ABSTRACT

HUANG, YIIAN. The Use of High-density Single Nucleotide Polymorphism Panels in
Hereford Beef Cattle: Genotype Reconstruction and Identification of Genome Patterns
Related to Selection. (Under the direction of Joseph P. Cassady and Christian Maltecca).

The overall objective of this study was to apply single nucleotide polymorphism
panels on Hereford beef cattle to reconstruct genotypes and identify genome patterns related
to selection. Individuals were sampled from a closed population known as the Line 1
Hereford (L1) and general American Hereford population (AHA). Genotypes of 50,562
single nucleotide polymorphisms (SNP) were collected from 240 L1 animals (born from
1953 to 2008), including 57 cows and 183 bulls, and 311 AHA bulls (born from 1970 to
2007). Different quantity controls were applied on SNPs to fit the nature of the studies. To
study genotype reconstruction, subsets of animals were utilized as reference samples (N = 62
to 311) for which 39,497 SNPs were known, and subsets of animals were employed as study
samples (N = 57 or 62) where genotypes were available for ~2,600 SNPs (reduced panels).
Both linkage among animals and linkage disequilibrium (LD), the non-random association
among SNPs, were employed to reconstruct masked genotypes. This procedure is known as
an imputation process with its accuracy measured as the correlation between imputed
genotypes and real genotypes. Reduced panel design incorporated with even spacing and
highly polymorphic SNPs, larger reference sample size, diversified reference origin from
AHA and higher genetic relationship among animals in the reference and study samples all
increased imputation accuracy (P-values < 0.001). A 0.1 increase in average genetic

relationship among animals in the reference and study samples that were estimated by



pedigree or SNPs resulted in a 30.44 or 23.19% increase in imputation accuracy,
respectively. Based on SNP genotypes, genome patterns of L1 and AHA were also identified.
Linkage disequilibrium within breed indicated that non-random association between SNPs
was higher in L1 than that in AHA. Correlations of LD across breeds confirmed the recent
divergence of these two populations. Fixation index (F's¢) estimated with all SNPs was 0.08,
revealing small general divergence between these two populations. However, strong local
divergence signals were detected in some regions of the genome using Fist estimated by non-
overlapping sliding windows of six SNPs. Window heterozygosity (Hw) was calculated for
L1, AHA and a combination of both to reveal genome regions that approached fixation or
conversely had high percentage of heterozygotes. The lowest 2.5% Hw values were 0.05,
0.12 and 0.10, while the highest 2.5% Hw values were 0.45, 0.44 and 0.43, respectively.
Putative directional selection signatures were detected in genome regions of low Hw found in
all three groups of samples. Low Hw regions co-located with quantitative trait loci (QTL) for
growth traits. If SNPs of interest are less than 20 SNPs apart they were clustered into single
regions. Low Hw regions only found on L1 may reflect fixation driven by random drift
effects. High Hw would suggest stabilizing selection and high Hw regions co-located with
QTL related to fitness support this hypothesis. Furthermore, SNP genotypes were regressed
on cumulative selection differentials (CSD) for postweaning gain in L1. When CSD
increased, 1,082 SNPs significantly changed their allele frequencies (False discovery rate <
0.05). Three regions containing significant SNPs for CSD regression also had high Hw, and
were found to co-locate with known QTL for growth related traits. Regressing heterozygosity

of SNPs to the non-additive portion of postweaning gain variance resulted in the detection of



60 significant SNPs (FDR < 0.20). Of these, three regions co-located with QTL for
reproductive traits, possibly outlining stabilizing selection phenomena. It was concluded that
imputation accuracy can be increased through optimization of reduced panel design and
genotyping strategies. With high density SNP panels, genomic patterns can be utilized to

detect genome regions related to selection.
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Chapter 1

Literature Review



INTRODUCTION

The Hereford breed and Line 1

Hereford beef cattle were imported to the United States from England in the early 19"
century (Sweet, 1975). They became popular for their adaption to a wide range of
environments, longevity, soundness, early maturity and good milking ability. In 2010 the
American Hereford association reported 100,000 registered purebred Hereford females;
however, crossbreeding is the main use of the breed, with Hereford and Angus crosses being
among the most popular crossbred females in the United States.

Due to their popularity over the years, scientists have often utilized the Hereford
breed in research experiments. A selection program on Hereford beef cattle, known as Line 1
Hereford, was founded in 1926 in Fort Keogh Livestock and Range Research Laboratory
(LARRL), Miles City, Montana. Initially, a Hereford population was established using two
paternal half-sib bulls and 50 cows for the purpose of developing line breeding experiments
(MacNeil, 2009). By 1957, a total of 14 inbred lines of Hereford were established. The Line
1 Hereford is the only line that is still maintained. All other lines were culled due to limited
resources or growth problems (http://www.ars.usda.gov/Research/docs.htm?docid=4700).
For 76 years, the Line 1 Hereford population has been selected mainly for growth up to one
year of age, making Line 1 arguably the longest running selection experiment in beef cattle.

Over the years, a comprehensive phenotypic profile was collected on individuals from
Line 1, providing material for numerous scientific studies, including the study of maternal

heritability, and genotype by environment interaction (MacNeil, 2009). While most of the



emphasis concentrated on growth traits, genetic analyses have also been conducted on
reproductive and functional traits such as calving date, scrotal circumference, semen
characteristics, milk production, udder conformation and energy requirements (Kealey et al.,
2006, MacNeil and Mott, 2000, 2006, MacNeil and Newman, 1994).

Line 1 Herefords have a deep influence on the current U.S. Hereford population
because they have been publically available for purchase. As a result, in 1984, 57% of the
bulls listed in the American Hereford Association Sire evaluation were of predominately
Line 1 ancestry (Dickenson, 1984) and as of 2010, 81% of the Hereford population in the

U.S. could be traced to Line 1 via pedigree (Vicki Leesburg, personal communication).

Line 1 and bovine genomics

Recently, the Line 1 Hereford played a prominent role in the bovine genome
sequencing project (Elsik et al., 2009), and in the development of array based genotyping
platforms in cattle. Comparing whole genome sequence reads in the Bovine Hapmap project
to individual genotypes from diverse cattle breeds led to the discovery of single nucleotide
polymorphisms (SNP). Utilizing more than six hundred cattle from 16 breeds, a commercial
SNP panel, the Illumina BovineSNP50 Beadchip was designed (Matukumalli et al., 2009),
which includes about 54,000 SNPs that have an approximately even marker distribution
across the genome. Around one sixth of SNPs on this panel were discovered on the L1
Dominette cow from the Line 1 population. The [llumina BovineSNP50 Beadchip has
quickly gained popularity in animal breeding and genetic studies in cattle. Due to its ability

to generate high throughput SNP genotypes cost effectively (Matukumalli et al., 2009), the



[llumina platform enables large scale genetic and genomic studies in different breeds of
cattle. Its applications include estimates of genetic distances of cattle breeds (Decker et al.,
2009, Gibbs et al., 2009), estimates of breed composition (Kuehn et al., 2011), genome-wide
association studies (Kim et al., 2011, Snelling et al., 2010, Uemoto et al., 2011),
identification of selection signature (Barendse et al., 2009, Chan et al., 2010, Stella et al.,
2010), estimates of inbreeding coefficients (Keller et al., 2011, VanRaden et al., 2011), and

prediction of genomic breeding values (VanRaden et al., 2009).

Genotype Reconstruction

Since the introduction of the Illumina BovineSNP50 Beadchip, SNP panels that differ
in density, ranging from a few hundreds to more than 770,000 markers, have been developed
and are available for use in research and selection programs. In most applications whether in
commercial or research settings, not all animals are genotyped or re-genotyped with the panel
having the greatest marker density, so that in any given population there is likely to be an
asymmetric distribution of markers genotypes. To make full use of the data, imputation can
then be applied to predict unknown genotypes (Daetwyler et al., 2011, Druet and Georges,
2010, Hickey et al., 2011, Meuwissen and Goddard, 2010, Weigel et al., 2010b). Imputation
combines information gathered from individuals genotyped with high-density SNP panels to
impute missing genotypes for individuals scored with reduced SNP panels (Howie et al.,
2009). Different methods have been proposed for genotype imputation including iterative
peeling, Markov chain Monte Carlo (MCMC) methods, linear regression and LD based

imputation.



The iterative peeling method is based on the idea that probabilities of possible
genotypes of an individual with no marker data are theoretically dependent on all marker data
in the pedigree (Elston and Stewart, 1971). The iterative peeling method was extended to
livestock pedigrees based on recursive relationships among probabilities of genotypes of an
individual (Fernandez et al., 2001, Smith et al., 2003, Thallman et al., 2001a, b). Applications
of it can be found in association studies in livestock species (Allan et al., 2009, McKay et al.,
2007). However, iterative peeling becomes computationally inefficient for large, looped
pedigrees with a large number of markers (Gengler et al., 2007).

Markov chain Monte Carlo algorithms use hidden Markov models to calculate the
probabilities of the true underlying genotypes given the observed markers. In large complex
pedigrees, this method has a high rate of success when at least half of the animals are
genotyped on a single maker (Szydlowski and Gengler, 2008). Similar to iterative peeling,
most MCMC methods are computationally intensive (Gengler et al., 2007).

Using regression, genotypes can be predicted by mixed model methodology (Gengler
et al., 2007). In this case, (un)known genotypes are treated as (missing) phenotypes. An
additive genetic relationship matrix can then be employed to predict missing genotypes.
Regression methods have been used in complex pedigrees (Gengler et al., 2007, Mulder et
al., 2010). Advantages of the regression methods are ease of implementation, efficiency of
computation, and the lack of a required physical map of marker location. However, one
reason for the ease of regression methods is that imputation is based on a single locus. If a
genome-wide high density SNP panel is available, the regression approach fails to utilize all

information. Accuracy is compromised when all the available information is not utilized.



In linkage disequilibrium (D) based imputation, haplotypes are first constructed
using all known genotypes. Then haplotypes are sampled based on known genotypes on the
reduced panel. These two steps are performed iteratively to predict missing genotypes. With
high-density SNP panels, haplotypes can be accurately estimated due to high LD, the non-
random association among SNPs. By exploiting population LD, imputation performed on
software such as IMPUTE (Howie et al., 2009) and fastPHASE (Servin and Stephens, 2007)
can reach high accuracy (Weigel et al., 2010b). Furthermore, by including pedigree
information in the imputation process, missing genotypes can be first estimated following
Mendelian segregation. Then, linkage between parents and offspring can be utilized to
construct phased haplotypes in offspring (Druet and Georges, 2010). In the process, surrogate
relatives can also be created to increase the accuracy of phasing (Hickey et al., 2011, Kong et
al., 2008).

Imputation accuracy is affected by genetic relationships among animals. Differences
in genetic background between fully and sparsely genotyped and imputed candidates affect
accuracy of imputation (Druet et al., 2010; Huang et al., 2009). Weigel and colleagues
(2010b) reported that with larger effective population size, imputation accuracy may decrease
and animals more closely related to the fully genotyped individuals obtain higher imputation
accuracy (Zhang and Druet, 2010). Similar results were found using genotypes from pigs
(Hickey et al., 2011). Generally speaking, the inclusion of more relatives in fully genotyped
samples increases imputation accuracy. However, these studies only used animal samples

from a single homogeneous population or breed. How the overall genetic background of non-



homogenous, albeit related groups, affects imputation performance remains to be
investigated.

Imputation can also be affected by the properties of the reduced chips, including
marker density and information content. Imputation accuracy relies on SNP haplotyping,
which is identifying the combinations of alleles that are transmitted together. Reduced chips
have fewer SNPs and larger spacing between adjacent SNPs. Haplotyping errors are more
likely to occur with reduced chips. Therefore, reduced chips are less likely to capture
recombination sites between SNPs. In addition, polymorphic SNPs are required to construct
informative haplotypes in reduced panels, so common haplotypes can be identified among
fully and sparsely genotyped individuals (Druet and Georges, 2010). Since minor allele
frequencies differ among populations (Gibbs et al., 2009), customized chips designed based
on population specific MAF may increase the accuracy of imputation.

Line 1 and the general U.S. Hereford population provide a case study to investigate
the importance of genetic connectedness of individuals in genotype reconstruction and the
identification of cost effective genotyping strategies. They also provide valuable input on the

usefulness of customized SNP chips for genotype reconstruction of specific populations.

Identification of genomic patterns related to selection

Line 1 population structure is unique. As a closed population that produces less than
200 new animals every year, Line 1 accumulated high levels of inbreeding while under
strong selective pressure for production. While Line 1 and the general U.S. Hereford

population have undergone natural and artificial selection pressure, targets of the selective



process have likely been different in the two populations. Natural selection causes adaptive
evolution in response to environmental and other factors combined with reproductive
isolation (Clutton-Brock, 1999). The key concept of natural selection is fitness (Darwin and
Endersby, 2009). Evidence of natural selection has been detected in molecular markers that
are involved in fitness-related traits using cattle samples (Freeman et al., 2008, Lynn et al.,
2005). The Line 1 Herefords included in this experiment were maintained at LARRL, and
specific information is available on the annual temperature and weather patterns for that
location. However, the general Hereford population is made up of animals sampled
throughout the U.S.. Thus, the general Hereford population has been subject to a variety of
environments. It can be assumed that the Line 1 Hereford is adapted to the environment of
northern plains; however, the general Hereford population is a complex mixture of
environmental influences. The two Hereford populations used in this study are not suitable
for the detection of population differences due to natural selection. Conversely, artificial
selection is mainly directed toward production traits such as growth in Hereford beef cattle
(Hough et al., 1985, Mrode et al., 1990, Nwakalor et al., 1986). During 19 generations of
selective breeding, the primary focus within the Line 1 population has been almost solely on
postweaning gain. During this same period of time selection emphasis within the general
U.S. Hereford has been for a variety of traits including postweaning gain, carcass and
conformation traits (Bailey et al., 1971, Koch et al., 1994). Furthermore the general U.S.
Hereford population was subject to the whims of multiple breeders. As a result, selection
objectives were varied, and allele frequencies would be expected to differ between Line 1

and the general Hereford population. Differences in allele frequency (or measures derived



from these frequencies) between the two groups may partially reflect the different selective
history of the two populations. Because the end product of selection is a shift in allele
frequencies, molecular markers obtained from L1 individuals and a random sample of the
remaining Hereford population could be employed to reveal different selection patterns in the
two populations, resulting from different selection pressures and/or targets.

While natural and artificial selection describe two different sources of selection
pressure, positive, purifying, stabilizing and disruptive selection describe the effects of
selection on gene frequencies (Falconer and Mackay, 1996, Hurst, 2009). Positive selection
increases frequencies of the favorable alleles. Purifying selection, also known as negative
selection, eliminates deleterious mutations (Charlesworth, 2010). Under positive or purifying
selection, fixation of an allele may be observed after several generations. In a study of
chicken breeds, regions which approached fixation co-located with functional genes which
were known to be associated with selected traits in layers, boilers or both (Rubin et al.,
2010). Stabilizing selection favoring individuals at intermediate optima is a common form of
natural selection (Falconer and Mackay, 1996). Individuals in intermediate optima are
heterozygous at more loci than individuals with extreme values. In this case, selection will
act against extreme alleles on both ends, and a high percentage of heterozygotes will be
retained (Hedrick et al., 1991). Selection against intermediate trait values is disruptive
selection, which is usually associated with adaptation for different environments (Falconer
and Mackay, 1996). Except for disruptive selection, all other forms of selection are expected
to result in decreased genetic variance (Falconer and Mackay, 1996; Charlesworth, 2010).

