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Preface

The science of animal breeding deals with the study of evaluation of the genetic value of livestock.
It also explores selective breeding methodologies of animals to produce desirable traits in subsequent
generations of the target species. The scientific techniques of animal breeding incorporate the principles
of population genetics, quantitative genetics and molecular genomics. In the era of rapid population
inflation, implementation of animal breeding programs is essential for meeting rising global demands
of food and resources. This book is compiled in such a manner, that it will provide in-depth knowledge
about the principles and practices of animal breeding. The researches included in this book discuss the
most vital concepts and emerging trends in this field. It includes contributions of experts and scientists
which will provide innovative insights into this field. This book is a research guide for experts as well
as students.

This book is a comprehensive compilation of works of different researchers from varied parts of the
world. It includes valuable experiences of the researchers with the sole objective of providing the readers
(learners) with a proper knowledge of the concerned field. This book will be beneficial in evoking
inspiration and enhancing the knowledge of the interested readers.

In the end, I would like to extend my heartiest thanks to the authors who worked with great determination
on their chapters. I also appreciate the publisher’s support in the course of the book. I would also like
to deeply acknowledge my family who stood by me as a source of inspiration during the project.

Editor
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Disentangling the relative roles
of resource acquisition and allocation on animal
feed efficiency: insights from a dairy cow model

Laurence Puillet’, Denis Réale? and Nicolas C. Friggens'

Abstract

Background: Feed efficiency of farm animals has greatly improved through genetic selection for production. Today,
we are faced with the limits of our ability to predict the effect of selection on feed efficiency, partly because the rela-
tive importance of the components of this complex phenotype changes across environments. Thus, we developed

a dairy cow model that incorporates the dynamic interplay between life functions and evaluated its behaviour with

a global sensitivity analysis on two definitions of feed efficiency. A key model feature is to consider feed efficiency as
the result of two processes, acquisition and allocation of resources. Acquisition encapsulates intake and digestion, and
allocation encapsulates partitioning rules between physiological functions. The model generates genetically-driven

trajectories of energy acquisition and allocation, with four genetic-scaling parameters controlling these processes.
Model sensitivity to these parameters was assessed with a complete factorial design.

Results: Acquisition and allocation had contrasting effects on feed efficiency (ratio between energy in milk and
energy acquired from the environment). When measured over a lactation period, feed efficiency was increased by
increasing allocation to lactation. However, at the lifetime level, efficiency was increased by decreasing allocation to
growth and increasing lactation acquisition. While there is a strong linear increase in feed efficiency with more alloca-
tion to lactation within a lactation cycle, our results suggest that there is an optimal level of allocation to lactation
beyond which increasing allocation to lactation negatively affects lifetime feed efficiency.

Conclusions: We developed a model to predict lactation and lifetime feed efficiency and show that breaking-down
feed conversion into acquisition and allocation, and introducing genetically-driven trajectories that control these
mechanisms, permitted quantification of their relative roles on feed efficiency. The life stage at which feed efficiency
is evaluated appears to be a key aspect for selection. In this model, body reserves are also a key component in the
prediction of lifetime feed efficiency since they integrate the feedback of acquisition and allocation on survival and
reproduction. This modelling approach provided new insights into the processes that underpin lifetime feed effi-

ciency in dairy cows.

Background

Improving feed efficiency (FE) is a longstanding goal
of the livestock sector and is still highly relevant in the
current context. Indeed, more efficient animals will pro-
duce the same amount of products using less resource
and generating less waste in the environment, such

*Correspondence: laurence.puillet@agroparistech.fr

" UMR Modélisation Systémique Appliquée aux Ruminants, INRA,
AgroParisTech, Université Paris-Saclay, 75005 Paris, France

