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The introduction of high-density SNP arrays in livestock species has
enabled genomic evaluations on a scale not possible just a few years
ago. Faster genetic gains are realized from application of genomics in
pigs by increasing the accuracy of selection. This is especially important
for lowly heritable reproductive traits, where female selection candidates
have not yet expressed a phenotype at the point of selection and male
candidates have no phenotype at all. Litter size was one of the first traits
for which the breeding company PIC implemented genome assisted
selection, using a 196 SNP panel in 2010. Significant improvements in
accuracy for all selection index traits are now achieved using single step
genomic evaluation incorporating genomic information into multivariate
mixed model evaluations. Genotyping costs have been a barrier to full-
scale implementation, but this challenge has been overcome by imputing
high density genotypes from low density panels on selection candidates.
Next generation sequencing technology is revolutionizing genomics
research. The recently published draft pig genome sequence, along with
the availability of phenotypes and tissue samples on thousands of animals,
often with complete pedigree, facilitate discovery of genomic regions,
genes and causative mutations for traits such as disease resistance. In the
future, genome editing has the potential to introgress beneficial alleles
from rare or indigenous breeds not present in improved commercial lines,
as well as increasing the expression of beneficial genes through directed
gene duplication. Additionally, nonlinear and nonparametric methods
may be applied to further improve statistical predictions of genetic merit
and performance.

Introduction

Genomic information has been used to increase accuracy of selection for arange of commercially
important traits in commercial pig breeding, beginning with use of the HAL-1843" ‘stress’ gene
test in 1991 (Fujii et al., 1991, MacLennan & Phillips, 1992). This review traces the history of
genetic improvement for reproductive traits in swine from application of multivariate best linear
unbiased prediction (BLUP) beginning in the early 1990s, through marker assisted selection
(MAS), genome assisted selection (GAS), and the recent application of genomic selection (GS).
The review concludes with a brief consideration of new statistical and genomic technologies,
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currently the subject of research, expected to further improve accuracy and rate of genetic
improvement in reproductive and other quantitative traits of economic importance to pork
production.

Quantitative genetic selection to improve sow reproduction

Reproductive performance is a crucial component of any pig breeding program as efficient pork
production requires highly productive sows (Dekkers et al., 2011). Pig breeding companies
began using quantitative genetics-based multi-trait BLUP evaluation systems (Henderson, 1975,
Harris & Newman, 1994) to improve pig reproduction traits starting in the early 1990s, and
good genetic progress as evidenced by both genetic and phenotypic trends has been achieved
(Figure 1).
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Fig. 1 Fifteen year genetic (dotted/dashed lines) and phenotypic (solid lines) trends in PIC
purebred (L02, LO3) and crossbred (L42 = L02 x L03) sow litter size (total number born per litter).

Quantitative genetics applies to traits which are affected by the action of many genes, as
distinct from qualitative traits controlled by just a few major genes. The assumed genetic model
behind the past success of genetic selection for reproductive (and other quantitative) traits is
that such complex traits are genetically controlled by an infinite number of genes, each with
an infinitely small effect (the infinitesimal gene model, Lynch & Walsh, 1998). Based therefore
on unrealistic biological assumptions, gene frequencies are changed by selection without
any knowledge of how many genes are involved, where they are located, the additive effects
they each contribute to the trait selected for, or the frequencies of favorable alleles. That this
statistical-genetic “black box” method works, which it does (McLaren, 2007), is not surprising
given genome wide association studies (GWAS) using tens or hundreds of thousands of single
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nucleotide polymorphisms (SNPs) have confirmed the existence of hundreds or thousands of
genes throughout the genome contributing small effects to the overall additive genetic variance
for most, if not all, quantitative traits (McCarthy et al., 2008, Flint & Mackay, 2009).
Complex statistical models adjust for multiple sources of non-genetic (environmental) variation
and yield the estimated sum of the additive effects of alleles an individual carries, the estimated
breeding value (EBV), required to select genetically superior parents of the next generation. This
process depends on the phenotypic performance of individuals and their relatives, the genetic
relationship among these individuals, and known sources of environmental variation.

Phenotypes and computations

The structure of porcine genetic improvement programs involves a high biosecurity nucleus tier
where selection occurs in purebred populations (Dekkers et al., 2011). Commercial production
takes place in different environments and is based on crossbred sows (Figure 2). Thus, success
of selection depends on how much genetic progress is realized in crossbred pigs. The genetic
correlation between purebreds and crossbreds is a measure of efficiency (accuracy) of genetic
selection in purebred animals for crossbred performance. The smaller the correlation, the more
important crossbred information becomes. Genetic correlations between purebred nucleus
and commercial crossbred performance for economically important traits in the pig can deviate
significantly from unity (Merks, 2001, Nakavisut et al., 2005), indicating not all the improvement
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Fig. 2. The classic pig production pyramid. Pure line genetic improvement made at the genetic nucleus
(GN) level is multiplied in production nucleus (PN) farms where female great grandparents of the
commercial generation are produced and supplied to daughter nucleus farms producing grandparents
(GPs) for gilt and boar multipliers (GM and BM) which produce the commercial crossbred parent sows.
For example, dam lines A, B, C and sire lines D and E might be improved in the GN, PNs multiply
CxC and ExE, DNs produce BxC sows, GMs produce Ax(BxC) parent sows and BMs DxE parent boars.
Increasingly PN and DN functions are merged and pure line terminal sires used in a Ex(BxC) commercial
crossbreeding system. The ratio of sows in GN/PN/DN:GM:Commercial is approximately 1:4:40.
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predicted based on purebred traits in the nucleus environment will be realized by crossbreds
in a commercial environment.

