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Abstract
Traditional marker-assisted selection (MAS) did not result in a widespread use of DNA information in
animal breeding. The main reason was that the traits of interest in livestock production were much more
complex than expected: they were determined by thousands of genes with small effects on phenotype.
These effects were usually too small to be statistically significant and so were ignored. Genomic
selection (GS) assumes that all markers might be linked to a gene affecting the trait and concentrates on
estimating their effect rather than testing its significance. Three technological breakthroughs resulted in
the current wide-spread use of DNA information in animal breeding: the development of the genomic
selection technology, the discovery of massive numbers of genetic markers (single nucleotide
polymorphisms; SNPs), and high-throughput technology to genotype animals for (hundreds of) thousands
of SNPs in a cost-effective manner. This selection method can be used in genetic improvement and
genomic prediction in livestock and poultry breeding.
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1. Introduction
Traditionally in animal breeding, for improvement of economic traits, selection was done on
the basis of phenotypic recordings. Best Linear Unbiased Prediction (BLUP), combined
individual records and data from relatives to estimate Expected Breeding Value (EBV). From
1990 onwards due to advances in molecular genetics it was known that information at DNA
level would lead to more genetic improvement than using only phenotypic records. This lead
to development of Marker Assisted Selection (MAS). MAS included mainly two steps; 1)
detect and map the genes controlling the trait of interest, i.e. so called Quantitative Trait Loci
(QTL); 2) include QTL information into BLUP-EBV [7].
The QTL mapping step (1) was successful in the scene that most mapping studies detected
QTL. But the repeatability of the mapping studied was low, i.e. QTL positions
moved/(dis)appeared from one study to the next. One reason for this is that the majority of
QTL have very small effects. When this is combined with testing a large number of markers,
there is a marked “Beavis effect” in which the estimated effect of significant markers is
overestimated [1]. Genome Wide Association Studies (GWAS) typically focus on association
between Single Nucleotide Polymorphisms (SNPs) and the trait of interest.
These tests can be done only when the largest QTL were known. Large QTL were detected for
some traits e.g., DGAT1 affecting fat content in milk [12], CDH1 affecting infectious pancreatic
necrosis virus (IPNV) resistance in Atlantic salmon [22]. However, for many other traits, no
reliable QTL were found and less than 10% of the variation of the breeding objective was
explained by QTL. That means while doing selection more than 90% of the variation between
the animals was handled by traditional selection.
Many explanations for missing heritability problem was published [21]. The most reliable
explanation may be due to small effect of genes controlling the traits which can’t pass the
particular statistical tests despite of having large number of genotypes in the individual. All
these small effects of the genes together explain the most of the variation for traits [31]. It was
predicted 50-100 genes affected dairy traits, which was considered a high estimate at that time
[15]
. Based on current GWAS and genomic selection result approximately 2,000-10,000 genes
controlling the dairy traits. Thus the number of genes controlling the complex trait like dairy
trait was increased up to approximately many folds in just 16-17 years.
