N

N

Genomic selection in domestic animals: Principles,
applications and perspectives

Didier Boichard, Vincent Ducrocq, Pascal Croiseau, Sebastien S. Fritz

» To cite this version:

Didier Boichard, Vincent Ducrocq, Pascal Croiseau, Sebastien S. Fritz. Genomic selection in domestic
animals: Principles, applications and perspectives. Comptes Rendus Biologies, 2016, 339 (7-8), pp.274-
277. 10.1016/j.crvi.2016.04.007 . hal-02641310

HAL Id: hal-02641310
https://hal.inrae.fr /hal-02641310
Submitted on 28 May 2020

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.

Distributed under a Creative Commons Attribution - NonCommercial - NoDerivatives 4.0
International License


https://hal.inrae.fr/hal-02641310
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://hal.archives-ouvertes.fr

C. R. Biologies 339 (2016) 274-277

Contents lists available at ScienceDirect

Comptes Rendus Biologies

www.sciencedirect.com

Trajectories of genetics, 150 years after Mendel/Trajectoires de la génétique, 150 ans aprés Mendel

—

@ CrossMark

Genomic selection in domestic animals: Principles,
applications and perspectives

Sélection génomique chez les animaux domestiques : principes,
applications et perspectives

Didier Boichard **, Vincent Ducrocq?, Pascal Croiseau?, Sébastien Fritz"

2 GABI, INRA, AgroParisTech, Université Paris-Saclay, 78350 Jouy-en-Josas, France
b Allice, 75795 Paris, France

ARTICLE INFO ABSTRACT

The principles of genomic selection are described, with the main factors affecting its
efficiency and the assumptions underlying the different models proposed. The reasons of
its fast adoption in dairy cattle are explained and the conditions of its application to other
species are discussed. Perspectives of development include: selection for new traits and
new breeding objectives; adoption of more robust approaches based on information on
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RESUME

Mots clés : Cet article décrit les principes de la sélection génomique, avec les principaux facteurs de
Sélection génomique variation de son efficacité et les hypothéses sous-jacentes aux différents modéles
Bovin laitier

proposés. Il présente ensuite les raisons de son adoption rapide en bovins laitiers et les
conditions d’application aux autres espéces pour lesquelles la situation est moins
favorable. Les principales perspectives de développement dans les prochaines années
concernent la sélection de caractéres nouveaux, I'adoption d’approches robustes utilisant
I'information des mutations causales et la prédiction des interactions génotype x milieu.
© 2016 Académie des sciences. Publié par Elsevier Masson SAS. Cet article est publié en
Open Access sous licence CC BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/

4.0/).

Objectif de sélection

1. Introduction relying on mixed linear models) allowed the use of

information on phenotypes of relatives to predict “breed-

Artificial selection in domestic species has been based
for centuries on the own phenotypes of animals. During the
20th century, selection index theory first, then Best Linear
Unbiased Prediction (BLUP-a more sophisticated approach
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ing values” of candidates for selection. This led to the
successful selection of easily recorded phenotypic traits
with moderate or high heritability. But to be efficient for
traits difficult to measure or with low heritability required
costly phenotyping investments. During the last 25 years, a
number of Quantitative Trait Loci (i.e. regions of the
genome responsible for a fraction of the genetic variance of
a trait) have been mapped with genetic markers, paving
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Fig. 1. Principles of genomic selection. Top: a prediction equation is
obtained from a reference population with phenotypes and genotypes;
bottom: this prediction equation is used on candidates with genotypic
information only.