In PIC’s genetic data recording system, semen from maternal line boars used at the nucleus
level is distributed to cooperating multiplier herds to produce F1 parent sows whose lifetime
performance is recorded in commercial herds (Casey et al., 2006, Perez et al., 2006, Knap & Su,
2008). Measurements are collected from both crossbred and purebred sows for total number
born and percentage of pigs stillborn. In addition, preweaning survival, litter weaning weight
and weaning to first mating interval are measured on purebred litters or sows in the nucleus
farms. Repeated records (when available) from each sow are used in estimating breeding values.
Supporting information from each litter record is incorporated into genetic evaluation models
in the form of fixed non-genetic effects and (or) linear covariates. Examples include farm, line,
parity, number of services (returns), farrowing date, mating type (purebred or crossbred), age at
first farrow, start litter weight after cross fostering, number of nursing days and number of pigs
after cross-fostering. Multiple trait repeatability animal models are used for genetic parameter
estimation for all these traits. Genetic parameters are obtained using the REMLF90 program
(Misztal, 1999). Using a high performance computing environment all seven traits can be run
together, but this can be time-consuming. Alternatively, two-trait models are used to speed the
estimation process and matrix bending performed to obtain a positive-definite matrix for use in
multivariate genetic evaluation. Retrospective analyses are performed to estimate genetic trends
in both pure and crossbred populations. As illustrated in Figure 1, selection based upon mixed
statistical model analysis of swine reproduction traits has been successful despite the traits being
lowly heritable, sex limited and expressed late in a crossbred female's life.

Early use of molecular genetics in pig breeding

The search for “major” genes associated with economic traits in pigs began in the late 1980s and
early 1990s when researchers started to look for quantitative trait loci (QTL) using microsatellite
DNA markers in divergent crosses (Beuzen et al., 2000, Bidanel & Rothschild, 2002, Dekkers,
2004, Bidanel, 2011, Dekkers et al., 2011). The concept being that, particularly for important
traits that are lowly heritable, sex limited and / or not expressed in selection candidates, if there
were QTL of relatively large effect their detection could be exploited by marker assisted selection
(MAS) schemes to accelerate rates of genetic improvement by improving the accuracy of selection
(Figure 3, van der Steen et al., 2005).

In particular, diverse crosses between highly prolific Chinese breeds (e.g., Meishan) and western
pigs gave hope that genes involved in traits associated with reproduction could be identified and
useful variation exploited in pig breeding. Major drawbacks to this approach, however, were that
associations found in such divergent crosses did not easily translate into commercial populations;
the distances between markers were very large; and there was a significant chance that beneficial
Chinese alleles did not exist in commercial populations.

An alternative was the candidate gene approach where DNA sequence variation, commonly
SNPs, would be identified in genes thought to be involved in traits of interest and investigated
for statistically significant association with that trait, either in a divergent cross or a commercial
population. A significant advantage of this approach was that, provided a SNP had a reasonable
minor allele frequency (>0.1) in a commercial population and had an economically significant
effect on a trait of interest, it could be immediately used in a MAS process to improve traits such
as litter size. This was taking place in the 1990s, which was followed by a decade that saw
phenomenal growth in high throughput genotyping and leaps in the large data base computing
capacity required to apply the technology outside the research laboratory.
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A Gyr =11 X Gy X (Vt)

‘Where:
AGW = Annual improvement in Index breeding value
ryy = Accuracy of selection
= Correlation between the (unknown) true
breeding value (T) and the Index (I)
Oa = Genetic standard deviation
i = Intensity of selection (selection differential/ Gy)
t = Generation interval

= Avg age parents when offspring are born, yr
Fig. 3 Relationship of accuracy of selection to rate of genetic gain, Delta G.

Collaboration between PIC and Max Rothschild’s group at lowa State University was
particularly successful in identifying SNPs in candidate genes for litter size in Chinese Meishan
and crossbred Meishan populations, and then validating associations in commercial populations.
Early successes from this collaboration resulted in markers in the estrogen and prolactin receptor
genes as well as the retinol binding protein gene, all of which were used in MAS by PIC (Messer
et al., 1996, Rothschild et al., 1996, Vincent et al., 1997). The estrogen receptor gene marker
was used to move the favorable allele from a frequency of around 0.7 to fixation in PIC’s Large
White origin maternal line (unpublished data).

