct component of dystocia and
perinatal mortality mainly reflecting the size and shape of the calf.
Birthweight
Birthweight has long been known as a risk factor for dystocia and perinatal mortality;
calves lighter and heavier than the average tend to have an increased risk of both
phenomena (Berger et al., 1992). A study carried out by Johanson and Berger (2003) in
Holstein cattle showed that if the birthweight of a calf exceeded the trial average of 40.3kg
there was an exponential increase in the risk of mortality: a calf birthweight of 52kg had
9.6 percentage unit increase in the probability of perinatal mortality. Dam parity also
influences birthweight as primiparous cows tend to have smaller calves (38.2 kg) than
multiparous cows (41.7 kg) (Johanson and Berger, 2003). Heavier birthweights have also
been reported in calves born from a longer than average gestation length (Johanson and
Berger, 2003). Data on calf birthweight is currently lacking in Ireland. Birthweight is a
moderately heritable trait for the direct component with estimates ranging from 0.44 to

0.60 in both dairy and beef cattle (Eriksson et a., 2004, Plum et al., 1965).

Gender
Calf gender is also associated with calving performance traits with male calves, on
average, experiencing greater dystocia and mortality due to their bigger size and greater

birth weight in comparison to female calves (Meijering, 1983). In Ireland, Mee et al (2008)
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reported 1.12 greater odds of perinatal mortality in male calves than in females. Male
calves have been documented to have longer gestation lengths which can also increase the
risk of dystocia (Newman et al., 1993). Calf shape also differs between genders with
broader and heavier skeletons observed in males calves which may increase the risk of
dystocia and mortality due to incompatible feto-pelvic dimensions (Meijering, 1983).
Secondary sex ratio, which is the sex ratio at birth has been shown to be lowly heritable in

Irish cattle populations with a direct heritability estimate of 0.02 (Berry et al., 2011).

1.6.3.2 Effects of the dam

Cow pelvic area

Cow pelvic area defined as the height of the pelvic inlet multiplied by its width can impact
dam dystocia (Meijering, 1983). A 1dm’ (decimetre) greater pelvic area has been
associated with a 11.0 percentage units decrease in the odds of experiencing dystocia in
Holstein-Friesian dams (Johanson and Berger, 2003). Pelvic area differs by breed and one
study focusing on Angus and Hereford breeds suggests that lower cow body weight was
related to a more narrow pelvic opening (Bellows et al., 1971). Cow pelvic area is
predominantly of concern in first parity animals, although the pelvic area itself explained
only 10% of the variance associated with dystocia (Luo et al., 2002). Cow pelvic area is a

moderately heritable trait with estimates ranging from 0.04 to 0.36 (Kriese et al., 1994).

Body weight and body condition score

Cow body weight and body condition score (BCS) have been shown to impact dystocia
and perinatal mortality (Chassagne et al., 1999, Erb et al., 1985). Over conditioned cows
(BCS >4) have an increased risk of dystocia and stillbirth at parturition due to a reduction
in the dam pelvic area as a result of the accumulation of fat in the pelvic region (Chassagne

et al., 1999). Both body weight and body condition score are moderately heritable with
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estimates ranging from 0.39 to 0.5 for body weight and 0.27 to 0.37 for body condition

score (Berry et al., 2002).

Twinning

Twinning may be considered a characteristic of the dam, as the dam may ovulate numerous
eggs thus increasing the chances of multiple birth events. Twinning is often perceived as
an unfavourable phenotype; greater incidence of abortion, abnormal presentation, retained
placenta and metritis are associated with multiple births (Nielen et al., 1989). Twinning
also impacts negatively on production by reducing fertility, milk production and survival
(Nielen et al., 1989). Multiple ovulations were documented as lowly heritable (0.03) but
moderately repeatable (0.33) in Irish dairy and beef herds with a heritability estimate of

0.02 for twinning (Fitzgerald et al., 2014),

Gestation length

Gestation length is non-linearly associated with perinatal mortality with a greater risk of
mortality reported after long (>278 days) as well as short (<267 days) gestation periods
(Philipsson et al., 1976, Hansen et al., 2004). Maternal heritability estimates for gestation
length range from 0.07 to 0.13 (Azzam and Nielsen., 1987, Hansen et al., 2004, Jamrozik

et al., 2005).

Age at first calving
Young calving heifers have an increased likelihood of requiring calving assistance; heifers
calving at 22 months of age required more assistance than those calving at 24 months

(Berry and Cromie, 2009).
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Parity
Primiparous dams are increasingly likely to experience dystocia and perinatal mortality

with a 4.7 greater risk of dystocia reported in primiparous dams than multiparous dams

(Berry et al., 2007, Johanson and Berger., 2003).