the way to marker-assisted selection (MAS). A genetic
marker is a polymorphic sequence, usually without
biological effect, but easy to genotype, and, consequently,
widely used in genetic studies. The MAS approach was
successful for traits with a simple genetic determinism, but
provided disappointing results in many more complex
situations. The two main reasons for this low efficiency were
the limited and always overestimated part of the genetic
variance explained by these small numbers of QTL, and also
the low association (or linkage disequilibrium) between
markers and QTL at the population level. In 2001,
Meuwissen et al. [1] proposed a novel approach where
the breeding value could be estimated from markers
spanning the entire genome. With this approach, genetic
effects are estimated for each marker and then summed up
to predict the overall breeding value of any animal (Fig. 1).
This estimation of marker effects is carried out within a
reference population, i.e. a large group of individuals with
both phenotypes and marker genotypes information. These
effects are then applied to candidates for selection with
marker genotype information, but without known pheno-
types. To be effective, this approach is very demanding in
terms of both number of individuals genotyped and number
of markers on the genome. Its application was unfeasible
until the development of large-scale and cheap genotyping
methods.

2. The success story of genomic selection in dairy cattle

Before the genomic era, genetic improvement of dairy
cattle was relying on a vast phenotype recording system
distributed over most French farms. The best bulls were
selected after a lengthy progeny test based on the
performances of more than 100 daughters spread in many
herds. They were used through artificial insemination to

breed the next generation. Each bull was genetically
evaluated on about 40 traits relative to milk production
and composition, resistance to mastitis (i.e. udder infection),
fertility, conformation, calving conditions, longevity, etc. In
2007, just after the first draft of the bovine genome was
assembled, the Illumina Company together with an interna-
tional consortium developed a chip to genotype over
54,000 single nucleotide polymorphisms (SNP) simulta-
neously. These markers represented only a small proportion
of all discovered SNP, but they were highly polymorphicin a
large range of breeds and evenly spaced over the genome.
This chip was immediately used to genotype existing
progeny-tested bulls. With these first reference populations,
genomic breeding values were accurate enough to replace
progeny testing. They were made official in 2009 in different
countries, allowing the dissemination of semen of young
bulls with genomic evaluation only. This revolutionized
selection: progeny testing was no longer necessary, simpli-
fying the selection process and decreasing its cost; due to a
strong reduction in generation interval, the yearly genetic
trend could be doubled; due to their lower production cost, a
much larger number of bulls could be selected and marketed,
leading to a better management of genetic resources,
limiting inbreeding trends [2], and more easily satisfying a
diversity of needs and objectives; selection for more
balanced and sustainable objectives was easier, including
low heritability traits such as fertility or mastitis resistance.
Because good accuracy of breeding values requires large
reference populations, international collaborations started
between breeding cooperatives, leading to the emergence of
large consortia such as Eurogenomics in Holstein (nine
European countries). Then, in order to decrease the
genotyping costs, a low-density chip was designed, with
very good imputation accuracy [3], i.e. with excellent
prediction of missing markers. A virtuous circle was created:
the large number of genotyped animals decreased the cost of
genotyping, leading to an increase in volume. At the farm
level, this tool is now used to optimize within herd selection,
matings and replacement, as each genotyped female is as
accurately evaluated as artificial insemination males. In
December 2015, the French national database included
400,000 genotyped animals, including 100,000 for
2015 alone. Now, this large number of genotyped cows is
the major resource for population reference replacement
and updating. In small dairy breeds or in beef breeds with
fewer artificial insemination bulls, such reference popula-
tions partly consisting of cows with own performances are
the only way to implement genomic selection. In 2016,
12 French cattle breeds, including several small ones, use
genomic selection in their breeding program. This is a crucial
evolution, because initially only the largest breeds were able
to benefit from this innovation, creating a technological gap
with the smaller ones.

3. Factors of variation of genomic selection efficiency

Whatever the domestic species, the yearly genetic gain
depends on four parameters: genetic variability of the trait,
selection intensity, evaluation accuracy, and generation
interval. The three latter can be modified by genomic
selection. The main advantage of genomic selection is that
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candidates can be evaluated and therefore selected
without their own phenotypic information, nor on their
progeny. Therefore, selection can be applied very early, just
after birth or even on embryos. Therefore, in a number of
species and production systems, genomic selection may
rely on a reduced generation interval. When the genotyp-
ing cost is low, a large number of candidates can be
screened, and selection intensity can be increased. This
large-scale screening also allows a better use of the
available genetic resources. The evaluation can be carried
out for any trait recorded in the reference population,
which is of particular interest when the trait is difficult or
impossible to record on the candidate itself (sex-limited
traits, meat quality traits, disease resistance...).