With individuals sampled in similar environments, positive, purifying and stabilizing



selection can be examined by using allele and genotype frequency changes that reflect
decreased genetic variance, which is unlikely to be uniformly distributed across the genome.
Because selection is trait-dependent and locus-specific, by observing regions of the genome
that reached fixation or are maintained at higher than expected heterozygosity, a putative
selection footprint could be identified.

The relationship between selection and genotype can be complicated due to
hitchhiking effects. Genetic hitchhiking describes changes in allele frequencies at loci which
are not due to direct selection, but rather due to selection of linked loci (Charlesworth, 2010).
These loci have their allelic frequency changed because they are in LD with selected loci.
Linkage disequilibrium erodes as recombination rate among loci increases (Charlesworth,
2010). Therefore, in genetics studies, LD is an important effect that needs to be taken into
consideration.

Under natural mutation-drift equilibrium, it is expected that without selection,
migration and drift, continuous input of new unique neutral mutations and decreased genetic
variance from drift will reach a steady state (Kimura, 1983). The “outliers” SNP genotype
frequencies can then be assumed to be deviations from this equilibrium. Although mutation,
migration, genetic drift and selection can all be reasons for this deviation (Falconer and
Mackay, 1996), the first three factors affect the whole genome uniformly and their effects
should have a stochastic nature. Only selection should be position specific. With a large
number of whole-genome SNPs obtained from SNP panels, the null distribution of natural
alleles can be estimated. If quantitative trait loci (QTL) with large effects exist, the region-

specific deviation due to selection could be detected (B. Walsh and M. Lynch, personal
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communication). Sustained genetic improvement has been observed for postweaning gain in
Line 1 (MacNeil, 2009), and a large cross-section of the historical L1 population has been
genotyped with SNP marker panels, making L1 a good candidate to investigate the effect of
artificial selection.

Decreased heterozygosity on multi-locus regions has been applied as an indicator of
putative selection signatures (Oleksyk et al., 2008, Rubin et al., 2010, Sutter et al., 2007).
Because positive selection results in fixation of favorable alleles, different heterozygosity
patterns among multiple breeds that had diverse phenotypes may reveal differences in
directional selections. As an example, a selective sweep where multiple SNPs had their
frequencies changed due to being in LD with a locus under selection, was identified by using
116 SNP on small and large dogs. Reduction of heterozygosity was observed in a genome
location near the gene IGF1 that was related to size of dogs. In this region, the average
heterozygosity of SNP in small dogs was 25% of that found in large dogs (Sutter et al.,
2007). Furthermore, putative selective sweeps were identified, which co-located with
functional genes related to chicken specializations (Rubin et al., 2010). These studies all
aimed at detecting historical unobserved natural selection or artificial selection on traits from
observed loss of heterozygosity. Animals sampled within breeds for these studies were
assumed to be an unrelated random sample. However, when samples are drawn from related
individuals, further parameters need to be taken into consideration to identify patterns of
selection. Since loss of heterozygosity can be a mixed result of inbreeding and selection,

inbreeding measures should be included in the analyses.
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Selection takes place in populations of finite size. Mating of populations under
selection often results in increased inbreeding. Inbreeding refers to the probability of alleles
being identical by descent (IBD) (Wright, 1921). Measures of expected inbreeding can be
obtained from pedigree data (Kempthorne, 1969). Inbreeding has long been investigated in
its relation to production depression, fitness decrease and conversely, in connection with the
expression and exploitation of heterosis. Inbreeding acts by decreasing the population mean
of a trait if this trait has dominance components (Falconer and Mackay, 1996). Negative
effects of inbreeding have been reported in growth, survival, meat production and
reproductive traits in beef cattle (MacNeil et al., 1989, Mc Parland et al., 2008). Using a large
Hereford pedigree, it was estimated that the average inbreeding coefficient for U.S. Hereford
cattle was 0.098 in 2001 (Cleveland et al., 2005). The designed breeding scheme in Line 1
Hereford population involves mating 7.0 + 3.1 bulls each to 16.3 + 5.6 cows for the purpose
of progeny testing. As a closed population, Line 1 had an average inbreeding coefficient of
over 0.19 in 2008. In Line 1, increased inbreeding was associated with decreased birth
weight, weaning weight, growth to one year of age and pregnancy rate (MacNeil, 2009,
MacNeil et al., 1992). Estimates of inbreeding coefficients are usually obtained using
pedigree information under the assumption that animals without records on parents are
unrelated. Given that this assumption is not tenable, inbreeding coefficients estimated by
pedigree are affected by the depth and accuracy of the pedigree information.

Alternatively, inbreeding coefficients can be obtained from estimates of
heterozygosity. Inbreeding arises in the presence of finite populations and genetic drift.

Genetic drift randomly changes allele frequencies from generation to generation, with no
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tendency of reverting back to the origin (Falconer and Mackay, 1996). Because Inbreeding
affects heterozygosity, the increase of inbreeding is correlated to heterozygosity under
probability theory (Falconer and Mackay, 1996). The percentage of homozygosity (Hom) of
an individual can be described as a combination of IBD and identical by state (IBS) alleles.
Conversely, the percentage of heterozygosity (Het) can be estimated as 1 minus Hom. In a
population originally in Hardy-Weinberg equilibrium (HWE), without mutation, migration
or selection, continued inbreeding practice will not change allele frequencies but will
decrease Het so that this last measure could be indicative of the number of generations of
inbreeding (Crow, 1970). While attempts of using estimates of heterosis, which is the
increased trait values on the progenies from the crosses of inbred lines, from line breeding
experiment to investigate the effect of inbreeding has been made, line breeding history does
not provide a reliable measure of Het (Pariacote et al., 1998). The availability of molecular
genetic markers provides an opportunity to investigate the relationship between
heterozygosity and inbreeding. Heterozygosity across the genome can be utilized to estimate
inbreeding coefficients and has shown advantages over the use of pedigree estimated
inbreeding coefficients (Keller et al., 2011). In this method, realized IBS status across the
genome is estimated based on dense SNP genotypes. Genomic inbreeding can also be
estimated as the diagonal of the genomic relationship matrix using all SNPs across the
genome (VanRaden et al., 2011). The genetic relationship of general U.S. Hereford with Line
1 differed in the past and in the present, and differs at the individual level. Line 1 provides an
excellent study sample to investigate the effect of heterozygosity on inbreeding through the

use of molecular information, by investigating the relationship between regional
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heterozygosity and inbreeding. This may be accomplished by searching for loci where a
disproportionate heterozygosity exists despite strong pressure via selection and inbreeding to
drive loci toward fixation.

While heterozygosity can be directly used to investigate inbreeding and selection
signatures in the genome, a complementary measure, the fixation index (Fsf) can be used to
quantify breed and line differentiation. The fixation index can be estimated by method-of-
moment (Weir and Cockerham, 1984) or Bayesian algorithms (Gianola et al., 2010). Using
the method-of-moment, variance of allele frequency is employed to estimate Fist. If it is
revealed by mean squares that among population variance equals within population variance,
there will be no population stratification. Bayesian methods have been shown to perform
better when population size is small by virtue of shrinking rare allele frequencies towards
average allele frequency (Holsinger and Weir, 2009). In comparing multiple breeds or lines,
loci favored by natural selection would achieve larger Fist values compared to the genome
background. These loci may have been subjected to selection while genome-wide neutral loci
are affected by genetic drift. Conversely, low Fist values may be indicative of balancing
selection (Holsinger and Weir, 2009).

The fixation index has been applied to study selection signatures in cattle (Barendse
et al., 2009, Qanbari et al., 2011, Wiener et al., 2011). In geographically separated cattle
breeds, differentiated regions were detected by SNPs passing a threshold of highest and
lowest 2.5% Fst values. Relevant genes were detected in these extreme regions (Qanbari et
al., 2011). In addition, smoothed Fst values were calculated for sliding windows of SNPs

(Wiener et al., 2011). Extreme values suggested genomic differentiation region and detected
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large QTL effects. While most of Fis¢ studies involved distant populations, it has been shown
that useful signatures of selection can be detected using breeds that only have minor genetic
differences (Barendse et al., 2009).

Linkage disequilibrium can reveal line divergence and effective population size.
Correlation of LD measures indicate genomic distances among breeds (de Roos et al., 2008).
To estimate effective population sizes in the past and the present, the decay of LD as SNP
spacing increases have been calculated across the genome or across each chromosome (de
Roos et al., 2008, Hayes et al., 2003). By examining LD patterns, population structure within
and among populations can be estimated. Haplotype block structure implies population
structure and history (Qanbari et al., 2010, Villa-Angulo et al., 2009). Haplotype based
analysis such as extended haplotype homozygosity (EHH) (Sabeti et al., 2002) and
integrated haplotype score (IHS) (Voight et al., 2006) detect haplotype structure and indicate
selection signatures (Qanbari et al., 2011). Extended haplotype homozygosity is the
probability of observing two randomly chosen haplotypes that are homozygous. Extended
haplotype homozygosity test has been applied to detect putative recent selection signatures in
a single population of dairy cattle (Qanbari et al., 2009).

Alternative methods exist to investigate selection and inbreeding. For example,
changes of allele frequency have been used in the study of selection with a large sample per
generation or precisely estimated generation numbers (Fisher and Ford, 1947, Johansson et
al., 2010). Random drawn from animals born in different years, our general U.S. Hereford
sample has insufficient sample sizes in each generation. Some analyses such as Tajima’s D

test (Tajima, 1989) and Fay and Wu’s H-test (Fay and Wu, 2000) focus on detecting
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differentiation of allele frequencies in breeds and lines. It was suggested that they are more
suitable for sequencing data than pre selected SNP genotypes (Qanbari et al., 2009). It has
also been shown that the Fist value and allele frequency based test (Smith et al., 2001) are
highly correlated (> 0.8) (Wiener et al., 2011).

Heterozygosity, Fst and LD can be affected by factors such as random drift and
selection. Combining results from several tests and from association studies could help to
identify SNP loci of functional interest. Some examples are combining extreme Fst values
and additive effects of feed efficiency traits (Barendse et al., 2009), testing candidate genes
with EHH test (Qanbari et al., 2010) and estimating the correlation of the F statistic obtained
from association studies and Fsz value (Wiener et al., 2011).

In the application of SNP panels, ascertainment bias may occur. Ascertainment bias
is the overestimated polymorphisms in a population that was used in searching for
polymorphisms. It is due to the sampling processes involved in designing SNP panels, which
did not include data representing all populations. Ascertainment bias was detected in
applications of SNP panels on Bos taurus cattle, resulting in underestimated genetic variance
in the genome (Neto and Barendse, 2010). Another study of dairy and beef cattle reported no
significant ascertainment bias (MacEachern et al., 2009). Although Line 1 contributed one
sixth of the SNPs in the SOK SNP panel, preliminary analysis indicated that no ascertainment
bias was found in Line 1 and the general U.S. Hereford populations. Therefore, it is believed

the SOK SNP panel can be utilized in both populations without ascertainment bias.
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CONCLUSION

Selection and inbreeding both influence allele frequency in the population. Newly
developed genomic tools offer opportunities to detect these effects at the genome level. In the
past dozen years, the Hereford population especially Line 1 Hereford, has contributed to the
development of bovine genomics tools, including SNP panels. These panels have been
widely used in the genetic studies of cattle.

A practical application of SNP panels is reconstructing genotypes to increase
information content and lower genotyping cost. Imputation was applied to predict unknown
genotypes when genotypes are available on inhomogeneous SNP panels. Imputation can be
performed based on pedigree information, LD of the SNPs or both. Imputation accuracy may
be affected by design of reduced panel and genetic relationship among animals.

Genomic patterns can be revealed by using heterozygosity, LD, Fist and other test to
indicate population divergence and to test putative selection signatures. Selection changes
allele frequencies on specific genome regions while random drift affects allele frequencies
across the genome. Using samples from populations that are subject to different levels of
selection and random drift, the impact of selection on the genome may be revealed. The

studies of imputation and genome patterns were introduced in these chapters:

Chapter 1

The current chapter. This chapter provided an introduction to the general problem and

an outline of the populations investigated.
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Chapter 2

The objective of this study was to investigate effects of reduced panel design, fully
genotyped sample size and population structure in the imputation of SNP genotypes from the
Line 1 Hereford population and general U.S. Hereford population. In order to study the
effects of population structure, genotyping schemes were created to capture the effect of

individual origin, and the genetic relationships among individuals.

Chapter 3

The objectives of this research included utilizing SOK SNP genotypes to characterize
the animal samples from the Line 1 Hereford population and bulls from the general American
Hereford population; detecting genome patterns of these two populations by estimates of LD,
Fist and heterozygosity; searching for loci related to selection. Genotypes based on SNPs
were tested to estimate their association with selection on Line 1 Hereford samples and the

non-additive portion of phenotypic variance.

Chapter 4

Summaries of genotype reconstruction and genome pattern studies were given in this

chapter.
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Chapter 2

Effects of reduced panel, reference origin, and genetic relationship on reconstruction of

genotypes in Hereford cattle
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ABSTRACT

The objective of this study was to investigate alternative methods for designing and
utilizing reduced single nucleotide polymorphism (SNP) panels for genotype reconstruction.
Two purebred Hereford populations, an experimental population known as Line 1 Hereford
(L1, N=240) and registered Hereford with American Hereford Association (AHA, N =311),
were utilized. Using different reference samples of 62 to 311 animals with 39,497 SNPs on
29 autosomes, and study samples of 57 or 62 animals for which genotypes were available for
~2,600 SNPs (reduced panels), imputations were performed to predict the other ~36,900 loci
which had been masked. An imputation package including LinkPHASE and DAGPHASE
(Druet and Georges, 2010) was used for imputation. Four reduced panels differing in minor
allele frequency (MAF) and marker spacing were evaluated. Reduced panels included every
fifteenth SNP across the genome (SNP_space); commercial Illumina Bovine3K Beadchip
(SNP_3K); SNPs with the highest MAF (SNP_MAF); and SNPs with high MAF and were
evenly spaced across the genome (SNP_MS). Imputation accuracy was defined as the
correlation of imputed genotypes and real genotypes. Reference samples were either from L1
or AHA. Among animals with genotypes, genetic relationships were estimated based on
molecular marker genotypes or pedigree. Reduced panel design, number of animals in the
reference sample, reference origin and the genetic relationship between animals in the
reference and study samples all affected imputation accuracy (P-values < 0.001). Across
genotyping schemes, imputed genotypes from SNP_MS had highest accuracy. A 0.1 increase

in average pedigree relationship or average molecular relationship between the reference and
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study samples resulted in a 30.44 or 23.19% increase in imputation accuracy, respectively.
Reference samples from the L1 population provided lower imputation accuracy than
reference samples from admixed population AHA (P-values < 0.001). When using pedigree
relationship or molecular relationship as a covariate, increasing the number of animals in the
reference panel increased imputation accuracy by 0.05 or 0.06%, respectively. Based on
these results it was concluded that imputation accuracy may be increased through
optimization of reduced panel design and genotyping strategy.