Genome Assisted Selection (GAS) for single traits using small SNP panels

In 2008 the International Swine Genome Sequencing Consortium collaborated with lllumina
to develop a nominal 60,000 SNP genotyping array (PorcineSNP60 BeadChip) which became
commercially available in early 2009 (Ramos et al., 2009). PIC used this new resource to identify
multiple SNPs significantly associated with litter size in commercial crossbred females and
selected the best 196 SNPs to form a genotyping panel used in female line GAS between 2010
and 2012 (Deeb et al., 2011). Other researchers have also reported a number of informative
QTL and genes within QTL for reproductive traits, including lifetime productivity (Onteru et
al., 2011, 2012), based upon GWAS using the PorcineSNP60 BeadChip.

The effectiveness of genome scans depends largely on the level of linkage disequilibrium
(LD) within the target population that can be captured by markers. The higher the level of
LD the fewer markers are needed to capture the genomic regions contributing to the trait of
interest. In a survey of several PIC pure lines Deeb et al. (2010) and Cleveland & Deeb (2012)
found a few thousand equally-spaced SNPs achieved average LD of 0.2 or higher in most pure
lines and crosses. Moreover, of the 64k markers on the commercially available PorcineSNP60
BeadChip, over 50k SNPs had allele frequencies of 5% or higher in most PIC lines and crosses,
indicating this chip provides enough markers to be effectively used in any PIC population.

As stated previously, reproduction is one of the most difficult traits to improve through
selection in pigs due to low heritability, sex limited expression, and expression late in life in
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commercial crossbred animals. This, and its high economic value, made number born alive
per litter (NBA) one of the first target traits for GAS at PIC.

Deeb et al. (2011) used a training set of 2,160 PIC dam line animals with high accuracy
(r>0.8) EBVs for NBA (pEBVh - high accuracy polygenic estimated breeding values) to
estimate SNP effects on NBA. Trimming the pedigree and eliminating performance records to
emulate information available when animals would have completed performance test and been
selected off-test, they calculated the animals’ EBVs at point of selection (pEBVs). All animals
were genotyped using the Illumina PorcineSNP60 BeadChip. Then a subset of 196 markers
was selected that best explained the genetic variation for NBA in this population (Figure 4).
The predictive ability of the marker panel was evaluated in a series of cross-validations where,
in each iteration, the correlation between the marker predicted or genomic EBV (gEBV) and
the pEBVh was calculated. The final implementation of the NBA panel involved blending the
gEBV with pEBVs using methodology similar to VanRaden et al. (2009) to produce blended
EBVs (bEBV) which further improved accuracy (Table 1).
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Fig. 4 Process used to develop a small SNP panel to use in genome assisted selection (GAS).

1. Subset of the population is selected based on accuracy of their breeding values. 2. SNPs preselected
based on minor allele frequency and Hardy-Weinberg equilibrium. 3. SNPs with the smallest effect are
trimmed out from the model. 4. The optimal number of SNPs is selected balancing cost of genotyping
(number of SNPs) and the genetic variance explained by the model. 5. Cross validation — randomly
selecting a subset of the population for training and predicting on the remaining subset. 6. Calculate
the correlation between gEBV and pEBVh in the prediction subset. 7. Calculate the average correlation
between gEBV and pEBVh from all subsets in the cross validation and compare to the average correlation
between pEBVs and pEBVh.
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Table 1. Correlation (r) between litter size (NBA) EBVs? at selection with proxy “true” breeding values®.

Correlation (r) Improvement in accuracy
Pedigree only r(pEBVs, pEBVh) 0.560

Genomic only r(geBV, pEBVh) 0.766 +36.8%
Blended pedigree plus genomic r(bEBV, pEBVh) 0.787 +40.5%

ANBA EBV is the estimated breeding value for number of pigs born alive per litter.
bpEBVh are high (>0.8) accuracy polygenic estimated breeding values.

Genomic selection (GS)

GS is arelatively new technology that incorporates large-scale “genome wide” DNA information
in genetic evaluations, with the aim of increasing the accuracy of selection compared to GAS
and thus further accelerating rates of genetic improvement (Figure 3). GS is characterized by
selection for tens or hundreds of thousands of markers simultaneously, covering the entire
genome in a dense manner so that all genes are expected to be in linkage disequilibrium with
at least some of the markers and thus, potentially, all of the additive genetic variation can be
accounted for by markers (Goddard & Hayes, 2007, 2009). Proposed by Meuwissen et al. in
2001, it has only recently become practical to consider for implementation in pig breeding
schemes (e.g., Lillehammer et al., 2011) as costs of genotyping have decreased.

GS increases the precision of predicting genetic differences between animals and decreases
the age at which accurate ranking of animals can be obtained. In practice, GS refers to selection
decisions based on genomic estimated breeding values (GEBVs). The GEBVs are estimates
of heritable genetic differences calculated using DNA molecular information, pedigree and
records. Requirements for successful implementation of GS include a large number of SNPs
across the genome, a large number of samples from pedigreed animals with phenotypic
data (Goddard, 2009, Meuwissen, 2009), advanced statistical genetics methodologies and
algorithms, sufficient computing power for analysis and real-time implementation (Cole et al.,
2012), and affordable genotyping technology — all of which are available to the pig breeding
industry today. Of these factors, affordability of SNP chips is most limiting. Benefits of GS are
population and trait specific, depending on the number of genotyped animals, the extent of
relationships between genotyped animals and the rest of the population, trait heritability, and
the number of records available for the trait.