The third determinant of selection efficiency, genomic
evaluation accuracy (r) depends, for a given trait (1) on the
accuracy of SNP effect estimation and (2) on the linkage
disequilibrium between SNP and causal variants. The first
parameter depends on the size (N) of the reference
population and on the heritability of the trait (h?). The
second parameter depends on the structure of the genome
and the genetic architecture of the trait. A critical
parameter is the number of independent segments
segregating in the population. This number q is a function
of the length of the genome (length = L, in Morgans) and of
the effective size of the population N.. When N, is smaller,
the conserved segments are longer and fewer markers are
needed to trace them. In practice, a formula is commonly
used to evaluate this accuracy [4]: r? = N h?/(N h? + q), with
q a function of N, and L.

4. Methods of evaluation

Different methods have been proposed to perform
genomic evaluation. Because of the large number of
markers, all of them consider the marker’s effects as a
random one whose value comes from a prior statistical
distribution that differs depending on the method.
Conceptually, the statistical models either include the
effect of the markers explicitly or directly describe the
genomic breeding values of all genotyped animals, with a
covariance structure based on marker information. These
two kinds of model are fully equivalent but, according to
the situations, one or the other can be more convenient to
implement or to interpret. Genomic Best Linear Unbiased
Prediction (or GBLUP), proposed by [5], is a simple
extension of the polygenic BLUP where the relationship
matrix is based on marker information instead of on
pedigree. In GBLUP, all markers have the same weight: the
model ignores the true genetic determinism of the trait and
the covariance between the genomic breeding values of
two animals is proportional to their proportion of genome
they share. GBLUP is especially efficient for very polygenic
traits. Other evaluation methods aim at selecting the most
predictive markers, supposedly located close to the causal
variants. Many Bayesian methods have been proposed,
which give larger weights to SNP potentially close to causal
variants or assume that only a small proportion of the
variants have a non-zero effect. In other words, they try to
better account for QTL information (these methods are also
very efficient for multi-marker QTL mapping [6]).

In most approaches, evaluation methods treat each SNP
individually, ignoring their linkage disequilibrium. Haplo-
types (defined by combinations of neighboring SNP) are
more informative than biallelic SNPs and better reflect
identity-by-descent situations. In the approach used in the
French dairy cattle, the model includes several thousand
QTL traced by trait-dependent SNP haplotypes, next to
several thousands of SNPs quantifying the remaining
residual polygenic term in a way comparable to GBLUP.
This comprehensive model is at least as accurate as and
more robust than the other approaches, at the expense of a
higher complexity [7]. It also anticipates future evolutions
with causal variants: when fully known, a causal variant
can easily replace the haplotype used as its proxy.

5. Genomic selection 2.0

After the first pioneering work in dairy cattle, genomic
selection is becoming a reality in an increasing number of
animal and plant populations and species. Nevertheless, it
is still a very recent innovation and many evolutions are
expected in the near future.

5.1. Extension to many populations

In most species, the cost of genomic selection still limits
its extension. Many breeding schemes cannot afford the
investment to create a reference population, and genotyp-
ing costs can still hamper practical implementation: a
critical parameter is the ratio of the genotyping over
phenotyping costs. In very prolific species, genotyping
with a very low-density chip is economically justified:
when all parents in the selection nucleus are genotyped at
a high density, only a few hundred markers are needed to
trace all the chromosome segments in the selection
candidates (their progeny), reducing the overall genotyp-
ing costs. This example shows that the dairy cattle
situation cannot be simply transposed. Genomic selection
must be adapted to the biological and economic condi-
tions.