Key words: cattle, genomic, single nucleotide polymorphism
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INTRODUCTION

Single nucleotide polymorphism (SNP) marker panels that differ in density ranging
from a few hundred to about 770,000 markers are currently available for use in research and
selection programs. A common scenario will be that animals in experimental reference
populations (or key individuals in a selection program), defined as reference samples in this
study, will be genotyped with the highest density panels, while animals sampled for a
specific study (or young individuals to be progeny tested), defined as study samples,
genotyped with a reduced set of markers. To make full use of data collected from
heterogeneous panels, marker genotypes that were not directly assayed in the low density
samples can be imputed by exploring population linkage disequilibrium (LD) and pedigree
information (Daetwyler et al., 2011, Druet and Georges, 2010, Hickey et al., 2011).

Comparisons of reduced panels have been done using evenly spaced markers of
different densities (Weigel et al., 2010a; Zhang and Druet, 2010). Reduced panels of the
same density can be designed differently base on spacing and minor allele frequency (MAF)
of SNPs. The effect of design of reduced panel on imputation performances is unknown.
Besides reduced panels, population structure of reference and study samples can affect
accuracy of imputation (Druet and Georges, 2010, Huang et al., 2009).

In this study, SNP genotypes from the Line 1 Hereford population which has been a
closed selected population for 75 years (MacNeil et al., 2009) and a sample of Hereford sires
that have been used in the beef industry (Kuehn et al., 2010) were used to investigate effects

of reduced panel design, reference sample size and population structure. In order to study the
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effects of population structure, genotyping schemes were created to capture the effect of

reference sample origin, and the genetic relationships between reference and study samples.

MATERIALS AND METHODS

Data

Individuals’ marker genotypes were obtained from two distinct albeit related
Hereford populations; Line 1 cattle located at Fort Keogh Livestock and Range Research
Laboratory, Miles City, MT and commercial registered Herefords. Line 1 Hereford cattle
have been maintained as a closed purebred Hereford line since 1931 (MacNeil, 2009). A
sample of 240 animals from Line 1 (L.1) that were born from 1953 to 2008 was genotyped
for this study. The 240 individuals can be roughly divided into two groups: a current and an
ancestor group. The current group includes nine paternal half-sib families of 57 females and
62 males. The average number of progeny in these families was 12.8 with a standard
deviation of 2.6. The ancestor group consists of 121 sires and grandsires. Individuals sampled
by American Hereford Association (AHA) were males included in the U.S. Meat Animal
Research Center (MARC) 2,000 bull project (Kuehn et al., 2010). Fifty-six bulls had been
previously used in the MARC Germplasm Evaluation program

(http://www.ars.usda.gov/Main/docs.htm?docid=6238), while the remainder (N = 255) were

chosen by the American Hereford Association from bulls born between 1970 and 2008. A
pedigree of 12,356 purebred Herefords including 7,300 Line 1 Herefords was used. Mean
inbreeding coefficients were 0.29 + 0.022 and 0.04 + 0.048 for L1 and AHA genotyped

samples, respectively.
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Animals were genotyped using the Illumina BovineSNP50 Beadchip (Matukumalli et
al., 2009). Chromosome information and physical positions of SNPs were mapped to
UMD3.0 assembly (Zimin et al., 2009). All animals were pooled for data editing and quality
assessment. After removal of SNPs (a) without chromosome information and physical
positions; (b) with a call rate less than 90%; (c¢) with MAF < 2% and (d) in complete LD with
adjacent SNPs (correlation of genotypes of two SNPs > 0.99), a subset of 39,497 SNPs from
29 autosomes remained. Genotypes were checked for inconsistencies between sire and
offspring. Sire offspring pairs with more than 2,000 inconsistent genotypes were considered
as animals with pedigree errors. In this case, a possible sire was searched for this offspring
using genotypes. Pedigree errors of six sire offspring pairs were corrected with this method.
In addition inconsistent genotypes between sire and offspring pairs less than 50 were set as

missing in the offspring. After editing, 99.9% of the remaining genotypes were known.

Reduced panel design and cost

An overall description of all SNP panels was shown in Table 2.1. To simulate
genotypes which would be expected from reduced panels of various structures, up to 93.4%
of available SNPs were masked in the sampling populations. To simulate reduced panels four
different criteria were employed: SNP_space, SNP_3K, SNP_MAF and SNP_MS.
SNP_space included every fifteenth SNP across the genome, ordered by physical position;
SNP 3K comprised 2,600 markers which were included on the Illumina Bovine3K Beadchip

(http://www.illumina.com/Documents//products/datasheets/datasheet _bovine3k.pdf) and

remained after the same quality assessment mentioned previously; SNP. MAF included
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markers with the highest MAF; finally SNP_MS include markers with high MAF (MAF >
0.35) and evenly spaced across the genome. Genotyping costs usually differ in different
panels. To mimic the current costs on an Illumina BovineSNP50 Beadchip and a reduced, the
cost of genotyping an individual using high density panel was assumed to be 2.5 units. The
genotyping cost of an individual using a reduced density panel was assumed to be one unit.
Both SNP_ MAF and SNP_MS were customized reduced panels for the Hereford breed. It
may require extra cost of designing these panels compared to commercial panel. However,

the costs of all reduced panels were assumed to be the same in this study.

Design of genotyping schemes

Under different population sampling approaches, animals were divided into reference
and study samples. Reference samples would have information on all SNPs. Study samples
had information on reduced set of SNPs. Subsequently imputation accuracy was investigated
for each reduced panel. The summary of genotyping schemes including different reference
and study samples is shown in Table 2.2. Three experiment designs were used to draw
comparison of imputation accuracy in different genotyping schemes. In fixed study sample
design, the same group of animals was employed as a fixed study sample. Accuracy of
imputation was investigated using different reference samples. In randomly split design, each
population was randomly split into reference and study samples. In fixed reference design,
the same group of animals was employed as a reference sample. Two population origins of
reference samples were used: reference samples from L1 and reference samples from AHA.

Number of animals in study samples was 57 or 62. To test the effect of reference panel size
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on imputation accuracy reference samples differing in the number of animals included were

evaluated. Reference panel sizes ranged from 62 to 311 individuals.

Fixed study sample

Fifty-seven L1 females were employed as a fixed study sample. Accuracy of
imputation was investigated using reference samples from L1. Utilizing the population
structure of L1, three reference samples were considered in the genotyping schemes. In the
first reference panel (L_HS) 62 half sibs of the study sample were used. In the second
reference panel (L_SGS) 121 sires and grandsires of the study sample were used. Lastly
(L_all) was a combination of the previous two references consisting of 183 individuals.

With the same study sample, accuracy of imputation was investigated using reference
samples from AHA. Thirteen genotyping schemes were then investigated. To make results
comparable to those using L1 as reference, subsets of 62, 121 and 183 AHA individuals were
used as reference samples. Subsets differed in their relationships with the study sample.
Pedigree based and molecular based relationships were used here.

In genotyping scheme AHA_P.high, subsets of AHA individuals were chosen as a
reference sample among the ones with highest pedigree relationship with L1 study sample. In
genotyping scheme AHA P.low, subsets of AHA individuals were chosen as reference
samples among the ones with lowest pedigree relationship with the study sample. Similarly,
in genotyping scheme AHA M.high (AHA M.low), AHA individuals that have the highest
(lowest) molecular relationship with the study sample were chosen as reference samples. On

each of these genotyping schemes, reference sample sizes of 62, 121 and 183 individuals
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were used. For example, in AHA P.high62, 62 AHA individuals that were most related to
the study sample based on their pedigree relationship were chosen as reference individuals.
Besides using subsets, all individuals in AHA (311 individuals) were employed as a

reference sample in the genotyping scheme AHA _all.

Randomly split within population

Accuracy of imputation was investigated by grouping individuals within population.
Individuals in L1 were randomly split into a reference sample of 183 individuals (76% of L1
genotyped animals) and a study sample of 57 individuals (RS_L). Ten different splits were
generated for RS L. Imputation accuracies were investigated for each set of reference and
study samples. Similarly, AHA individuals were randomly divided into a reference sample of
249 individuals (80% of AHA genotyped animals) and a study sample of 62 individuals

(RS_AHA). Ten different splits were generated for RS AHA.

Fixed reference individuals

Accuracy of imputation was investigated using all 240 L1 individuals as a fixed
reference sample to impute AHA individuals. Five subgroups of AHA individuals were
obtained on the basis of their molecular relationships and used as study samples. Five
subgroups each had 62 AHA individuals in them. Imputation scheme L_AHA.1 included the
AHA individuals that had the highest molecular relationship with L1 as study individuals.
Imputation scheme L_AHA.S5 included the AHA individuals that had the lowest molecular

relationship with L1 as study individuals.
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Pedigree relationship

Relationships among individuals were estimated using pedigree information. The
relationship was calculated for each study individual relative to the reference sample.
Arithmetic mean of pedigree relationship between reference and study sample were obtained
for each genotyping scheme (Table 2.2).

The full numerator relationship matrix was constructed using R (http://www.R-
project.org/) software package ‘GeneticsPed’ (http://rgenetics.org) following Henderson’s
method (Henderson, 1976). A matrix A had dimensions n by n, where n equaled the number
of genotyped individuals. The matrix A was extracted from the full numerator relationship
matrix and contained the expected IBD of genotyped individuals.

Let r;represent an individual j in the reference sample and s; represent an individual &
in the study sample. The number of individuals in the reference and study sample was », and

ng, respectively. The summation of n, and n; was less than or equal to n. Let Arj s, be the off

diagonals in the A matrix,

ny
Pedigree relationshipy = L Ay,
j=1

ny Sk

Pedigree relationshipg represented the average relationship between individual k and
the reference sample. It was the estimation of degree of IBD of this individual and the

reference sample.

Molecular relationship

Similar to pedigree relationship, the molecular marker based relationship was

calculated for each study individual relative to the reference sample (Table 2.2). Using only
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SNP information, realized relationship matrix MM' can describe the number of genotypes
individuals shared. The matrix M indicated the marker alleles each individual inherited
(VanRaden, 2008). The dimensions of the M matrix were n by m, where m was the number
of markers (m = 39,497). Genotypes were coded as -1, 0 and 1 to describe homozygote
major, heterozygote and homozygote minor allele, respectively. Matrix MM' had dimensions

n by n. Using the same notations let MM’r].sk be the off diagonals in MM' matrix.

ny

) ) 1
Molecular relationshipy =
mxn, =1

MM,T]'Sk
The molecular relationshipy indicates the average realized relationship of a study

individual k to the reference sample. It represented the degree of genome segment sharing of

this animal and the reference sample.

Imputation

Imputation was performed with the LinkPHASE and DAGPHASE package (Druet
and Georges, 2010) following the procedure of Zhang and Druet (2010). Using all SNPs on
the reference individuals and the reduced set of SNPs on study individuals, haplotypes were
constructed partially based on linkage and Mendelian segregation rules. Imputation was then
performed iteratively to construct complete haplotypes based on linkage and LD. For
individuals that had genotyped parent(s), linkage information was used. For individuals who
did not have genotyped parent(s), LD information of the population was used. The program
forms a directed acyclic graph to conduct localized haplotype phasing and utilizes a hidden

Markov model to sample haplotypes conditional on the individual’s genotype. The scale and
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shift parameters controlled the complexity of the model. These two parameters were
modified to 1 and 0.05 to fit the sample sizes and marker density in this study. Twenty
iterations were performed for each imputation process. Imputations on each chromosome
were performed independently. The physical map was converted to a genetic map assuming
that 1 Mb equaled 1 cM. Five imputation technical repeats were used for each genotyping
scheme and reduced panel. Imputation accuracy was calculated as the correlation of imputed
and real genotypes for each imputation. For a few genotypes (less than 0.1%) that were
missing before being masked, real genotypes were considered the same as imputed

genotypes.

Statistical analysis

To test the significance of different main factors in the model on imputation accuracy,
ProcGLM in SAS (SAS Institute Inc., Cary, NC) was used on all the data to analyze
imputation accuracy. In the pedigree model and molecular model, reduced panels (n = 4),
population origins (n = 2) of reference samples, reference sample size, and genetic
relationship were tested as fixed effects. Size of reference sample and genetic relationship
were treated as covariates. The only difference between the pedigree model and molecular
model was the genetic relationship. The pedigree model used average pedigree relationship
of study samples in each genotyping scheme, and the molecular model used average
molecular relationship based on the marker data.

The genotyping scheme model was used to test different genotyping schemes.

Reduced panels and genotyping schemes were tested as fixed effects. There were 23 levels of
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genotyping schemes, including 16 schemes using a fixed study sample, two schemes based
on randomly grouping animals within population and five schemes using a fixed reference
sample. In total 820 imputation runs were evaluated. Multiple comparisons were adjusted by

Tukey’s range test.

RESULTS AND DISCUSSION

Effects on imputation accuracy

Reduced panel design, population origins of reference samples, size of reference
samples, and genetic relationship all affected imputation accuracy under pedigree and
molecular models (P-values < 0.001). Reduced panel design and genotyping scheme affected
imputation accuracy using the genotyping scheme model (P-values < 0.001). Proportion of
variance explained by the pedigree, molecular and genotyping scheme models was 92.3%,
97.1%, and 99.8%, respectively. In this study, molecular relationship explained a greater
proportion of variance in imputation accuracy under molecular model than pedigree

relationship did under pedigree model.

Reduced panels

Four reduced panels differed in the spacing and MAF of SNPs. They shared 198 to
542 SNPs (Table 2.1). This study showed that except for SNP_space and SNP 3K, reduced
panels had significantly different imputation errors (P-values < 0.0001). Comparisons of

least square means (LSMEANS) of imputation accuracy across all genotyping schemes were
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shown in Table 2.3. Imputation accuracy differences among reduced panels were similar
when using the molecular, pedigree, and genotyping scheme models.

Reduced sets of SNPs that were selected to be evenly spaced have been shown to
generate low error rates in imputation studies (Weigel et al., 2010b, Zhang and Druet, 2010).
Imputation was performed based on the idea that haplotypes in the reference and study
individuals can be matched by the SNPs typed in both groups. Without knowing the exact
distribution and lengths of haplotypes in the whole genome, it was concluded that evenly
spaced SNPs do an acceptable job of representing haplotype polymorphisms.

The commercial SNP_3K panel was designed base on spacing and MAF across
different breeds of beef cattle and dairy cattle. The imputation accuracies of SNP_3K and
SNP_space were not significantly different from each other in pedigree and molecular
models (P-values > 0.85). They were 0.17% different in the genotyping scheme model (P-
values < 0.05).