Season of calving
Season of calving also impacts calving performance with increased levels of perinatal

detected in winter months (Johanson et al., 2001, McGuirk et al., 1999, Mee et al., 2008).

1.6.3.3. Genetic parameters of calving performance

Heritability estimates for calving difficulty and perinatal mortality differ widely
internationally, but estimates are generally low (Table 1.4). Heritability estimates for the
direct calving difficulty component range from <0.01 to 0.17 and from <0.01 to 0.12 for
the maternal component of calving difficulty (Eaglen et al., 2012, Hickey et al., 2007,
Steinbock et al., 2003). Heritability estimates tend to slightly lower for perinatal mortality
ranging from <0.01 to 0.12 for the direct component and from <0.01 to 0.08 for the
maternal component (Eriksson et al., 2004, Steinbock et al., 2003). The difference in
genetic parameter estimates of perinatal mortality and dystocia can be attributed to
differences between breeds (Heins et al., 2006), management systems and different
statistical models (Erkisson et al., 2004, Hickey et al., 2007, Johanson et al., 2011,
Steinbock et al.,2003). A negative covariance between direct and maternal dystocia
components has been previously reported (Eaglen et al., 2012, Eriksson et al., 2004,
Steinbock et al., 2012). The negative covariance may be due to small easy calved females
who are likely to experience dystocia at maturity due to their reduced size and pelvic

opening dimensions (Philipsson et al, 1976).
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Table 1.4 International direct and maternal heritability estimates for dystocia and perinatal mortality.

Country Breed Parity Dystocia Perinatal Reference
Mortality
Direct  Maternal Direct Maternal
America  Holstein All parities 0.11 0.14 0.13 0.15 Johanson et al., (2011)
Australia Holstein-Friesian, Primiparous 0.11 N/A 0.013 N/A McClintock et al., (2003), Pryce et al., (2006)
Jersey and crosses Multiparous 0.04 N/A 0.010 N/A Pryce et al., (2006)
Canada  Holstein Primiparous 0.14 0.08 N/A N/A Luo et al., (2002)
Multiparous 0.10 0.04 N/A N/A Luo et al., (2002)
Ireland Holstein-Friesian Primiparous 0.130 0.040 0.02 N/A Hickey et al., (2007), ICBF., (2006)
France Charolais All parities 0.13 0.012 N/A N/A Phocas et al.,(2004)
Limousin All parities 0.10 0.08 N/A N/A Phocas et al., (2004)
Blonde d’Aquitaine  All parities 0.09 0.09 N/A N/A Phocas et al., (2004)
Maine-Anjou All parities 0.09 0.09 N/A N/A Phocas et al., (2004)
Sweden  Charolais Primiparous 0.127 0.074 0.002 0.005 Eriksson et al., (2004)
Multiparous 0.048 0.023 0.010 0.005 Eriksson et al., (2004)
Hereford Primiparous 0.164 0.110 0.004 0.001 Eriksson et al., (2004)
Multiparous 0.021 0.004 0.006 0.003 Eriksson et al., (2004)
Holstein Primiparous 0.062 0.048 0.038 0.028 Steinbock et al., (2003)
Multiparous 0.004 0.002 0.007 0.003 Steinbock et al., (2003)
United Holstein-Friesian Primiparous  0.120 0.050 0.020 0.030  Eaglenetal., (2012)
Kingdom Multiparous 0.030 0.020 0.020 0.020  Eaglenetal., (2012)
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1.7. Genome-wide association studies for calving performance

Dystocia and perinatal mortality are genetically complex traits influenced by both direct
and maternal effects. Several studies have documented QTL associated with calving
performance in Holstein populations (Schroteen et al., 2000, Kiihn et al., 2003, Schnabel et
al 2005) although the majority of QTL locations differed by population. This may be due
to a difference in calving trait definitions, recording methods and statistical approaches but
also possibly due to different allele frequencies segregating in various subpopulations

(Seidenspinner al., 2009).