Recently due to more application of DNA information other methods were developed like (1)
the Genomic Selection (GS) methodology [9], (2) the identification of many thousands of
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SNP markers, and (3) SNP-chip genotyping technologies that
render the genotyping of all these SNPs cost effective. In GS,
the effects of all these SNPs are estimated simultaneously
without any significance testing. Hence, the assumption that
all SNPs have an effect may be approximately valid, and we
should change our focus from significance testing to
estimating the effects of all markers.
In GS, a reference population is genotyped and recorded for
the trait to estimate SNP effects. Then selected candidates are
genotyped and their effects are estimated. By combining these
genotypes and estimated effects, genomic expected breeding
values (GEBV) estimated for the selected candidates. It may
be noted, that the GS approach does not require pedigree
recording, which was essential to traditional BLUP-EBV, and
in the elite breeding animals, i.e., the selection of candidates,
are not necessarily trait recorded.
Genomic selection methods
All SNP effects are simultaneously estimated in a reference
population, which is genotyped and phenotyped using the
statistical model (assuming 50,000 SNPs):
yi = μ + X1i × b1 + X2i × b2 + …. + X50000i × b50000 + ei
where yi is phenotype of animal i; μ is the overall mean; X1i is
the genotype of animal i for marker 1; and e i is the residual.
Since usually we have < 50,000 reference animals, we cannot
estimate 50,000 SNP effects if they are treated as fixed
effects, i.e., using traditional statistical methods. This problem
is solved in GS by treating the SNP effects as random effects
drawn from a known distribution. This can be viewed as a
Bayesian approach, where prior information on the SNP
effects is added to make all effects estimable.
GBLUP method
In traditional BLUP, EBV are estimated using phenotypes and
family relationships, which are based on the pedigree of the
animals. In GBLUP (Genomic Best Linear Unbiased
Prediction), GEBV are estimated using phenotypes and
genomic relationships, which are based on genome-wide
dense marker data. The genomic relationship between animals
1 and 2 is calculated as the correlation between their SNP
genotypes Xj1 and Xj2 across all the SNPs j. The GBLUP
method is thus very similar to traditional BLUP, except that
pedigree relationships are replaced by genomic relationships.
The pedigree relationship between two full sibs is 0.5, which
means that two full sibs are expected to have 50% of their
alleles in common. However, in real life, two full sibs may
share 60% of their alleles or 40%, and this deviation from the
pedigree-based expectation of 50% will be detected by dense
marker genotyping. Thus, GBLUP is more accurate than
traditional BLUP because genomic relationships are more
accurate than pedigree-based relationships. The latter requires
genomic relationship estimates to be based on a sufficiently
large number of SNPs. For livestock and relationships within
a breed, 50,000 SNPs distributed across the entire genome
seems to sufficient [9]. Relationships across breeds are small
and require a larger number of SNPs to be used. The
statistical model for the GBLUP method is:
yi = μ + ui + ei
where ui is the breeding value of animal i. The GBLUP and
SNP-BLUP breeding values are equivalent if we define ui as:
ui = X1i × b1 + X2i × b2 + …. + X50000i × b50000
The SNP-BLUP and GBLUP model imply the same
covariance between animals, and thus also identical
regression coefficients of the records on the genetic value of