The SNP_MAF reduced panel had the lowest imputation accuracy. Reduced set
SNP_MAF included the SNPs of highest MAF using the animal samples in this study. It had
been shown that SNP that were statistically significant in association studies were trait and
breed specific. Power to detect quantitative trait loci (QTL) effects is expected to be
positively correlated with marker allele frequency. In this case it would be more favorable to
customize a reduced panel that was specific for the population of interest. However, it is
unlikely that SNPs of the highest MAF will be spaced evenly in the genome and it is shown
that the average spacing of SNPs has a standard error four times larger in SNP_ MAF than

that in SNP_space (Table 2.1). Consequently, increased spacing is expected to result in
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higher chances of observing recombination cites between two SNPs and decreased LD
among SNPs, which will ultimately affect imputation accuracy.

The SNP_MS reduced panel had the highest imputation accuracy (Table 2.3). By
using a similar method in selecting a subset of SNPs, SNP_MS outperformed SNP 3K by
1.66% imputation accuracy across all genotyping schemes. An arbitrary threshold on MAF
was used in SNP_MS so that its MAF is slightly lower than SNP_ MAF and its standard error
of the distance of adjacent SNPs was similar to that in SNP_3K. Whether the increase in
imputation accuracy and MAF on the reduced panel will benefit future association studies or

genomic selection studies was not investigated here.

Reference origin

Different genotyping schemes for imputation were designed utilizing the population
structure of the samples in this study. Under pedigree and molecular models, across all
reduced panels, all genotyping schemes, and all animals, LSMEANS of imputation
accuracies were 70.88 and 72.46% using L1 as reference samples respectively. They were
91.16 and 89.92% using AHA as reference samples, respectively (Table 2.3).

According to registration records, AHA was an admixed population influenced by
Line 1 Hereford. In 1984, 57% of the bulls listed in the American Hereford Association Sire
evaluation were of predominately Line 1 ancestry (Dickenson, 1984). AHA was a good
source to investigate the population structure and genetic relationship of individuals in an
admixed population to an inbred population Line 1. The grouping of L1 and AHA was also

confirmed by STRUCTURE analysis (Details not shown). STRUCTURE utilized marker
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information to detect the number of sub-populations and the grouping of animals (Falush et
al., 2003, 2007, Pritchard et al., 2000). With the animal samples in this study, two sub-
populations were detected after testing the number of subpopulation from two to eight, and
97.9% of L1 animals were assigned to one sub-population. Having these two distinct albeit
related Hereford populations, the effect of population origin on imputation was investigated.
The imputation method adopted here involved a process of sampling haplotypes from
the reference sample. When reference samples come from an inbred population, limited types
of haplotypes are found. If these haplotypes did not represent the haplotypes in study
samples, imputation accuracy decreased. In this study, reference samples from L1 yielded
lower imputation accuracy than reference samples from AHA. Whether these two
populations had different haplotype diversity was not investigated in this study. However, it
would be reasonable to assume that the probability of a L1 haplotype appearing in AHA is
greater than the AHA haplotype appearing in L1 because L1 has been a closed population for
more than 19 generations while AHA breeders has been purchasing L1 animals during this

time.

Reference sample size

The size of reference panels ranged from 62 to 311 animals. In this study, increasing
the size of a reference sample increased imputation accuracy. Under pedigree and molecular
models, the coefficients of reference sample size in predicting imputation accuracy were 0.05

or 0.06%, respectively. Notice the sizes of reference sample were confounded with
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population structure or relationship measures. A balanced design will be needed to clearly

estimate size effect.

Relationship between reference and study samples

Standard errors of individual relationship within genotyping scheme were considered
to be small. Therefore the average of relationship measures was used as a covariate in
estimating imputation error. Average pedigree and molecular relationships each significantly
affect imputation error. Under pedigree and molecular models, the coefficients of genetic
relationship in predicting imputation accuracy were 304.4 or 231.9%, respectively.
Increasing average pedigree relationship by 0.1 would reduce imputation accuracy by
30.44%. Increasing average molecular relationship by 0.1 would reduce imputation accuracy
by 23.19%.

In Fixed study design, AHA animals were ranked by pedigree or molecular
relationships to L1 study samples and subset into groups of 62, 121 and 183 animals (Table
2.4). The total number of AHA animals was 311. Any two subsets of 183 animals had at least
55 animals overlap. By using either pedigree or molecular relationships, most and least
related subsets did not have many animals overlap. Pedigree and molecular relationships
picked 56 out of 62, 102 out of 121 and 158 out of 183 common animals as the most related
animals to the study sample. These two relationship measures picked 31 out of 62, 96 out of
121 and 165 out of 183 common animals as the least related animals.

This study examined optimal subsets of reference animals in imputation based on

pedigree and molecular relationship. These two relationships were different but they had high
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correlation. Pedigree relationship utilizes the numerator relationship matrix to estimate the
probability of IBD among animals. Pearson correlation of numerator relationship matrix and
marker based realized relationship matrix was 0.827. Genetic relationships between one
study individual and reference samples was estimated as the average of the off diagonal
elements of one study individual and all reference individuals in relationship matrixes.
Across different genotyping schemes, the Pearson correlation of pedigree and molecular
relationship was 0.883. Notice that molecular relationship and pedigree relationship cannot
be directly compared by their values. The minimum of pedigree relationship was 0.
Molecular relationship ranges from -1 to 1. Molecular relationship utilized the realized
relationship matrix of the genotyped individuals to measure IBS over all markers. A score of
-1 indicates that an individual in a study sample was homozygous for every marker, and all
reference individuals had the alternative homozygote for all the markers. A score of 1
indicated this animal and all reference animals had the same genotype for all markers. With
the same premises, i.e. animals sharing more identical genotypes were more related. In this
study, molecular relationship has a better resolution to predict animals that have high or low
imputation error than pedigree relationship. Therefore, when designing fixed reference
imputation, only molecular relationship was used to choose subsets of AHA animals in fixed
reference design.

Genomics relationship matrix G was also obtained following VanRaden’s method by
regressing the realized relationship matrix to the numerator relationship matrix (VanRaden,
2008). The Pearson correlations of G with the realized relationship matrix MM' was 1.000.

Genomics matrix G has a similar scale to A matrix. It was obtained by putting scaling factor
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to MM'. Pedigree information or assumption on allele frequency of base population was
required to determine the scaling factor. In this study, the purposes of obtaining relationship
matrixes were to rank animals, to subset them accordingly and to represent the relationship of
reference and study individuals. No scaling to MM' was necessary to achieve these
objectives. This study examined whether pedigree or molecular data alone can indicate
optimal subsets of reference samples. Therefore, only the realized relationship matrix MM'
was used here to estimate molecular relationship. No pedigree information or allele

frequency assumption was provided in obtaining molecular relationship.

Comparisons of imputation error under different genotyping schemes

Pedigree and molecular models were used to generalize factors that affected
imputation accuracy. Genotyping scheme model was adopted to specifically compare
different genotyping schemes. Imputation accuracy for each genotyping scheme across four
reduced panels was reported as LSMEANS. Accuracies were indicated as color scale in the
bottom row of Figure 2.1. The differences of genotyping scheme on the row and the one on
the column were shown in the lower diagonals.

Partitioning the inbred population according to its family structure so that study
samples were more related to reference would generate the highest imputation accuracy.
Across all reduced panels, imputation accuracy was 94.0, 94.4 and 96.5% in genotyping
scheme L HS, L SGS and L _all, respectively. When the reference individuals included 62

half-sibs or included 121 sires and grandsires, imputation accuracies were not significantly
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different (P-values = 0.92). Using 62 half-sibs and 121 sires and grandsires as a reference
sample in combination increased imputation accuracy (P-values < 0.0001).

When reference individuals were from the admixed population AHA, using a
reference sample most related to the study sample had significantly higher imputation
accuracy than using a reference least related to the study sample (Figure 2.1). The effect of
reference sample size was greater when relationships were low. Imputation accuracy for the
genotyping scheme AHA_ P.high was 83.8%. There were no significant differences when the
size of reference sample was 62, 121, or 183. Imputation accuracy in genotyping scheme
AHA M.high.121 was significantly higher than AHA M.high.62 and AHA M.high.183.
Nonetheless differences in imputation accuracy were less than 0.8%. For AHA animals that
had lowest pedigree relationship with study samples, as relationship went up and reference
sample sizes increased, imputation accuracy increased from 63.7 to 71.4%. For AHA animals
that had lowest molecular relationship with study samples, imputation accuracies were 62.21
to 70.7%.

When using pedigree or molecular relationship to pick the 62 most related AHA
animals to the study sample, the imputation accuracy was similar to using all 311 AHA
animals as the reference panel. Using the least related AHA animals as reference generated
an 11.7 to 20.8% lower imputation accuracy than using all 311 AHA animals as reference.

Genotyping schemes using animals from the same population had higher accuracy
than using animals from a different population. Imputations within an inbred population
performed better than imputations within an admixed population. Imputation accuracy of

randomly splitting L1 and AHA individuals were 95.5 and 83.8%, respectively. Family
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structure affects imputation as well. With the same numbers of animals in reference and
study samples, randomly split L1 (RS_L) had 1.07% lower imputation accuracy than using
all sibs, sires and grandsires to impute L1 females (L_all).

The pedigree links were not as strong in genotyped AHA animals as for those in L1.
Out of 311 genotyped AHA animals, 85 had sire genotyped, 24 had one grandsire genotyped
and 26 had sibs genotyped. Therefore within AHA imputation according to their family
structure was not designed. Instead, using AHA to impute AHA was compared to using L1 to
impute AHA. Imputation accuracy of RS AHA was 4.7 to 32.0% higher than that in L AHA
genotyping schemes. The origin of reference also affected imputation error.

Pedigree and molecular relationship were used to estimate genetic relationships in
this study. Another genetic relationship indicator, relationship score was also investigated. It
is the number of genotyped parental ancestors included as reference samples. Zhang and
Druet discovered that imputation error decreased as the relationship score between the
reference and study samples increase. With more ancestors genotyped in the reference
sample, there would be fewer imputation errors (Zhang and Druet, 2010). When study
individuals’ parent(s) and other ancestors were genotyped with high density panel and phased
accordingly, individuals’ genotypes can be accurately imputed through linkage. In RS L and
L all, the average relationship score increased from 0.64 to 0.94. The increase of imputation
accuracy agreed with the previous studies. It is possible that in some imputation scenarios, a
study individual has its parent(s) and ancestors genotyped while having low genetic

relationship with overall reference samples. These scenarios were not studied here.
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In this study, besides imputation within L1, imputation was also performed on
reference and study samples from different populations which did not share strong pedigree
ties. In these cross population imputations, all study individuals had relationship score of 0
while the imputation accuracies were different. If study individuals did not have ancestors
genotyped in the reference sample, relationship score cannot be applied to indicate
imputation accuracy. Linkage disequilibrium can be used to phase and impute genotypes. It
is optimum to maximize the chance of having study individual’ haplotypes in the reference
sample. In this case, using admixed population as reference and increasing the genetic
relationship among reference and study samples showed an increase in imputation accuracy.

The LSMEANS of imputation accuracies using L1 to impute AHA subgroups were
79.1, 66.9, 57.4, 54.1 and 51.8% as the average genetic relationship of reference and study
sample decreased in L AHA genotyping schemes. In this case with no strong pedigree ties
between reference and study samples, pedigree and molecular relationship measures were

better indicators of imputation accuracy than relationship score.

Comparisons of genotyping cost of different genotyping schemes

Genotyping costs were indicated as color scale in the top row of Figure 2.1. The
different cost of genotyping scheme on the row and the one on the column were shown in the
upper diagonals. Because study samples in this study had similar sizes, increases in
genotyping cost were mainly due to increase of reference sample sizes. With a limited
genotyping budget, it was possible to design a genotyping scheme that yielded relatively high

imputation accuracy by taking into account population structure, genetic relationships and
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reference population origins. For example, with the same imputation accuracy, total
genotyping cost when using the 62 most related individuals were estimated to be 25%
compared to the cost of genotyping all 311 animals with the high density panel. In fixed
reference design, with the same genotyping cost, imputation accuracy decreased 30% from

L AHA.l toL AHA.S.

Imputation

Imputation utilized both pedigree and linkage information in this study. One
imputation package including LINKPHASE and DAGPHASE was used here. On a 64-bit
personal computer (3.00-GHz, Intel Xeon processor, 20 gigabytes of RAM), each imputation
took 0.6 to 3.1 hours for each chromosome and computation time increased when
chromosome size increased. To compare imputation performance with other studies, allelic
imputation error rate was calculated for genotyping schemes by using the ratio of incorrectly
imputed alleles to all masked alleles. Genotypic imputation error rate was also calculated by
dividing the incorrectly imputed genotype by all masked genotypes. In this study, when using
L1 to impute L1, the allelic imputation error rates were 2.2 to 3.7%. The genotypic error rates
were 4.3 to 7.2 %. These allelic imputation error rates were in the range (around 3%)
reported in purebred dairy cattle using similar density of reduced chip and the same
imputation package (Zhang and Druet, 2010). Genotypic imputation error rate were also in a
range (4 to 26%) reported in another study using population based imputation package
(Weigel et al., 2010b). The imputation studies mentioned above were conducted in purebred

dairy cattle. With different data sets, reduced panels, it was difficult to compare imputation
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accuracy in this study to other studies directly. However, some similarities can be found.
Dairy cattle that had been used in imputation studies consisted of sires and grandsires. It was

a similar family structure as L1.

CONCLUSIONS

Among four reduced sets of SNPs, SNP_MS, which included high MAF and fairly
evenly spaced SNPs, had the best performance in the imputation of this study. In the design
of reduced SNP panel, balancing MAF and even spacing design in reduced SNP panels was
more effective than designs that only focused on MAF or even spacing. Commercial reduced
panel SNP_3K had similar performance with evenly spacing panel. The origin of reference
population affected imputation as well. With larger reference, imputation accuracy increased.

It was concluded that when designing selective genotyping of individuals under a
fixed budget, the genetic relationship between reference and study individuals can be taken
into account to obtain more accurate imputation results. Molecular relationship obtained by a
realized relationship matrix performs equally or better than pedigree relationship obtained by
the numerator relationship matrix using pedigree information. Whether a reduced panel of
lower density would obtain similar relationship measure was not studied here. Further studies
will also be needed to explored factors on imputation accuracies with higher density
genotypes on reference individuals (e.g. 770,000 markers) and lower density genotypes on
study individuals ( e.g. 380 markers and 6,000 makers).