Multi trait Genomic Selection (GS) using a genomic relationship matrix

The concept of identity by descent (IBD) is classically quantified as coefficients of relationship
determined by homologous alleles descended from a common ancestor (Powell et al., 2010).
This fundamental concept has many uses in genetics, including predicting genotype frequencies,
mapping genes, estimating genetic variance and predicting inbreeding depression. In livestock
genetic evaluation, relationship coefficients have been extensively used as estimates of genetic
covariance between individuals. Traditionally, relationships were estimated using only pedigree
information. Recently, molecular markers for many loci across the genome have been used to
estimate relationships and proved to be more precise than pedigree information (Van Raden,
2008, Forni et al., 2011).

Marker-based relationships can better estimate the proportion of chromosomes segments
shared by individuals because high-density genotyping can identify genes identical in state
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that may be shared through common ancestors not recorded in the pedigree. A genomic
relationship matrix (G) can be calculated by different methods (Gianola & van Kaam, 2008;
Van Raden, 2008). Because an entire population is unlikely to be genotyped, Misztal et al.
(2009), Aguilar et al., (2010) and Christensen & Lund (2010) proposed the integration of a
pedigree-based relationship matrix (A) and a genomic relationship matrix (G) into a single matrix
(H). Genetic evaluation using H as the genetic covariance matrix between individuals is called
single step genomic evaluation (SSE). Besides the computation of H, no further modifications
in models and software commonly used in livestock genetic evaluation are required in the
SSE. The method has become popular for computational straightforwardness; especially in
swine breeding programs where information is accumulated and genetic evaluation is often
computed weekly (Forni et al., 2011, Christensen et al., 2012).

Pedigree-based relationships are calculated with respect to a base population in which an
arbitrary relationship across individuals is defined, usually equal to zero. The individuals in the
base population are called founders, and a typical assumption is that they do not share genes from
older ancestors. Relationship and inbreeding coefficients from later generations are estimated as
deviations from the founders’ relatedness. In the SSE, genomic relationship coefficients should be
calculated with respect to the same base population as pedigree coefficients. Methods to calculate
genomic relationships analogous to the pedigree-based coefficients have been proposed (Van
Raden, 2008). However, compatibility is difficult to achieve if there was genetic drift, artificial
selection or genotype sampling in the population. Ideally, genomic relationships should be
estimated using the allele frequencies from the same base population chosen to calculate the
pedigree-based coefficients. This information can rarely be extracted from historical data and
approximations must to be used. Forni et al. (2011) showed that observed allele frequencies in
genotyped samples of swine commercial populations could be used as approximations regardless
of the effects of selection if additional scaling of the G matrix was performed. Other methods for
scaling G according to the pedigree-based matrix were proposed by Christensen et al. (2012).
Both authors showed that errors in allele frequency estimates and incorrect scaling could result
in biased estimates of relationships and genetic effects.

Molecular markers allow more accurate identification of genetic differences between
genotyped individuals in the absence of their own or progeny phenotypes, as is the case for
sow reproduction traits. Several studies in different species have shown that incorporating high-
density molecular markers in genetic evaluations produced more accurate predictions of genetic
values for genotyped animals than traditional pedigree-based evaluations (Van Raden, 2008;
Hayes et al., 2009, Forni et al., 2011). In addition, SSE can produce more accurate predictions
for non-genotyped animals (Christensen et al., 2012). Improvement in accuracy of breeding
values for reproductive traits with genomic information obtained by PIC is shown in Table 2.

Table 2. Average accuracy of breeding values estimated based on pedigree (EBV) and based on combined
pedigree and PorcineSNP60 BeadChip genomic information (SSE GEBV) of 2,023 young pigs.

Accuracy
Trait EBV GEBV Diff*
Total number of piglets born 0.25 0.42 68%
Stillborn in the litter (%) 0.26 0.43 65%
Piglet survival until weaning (%) 0.17 0.26 53%
Litter weaning weight (kg) 0.23 0.35 52%
Interval between weaning and next mating (days) 0.17 0.30 76%

*Diff = relative increase in accuracy with genomic information
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Implementing Genomic Selection (GS)

All existing genomic information should be available for inclusion in the breeding value at the
time of selection for genome-wide selection to be successful. This includes the genotypic data of
the selected pig and its parents, if collected. If the young pig is to be genotyped and these data
used for selection the time required for all procedures, from sample collection to final breeding
value estimation, needs to be known so all have time to take place. The time commitments
for several aspects of this process are known and relatively fixed. These include the time
required for DNA extraction; the actual genotyping process; the subsequent manipulation of
the resulting genomic data, including quality control evaluations to weed out low accuracy
calls and minimize the introduction of incorrect genotypes into the evaluation. Estimation of
these time commitments allows for the timely identification of animals and collection of their
DNA for analyses which reduces genotyping costs associated with animals not on test or those
removed during testing. However, collection of samples is usually simpler when performed at
a point where there are facilities and time to collect and record the DNA samples accurately. In
PIC nucleus farms tissue sample collection is done on all pigs typically within about 24 hours
of birth, at the same time the young pigs are recorded and individually tagged.