animals. The latter implies that, when parameters are carefully
adjusted, SNP-BLUP and GBLUP yield identical GEBV, i.e.,
the methods are said to be equivalent. More formal
derivations of the equivalence of GBLUP and SNP-BLUP can
be found in the literature [13, 26, 10].
The computational requirements of GBLUP and SNP-BLUP
may be very different. SNP-BLUP requires the estimation of
50,000 SNP effects, and thus the solving of a set of 50,000
equations, whereas GBLUP requires the estimation of N
GEBV and solving of N equations, where N is the number of
animals. Since usually the number of genotyped animals is
smaller than 50,000, the GBLUP method is (computationally)
preferred.
Sequence data
Genomic selection based on SNP chip genotypes relies on
linkage disequilibrium (LD) between the QTL and the SNPs.
Increasing the density of SNPs increases the probability that
any QTL has a SNP that is in perfect LD with it. The ultimate
density is to replace SNP genotypes with whole-genome
sequence (WGS) data.
Recently, it was demonstrated small (2–5%) increases in the
accuracy of GEBV with sequence data [2]. That current WGS
data do not result in substantial improvements in accuracies of
GEBV may be explained as follows. First, the GBLUP
method is expected to yield little improvement when going
from 777k to WGS data since the genomic relationships are
accurately estimated with 777k data and WGS will hardly
improve the accuracy of the relationships and thus GEBV.
However, the nonlinear GS methods attempt to identify the
causal SNPs and are expected to benefit substantially from
WGS data. Second, current WGS data are not very accurate,
either due to imperfect genotype calling, the extensive
reliance on SNP imputation (see next section), or structural
genomic variations, which are difficult to assess by short
reads of sequences. The inaccuracies in the WGS data may
compensate for the benefits of higher SNP density. Third,
long-range LD may be extensive in the reference population
animals, causing large chromosomal segments or haplotypes
to be common. Despite current issues with the efficient use of
WGS data, it is expected that WGS data will be the future’s
genotype data because, if the sequencing costs continue to
fall, WGS may become the most effective genotyping method
[11]
.
Imputation of missing genotypes
After SNP-chip genotyping, some of the genotypes will be
missing. This is solved by a process called genotype
imputation. Based on the known genotypes of the animals, the
haplotype that the animal carries are recognized since the
same haplotype was also observed in other animals. Thus, the
missing genotype can be read from the genotype of these
other animals, which carry the same haplotype. Software for
imputation includes Beagle [3] Fimpute[24], and Alphaimpute
[16]
. The same strategy is employed to obtain WGS data on
many animals: the 1,000-bull-genome project [4] collects a set
of sequenced bulls across breeds, which is used to identify
(hopefully all) bovine haplotypes and their sequences. Next,
many animals are genotyped with SNP chips, the bovine
haplotypes that they carry are recognized, and their WGS data
are imputed. Another option is to sequence the descendants at
low coverage. In this case, the low coverage sequence should
be just enough to recognize the haplotypes [11] [5] [25].
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Ungenotyped animals
In genomic selection, many (probably most) animals are not
genotyped, but we need to include their phenotypic
information in the breeding value estimation. At least,
traditional selection would use such information. One way to
do this is by multiple-step GS: in step 1, pseudo-phenotypes
are calculated for the genotyped animals where the pseudophenotype of animal includes information (records) on its
ungenotyped relatives; in step 2, genomic prediction is
performed using the pseudo-records and their genotypes; and
in step 3, the traditional EBV and GEBV are combined into a
total EBV [26]. As an example of a pseudo-record, the average
production of the daughters of a bull can be used. Here, the
bull is genotyped but not phenotyped whereas his daughters
are phenotyped but not genotyped.
In single-step GBLUP (ssGBLUP), all data are accounted for
in a single estimation step [19]. When moving from traditional
BLUP to GBLUP, the entire matrix of pedigree relationships
is replaced with genomic relationships. However, if
genotyping shows that e.g., some animals in different families
are more related than expected based on pedigree, then other
ungenotyped animals in these families are probably also more
related than expected. The correct relationship matrix can be
obtained by starting with the genotyped animals and then
using the pedigree to calculate relationships involving
ungenotyped descendants of these genotyped animals which
is going down the pedigree and accounting for the markerbased relationships of the ancestors of the pedigree [9[19].
In most studies, increase in reliability due to single step, over
a pure genomic model, is small [18]. A more important feature
of single-step models may be that they can account for preselection of young genotyped bulls, which could otherwise
cause bias in the GEBV [27]. Until recently, the requirement
that the G matrix must be inverted directly limited the size of
the dataset to which ssBLUP could be applied. The Ancestor,
Proven, Young Bull algorithm (APY) uses recursion to build
a large component of the G-1 matrix directly, overcoming this
limitation and expanding the application of ss-BLUP to
millions of genotyped animals [8] but at the expense of some
approximation in G-1. For the future, there is a clear need for
a single-step method that uses a nonlinear statistical method
on sequence level data.
Implementation of genomic selection in livestock
Genomic selection in dairy cattle breeding
The accuracy of genomic prediction in dairy cattle exceeds
0.8 for production traits and 0.7 for fertility, longevity,
somatic cell count, and other traits [29] [21]. These high
accuracies reflect the large reference populations for each
breed that have been assembled to enable genomic predictions
and the fact that many of the in the reference populations are
progeny-tested bulls with highly accurate phenotypes from
average daughter performance. In addition, the GEBV are
often used to predict close relatives of animals in the
reference population. A feature of dairy genomic prediction is
collaboration between countries to assemble these large
reference sets, with the consortiums established
(Eurogenomics, including the Netherlands, Germany, France,
the Nordic countries, Spain, and Poland; The North American
Consortium including USA, Canada, Italy, and Great Britain;
and a “rest of the world” consortium consisting of a number
of remaining countries).
The high accuracies of genomic prediction and relatively low
cost of obtaining the genomic predictions from low-density