Imputation has already been used successfully to predict unobserved genotypes and

increase power of detection of association between genotypes and phenotypes (Howie et al.,
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2009). Imputation also increased the accuracy of genomic breeding values in dairy cattle
(Weigel et al., 2010a). This study implied that higher genetic relationship between reference
and study samples and more diverse reference samples resulted in higher imputation
accuracy. However, in selective EQTL mapping, it was shown that animal subsets with high
genetic dissimilarity decreased mean square error of the QTL effect and increased sensitivity
to detect QTL (Cardoso et al., 2008). Further study will be needed to test the effect of

imputation accuracy on association results and genome breeding value estimations.
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Table 2. 1 Descriptions of single nucleotide polymorphism panels

Marker ~ Number of Average spacing of Average MAF® + Number of common SNPs on reduced panels

panel SNPs' SNPs, kb = SD SD SNP_space SNP 3K SNP_MAF
All SNP 39497 63.30+ 6628  0.264+0.001
SNP_space’ 2634 948.35+346.06  0.271+0.003
SNP 3K* 2600  949.56+459.12  0.294 +0.003 198
SNP_MAF’ 2643 925.43+1235.64  0.485+0.008 202 211
SNP_MS° 2602 959.47+440.83  0.425+0.044 201 257 542

'All single nucleotide polymorphisms (SNP) panels include all SNPs that remained after
quality control

*MAF = Minor allele frequency

’SNP_space includes every fifteenth SNPs on All SNP panel

*SNP_3K includes SNPs on Illumina Bovine3K Beadchip

SNP_MAF includes SNPs of highest MAF

SSNP_MS includes SNPs that have MAF > 0.35 and evenly spaced
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Table 2. 2 Summary of genotyping schemes

Reference sample Study sample Average Molecular relationship
Experiment design Reference origin Genotyping me N N Average Pedigree relationship = SD +SD
L HS 62 0.145 £ 0.046 0.523 £0.008
L1 L SGS 121 0.113 +0.041 0.506 + 0.006
L all 183 0.124 £ 0.043 0.512 £ 0.007
AHA_ P.high62 62 0.048 +£0.018 0.439 +0.007
AHA P.highl21 121 0.033 £0.012 0.409 +0.006
AHA P.high183 183 0.025 +0.009 0.387 £ 0.006
AHA P.low62 62 0.001 £ 0.003 0.321 £0.005
Fixed study AHA P.lowl21 121 57 0.002 +0.005 0.321 £0.005
AHA P.low183 183 0.004 +0.007 0.328 +0.005
AHA AHA_ M.high62 62 0.047+0.018 0.442 % 0.007
AHA M.highl21 121 0.032 £0.012 0.414 +0.006
AHA M.highl83 183 0.024 +0.009 0.390 = 0.006
AHA M.low62 62 0.003 +0.008 0.311 £0.005
AHA M.lowl21 121 0.004 £0.010 0.317 £0.005
AHA M.lowl83 183 0.006 + 0.009 0.325 +£0.005
AHA all 311 0.016 +0.007 0.360 + 0.005
Randomly split L1 RS L 183 57 0.150 +0.049 0.508 £0.016
AHA? RS _AHA 249 62 0.026 +£0.010 0.362 +0.009
L AHA.1 240 62 0.067 +£0.034 0.442 +0.025
L AHA2 240 62 0.023 £0.012 0.384 +0.013
Fixed reference L1 L _AHA.3 240 62 0.010 +0.008 0342 + 0.008
L AHAA4 240 62 0.003 £ 0.003 0.323 +£0.004

L_AHA.S 240 62 0.002 £ 0.002 0.311 £0.005




Table 2. 2 Continued

'In L1 genotyping scheme, ten sets of reference and study samples were used

*In AHA genotyping scheme, ten sets of reference and study samples were used
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Table 2. 3 Least square means of correlation of imputed and real genotype (%) for reference origin and reduced

panel design using molecular, pedigree and genotyping scheme models.

Model
Effect Pedigree Molecular Genotyping scheme
Reference origin
L1 70.88 * 72.46° -
AHA 91.16° 89.92° -
Reduced panel
SNP_space’ 81.14° 81.31° 76.61°
SNP 3K* 80.97° 81.14° 76.44°
SNP MAF? 79.35° 79.52° 74.82°¢
SNP MS'* 82.63° 82.80° 78.10¢

41 east square means of correlation of imputed and real genotype (%) within a column and
within either reference origin or reduced panel with different superscripts differ (P-values <

0.05)

'SNP_space includes every fifteenth SNPs on All SNP panels

*SNP 3K includes SNPs on Illumina Bovine3K Beadchip

’SNP_MAF includes SNPs of highest MAF
*SNP_MS includes SNPs that have MAF > 0.35 and evenly spaced
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Table2. 4 Numbers of common AHA individuals that were included as reference individuals in different genotyping schemes

AHA M.high62' AHA Mhigh121 AHA M.high183 AHA M.low62 AHA M.lowl2l AHA M.lowl83

AHA P.high62’ 56 62 62 0 0 0
AHA P highl21 61 102 120 0 1 15
AHA_P.high183 61 119 158 5 22 57
AHA_P.low62 1 1 13 31 48 61
AHA_P.lowl21 1 1 22 56 96 120
AHA.low183 1 16 56 62 120 165

! Reference individuals in AHA_ M.high (AHA_M.low) were the most (least) related AHA animals base on molecular relationship; The numbers 62, 121
and 183 in the names of genotyping schemes represented 62, 121, and 183 reference individuals

* Reference individuals in AHA P.high (AHA_P.low) were the most (least) related AHA animals base on pedigree relationship; The numbers 62, 121 and
183 in the names of genotyping schemes represented 62, 121, and 183 reference individuals
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Figure 2. 1 Least Square Mean of correlation of imputed and real genotypes under genotyping scheme model and genotyping cost
for genotyping schemes

'"Top row: Cost of imputation in each genotyping scheme, assuming genotyping one animal on high or low density panel costs 2.5
or 1 unit, respectively. Color scale represents unit/10 cost.

*Upper diagonal: Difference of genotyping costs of genotyping schemes (genotyping scheme on the row minus genotyping scheme
on the column). Color scale represents unit/10 cost.

Bottom row: Least Square Mean of correlation of imputed and real genotypes for each genotyping scheme across four reduced
panels and technical imputation repeats. Color scale represents correlation (%).

*Lower diagonal: Difference of Least Square Mean of correlation of imputed and real genotypes for genotyping schemes
(genotyping scheme on the row minus genotyping scheme on the column) across four reduced panels and technical imputation

repeats. Color scale represents correlation (%).

>Experiment designs are shown on right and top axis.
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Chapter 3

Using 50K single nucleotide polymorphisms to search for genome patterns related to

selection in Hereford beef cattle
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ABSTRACT

The objectives of this research were to characterize two U.S. Hereford cattle
populations and search for genome regions that reveal effects of selection. Individuals were
sampled from a closed population known as the Line 1 Hereford (LL1) and general American
Hereford population (AHA). The Line 1 Hereford has been subjected to single-trait selection
on postweaning gain while AHA has multiple selection objectives. Different levels of
selection and random drift affected these two populations. Genotypes of 50,562 single
nucleotide polymorphisms (SNP) from L1 (N = 240) and AHA (N = 311) were available.
Based on SNP genotypes, linkage disequilibrium (LD), indicating the non-random
association between SNPs, was higher in L1 than that in AHA. The difference in LD between
L1 and AHA decreased as SNP spacing increased, which indicated the current divergence of
L1 and AHA. Fixation index (Fst) estimated with all SNPs was 0.08, revealing small general
population divergence between these two populations. However, strong local divergence
signals were detected in some regions of the genome based on Fis¢ estimated by non-
overlapping sliding windows of six SNPs. Window heterozygosity (Hw) was calculated for
L1, AHA and a combination of both and revealed genome regions that approached fixation
or conversely had a high percentage of heterozygotes. Average Hw for the three groups was
0.26, 0.29 and 0.27, respectively. Multiple sliding windows having the lowest (highest) 2.5%
Hw values and within 20 SNP distance from each other were clustered into low (high) Hw
regions. For L1, AHA and a combination of both, the lowest 2.5% Hw values were 0.05, 0.12

and 0.10, while the highest 2.5% Hw values were 0.45, 0.44 and 0.43, respectively. Putative
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directional selection signatures were detected in low Hw regions found in all three groups of
samples. Low Hw regions co-located with quantitative trait loci (QTL) for growth traits
including average daily gain and postweaning gain. Low Hw regions only found in L1 may
reflect fixation driven by random drift effects. High Hw regions would suggest stabilizing
selection, and high Hw regions that co-located with QTL related to fitness supporting this
hypothesis. One region overlapped with GSK3B, a gene that has been implicated in insulin-
like growth factor regulation and associated with embryonic survival, suggesting possible
stabilizing selection in this case. Furthermore, SNP genotypes were regressed on cumulative
selection differentials (CSD) for postweaning gain in L1. When CSD increased 1,082 SNPs
significantly changed their allele frequencies (False discovery rate, FDR < 0.05). Three
regions containing significant SNPs for CSD regression also had high Hw and were found to
co-locate with known QTL for growth-related traits. Regressing heterozygosity of SNP to
non-additive portion of postweaning gain variance detected 60 significant SNPs (FDR <
0.20). Of these, three regions co-located with QTL for reproductive traits, possibly outlining
stabilizing selection phenomena. This study utilized genome patterns to detect population
divergence of two Hereford populations. Using these two populations that were subject to
different random drift and selection, genome regions that may be related to selection were
detected.

Key word: selection, random drift, single nucleotide polymorphism, Hereford cattle
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INTRODUCTION

Hereford beef cattle are one of the major cattle breeds in the United States, and over
the years they have been subject to several different selection objectives such as
conformation and feed efficiency (Bailey et al., 1971, Koch et al., 1994). A sub-population
known as Line 1 Hereford (L1) was established in 1931 and selected primarily for post-
weaning gain (MacNeil, 2009). Line 1 Hereford has been maintained as a closed population
for more than 77 years.

Recent separation of populations can produce dramatic genomic consequences such
as decreased heterozygosity within lines and increased genetic variance between lines
(Oleksyk et al., 2008). Because Line 1 has been separated from the general Hereford
population, it might show specific characteristics reflecting peculiar selection or random drift
events. Estimates of linkage disequilibrium (LD), obtained using genome-wide genetic
marker single nucleotide polymorphisms (SNP) (de Roos et al., 2008, Meadows et al., 2008),
may identify non-random association of linked loci, and can be used as an indicator of
population divergence (de Roos et al., 2008). Additional measures such as the fixation index
(Fst) can also be estimated based on SNP genotypes to reveal locus-specific genetic variants
associated with line divergence (Oleksyk et al., 2008, Qanbari et al., 2011).

A selection signature is the molecular footprint left by selection events. A common
form of a selection signature is a selective sweep, in which neutral genetic markers undergo
frequency changes due to their LD with selected loci (Chan et al., 2010, Qanbari et al., 2011,

Qanbari et al., 2009). Selective sweeps often result in decreased heterozygosity in multi-

68



locus regions (Charlesworth, 2009), and putative selection signatures have been revealed by
investigating low heterozygosity regions (Rubin et al., 2010, Sutter et al., 2007).
Nonetheless, a marked reduction in heterozygosity can be the result of random drift as well
as selection. This is especially true for domesticated populations where strong recent
bottlenecks can be the cause of marked founder effects. While to date most studies have
targeted low heterozygosity regions, investigations have been conducted on regions of the
genome with increased levels of heterozygosity and showed heterozygote advantage (Arkush
et al., 2002, Hedrick et al., 1991). Although both low and high heterozygosity regions can be
indicatives of selection events, materials that could be utilized to interpret high
heterozygosity were limited (Hedrick, 2006).

By utilizing 50K SNP genotypes, we have characterized the molecular selective
history of Line 1 Herefords by comparing a cross-section of individuals in L1 with the
general American Hereford population. We detected genome patterns in the L1 population by
using LD, Fst and heterozygosity measures, and we searched for loci that were subject to
selection. In addition we identified regions of the genome under selection in L1 by regressing
cumulative selection differential (CSD) on SNP genotypes. Finally SNP genotypes were
tested to estimate their association with the non-additive portion of phenotypic variance in

L1.
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MATERIALS AND METHODS

Animals

Individuals’ marker genotypes were obtained from two distinct, albeit related
Hereford populations; L1 located at Fort Keogh Livestock and Range Research Laboratory,
Miles City, MT and registered Herefords sampled from breeders across the U.S. The L1
population was founded by two paternal half-sib bulls and 50 cows in 1931 and has been
selected mainly for postweaning gain. MacNeil (2009) reviewed of the use of L1 since its
inception. Two hundred and forty animals from L1 were genotyped for this study. They
included 57 females and 62 males (born in 2008 and 2007) from 9 paternal half-sib families
and 121 of their sires and grandsires (born from 1953 to 2006).

The American Hereford Association (AHA) sampled bulls from across the U.S. for
inclusion in the U.S. Meat Animal Research Center (MARC) 2,000 bull project (Kuehn et
al., 2011). Fifty-six bulls had been previously used in the MARC Germplasm Evaluation
program (http://www.ars.usda.gov/Main/docs.htm?docid=6238), while the remaining bulls
(N = 255) were chosen by the American Hereford Association as representatives of the
Hereford breed. Pedigree information on 21,284 Herefords, including 9,419 Line 1 Herefords
was available for this study.

Among genotyped samples, subsets were taken to represent early and current
individuals within L1 and AHA. Oldest L1 that were born from 1953 to 1992 were defined as
L1 o. Random samples of L1 that were born in 2008 and 2007 were drawn within half-sib

families to form a subset L1 n. Similarly, AHA that were born from 1970 to 1990 were
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grouped into AHA o, and most current AHA born from 2004 to 2007 were grouped into
AHA n. Each subset had a sample size of 50. Individuals in these subsets were employed to

characterize LD patterns and persistence in the four subpopulations across time.

Genotypes

Animals were genotyped using the Illumina BovineSNP50 Beadchip (Matukumalli et
al., 2009). Chromosome information and physical positions of SNP were mapped to UMD3.0
assembly (Zimin et al., 2009). Genotypes were checked for inconsistencies between sire and
offspring. Sire offspring pairs with more than 2,000 inconsistent genotypes were considered
as animals with pedigree errors. In this case, a possible sire was searched for this offspring
using genotypes. Pedigree errors of six sire offspring pairs were corrected with this method.
In addition, less than 50 inconsistent genotypes between sire and offspring pairs were set as
missing in the offspring. Genotypes were pooled from AHA and L1 animals for the first
quality control. After removal of SNPs without chromosome information and physical
positions or with a call rate less than 0.90, 99.9% of the genotypes were known. Given the
different nature of the analyses performed, different levels of editing were employed for
investigations of LD, heterozygosity, Fst and association. The numbers of SNPs used in
different analyses are shown in Table 3.1. Pooling all genotypes from L1 and AHA, and
excluding SNPs with minor allele frequency (MAF) of less than 2%, yielded to 35,385 SNPs
for LD estimation. In addition, SNPs pairs in complete LD (*> 0.98) had one SNP removed
from the pair, yielding to 25,901, 39,751 and 38,678 SNPs in L1, AHA and all genotyped

Hereford, respectively.
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Linkage disequilibrium and persistence of phase

To characterize L1 and AHA using genomic information, LD was measured by the
square of the Pearson correlation between SNP genotypes (¥°), while genotypes were coded
as 2, 1 and 0 to represent the number of copies of the minor allele. Linkage disequilibrium
was calculated for SNP pairs in the same chromosome that had spacing between 50 to 10,000
kb. Because correlation coefficients cannot be defined when variances of SNPs are zero, only
SNPs that had MAF greater than 0.02 were employed in this analysis. More than 91 million
SNP pairs that had different spacing were used to estimate LD for L1 and AHA.
Chromosome-wide LD was also estimated by using average 7 of adjacent SNPs. Average
distance of two adjacent SNPs was 238 kb across all chromosomes.