Samples are collected and placed into uniquely bar-coded tubes. The tube label’s code is
linked with the piglet tag and recorded directly into the database using hand held computers.
On arrival at the tissue storage facility, labels are scanned together with their box and freezer
location and recorded directly into the database. In this way, an individual pig’s tissue for
DNA extraction can be quickly located whenever required.

As the quantity of DNA information collected increases, and especially the depth of the data,
i.e., parents and offspring with genotypic data, these data are also used for quality control of the
pedigree. If young pigs are to be genotyped prior to selection, then advancing the genotyping
procedures by a few weeks will allow these genotypes to be used to check for Mendelian
inconsistencies.

Although as many procedures as possible are put into place to avoid errors — such as bar
coding of tissue samples, scanning data directly into databases, individual electronic tags for
pigs - mislabeling can still occur. Pigs may be cross-fostered before the sampling procedures
take place and not recorded correctly, samples may be placed in the wrong tubes, a tag may be
read incorrectly, etc. Although these errors occur at a very low level, any misidentification of the
pedigree or genomic data can lead to areduction in the overall accuracy of the breeding value.

A low incidence of Mendelian conflicts may indicate genotyping errors, but a high incidence
is an indicator that there is an incompatibility between the genotypes of parent and offspring.
What is does not say is whether the error is due to the parent or the offspring, or whether
it is a pedigree or sample issue. This requires further investigation and possibly some extra
genotyping to identify the cause and suggest possible solutions. The ideal situation is that
data are corrected, e.g., samples are re-assigned to the correct pigs, or pigs are re-assigned to
the correct parents, resulting in usable data and pigs. In the event that the correct information
cannot be verified, then the data (pedigree and/or genotypes) are removed and not used in the
genetic evaluation. In PIC’s genetic evaluations over the past 12 months < 0.2% of individuals
have been excluded due to irresolvable Mendelian conflicts. The overall result aimed for is to
maximize the accuracy of the breeding values.

Imputation for cost-effective genomic analysis

The introduction of high-density SNP arrays in livestock species has enabled genomic evaluations
on a scale not possible just a few years ago. Implementation of these genome-wide approaches
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has been challenging, however, due to the size of the available datasets. Large amounts of data,
both phenotypic and genotypic, are needed to make meaningful use of genomic information,
but, as described earlier, the cost of genotyping has been a barrier to full-scale implementation
for many in the livestock industry. Genotype imputation has the potential to overcome this
challenge and increase the amount of genotype data for a fraction of the cost of high-density
genotyping.

Imputation is the process of using heuristic or statistical rules to fill in genotypes that are
missing because either the marker was not on the genotyping panel or was not called. Imputation
has been a focus in human research for a number of years, particularly as researchers have
attempted to create larger datasets by combining genotypes from different arrays, and thus
many genotypes are missing (see Marchini & Howie 2010 for a comprehensive overview). A
number of approaches have been developed to impute genotypes and generally fall into two
categories: population-based methods using linkage disequilibrium information (e.g., Scheet
& Stephens, 2006, Browning & Browning, 2007, Howie et al., 2009) and pedigree-based
methods that use linkage information (e.g., Druet & Georges, 2010, Daetwyler et al., 2011,
VanRaden et al., 2011, Hickey et al., 2012). Livestock populations differ in structure from
human populations. Approaches have been developed that take advantage of the information
available in most livestock breeding programs (e.g., a complete pedigree) and to address the
requirement of imputing from very low-density panels (e.g., Hickey et al., 2012).

Faster genetic gains are realized from genomics by increasing the accuracy of EBVs at the
time of selection, usually when the animal is young. This is especially important for traits related
to reproduction where female selection candidates have not yet expressed a phenotype and
male candidates will not have a phenotype at all. Increased EBV accuracies have been observed
when using dense genotypes (Table 2) but these gains are constrained when dense genotypes
are not available for selection candidates. A large number of candidates are produced in each
litter and it is generally cost-prohibitive to exhaustively genotype at high density. Genotyping
strategies combined with imputation are needed for a cost-effective implementation of GS.

There are a number of issues to consider when determining an appropriate genotyping
strategy, including extent of pedigree recording, access to an imputation approach that is
accurate when using a density that is affordable, availability of affordable low-density genotyping
platforms (in addition to a high-density platform) and determination of target animals to be
genotyped. A general strategy is to densely genotype a relatively small number of individuals
(e.g., some parents) and sparsely genotype a relatively larger group of other individuals (e.g.,
selection candidates and other parents). Huang et al. (2012) evaluated a number of genotyping
strategies in pigs in terms of impact on imputation accuracy and cost. They found that the
cost of genotyping could be greatly reduced when genotyping selection candidates for a very
small panel (384 SNPs) and sires and grandsires for the full 60k SNPs, with little reduction
in the content of the genomic information (as characterized by imputation accuracy). Adding
low-density genotypes for female parents offered small additional increases at reduced cost.