Full list of author information is available at the end of the article

as methane or nitrogen. As a result, both pressure on
resources (e.g. land use that competes with human food
production) and environmental impacts (e.g. greenhouse
gas emissions) will decrease. In the past decades, FE of
farm animals has increased substantially. For example,
Capper et al. [1] reported that, in the USA, the amount
of feedstuffs needed to produce one billion kg of milk
reached 8.26 x 10° kg in 1944 and only 1.88 x 10° kg in
2007, which corresponds to a 77 % increase in FE. This
huge increase in FE was obtained by selecting high-
producing genotypes and providing them a high-quality
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environment to maximize the expression of their pro-
duction potential. A high level of production leads to a
dilution of the fixed costs of production (maintenance
requirements and non-productive stages of life) and thus
an increase in FE. However, there is growing evidence
that this means of increasing FE is not sustainable, par-
ticularly for dairy cattle females. The first reason is that
a high level of production is negatively associated with
other dairy female traits, such as fertility and health [2,
3]. Selection for high production has led to undesired
responses by indirect selection that result in greater nega-
tive energy balance, i.e. greater body reserve mobilization
during early lactation that leads to more reproductive or
health problems. As a result, the expected dilution effect
linked to higher production may be offset by a decline in
productive lifespan because of poor health and/or fertil-
ity. If one considers the non-productive period (the phase
prior to first calving) of the cow’s life as an efficiency cost
to be diluted by the productive part of the cow’s lifespan,
then it is clear that reducing the productive lifespan of
the cow will decrease lifetime FE. Even if the integration
of functional traits into selection indices has, to some
extent, limited these negative associations [4, 5], it is far
from clear what is the optimal pattern of body reserve
usage across the lactation cycle to maximize lifetime FE
[3]. A second reason that limits our capacity to sustain-
ably improve FE relates to the role of genotype-by-envi-
ronment (G x E) interactions on FE and its component
traits. The environment in which production occurs will
change in the future and breeding objectives will have
to account for such changes (for instance, performance
under low levels of nutrition or heat stress conditions
[6]). In the context of genetic selection for feed efficiency
in a future changing environment, we need to know
how the environment in which selection is performed
shapes the genetic correlations between the component
traits of FE. For instance, a strong genetic propensity to
accumulate body reserves prior to calving may be nega-
tively correlated with FE in rich environments (where
those reserves are less needed), but the converse may be
expected in poor or variable environments. These G x E
interactions still need to be better experimentally quan-
tified in dairy cows, which until now have been kept in
relatively controlled environments, although there is a
considerable amount of data for other mammalian spe-
cies (e.g. rabbits [7], mice [8], and pigs [9]).

Simulations can be a useful tool to explore such con-
trasting scenarios, provided that the design of the animal
“building block” at the heart of the simulation is an appro-
priate representation of the main biological processes that
contribute to, in this case, FE. In animal nutrition, FE is
generally considered as the product of digestive efficiency
and metabolic efficiency. Digestive efficiency reflects the
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animal’s ability to acquire nutrients, i.e. intake and diges-
tion, while metabolic efficiency reflects nutrient parti-
tioning and utilization for physiological functions. These
two steps in the conversion process can be broadly des-
ignated as resource acquisition and allocation. They are
both affected by genetic variation and thus contribute to
variation in FE [10]. However, in the relatively few nutri-
tional models that include animal genotype, the genotype
is invariably included via the concept of production poten-
tial, i.e. the maximum amount of a product such as milk
that the animal can produce. This is typically used to esti-
mate nutrient requirements and thereby the required diet
composition for a given intake level. Given that the total
production produced is the product of nutrient intake and
nutrient partition, this way of representing the animals’
genotype does not allow the study of the genetic varia-
tion in acquisition and in allocation, separately. Thus, to
improve our ability to predict the effect of selection on dif-
ferent components of FE, we need to develop simulation
models that account for genetic and environmental effects
at both the level of acquisition and the level of allocation.

Thus, we developed a mathematical description of the
interplay between the main life functions of a dairy cow.
This systemic model explicitly integrates energy acqui-
sition and allocation as processes that drive the expres-
sion of phenotypic traits, and therefore FE. The model
accounts for genetic components in both processes and
therefore allows the simulation of genotypes that result
from different combinations of acquisition and allocation
trajectories.