Several studies have reported a QTL associated with calving performance on
chromosome 18. Kiihn et al., (2003) reported a QTL associated with maternal dystocia and
maternal stillbirth on chromosome 18 in the German Holstein population. Holmberg and
Andersson-Eklund (2006) reported a QTL associated with maternal calving ease in the
Swedish Reds and Swedish Holsteins, and Thomasen et al., (2008) documented a QTL
associated with dystocia and stillbirth in Danish Holsteins. Cole et al., (2009) was the first
to propose that a single QTL on chromosome 18 may be the cause of these calving
performance observations. In this single QTL, the SNP, ss86324977, on chromosome 18
had the strongest association with several traits including sire and daughter calving ease,
rump width, stature and body depth in a US Holstein population (Cole et al., 2009). Two
studies in Danish and Swedish Holstein populations also documented the SNP ss86324977
to be significantly associated with calving difficulty (Hoglund et al., 2012, Sahana et al.,
2011). This SNP, ss86324977, is located within an intron of the sialic acid binding Ig-like
lectin 12-like gene (Siglec-5). In humans, a similar gene, Siglec-6, is expressed in the
placenta and may play a role in the initiation of parturition (Brinkman-Van der Linden et

al., 2007). Cole et al (2009) hypothesized that animals homozygous 'AA" for the SNP
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$s86324977 may experience a delayed parturition due to a lectin deficiency caused by high
levels of sialic acid binding Ig-like lectin.

Genomic associations for calving performance have also been documented on
chromosome 10 (Kiihn et al., 2003, Schnabel et al., 2005) suggesting there is a causal
mutation between the 87.75Mb to 90.75Mb region affecting calving difficulty
(Seidenspinner et al., 2011). This 3Mb region on chromosome 10 was further fine-mapped
to reveal three strong candidate genes; LTBP2 (encoding latent transforming growth
factor-B-binding protein 2), ESRRB (encoding oestrogen-related receptor ) and PGF
(encoding placental growth factor 1). The bovine placental growth factor encoding gene
(PGF) was chosen as a potential candidate gene for the maternal effect of dystocia and
perinatal mortality by Seidenspinner et al. (2011). Bovine placental growth factor was
chosen as it is involved in the modulation of angiogenesis, vessel remodelling and vascular
permeability during implantation and placentation (Seidenspinner et al., 2011). Within the
PGF gene, 37 SNPs and two insertions/deletions were identified of which 17 SNPs were
significantly associated with maternal stillbirth and maternal calving difficulty
(Seidenspinner et al., 2011). A total of 8% to 14% of the additive genetic variation of
maternal stillbirth and 8% to 15% of maternal calving ease was explained by allele
substitutions in the 17 significant SNPs in the PGF gene (Seidenspinner et al., 2011).

Chromosome 6 has also been implicated in multiple studies to be associated with
calving performance (Schrooten et al., 2004, Olsen et al., 2010, Biogorni et al., 2012). In
the GWAS study by Olsen et al., (2010) in the Norweigen Red population, chromosome 6
had the strongest associations with calving performance; five SNPs between the 30Mb to
47Mb region were associated with the direct effect of dystocia (Olsen et al., 2010). This
QTL region on chromosome 6 was further refined using linkage disequilibrium linkage
analysis (LDLA) to identify two QTL associated with the direct effect of dystocia and one

QTL associated with the direct effect of perinatal mortality (Olsen et al., 2010). Several
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candidate genes (SPPI, IBSP and MEPFE) known to affect bone and cartilage formation
were identified within this region (Olsen et al., 2010). Also a study by Bongiorni et al.,
(2012) in Piedmontese cattle reported a QTL associated with the direct effect of dystocia
between the 37.8 and 38.7Mb region on chromosome 6. Three genes (LAP3, NCAPG and
LCORL) were identified within this 900kb region and to confirm their effect on dystocia,
additional SNPs within these three genes were analysed for association. The gene LAP3
which is involved in oxytocin metabolism was the most probable candidate gene after the
association analyses of the additional SNPs although it was found to be in very strong LD
with LCORL which has been shown to control stature in cattle (Bongiorni et al., 2012).
These studies suggest chromosome 6 is associated with the direct effect of dystocia via an
impact on calf morphology and calf shape.

Association studies have also been carried out on many genetic factors that
contribute to calving performance such as birthweight, body size, bone percentage and
gestation length (Ashwell et al., 2005, Gutierrez-Gil et al., 2009, Maltecca et al., 2011,
McClure et al., 2010). Overlap between calving performance associations and associations

with these genetic factors is to be expected as they strongly influence calving performance.
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1.8. Gaps in Knowledge

Gaps in knowledge that will be examined as part of this thesis include:

e Estimates of genetic parameters for dystocia and perinatal mortality in Ireland by
more recent data. No previous study has attempted to quantify the genetic variation
in perinatal mortality not associated with dystocia.

e The size and distribution of SNP effects on dystocia and perinatal mortality in both
dairy and beef cattle.

e The identification of possible candidate genes associated with calving performance,
as well as the identification of prominent underlying biological pathways.

e The analysis of whole genome sequence data to finemap significant associations
identified through GWAS for dystocia and perinatal mortality.

e The assessment of amino acid substitutions on protein function for all significant
missense variants associated with calving performance.

e The validation of runs of homozygosity as a predict<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>