To estimate the relationship between L1 and AHA, persistence of phase was
calculated as correlation of 7 across populations, where 7 is the Pearson correlation between
SNP genotypes within each population. Genotypes were phased within each population using
BEAGLE (Browning and Browning, 2007). BEAGLE forms directed acyclic graphs to
perform localized haplotype phasing. Scale and shift parameters control the complexity of
the phasing model. These two parameters were modified to 1 and 0.05, respectively, to fit the
sample size and marker density in this study. Chromosomes were phased individually.
Persistence of LD phase was estimated using the LD Estimate function
(https://www.msu.edu/~steibelj/JP_files/LD estimate.html) following the method described
by de Roos and colleagues (2008). Single nucleotide polymorphism pairs that were from 10

to 5,000 kb apart were included in this analysis.
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Six SNPs sliding window

All SNPs (n = 50,562) that passed the first quality control were used to construct non-
overlapping sliding window of six SNPs (n = 8,381, Table 3.1) for the estimate of Fs¢ and
window heterozygosity (Hw). Twenty-six sliding windows that had a window size of fewer
than six SNPs were discarded. Because a ratio of variances was utilized estimating Fst
(details in later text), denominators in Fist calculation that approach zero would cause
undefined Fist values. In this case, Fist values for sliding windows were set as missing values.
Heterozygosity analysis was used to examine genome regions of high and low
polymorphism. Therefore, all SNPs were used to construct sliding windows. Average sliding
window size was of 248.2 £+ 125.4 kb. Using sliding windows provides smoothed values in

Fst and Hw over genome regions (Rubin et al., 2010, Wiener et al., 2011).

Fixation index

To quantify the divergence of populations and pinpoint genome regions showing
strong subdivision signals, Fist was first estimated using all SNPs (Fst_all). Method-of-
moments estimates were adopted in calculating Fs¢ following Weir and Cockerham’s
method, as the fraction of between group variance to the total variance. Fixation index was
then estimated for each sliding window to provide insights into the population structure for
specific regions across the genome. The lowest and highest 2.5% Fst values were further

evaluated similarly to that proposed by Qanbari and colleagues (2011).
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Window heterozygosity

Heterozygosity was used to search for selection signature. Window heterozygosity
was calculated for each sliding window using samples from three groups: L1 (Hwr), AHA
(Hwa) and a combination of both (Hwy ). Using genotypes from all the samples within a
group, Hw was calculated by dividing the number of heterozygotes by the number of total
SNPs (six times the number of animals) for each sliding window. To detect regions with
extreme Hw values, sliding windows that had the 2.5% lowest and highest Hw were
considered as low Hw windows, and high Hw windows, respectively. If high (low) Hw
sliding windows were less than 20 SNPs apart they were grouped into single high (low)
regions, similar to what was suggested by Barendse et al. (2009). Animal QTLdb
(http://www.animalgenome.org/cgi-bin/QTLdb/index) and DAVID database (Dennis et al.,
2003) were utilized to search respectively for QTL and genes that co-locate within regions of

interest.

Regression of SNP frequency on cumulative selection differential

SNPs located in sliding windows with medium to high Hw provide opportunities for
detecting significant change of allele frequency due to selection. To investigate whether
selection on phenotype affects SNP frequency, cumulative selection differentials (CSD) for
postweaning gain in L1 were used. This measure reflects the selection applied since the
inception of the Line 1 Hereford population, and was estimated by employing postweaning
gain phenotypes from 7,569 Line 1 animals following the method described by MacNeil and

colleagues (MacNeil et al., 1998). Individual CSD can be interpreted as the mean of selected
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parental deviations from the parental generation mean. To identify SNPs that putatively
changed frequencies under selection, CSD for postweaning gain was regressed to SNP
genotypes one SNP at a time. Cumulative selection differentials were then tested as a
covariate using a model

y=1u+ Xp +e

Where y represents a vector of SNP genotypes, u represents a general constant, f
represents a regression coefficient for CSD of postweaning gain, X represents a vector of
CSD and e is a vector of random residuals. It was assumed e ~ N (0, Io.”). In this analysis,
false discovery rate (FDR) was employed for multiple testing corrections (Storey, 2002). If
significant SNPs (FDR < 0.05) were within 20 SNP distance, they were arbitrarily grouped

into single genome regions.

Heterozygosity and inbreeding

A non-additive proportion of postweaning gain should exist in L1 since inbreeding
depression can be observed on postweaning gain in the Line 1 Hereford (MacNeil et al.,
1992). Empirical best linear unbiased predictions (EBLUP) that can detect non-additive
proportion of genetic variance were employed in this study by modifying Gulisija and
coauthors method (2007). Using the ASReml package (Gilmour et al., 2004), EBLUPs for
postweaning gain were estimated for all Line 1 individuals in the pedigree (9,435 animals;
6790 with records). The model employed was

y=lu+Xp+Zu+e
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Where y represents a vector of phenotypes of postweaning gain, u represents a
constant mean; X represents an incidence matrix of contemporary group effects including
birth year, season, sex and age of dam; f represents the regression coefficients for
contemporary group effects; Z represents an incidence matrix of individuals; u represents a
vector of coefficients for animal effects and e is the random residual for each observation.
Direct genetic and residual effects were assumed to be independent with u ~ N (0, Ac,”) and
e ~N (0, Is,”) where A represents the numerator relationship matrix.

The postweaning gain EBLUP residual vector é was computed as

e=y-XpB-Zi
And was expected to be predicted “free” of additive effects.

Firstly, the effect of inbreeding on EBLUP of residuals for postweaning gain was
tested for existence of a non-additive proportion of genetic variance. Inbreeding coefficient
was regressed to EBLUP residuals using the following model:

y=1utif +e

where y represents a vector of EBLUP residuals for postweaning gain, u represents a
general constant, i represents a vector of inbreeding coefficients for individuals, £ represents
a regression coefficient for inbreeding coefficients and e is a vector of random residuals. It
was assumed e ~ N (0, Io.).

Secondly, to estimate the effect of genomic state (heterozygous = 1 and homozygous
= 0) of SNP on postweaning gain, heterozygosity of each SNP was regressed to EBLUP of
residuals for postweaning gain using

y=1ut+ hff +e
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where y represents a vector of EBLUP residuals for postweaning gain, u represents a
general constant, & represents a vector of heterozygosity of each SNP and e is a vector of
random residuals. It was assumed e ~ N (0, Is.?). Heterozygosity of SNP was fit one marker
at a time. In this analysis, FDR was employed in multiple testing corrections (Storey, 2002).
An FDR 0f 0.20 was applied as a threshold, since the lowest FDR in this test was 0.17. If
significant SNPs were less than 20 SNPs apart, they were again grouped into single genomic

regions.

RESULTS AND DISCUSSIONS

Populations’ characterization

Effective population sizes estimated from the pedigree were 56.2 and 122.1 for the
Line 1 Herefords and general American Hereford population, respectively. Effective
population sizes were calculated as one divided by twice the inbreeding rate (Falconer and
Mackay, 1996). For L1 and AHA genotyped samples, average inbreeding coefficients were
0.29 £ 0.022 and 0.04 + 0.048, respectively. A small effective population size and higher
inbreeding coefficients in L1 were caused by strong random drift effects thus were expected
to result in reduced genetic variance in L1. After setting a MAF greater than 2% threshold
and pruning SNPs pairs in complete LD, L1 had 14,250 fewer remaining SNPs than AHA
had (Table 3.1). This indicates that L1 and AHA are two distinct populations showing indeed
different population genetic characteristics. Genomic information was subsequently utilized

to further detect population divergence in these two populations.
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Linkage disequilibrium and persistence of phase

Linkage disequilibrium is influenced by effective population size and recombination
rate (Tenesa et al., 2007). Therefore, LD within a population indicates characteristics of
population structure (de Roos et al., 2008, Meadows et al., 2008, Qanbari et al., 2010). Using
SNP pairs of different spacing, LD within population was estimated for L1, AHA, and for
each of early and current subsets of L1 and AHA (Figure 3.1). Higher /* indicate higher LD,
which was observed in L1. The Line 1 Hereford population had a severe bottleneck when the
population was founded, and it was expected to result in a substantial amount of random drift
at the populations creation (Falconer and Mackay, 1996). Large LD are generated when there
is a population bottleneck (Reich et al., 2001), and the large 7*found in L1 was consistent
with the population history of L1.

The different LD erosion patterns in L1 and AHA are shown in Figure 3.1.a. Within a
population, erosion of LD is expected to increase as recombination rate increases. When
increasing SNP spacing from 50kb to 10,000 kb, the average ° of SNP pairs decreased from
0.35t0 0.05in L1 and from 0.15 to 0.03 in AHA. By comparing different LD patterns,
population differentiation can be detected (de Roos et al., 2008). As SNP spacing increased,
differences of ¥ between L1 and AHA decreased. Small 7 in long range spacing between
SNPs indicates large effective population size in the past while large 7 in short range spacing
between SNPs indicates small effective population size in recent time (de Roos et al., 2008).
Line 1 and general Hereford had similar effective population sizes in the past, and the
patterns of 7’reflect the recent divergence of the two populations. Decreasing rate of LD with

genetic marker distance was higher in L1 than that in AHA. High decrease rate of LD in L1
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indicated how the large LD generated by recent population bottleneck rapidly broke down
after generations of breeding and that the strong random drift effect occurred at the
establishment of Line 1 is lessened in current L1 individuals. This may also reflect the
current breeding practice that is designed to maintain low inbreeding in L1 (MacNeil, 2009).

Recombination sites accumulate across the genome when the number of generations
of separations is large. Erosion of LD is expected when using samples with increasing
generations of separation. Erosion of LD is shown here by comparing early and current
subsets of L1 and AHA 10 to 15 generations apart (Figure 3.1.b). The L1 n subset had
slightly higher 7’ than L1_o did when the distance of two SNPs was shorter than 1,000 kb.
However, when the distance between two SNPs was larger (between 1,000 kb and 10,000kb),
the average 7° was lower in L1_n. This result again confirmed that there was a rapid
breakdown of LD in L1. AHA nand AHA o subsets had similar 7, indicating that LD
remained relatively stable in the general Hereford population. Linkage disequilibrium
analysis within population showed different recent changes between L1 and AHA,
suggesting a divergence process.

Across populations, persistence of phase was estimated to quantify the relationship of
L1 and AHA by examining the correlation of LD across populations. Persistence of phase
between L1 and AHA decreased from 0.45 to 0.14 as SNP spacing increased from 50kb to
5,000 kb (Figure 3.2.a). Positive correlation coefficients of LD between these two
populations indicate strong phase persistence between the two populations.

To study the relationship of individuals within population and between populations,

and to detect change over time, persistence of phase was also investigated for early and
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current individuals in L1 and AHA (Figure 3.2.b). As expected the overall within population
phase persistence was higher in L1 than that in AHA. When SNP distance increased from 1
to 5,000 kb, L1 o and L1 n showed the highest correlation (0.80 to 0.36), while AHA o and
AHA n had correlations ranging from 0.63 to 0.14. The higher correlation of phase within
L1 was consistent with prior pedigree information. Early and current L1 shared strong family
relationship while early AHA are less related with current AHA. Correlation of phase was
lower between populations than within populations but still was positive which agreed with
the fact that Line 1 Hereford was influential on U.S. Hereford population. Hereford breeders
have been purchasing animals from L1 population. In 1984, 57% of the bulls listed in the
American Hereford Association Sire evaluation were of predominately Line 1 ancestry
(Dickenson, 1984) and as to 2010, 81% of the Hereford population in the U.S. could be
traced to Line 1 via pedigree (Vicki Leesburg, personal communication). Correlation of
phase between L1 o and both AHA subsets was higher than that between L1 n and both
AHA subsets. For the sample employed in this study, using SNPs to estimate LD revealed
that early L1 had a stronger influence in general AHA than current L1 had.

The average LD of any two adjacent SNPs was 0.36 and 0.16 in L1 and AHA,
respectively. Chromosome-wide average 7 of two adjacent SNPs differed in different
chromosomes. Both L1 and AHA had the highest LD in BTA2, 9 and 24 (Figure 3.3). The
average 7 in these three chromosomes were larger than 0.48 in L1, and larger than 0.18 in
AHA. The 7 was in the range of one study of beef and dairy cattle using the same SNP
panels and another study on German Holstein cattle (McKay et al., 2007, Qanbari et al.,

2010), but lower than that reported in the study of North American Holstein population using
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seven thousand SNPs (Kim and Kirkpatrick, 2009). Linkage disequilibrium did not have a
uniform distribution across the genome, consistently with what reported by McKay et al.

(2007).

Fixation index

Fixation index can be used to estimate population divergence (Qanbari et al., 2011).
Fixation index estimated by using all SNPs indicated that the variation between L1 and AHA
was comparatively small (Fs¢_all = 0.08), revealing small population divergence between L1
and AHA. This result was consistent with the short separation time between the two
populations.

To pinpoint genome regions that reflect population differentiation, Fst values were
estimated for each sliding window (Figure 3.4). As expected, Fst had a non-uniform
distribution across the genome. The average Fist for sliding windows was 0.08 + 0.063 using
samples from L1 and AHA, respectively. The 2.5 and 97.5 percentiles for Fs¢ sliding window
were 0.005 and 0.24, respectively. For a neutral autosomal locus, genetic differentiation
should be determined only by population structure and history. Random drift should affect all
neutral loci in the genome indiscriminately since each locus represents a sample under
stochastic evolution. However, selection effect is locus-specific. Therefore, position specific
genome pattern might indicate selection that affect particular loci (Holsinger and Weir,
2009). High Fist has been used as a putative indicator of diversified selection. When
searching for previously identified QTL related to growth, a high Fs¢ sliding window (Fst =

0.21 £ 0.045) co-located with QTL identified in commercial crossbred beef cattle (breed

81



composition unknown) for postweaning gain on BTA2 (9.5 to 13.7 Mb) (Kneeland et al.,
2004). A second high Fist sliding window (Fist = 0.20 = 0.053) co-located with QTL for
postweaning gain on BTA14 (5.9 to 7.9 Mb) (Kneeland et al., 2004). This might indicate
regions under selection on postweaning gain for L1. Low Fist bvalues have been used as
putative indicators of similar selection placed on different populations (Akey et al., 2002). In
this study, Fist of sliding window quantified population divergence between L1 and AHA in

specific genome regions.