PIC has developed a low-density panel that could be used to impute 60k genotypes (Cleveland
etal., 2012, Deeb etal., 2011, 2012). In contrast to other small panels that have been developed
for GAS, the ideal panel for imputation is one that is usable across all populations of interest
and contains SNPs with particular properties that are evenly distributed across the genome,
rather than specific for any trait. Genotypes for all SNPs on the high-density platform can then
be used for genomic evaluation. To select the SNPs for inclusion in the panel, each region of
the genome was assigned to one of a large number of bins (~ 1,000). A small number of SNPs
within each bin were identified based on minor allele frequency, the Chi-square test statistic for
Hardy-Weinberg equilibrium and percent called genotypes across all populations of interest.
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Additionally, SNPs with low confidence in genome map position were excluded. The final
panel for imputation contained ~450 SNPs.

A pipeline has been developed to impute high-density genotypes on a large-scale in a
production environment using a high-performance computing cluster (Figure 5). The basis for
the pipeline is the software package Alphalmpute (Hickey et al., 2012), which combines simple
phasingrules, long-range phasing, haplotype libraries, segregation analysis and recombination
modeling. Alphalmpute will impute genotypes for any number of genotype densities in the
data, to the highest density, for all animals and loci. The imputed genotypes are the sum of the
imputed alleles or allele probabilities and therefore no genotypes are left un-imputed, which
is a requirement for some genomic evaluation software.
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Fig. 5 Imputation pipeline. ssBLUP is single step genomic evaluation (SSE); Data storage
is 114TB; HPC is the high performance computing cluster (21 nodes, 216 cores, 1,664
GB RAM); Alphalmpute is the imputation software.

The accuracy of imputation is dependent on the density of the low-density genotyping panel
and the level of genotyping in close relatives. Hickey et al. (2012) showed that accuracy of
imputation, measured as the correlation between true and imputed genotypes, was 0.98 for
individuals genotyped at 1% of the total SNPs (representing a panel of ~600 SNP), where
both parents were genotyped at high density. Pigs with only one parent and one grandparent
genotyped had accuracies that still exceeded 0.93. Huang et al. (2012) tested a subset of the
same population and reported imputation accuracies exceeding 0.96 for a panel of 384 SNPs
when parents and grandparents were genotyped at high density. Accuracies decreased with
declining levels of genotyping of close relatives but remained above 0.90 when at least sires
and grandsires were genotyped. In production, imputation accuracies generally exceed 0.95
when both parents are genotyped and 0.90 when sires and grandsires are genotyped (Table 3).
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Table 3. Accuracy of imputation measured as the correlation between true and imputed genotypes, for animals in
three PIC pig lines genotyped on a low-density 500 SNP panel, given alternative levels of high-density genotyping
(40k SNPs filtered from the PorcineSNP60 BeadChip) in parents and grandparents.

Accuracy
Line Both Parents* Sire/MGS Sire
A 0.95 0.90 0.88
B 0.97 0.91 0.91
C 0.92 0.89 0.91

*Both Parents = both parents were genotyped at high density; Sire/MGS = sire and maternal grandsire were
genotyped at high density (but not dam); Sire = sire was genotyped at high density (but not grandsire or dam)

The next stage of innovation will involve imputing sequence variants from a mixture of high- and
low-density information. The current imputation approaches will need to be modified to properly
use the available information and to address the computational challenges inherent in handling
much larger datasets than are routine today. Additionally, few full sequences are available
for livestock species to perform the testing that will be needed to put these new imputation
approaches into practice. With decreasing sequencing costs and increasing computing power,
however, these challenges will be overcome and low-cost (imputed) sequence will be available
for large numbers of animals to implement into genomic evaluation programs.

New methods for Genomic Selection (GS)

Every methodology used for genetic evaluation is based on assumptions about how genes
affect different traits in a population. These assumptions are established based on our knowledge
of how genes interact with each other and influence important traits. The availability of large-
scale DNA information in the last few years has been modifying our knowledge about the
genes and their mode of action at a very fast pace. The more we use genomics information,
the more we learn about genes’ behavior and, consequently, we can update the assumptions
implicit in our methodology for genetic evaluation.

The expectation is that in the next few years we will probably update and improve the
statistical methods used to incorporate genomic information into the calculation of breeding
values based on new knowledge acquired through research with genomic data. A potential
improvement in statistical methods may come with the use of nonparametric statistics.
Nonparametric statistics comprise a set of techniques that do not assume a fixed structure for
a model. Therefore, it allows the building of statistical models with very flexible assumptions
about how genes affect different traits. Nonparametric methods are commonly used in several
fields of engineering and computer science, and are the basis of artificial intelligence.