5.2. Robust methods using biological information and causal
variants

It has been observed that genomic selection efficiency is
strongly dependent on the relationship between the
selection candidates and the reference population. For a
given trait, if the genetic relationships at causal polymor-
phisms were known, selection efficiency would be maximal.
In practice, only a proxy based on genetic markers is used.
This proxy is more accurate when relationships are higher,
and becomes very poor for almost unrelated individuals. In
addition, the marker effects estimated in the reference
population reflect the marker-QTL association in this
population. When the number of generations separating
this population from selection candidates increases, recom-
bination events accumulate between the QTL and their
surrounding markers, leading to a loss in efficiency.
Therefore, it is anticipated that genomic evaluation would
be more robust to lack of close relationships if causal
variants or very close markers would be used.
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For the exact same reason, present genomic prediction
methods are not efficient for across-breed selection. A
prediction equation built in one breed has nearly no
predictive ability in another breed [8], except when breeds
are closely related. This was initially interpreted as a too
low marker density leading to an observed QTL-markers
linkage disequilibrium in the reference population, which
was not conserved in the candidates. But using a much
higher density (with a HD chip with one marker every 4 kb
or 0.004 cM) did not improve much the situation. It was
then shown through simulations in cattle that the across-
breed genomic relationship coefficient at causal variants
can be well approximated only using very close markers
(in the same kilobase interval), whereas the other more
distant markers on the genome generate noise and must be
left out [9]. Of course, the efficiency will depend on the
proportion of QTL segregating in different populations and
on the stability of their effects. These points are still open
questions under investigation. However, across-breed
selection might be the most appealing for small breeds
to assemble reference populations that are large enough.

After an initial black box strategy, it is believed now that
genomic evaluation can be more accurate and more
persistent by integrating biological knowledge. Different
teams launched large-scale QTL mapping programs by
association analysis at the complete sequence level to
identify a large number of candidate variants, either causal
or in a very close neighborhood of the causal variants, even
for QTL explaining as low as 1% of the genetic variance.
Reference populations assembled for genomic selection,
with tens of thousands individuals, are used as mapping
resource populations. Mapping resolution is further
improved by combining results from different breeds,
because linkage disequilibrium decays must faster across
breeds than within a breed. The full sequences of these
large resource populations are not directly available, but
can be accurately imputed. This was the primary motiva-
tion of the “1000 bull genomes” international project [10],
with 1682 whole genome sequences already available in
July 2015. In this project, the sequenced bulls were
primarily selected as the most influential ancestors of
their breeds to maximize imputation accuracy.

Assuming many causal variants can be identified, they
can be included in genomic selection in a straightforward
way. The chips used for genomic selection allow for a
custom part designed by the users, which includes these
candidate variants. Used on a large scale in commercial
populations, this chip helps confirm the effect of these
candidate variants and integrate them in the genomic
prediction model.

5.3. New phenotypes and new breeding goals

Another major expected evolution is the greater
flexibility in the choice of traits to select and of breeding
objectives. With genomic selection, a trait can be selected as
soon as a reference population of sufficient size can be
assembled. In cattle, different opportunities are arising [11],
based on the use of innovative recording techniques (such as
mid infrared spectrometry for milk composition and milk
properties), use of precision farming data (for health,

reproduction, behavior. . .), use of commercial data (sanitary
cards, carcass traits from slaughterhouses), or international
collaboration for traits expensive to measure (e.g., feed
efficiency or methane emission). Many initiatives are under
way to generate reference populations for traits that were
long believed to be impossible to select.

6. Conclusion

Genomic selection has been very successful in cattle
because it provides more genetic gain at a similar or lower
cost. But other important and often overlooked conse-
quences are the huge opportunities it offers for traits
difficult to select, for traits not yet selected, but important
for sustainable production, and for a better management of
the genetic variability on the long term. Genomic selection
is a very recent innovation. Strong evolutions have started,
including reduction in genotyping costs, phenotyping
strategies for new traits, approaches for the creation or
the replacement of reference populations, increase in
robustness and persistency of genomic predictions using
causal mutations identified from genome sequences, or
genomic prediction of genetic x environment interactions.
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