genotyping followed by imputation, has resulted in very large
numbers of selection candidates being genotyped. Worldwide,
approximately 2 million dairy cattle have now been
genotyped for the purposes of genomic prediction.
Implementing genomic selection in dairy cattle has resulted in
increased genetic gain, which has now been demonstrated by
genetic trend analysis in a number of countries. There is also
some suggestion that genomic selection has increased the rate
of inbreeding per year [24]. Maximizing genetic gain from
genomic selection while constraining the rate of inbreeding
will therefore be an important topic for future research.
Interestingly, the majority of the genotyped animals in many
countries are now heifer calves. While genotyping young bull
calves results in the greatest genetic gain, genotyping is now
sufficiently cheap that genotyping heifer calves for the
purposes of choosing which heifers to retain in the herd is
profitable [23] [28]. The genotypes of the heifers can also be
used when choosing bulls to which to mate them so that
inbreeding of the resulting calf can be minimized. When the
selected heifers enter the herd and have herd recording data,
they can be used in the reference population for genomic
prediction [29]. When the aim is to increase the size of the
reference population to improve accuracy of genomic
prediction, genotyping mature cows with good phenotypic
records can help [17].
Genomic selection in pig breeding
In pig breeding, the most important selection step is the
selection of elite boars in the nucleus herd. The boar test
recordings come generally before the selection of the elite
boars, so extra gains due to a reduction of the generation
interval are limited. The implementation of GS in pig
breeding is therefore mainly directed at traits whose recording
is invasive such as slaughter quality, maternal traits that
cannot be recorded on the boars, and crossbred performance,
which cannot be recorded on the purebred animals.
Male selection accuracies of ~50% can be achieved for the
selection for maternal traits [20]. The selection for maternal
traits competes with the selection for production traits such as
growth rate and feed conversion efficiency, resulting in
substantial increase in genetic gain for maternal traits
accompanied with a somewhat reduced rate of gain for the
production traits. Rates of gain for total merit increase
moderately, but the direction of rate of gain complies much
more closely to the direction as indicated by the breeding
goal. The substantially increased progress for the maternal
traits thus results in a more balanced and thus sustainable
selection response.
With respect to slaughter traits, sibs of the test boars may be
slaughtered and recorded for these traits before the test boars
are selected. Thus, GS can be based on a reference population
that is very close to the selection candidates, and thus high
selection accuracies can be achieved. The extra gains will
partly be at the expense of gains for the traditional production
traits, but the direction of genetic change will comply much
closer to the breeding goal, and thus can be sustained over a
longer period into the future.
Pork is produced by crossbred pigs, but the elite breeding
nucleus animals are selected for purebred performance in a
favourable environment. The relationship between purebred
production in very good environments and crossbred
performance on less favourable environments varies between
0.4 to 0.7 [6]. This implies that only 40-70% of the genetic
improvement realized in the nucleus will also result in
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improved performance in practice, By genotyping crossbred
pigs and recording their performance in the commercial
environment, GS can be used to improve purebred nucleus
animals for crossbred performance under commercial
circumstances. This requires across breed and crossbred
genomic selection, which has not yet been demonstrated.
Genomic selection in poultry breeding
In layers, there has actually been an experiment to test if
genomic selection can achieve more rapid gains than
traditional selection. A layer population was split into two
sublines; one was submitted to conventional phenotypic
selection, and one was selected based on genomic prediction
[30]
. The experiment ran for 3 years, in which time, four cycles
of genomic selection and two of phenotypic selection were
conducted. At the end of the 3-years experiment, the two
sublines were compared for multiple performance traits that
are relevant for commercial egg production. The genomic
selection line outperformed the phenotypic selection line for
most of the 16 traits that were included in the index used for
selection. Although the two programs were designed to
achieve the same rate of inbreeding per year, it was found that
the realized inbreeding per year assessed from pedigree was
higher in the genomic-selected line than in the conventionally
selected line [30]. In broilers or meat poultry, the case for GS is
not as obvious as in layers because most traits can be recorded
on both sexes at an early age. However, the breeding
companies are actively investigating the use of GS. Possible
uses are for selection to improve crossbred performance in a
commercial environment and for traits that cannot be recorded
in the nucleus such as disease challenge tests.

3.

4.

5.

6.

7.

8.

9.
Future prospective
Genomic selection offers two opportunities, which have so far
not been fully utilized. First, GS combined with reproductive
technology could greatly decrease generation length, and in
combination with multiple ovulation and embryo transfer
(MOET), GS may be used to pick the best embryos to
produce the next generation of animals (instead of random
embryos). Second, we could train the prediction equation on
commercial animals, rather than stud animals, which have
been measured for the commercially relevant traits. For
instance, commercial animals are often crossbreds, run under
a harsher environment than the purebred stud animals. In
addition, we can gather information on traits not measured at
the stud level such as meat quality and disease resistance.
This implies a reduction of costs at the stud level due to less
phenotypic and pedigree recording and an increase in costs to
generate the reference dataset. This change may also be
expected as the costs of genotyping and practical trait
recording keep on falling. A commercial mechanism to fund
this change is not yet apparent. It seems likely that the
genomic selection in animal breeding will eventually lead to
structural changes in the genetic improvement industry, but it
may be too early to nominate what these changes might be.
One possibility is that the number of businesses breeding
cattle, sheep, and pigs will decrease as has already happened
in poultry.
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