In a partnership with the Statistical Genetics group of the University of Wisconsin — Madison,
Genus researchers are currently investigating the potential of several nonparametric methods
to improve the prediction of genetic differences based on genomic data. These procedures
have the potential to capture more complex effects of multiple genes, effects of gene-by-
gene interactions, and effects of gene-by-environment interactions that are not considered in
current SSE but are present in the crossbred populations we select to improve. Initial results
of the project suggested that nonparametric methods might be particularly helpful predicting
genetic differences leading to better performance of crossbred sows. Over the next two years
we will learn how to use these statistical techniques to sharpen our ability to exploit genomic
information, and to further focus on the improvement of prediction of genetic differences that
have a high impact on commercial performance.
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Breeding has relied heavily on only additive inheritance for many years and thus linear models
including only genomic additive effects have usually been used to analyze quantitative traits.
However, they may not be the most appropriate models when interactions or non-linearity
between genotypes and phenotypes are present. Nonlinear models have been proposed as an
alternative to enhance the prediction of complex traits (Gianola & van Kaam, 2008). Nonlinear
methods can capture complex signals from data and can improve predictive accuracy, even
in linear systems. Tussell et al. (2012) evaluated the performance of several models including
genomic information to predict litter size phenotypes in three pig populations and concluded
that nonlinear neural networks were the best method to predict future performance of crossbred
populations (Table 4).

Table 4. Average correlations (standard deviation in parentheses) obtained between predicted and observed
litter size phenotypes in a 10-fold cross-validation in two purebred and crossbred pig populations (Tussell et al.,
2012).

Model Line 1 Line 2 Crossbred Average of
the 3 datasets

Ridge Regression 0.187 0.234 0.272 0.231
(0.058) (0.072) (0.058)

Bayesian LASSO 0.189* 0.239* 0.274 0.234
(0.059) (0.074) (0.055)

Genomic BLUP 0.186 0.231 0.263 0.227
(0.058) (0.072) (0.068)

Kernel-Hilbert Spaces* * 0.188 0.231 0.276 0.232
(0.051) (0.071) (0.058)

Neural Networks* * 0.174 0.222 0.291 0.229
(0.074) (0.074) (0.068)

Regularized Neural Networks** 0.032 0.234 0.312%** 0.193
0.112) (0.064) (0.068)

Pedigree BLUP 0.111 0.132 0.250 0.164
(0.048) (0.061) (0.065)

*Best predictability within line data set
fBest predictability among models and lines
**Nonparametric models

Reproduction under PRRS and Genomic Selection (GS)

Porcine Reproductive and Respiratory Syndrome (PRRS) is an infectious viral disease in pigs
characterized by reproductive failure in sows and respiratory distress in growing pigs. A 2011
US Pork Checkoff study (http://www.pork.org/ResearchDetail/1499/AssessmentoftheEcono.
aspx 2012) estimated the disease costs the U.S. industry $664M annually, and PRRS has similar
economic impacts on pig health and performance in all major pork producing countries.

The effect of PRRS virus (PRRSv) infection usually is very acute, causing a dramatic increase
in abortions, mummified piglets, still-births and reduction in number born alive (Deeb et al.,
2012). Arecent study (Boddicker et al., 2012a), where 600 nursery aged pigs were challenged
with PRRSv, revealed moderate heritability for both viremia and growth following infection,
and led to the discovery of genomic regions associated with the host response to PRRS virus
infection (Figure 6). Since then, these regions have been validated in other unrelated populations
(Boddicker et al., 2012b).
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Fig. 6 A 33 SNP region of chromosome 4 (S5C4) explained 15.7% of genetic variance
for viral load and 11.2% for weight gain in 600 PIC pigs (after Boddicker et al., 2012a).

These findings are the first steps to implement GS to reduce the impact of PRRSv on sow
reproduction and growing pigs. The distinction in this case will be that routine phenotypes
from performance testing will not be available and combined with GEBVs for resilience. GEBVs
developed from GWAS in discovery (training) data sets will have to be evaluated under field
conditions and continually fine tuned with ongoing challenge and field data set collection.

Next Generation Sequencing (NGS) technology has revolutionized the field of genomics
research and introduced new tools to animal breeders that up to this point were too expensive
and too technologically challenging. This combined with the recently published draft of the
pig genome sequence (Groenen et al., 2012) and availability of phenotypes and tissue samples
on thousands of animals, often with complete pedigree, form a very powerful tool to discover
genomic regions, genes and causative mutations that can lead to a swift and effective selection
against PRRSv infection. PIC is involved in several projects using RNAseq technology and
targeted resequencing within known genomic regions and candidate genes associated with
immune response in general or with PRRS response. The discovery of functional genes and
networks of genes can also be the target for a more biologically direct approach through the
use of genome-editing tools such as zinc finger nucleases (ZFNs) and transcription activator-
like effector nucleases (TALENs, Marx, 2012). All in all, we believe the next five years will
see many technological advances in the battle against PRRS which will lead to a significant
improvement in animals’ resilience to PRRSv infection, lead to a significant improvement in
sows’ reproductive performance, and eventually lead to the eradication of PRRS.

Genetic modification in pig breeding

Transgenic technology was first applied to livestock species in the late 1980s and was mainly
focused on aspects of growth (see Pursel et al., 1987). Guthrie et al., (2005) tried to improve
ovulation rate in pigs by expressing the human BCL-2 gene in ovaries, but no improvement
was seen. The major drawbacks of transgenesis in livestock were that DNA sequences from
other organisms were used; transgene insertion was random, which made transgene expression
unpredictable; integration often involved the insertion of multiple copies of the transgene and
selectable markers, usually drug resistance, were also standard. These factors were viewed
negatively by consumers.