Window Heterozygosity

Knowing that population differentiation had a non-uniform distribution across the
genome, extreme value in heterozygosity can be used to investigate recent directional
selection using samples from populations that have diverged (Rubin et al., 2010, Sutter et al.,
2007). Average Hws were 0.26, 0.29 and 0.27 for L1, AHA and all genotyped Hereford in
this study, respectively. Hw of sliding windows showed again a non-uniform distribution
across the genome (Figure 3.4). Hw values were approximately normally distributed (Figure
3.5), and therefore, the lowest 2.5% Hw was employed as an empirical threshold in
determining low Hw. The 2.5 percentiles of Hw were 0.05, 0.12 and 0.10 for L1, AHA and a
combination of both, respectively. Regions with extreme values were investigated on L1,
AHA and a grouping of both.

Decrease of multi-locus heterozygosity region has been previously applied to detect
putative signature of recent selection (Oleksyk et al., 2008, Rubin et al., 2010, Sutter et al.,

2007). Putative selective sweeps which co-located with functional genes related to chicken
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specializations were identified by detecting genome regions with low heterozygosity (Rubin
et al., 2010). Because the Hereford breed as a whole is subject to selection on growth traits
(Bailey et al., 1971, Koch et al., 1994), Hw regions found on both L1 and AHA were
investigated to search for QTL previously identified in different cattle breeds including
Ayrshire, Angus, Charolais, Chinese native breeds, Brahman x Hereford and Brahman x
Angus (Table 3.2). Both L1 and AHA had low Hw in region 1, 2, 5, 6, 8, 9 and 10. These
regions co-located with QTL for growth related traits such as slaughter weight (Elo et al.,
1999, Takasuga et al., 2007), average daily gain (ADG) (Nkrumah et al., 2007, Wang et al.,
2010), carcass weight (Casas et al., 2003) and yearling weight (Kim et al., 2003, Wang et al.,
2010) in BTALI, 16, 17, 18, 23 and 25. These low Hw regions may indicate recent selection
on growth traits on both L1 and AHA.

A challenge in using heterozygosity to detect loci of functional interests lies on
disentangling selection effects from random drift effects. Both directional selection and
random drift can be the cause of low Hw. Previous studies of heterzysogity assumed that
individuals within population were random samples drawn from the population and they
were not related to each other (Oleksyk et al., 2008, Rubin et al., 2010, Sutter et al., 2007).
However, inbreeding effect needs to be taken into consideration in the Hereford samples used
here. Since the L1 sample was subject to much stronger random drift effects than AHA, it
was assumed that fixation due to random drift could be observed more frequently in L1 than
in the same region on AHA. If low Hw regions were to be observed in both L1 and AHA,
then directional selection was likely the main factor driving regions approaching fixation

given that both L1 and AHA are subject to selection for growth traits. If a region showed low
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Hw only on L1, this region could reflect either random drift or directional selection on L1
only.

Low Hw specific to L1 was observed in regions 3, 4 and 7 (Table 3.2). Region 4
mapped to BTA14 (7.7 to 7.9 Mb) and had Hwy 0.01. The region included six SNPs and co-
located with a QTL previously identified for postweaning gain in commercial crossbred
animals which breed composition were unreported (Kneeland et al., 2004). Hw in this
region was of 0.21 and Fist of 0.25. Region 7 co-located with QTL for dry matter intake
indentified in Angus, Charolais and crossbred animals (Sherman et al., 2009) on BTA8 (6.5 —
6.8 Mb). On BTA3 (95.8 — 105.6 Mb), region 3, which consisted of 34 sliding windows, is
the largest low Hw genomic region that is specific to L1. Further study is needed to
determine whether such a large region of low Hw is due to selection or random drift.

While regions of low Hw may result from directional selection, regions of high Hw
can stem from directional selection on loci with low frequency at inception. The 97.5
percentile of Hw was 0.45, 0.44 and 0.43 for L1, AHA and a combination of both
populations, respectively. For a favorable allele under selection and having low frequency
due to recent mutation or more likely in the L1 case from a recent bottleneck, frequency will
increase. Nonetheless, after a relatively small number of generations, most of the favorable
alleles will be carried by heterozygous individuals in the population, resulting in
disproportionately high Hw regions. As shown in Table 3.2, Region 13, 14, 15, 17 and18
located on BTA2, 6, 7 and 9 showed high Hw values on both L1 and AHA and co-located
with QTL previously identified in Angus, Charolais, Angus x Brahman, Japanese black cattle

and Hereford crossbreds on traits related to growth such as yearling weight (Kim et al.,
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2003), slaughter weight (Setoguchi et al., 2009), dry matter intake (Sherman et al., 2009) and
ADG (Marquez et al., 2009, Nkrumah et al., 2007, Takasuga et al., 2007). Region 20 had
high Hw only on L1 and overlapped with QTL for slaughter weight that were identified in
Ayrshire cattle (Elo et al., 1999) on BTA23. High Hw regions on both L1 and AHA may
indicate directional selection on both populations while high Hw regions specific to L1 may
indicate directional selection specific to L1.

Regions of high Hw may also be due to stabilizing selection favoring the
heterozygous state. As reflected in previous QTL studies, reproductive and survival traits
often have dominance effects. Region 11, 12 and 16 all showed high Hw in both L1 and
AHA and co-located with fitness related QTL and genes identified in other studies. Regions
16 co-located with QTL for stillbirth (Thomasen et al., 2008) in BTA7. Region 11
overlapped with the glycogen synthase kinase 3 beta (GSK3B) gene, that has been implicated
in insulin-like growth factor regulation and associated with embryonic survival (Aparicio et
al., 2010, Nemoto et al., 2010). Region 12 co-located with PDE1A4 on BTA2 (14.5 — 14.7
Mb), the calmodulin-dependent phosphodiesterase gene, that is involved in sperm
capacitation (Fournier et al., 2003). These regions may indicate stabilizing selection on both
L1 and AHA. Region 19 and 21, which had high Hw specific in AHA, co-located with QTLs
previously identified in Chinese native cattle breeds and Holstein for early embryonic
survival (Wang et al., 2009) and sperm average path velocity (Druet et al., 2009) in BTA17
and 25, respectively. Their Fst values were 0.15 and 0.07, respectively. These regions may

indicate stabilizing selection on AHA, although population divergence was not strong.
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In calculating window heterozygosity, L1, AHA and a combination of both samples
were independently used to avoid Simpson’s paradox (Simpson, 1951), for which
correlations in different groups might be reversed when data are combined. Low
heterozygosity may be a result of directional selection of favorable alleles. While High
heterozygosity may indicate loci under directional or stabilizing selection, combining results
with association analyses could help to determine whether these putative selection signatures
were due to directional or stabilizing selection.

A limitation of the heterozygosity study stems from the fact that animals employed in
this study did not represent random samples in each generation of L1 because only random
sample of current L1 and their sire and grand sires were genotyped. Early L1 genotyped
animals were ancestors of the current L1 genotyped animals and therefore, confounded effect

of family structure may also exist in heterozygosity analysis in L1.

Cumulative selection differential

Association analysis of genotypes and CSD on L1 was conducted. Cumulative
selection differentials show the expected outcome of selection when heritability is 100%
(Falconer and Latyszewski, 1952). In this case, CSD for postweaning gain reflects the
selection applied since the inception of Line 1. Average CSD for postweaning gain per year
for genotyped L1 increased steadily (Figure 3.6). Change of allele frequency may associate
with selection response in selection experiments (Johansson et al., 2010). In genomic regions
that have median to high Hw, change of allele frequency may be detected by regressing SNP

genotypes to CSD.
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Using L1 data, 1,081 out of 25,901 SNPs were significantly associated with CSD
(FDR < 0.05). These significant SNPs clustered into 186 genome regions. As shown in Table
3.3, 19 of these regions on BTA2, 5,6,7,9, 11, 12, 14, 15, 17, 18, 23 and 26 co-located with
QTL previously identified in Angus, Charolais, Japanese Black, Japanese Brown, Arshire
and crossbred animals (breed composition unknown) for traits related to growth such as
carcass weight (Casas et al., 2003, Kim et al., 2003, Takasuga et al., 2007), postweaning gain
(Kneeland et al., 2004), ADG (Gutierrez-Gil et al., 2009, Kneeland et al., 2004, Li et al.,
2004, Liet al., 2002, Marquez et al., 2009, Nkrumabh et al., 2007), yearling weight (Casas et
al., 2000), slaughter weight (Elo et al., 1999, Setoguchi et al., 2009), preweaning gain
(Kneeland et al., 2004) and dry matter intake (Marquez et al., 2009, Nkrumabh et al., 2007,
Sherman et al., 2009). Of all SNPs in one region, the largest regression coefficient was
reported as the maximum effect, kg for each region. In BTA2 (10.6 — 11.5 Mb), CSD region
1 overlapped with QTL for postweaning gain with a partial regression coefficient of 0.14 +
0.034. By increasing CSD for postweaning gain by 100 kg, the biggest allele frequency
change of one SNP in the region is 0.14. Three of these 19 CSD regions overlapped with
high Hw regions detected in the window heterozygosity study. In spite of the limited sample
size, combing results from Hw and association detected loci of interest, suggesting that the
combination of the multiple source of weak information might be an effective mapping

approach for small populations.
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Heterozygosity and inbreeding effect on postweaning gain

In regions that have median to high Hw, association between SNP and non-additive
genetic variance may also be detected. The non-additive proportion of postweaning gain was
detected in L1 by association between inbreeding coefficients and EBLUP residuals for
postweaning gain. Inbreeding coefficients had a partial regression coefficient of -349.2 +
68.20 kg. This was consistent with previous result on postweaning gain in L1 (MacNeil et al.,
1992). Residuals of EBLUP were used to study inbreeding effects. In this case, inbreeding
coefficients were tested to explain non-additive effects that were previously disregarded in
BLUP estimation (Gulisija et al., 2007). The association between EBLUP residuals for
postweaning gain and inbreeding indicated a dominance deviation in postweaning gain.

Inbreeding coefficients are the expectations of alleles being identical by decent
estimated using pedigree information. Alternatively, inbreeding can be obtained from
heterozygosity under probability theory (Kempthorne, 1969). The percentage of
homozygosity of an individual can be described as a combination of identical by decent and
identical in state alleles. Conversely, the percentage of heterozygosity can be estimated as
one minus homozygosity. In the association study of heterozygosity and EBLUP residuals,
the lowest FDR found for one SNP was 0.17. With a cutoff FDR of 0.20, 60 SNPs were
considered significantly associated with EBLUP residuals for postweaning gain. These SNPs
clustered into 35 genome regions defined as rEBLUP regions. As reported in Table 3.4, three
regions co-located with QTL for reproduction traits such as stillbirth (Thomasen et al., 2008),
pregnancy rate (Boichard et al., 2003, Holmberg and Andersson-Eklund, 2006) and semen

volume (Druet et al., 2009) on BTA7, 9 and 15. Of all SNPs in one region, the smallest and
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largest regression coefficients were reported as the minimum and maximum effects for post
weaning gain, respectively. Similar to what was shown in the inbreeding model; a negative
partial regression coefficient indicated that increasing SNP heterozygosity would decrease
postweaning in L1. This negative partial regression coefficient may be a result of indirect
selection on reproductive traits since genetic correlation between reproductive and growth
traits have been shown to be generally negative (Forni and Albuquerque, 2005, Meyer et al.,
1991). When two major components of fitness have negative genetic correlation,
intermediate optimum of trait value may be selected under stabilizing selection (Mackay et
al., 2009). This may result in selecting individuals with more heterozygous loci if major
component of fitness have pleiotropic effects. Positive regression coefficients indicated that
higher percentage of heterozygosity of SNP increases postweaning in L1. Loci with positive
regression coefficients may have overdominance effect on postweaning gain. Functional
analysis will be needed to further study loci of interest and, given the large FDR in this

analysis, a larger sample size would be needed in future studies.

Combined evidence

The number of SNPs corresponding to high Fist, low Fst, low Hwr, low Hwya, low
Hwya, high Hwy, high Hw,, high Hwa, SNP genotypes that were significantly associated
with CSD for postweaning gain (FDR < 0.05) and SNP heterozygosity that were significantly
associated with EBLUP residuals for postweaning gain (FDR < 0.20) were combined (Table
3.5). Numbers of SNPs shared by any of the two sets mentioned above are shown in the

lower diagonals. Numbers of SNPs in the shared regions are shown in the upper diagonals. A
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shared region includes SNPs that were significant in two analyses; while these significant
SNPs were within 20 SNPs distance in the physical order of the genome the SNPs, bounded
by these significant SNPs were also included in significant regions. Strong population
divergence signals were more likely detected in low Hwy regions than high Hw regions.
About one fifth of low Hwi SNPs had high Fis¢, while only 1/20 low Hwa SNPs had high Fist.

The overlapping regions may indicate genome regions of functional interest. About
two fifths of low Hw SNPs and low Hw, SNPs overlapped. These regions may be subject to
directional selection. Three fifths of low Hw SNPs that did not overlap with low Hw, SNPs
may indicate regions that were subject to strong random drift effects in L1. Some low Hw
SNPs regions detected within population also could have low Hw across population. While
60% of low Hwy, SNPs overlapped with low Hwra SNPs, 70% of low HwaSNPs overlapped
with low Hwia SNPs. While 60% of high Hw; SNPs overlapped with high Hwr o SNPs, 55%
of high HwASNPs overlapped with high Hwy 4, SNPs. There were more common low Hw
SNPs than high Hw SNPs when Hws were estimated within and across populations. About
one fifth of high Hwi. SNPs also had high Hws. Hw regions may be generated by
complicated events such as different directional selection or stabilizing selection placed in
these two populations. Very few SNPs in high and low Hw regions overlapped. However,
when significant SNPs were expanded to significant regions (upper diagonals of Table 3.5),
some SNPs can be found in overlapping regions, indicating some high and low Hw SNPs
may be adjacent to each other.

To further study different putative selections in high Hw regions, results from

association analyses were combined with results from heterozygosity analysis. Out of 1,082
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SNPs that were significantly associated with CSD for postweaning gain in L1, 23 SNPs had
high Hw,. Out of these 23 SNPs, three regions overlapped with known QTL for growth
traits. Only a few SNPs heterozygosity were found significantly associated with EBLUP
residuals for postweaning gain. Larger sample size would be needed to detect non-additive
genetic component. Computation of all the analyses in this study was carried out on a 64-bit
personal computer (3.00-GHz, Intel Xeon processor, 20 gigabytes of RAM), and its running

time was about 3 hours.

CONCLUSION

Genome-wide SNP genotypes on L1 and AHA individuals revealed characteristic of
these two U.S. Hereford populations. L1 had larger average LD than AHA, which was
indicated by higher correlation of SNP genotypes within L1. The difference of LD between
L1 and AHA decreased as SNP spacing increased, indicating recent divergence of these two
populations. Persistence of phase indicated that large LD generated by population bottleneck
in the formation of Line 1 Hereford population eroded in current L1. The overall population
divergence between L1 and AHA was small but it had a non-uniform distribution across the
genome. Genomic information revealed genome patterns that are consistent with known
population history. The locus specific genome patterns may reveal different effects of
selection and random drift.