Genome-wide selection for reproduction in pigs 241

Modern techniques in genetic modification offer the ability to make precise changes in the
genomes of livestock species. In particular genome editing using either zinc finger nucleases
(ZFNs) or transcription activator-like effector nucleases (TALENSs) allows precisely targeted
DNA sequences to be altered in livestock without the addition of any foreign DNA, or the
use of selectable markers. Whyte et al., (2011) demonstrated ZFNs could be used in pigs
by knocking out an eGFP transgene. Carlson et al., (2012) used TALENSs to create minipigs
containing mono- and biallelic mutations of the LDL receptor gene as medical models for
familial hypercholesterolemia. A collaboration ultimately aimed at producing ASFv resistant
pigs involving PIC, The Roslin Institute, and Recombinetics Inc., has recently produced live
pigs with deletions in the RELA gene following direct injection of ZFN and TALEN mRNA into
pig zygotes (B. Whitelaw, 2012, personal communication).

Genome editing has the potential to introgress beneficial alleles from rare or indigenous
breeds which are not present in improved commercial lines, as well as increasing the expression
of beneficial genes through directed gene duplication. Recent work in a mouse model shows
that expression of porcine FSH, in addition to the mouse’s own FSH genes, led to increased
ovulation rate and litter size (Bi et al., 2012). This group is now looking to see if adding an
extra copy of the pig FSH genes, using the same construct, would increase litter size in pigs
(Ning Li, 2012, personal communication).

Conclusion

Genomic selection (GS) in pigs has evolved from simple ad hoc utilization of single gene and
quantitative trait loci (QTL) tests in the 1990s through initial genome wide applications enabled
by availability of the PorcineSNP60 BeadChip in 2009 through full integration into single step
multivariate breeding value estimation today (Table 5). As such, it has become something
of a unifying theory for animal improvement, increasingly blurring past distinctions between
performance testing vs. progeny testing. A genomic relationship matrix that can distinguish
among animals with the same parents at birth by their genetic code, now coupled with the
necessary computing tools and datasets, allows breeders to rapidly predict a specific animal’s
genetic potential (Forni et al., 2011).

It is important to understand GS is not a case of “out with the old, in with the new”. There
was perhaps a naive notion within the animal improvement industry a decade ago that GS
might eliminate the need for performance and progeny testing in livestock improvement. The
reality is the genomic information is most beneficially used alongside continually updated
abundant, accurate, ‘real-world’ performance data. Livestock industries continue to invest in
recording animal performance, in pig breeding more so than ever today, as phenotypes become
increasingly valuable for genomic “training” (estimation of SNP effects).

The full benefits to the pork supply chain of the latest genomics technology breakthroughs are
still two to three years away, due to genetic lag. New genotyping technologies and competition
among service providers will continue to reduce the cost of genotype data collection, with
the result that GS will become an increasingly cost effective and powerful tool with which to
obtain productivity improvement in animals of all species.

Agriculture and society have entered a critical phase as the global population grows while
availability of land and fresh water for agriculture diminishes (Zering et al., 2012). By the year
2050 it is predicted the world population will grow from 7 billion people today to 9.1 billion,
the per capita income will rise by 150%, and global consumption of meat, milk and eggs will
double (FAO, 2006).

GS will make a significant contribution, but application of GS alone will not meet growing
world population needs for animal protein. Rapidly developing genome sequencing and editing
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Table 5. Incorporation of genomic research into swine breeding practice.

Years

Technology

Contribution

References

1991-present

2009-2012

2012-present

Future

Single gene tests; candidate
genes; QTL (quantitative trait
loci); MAS (marker assisted
selection)

Genome wide association
studies (GWAS); Genome
assisted selection (GAS)

Genomic selection (GS); single

step genomic evaluation (SSE);
imputation (Im)

Non parametric statistical
methods; Genomic breeding
values for disease, e.g., PRRS
tolerance; Genome editing to
create disease resistance

Targeted ad hoc applications,

e.g., elimination of the deleterious
HAL-1843@ stress allele; fixing coat
color and F18 E. coli resistance
alleles; quantitative trait (litter size,
meat quality, feed intake, growth)

applications

Population-trait specific genomic
estimated breeding values (EBVs)
blended with classical pedigree

EBVs to form a single EBV for
selection

Simultaneous multi-trait genetic
evaluations using both the additive
relationship (pedigree) and genomic
relationship matrices to achieve a
20-40% increase in overall rates of

selection index improvement

To be determined

Dekkers, 2004

Deeb et al., 2011

Forni et al., 2011;
Cleveland et al., 2012;
Hickey et al., 2012

Boddicker et al., 2012a,b;
Carlson et al., 2012; Deeb
etal., 2012; Tussell et al.,
2012

technologies, combined with greater understanding of the functional genomics of reproductive
and other traits of economic importance, offer significant promise for further advances.
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