Window heterozygosity analysis revealed genome regions that approached fixation.
This may indicate directional selection that increased frequency of favorable alleles. By

using L1 and AHA samples which were subject to different levels of random drift effects,
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low Hw region indicating putative selection signature were detected. Nineteen regions co-
located with known QTL for traits that were related to the selection placed on L1 and AHA.
Further functional studies are needed to understand the selection effects on these regions. The
SNPs used in this study were preselected genetic markers that had median to high
frequencies in cattle population (Matukumalli et al., 2009), they did not reflect all the genetic
variant in the genome. With sequencing data, more in-depth analysis may be conducted by
using heterozygosity to search for selection footprint (Rubin et al., 2010).

Genome regions that had high Hw may be subject to directional or stabilizing
selections. Combining association and heterozygosity analyses, 23 significant SNPs that were
associated with selection overlapped with high Hw regions. These SNPs or QTL that are in
LD with these SNPs may be subject to directional selection which increased frequencies of
favorable alleles. With better knowledge of the selection effect of on the genome, better
interpretation can be made on the genome pattern, which will lead to more efficient use of
genomic data in animal breeding and genetics.

A few heterozygous SNP were found to be associated with non-additive genetic
variance of postweaning gain in L1. Given that the SNP with the smallest FDR was high
(0.17), more advanced heterozygosity measures will be needed to capture larger variance of
identity by descent (Keller et al., 2011). A larger data set will be needed to disentangle

different selection effects that affect high Hw regions.
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Table 3.1 Number of SNPs for analysis using L1, AHA and the grouping of both

Linkage Fixation index, window
Analysis disequilibrium' heterozygosity’ Regression’
Number of Number of sliding Number of
Number of SNP SNP window SNP
L1 35385 50367 8381 25901
AHA 35385 50367 8381 39751
L1+ AHA 35385 50367 8381 38678

'All SNPs that passed quality control and had minor allele frequency (MAF) > 2% were employed to
estimate linkage disequilibrium

2All SNPs that passed quality control were utilized to construct sliding window of six SNP

3 All SNPs that passed quality control, had MAF > 2% and were not in LD with another SNP in the
same chromosome were used in regression analysis
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Figure 3. 1 Linkage disequilibrium of SNPs
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Figure 3. 2 Persistence of phase
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Figure 3.3 Chromosome-wide linkage disequilibrium for L1 and AHA
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Figure 3.4 Fixation index and window heterozygosity of 8,381 sliding windows
Y axis: Fst: Fixation index (Fst) between L1 and AHA (n=551)
Hwy: Window heterozygosity for L1 (n = 240)
Hwa: Window heterozygosity for AHA (n=311)
Hwi . Window heterozygosity for L1 and AHA combined (n = 551)
X axis: Ordered by physical map with different color referring to different chromosomes (1 to 29 autosomes)

Blue line: Average Hw across the genome

Green lines: the highest and lowest 2.5% value

105



Fst
00 02 04 08

HwlL
0.3

HwA

HwLA

06

0.0

03 08

0.0

03 08

0.0

L1+ AHA

L1

AHA

L1+ AHA

N
‘ Lhoe oo, B8 o & o

Chromosome

106



Figure 3. 5 Density plot of window Heterozygosity using 8,381 sliding windows constructed

with L1, AHA and a combination of both
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Table 3.2 Genome regions that have high or low window heterozygosity and overlap with genes and QTLs

Number of Location Overlap QTL
Region BTA sliding window' (Mb)? Hw,’ Hw, Hw, 5 Fst' and gene Reference
1° 1 1 69.9 -70.2 0.01 0.10 0.06 0.30 Slaughter weight Takasuga et al., 2007
2 5 1 119.8-120.0  0.0007 0.07 0.04 0.05 ADG® Nkrumabh et al., 2007
0.004-
3 9 34 95.8-105.6 0.04 0.17-0.45 0.10-0.27 0.13-0.47 - -
4 14 1 7.7-17.9 0.01 0.21 0.12 0.25 Postweaning gain Kneeland et al., 2004
ADG, yearling

5 16 3 44.9-45.9 0-0.18 0-0.14 0-0.16 0-0.01 weight Wang et al., 2010
6 17 1 34.7-24.9 0.04 0.11 0.10 0.10 ADG Nkrumabh et al., 2007
7 18 1 51.3-51.5 0.05 0.24 0.15 0.17 Dry matter intake Sherman et al., 2009
8 18 1 6.5-6.8 0.02 0.09 0.06 0.13 Carcass weight Casas et al. ,2003
9 23 1 12.6 - 13 0.02 0.05 0.04 0.01 Slaughter weight Elo et al., 1999
10 25 1 0.6-0.8 0.03 0.05 0.04 0.01 Yearling weight Kim et al.2003

Aparicio et al., 2010,
11 1 1 65.4 0.41 0.47 0.44 0.02 GSK3B Nemoto et al., 2010
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Table 3.2 Continued

12

13

14

15

16

17

18

19

20

21

17

23

25

14.5 - 14.7

16.5-17.9

33.5-33.7

30.3-30.6

33.5-33.7

66.4 - 66.6

15.8-16.0

28.6-30.8

0-0.5

30.0-30.5

0.44

0.53

0.48

0.47

0.46

0.55

0.42

0.36

0.46

0.38

0.46

0.42

0.43

0.47

0.41

0.50

0.45

0.47

0.23

0.47

0.45

0.47

0.45

0.47

0.43

0.52

0.43

0.42

0.33

0.43

0.03

0.06

0.001

0.04

0.11

0.02

0.05

0.15

0.2

0.07

PDEIA

Yearling weight

Slaughter weight

Dry matter intake

Stillbirth
Stillbirth, ADG,

slaughter weight

ADG
Early embryonic

survival

Slaughter weight
Sperm average

path velocity

Fournier et al., 2003, Kim et

al.2003, Kneeland et al., 2004

Kim et al.2003

Setoquchi et al. , 2009

Sherman et al., 2009

Thomasen et al., 2008
Thomasen et al., 2008, Takasuga

et al., 2007, Nkrumabh et al., 2007

Marquez et al., 2009

Wang et al., 2009

Elo et al., 1999

Druet et al., 2009
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Table 3.2 Continued

Region 1 to 10: Bold indicates sliding windows that had the lowest 2.5% window heterozygosity (Hw) using L1 (Hwr), AHA
(Hwa) or a combination of both (Hwy4).

Region 11 to 20: Bold indicates sliding windows that had the highest 2.5% Hw using L1, AHA or a combination of both

" A region was defined as consecutive sliding windows. The number of sliding window is shown.

2 Map location of the region

3 Range of Hw

* Fixation index (Fst) of the region; Bold indicates sliding windows that had the highest (lowest) 2.5% of Fit

Rows in grey refers to regions that had overlapped QTL and genes related to growth traits. Rows in white refers to regions that
had overlapped QTL and genes related to reproductive traits

% ADG: Average daily gain
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Figure 3. 6 Average cumulative selection differential of postweaning gain, kg per generation

for L1
* .
(=]
w — L
d
@
T
s 3 . .
g “ .
e * *
[ [ ]
=
3 B4 .
o
[74]
[iH]
=
w o
5 S
E - . *
3
O [ ]
(=3
[Ty}
L ]
I I I I
5 10 15 20
Generation
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Table 3.3 Significant SNP that associated with cumulative selection differentials of postweaning gain and overlapped with QTL

Location Maximum regression
CSD region'  BTA (Mb) coefficients x 100* OverlappedQTL Reference
1 2 10.6-11.5 0.14 Carcass weight and postweaning gain Kim et al.2003, Kneeland et al., 2005
2 5 55.3-60.7 0.16 ADG’ Li et al., 2002, Li et al., 2004
Carcass weight, yearling weight and

3 6 33.2-42.0 0.20 slaughter weight Casas et al., 2000, Seroguchi et al., 2009
4 6 52.4-63.2 0.21 ADG andpreweaning gain Kneeland et al., 2004
5 6 88.5-102.2 0.23 Preweaning gain anddry matter intake Kneeland et al., 2004
6 7 26.8-32.7 0.19 Dry matter intake Sherman et al., 2009
7 9 14.9-16.0 0.18 ADG Marquez et al., 2009
8 11 16.8-23.8 0.24 Dry matter intake Marquez et al., 2009
8 12 65.7-79.3 0.24 Dry matter intake Nkrumabh et al.2007
10 14 16.2-17.5 0.07 Carcass weight Takasuga et al., 2007
Carcass weight, preweaning gain and Mizoshita et al., 2005, Kneeland et al., 2005,

11 14 19.8 -23.6 0.15 ADG Takasuga et al., 2007
12 15 38.0-46.0 0.19 ADG Marquez et al., 2009
13 17 18.4-28.3 0.17 ADG Nkrumabh et al.2007
14 18 6.4-8.0 0.15 Carcass weight Casas et al., 2003
15 18 35.6-40.5 0.16 Dry matter intake Nkrumabh et al.2007
16 23 19.2-24.5 0.19 Slaughter weight and preweaning gain Elo et al., 1999, Kneeland et al., 2005
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Table 3.3 Continued

17 23 48.7-51.2 0.10 Dry matter intake Sherman et al., 2009
18 26 27.9-32.5 0.19 ADG Gutierrez-Gil et al., 2009
19 26 443 -47.9 0.15 ADG and dry matter intake Nkrumabh et al.2007

' Genome regions that have SNP significantly associated (FDR < 0.05) with cumulative selection differentials (CSD) for postweaning gain in L1

? The maximum regression coefficients of the CSD for postweaning gain in one region. It is the biggest allele frequency change of one SNP in the region
means by increasing CSD of 100 kg.

’ ADG: Average daily gain
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Table 3.4 Significant SNP that had heterozygosity associated with empirical BLUP residuals for postweaning gain and overlapped QTL

Maximum
rEBLUP Location Minimum regression regression
region'  BTA (Mb) coefficient’ coefficient’ Overlapped QTL Reference
1 7 35 -13.11 -13.11 Stillbirth Thomasen et al., 2008
2 9 9.3-11.2 -13.83 -12.42 Pregnancy rate Holmberg et al., 2006
Pregnancy rate, semen Boichard et al., 2003, Druet et
3 15 16.3-22.5 -12.37 19.13 volume al., 2009

" Genome regions that have SNP significantly associated (FDR < 0.20) with empirical BLUP residuals (rEBLUP) for postweaning gain in L1
? The minimum regression coefficients of the SNP in one region
* The maximum regression coefficients of the SNP in one region
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Table 3.5 Combined results of heterozygosity, fixation index and association studies

High Fst Low Fst Low Hw;, LowHw, LowHw;, HighHw; HighHw, High Hwy s CSDh rEBLUP
High Fst 1260 49 876 596 525 203 404 100 669 192
Low Fst 0 1259 366 672 512 541 563 656 902 71
Low Hw,, 270 36 1270 1932 2867 174 261 201 704 41
Low Hw, 54 78 478 1263 3436 350 200 226 943 90
Low Hwy 5 36 60 736 903 1263 293 265 271 875 53
High Hw,, 6 54 0 6 0 1281 1468 3282 1108 56
High Hw, 42 66 6 0 0 289 1265 2932 1299 82
High Hwy 5 0 72 0 0 0 769 703 1261 1115 63
CSD 13 15 5 10 9 23 40 24 1082 231
rEBLUP 2 0 0 2 1 0 1 1 3 60

Diagonal: Number of significant SNPs
High Fst: Number of SNPs in the sliding windows that had 2.5% highest Fixation index (Fst)

Low Fst: Number of SNPs in the sliding windows that had 2.5% lowest Fst

Low Hw: Number of SNPs in the sliding windows that had 2.5% lowest window heterozygosity using L1 genotypes

Low Hw,: Number of SNPs in the sliding windows that had 2.5% lowest window heterozygosity using AHA genotypes

Low Hwa: Number of SNPs in the sliding windows that had 2.5% lowest window heterozygosity using L1 and AHA genotypes
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Table 3.5Continued

High Hw: Number of SNPs in the sliding windows that had 2.5% highest window heterozygosity using L1 genotypes

High Hwa: Number of SNPs in the sliding windows that had 2.5% highest window heterozygosity using AHA genotypes

High Hw ,: Number of SNPs in the sliding windows that had 2.5% highest window heterozygosity using L1 and AHA genotypes

CSD: SNPs significantly associated with Cumulative selection differential (CSD) of postweaning gain in L1 (FDR < 0.05)

rEBLUP: SNPs with heterozygosity significantly associated with BLUP residue of postweaning gain in L1 (FDR < 0.20)

Lower diagonal: Number of significant SNPs shared

Upper diagonal: Number of overlapping significant regions. A significant region includes significant SNPs and SNP bounds by two significant SNPs that are
within 20 SNPs distance
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Chapter 4
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Conclusion

The Line 1 Hereford cattle is a unique population of Hereford beef cattle that
underwent 77 years of selection experiments. The Line 1 Hereford has provided material for
numerous scientific studies, including sequencing of the bovine genome. Based on genomic
information obtained on the DNA sequences, single nucleotide polymorphism (SNP) panels
were developed and soon gained popularity in cattle breeding and genetics studies.

The studies within this dissertation were conducted to investigate how these panels
can be applied back to the Line 1 Hereford along with general American Hereford cattle to
deepen our understanding of breeding and genetics. To increase information content from
SNP panels, imputation can be applied to predict unknown genotypes with high accuracy
when genotypes are available on heterogeneous SNP panels. However, most of the
imputation studies in cattle were conducted on dairy breeds. In chapter 2, samples from the
Line 1 Hereford cattle (L1) and general American Hereford (AHA) were utilized to study the
cost effective approach of genotyping by using imputation. The genetic relationship of these
two populations was employed to construct different subsets of animals for imputation.
Combining information from pedigree and SNPs, imputation accuracy changed with different
sparse SNP panel designs, origins of animals, as well as relationships among animals.
Genotyping strategies with optimum imputation accuracy and cost were identified to benefit
a wider application of SNP panels.

In chapter 3, with more than 50,000 SNP genotypes available, genome patterns were
revealed in L1 and AHA. Known from the breeding history, these two populations underwent

different levels of selection and random drift events. Molecular information obtained from
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SNPs confirmed the recent divergence of these two populations. A large number of SNPs
across the genome enable us to investigate locus specific genome patterns, which may have
functional interest. Combining results from heterozygosity, fixation index and association
studies indicated putative selection footprints with some confirmed by co-located QTL and
genes identified in previous studies.

The studies within this dissertation included a comprehensive analysis of a practical
application in reducing genotyping cost. Increased affordability will lead to genotyping of
more animals, which will enhance the accuracy of genomic predictions for commercial
breeders. This dissertation also made an effort to search for genome regions that showed
putative selection footprints. With a better understanding of the genome region related to
selection, further function analysis can be executed on these regions of interest which will
result in a better interpretation of genomic information and more advanced application of

SNP panels.
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