The aim of this paper is to present the basic assump-
tions, ideas and design of the model, and the evalua-
tion of its behaviour to variation in four key parameters
related to acquisition and allocation. Simulations were
used to quantify how changes in parameters that drive
acquisition and allocation affect the different definitions
of efficiency, thus providing proof-of-concept of the
importance of breaking-down FE into these components.

Methods

Model description

The model description follows the overview, design con-
cepts, and details (ODD) protocol for describing individ-
ual- and agent-based models [11]. The model is currently
implemented with Modelmaker version 3.0 (Cherwell
Scientific Ltd, 2000).

Overview

In order to design a model that represents the animal
building block for predicting G x E interactions on feed
efficiency (FE), we chose to break the overall process of
resource conversion down into three elementary pro-
cesses: resource acquisition, allocation and utilization.
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Resource acquisition is ultimately defined as the input
of energy in the organism, resulting from the intake of
dry matter (DM) from the environment and its conver-
sion into metabolizable energy (ME) through diges-
tion. Acquisition depends on resource availability
(environmental component) and on genetic capacity to
acquire resource (animal component). Resource allo-
cation is defined as the partitioning of ME among the
following physiological functions: growth, gestation, lac-
tation, maintenance and reserves. Allocation depends
on a genetic component and on changes in physiological
states. Finally, resource utilization is defined as the con-
version of quantities of energy allocated to physiologi-
cal functions into phenotypes (body mass components,
milk, conception and survival probabilities). With this
structure based on a decomposition of the processes
that generate phenotypes, the model is flexible enough
to represent responses to resource availability through
variation of acquisition, variation of allocation or a com-
bination of both.

As proposed by [12], we consider that gene regulations
give rise to meta-mechanisms at the animal level, which
can be represented by a set of parameters in a dynamic
model of life functions. Our model is based on this prin-
ciple. It was not designed to capture all the physiological
mechanisms that underpin life functions. We consider
the dairy cattle female as an active biological entity with
its own agenda [13], rather than being a passive conver-
tor of resource into products. This view reflects the fact
that gene expression changes with age and physiological
state, and thereby the relative priorities among life func-
tions change throughout the female lifespan. For exam-
ple, cows in early lactation partition energy towards the
mammary gland and mobilize body reserves, irrespec-
tive of the quality of the feed available. As lactation pro-
gresses, cows increasingly partition energy away from
milk towards body reserves. These changes in priorities
reflect temporal differences in gene expression through
the life of the animal that are the result of evolution and
that have been further shaped by selection. To capture
these changes, genetically-driven lifetime trajectories of
acquisition and allocation (DM intake and energy parti-
tion) are assumed. They provide the dynamics that con-
trol the flow of resources to different life functions; the
efficiency of utilization of these resources is assumed
not to change with time and physiological state. Both
resource acquisition and resource allocation trajectories
can be modulated via genetic-scaling parameters, which
allow the representation of the between-animal innate
variability in these processes. These are not breeding
values per se, rather they are multipliers on acquisition
and allocation trajectories and thus provide the means to
represent differences between genotypes in acquisition

and allocation, as proposed by [12]. For acquisition, the
genetic-scaling parameters operate on the maximum
intake reached at maturity and during lactation. For allo-
cation, the genetic-scaling parameters operate on the
rate of transfer of priorities between life functions. In our
study, the model represents a single cow with genetic-
scaling parameters as independent inputs that reflect its
genotype. We do not consider that the model represents
the mean of a population but rather, that it provides the
elementary animal unit for building virtual populations
in an individual-based population model to study the
effects of selection. In this context, it will be possible to
set different heritability values and different genetic cor-
relations between the parameters of the model to study
how genetic constraints will affect the evolution of the
cow’s FE. On the basis of acquisition and allocation tra-
jectories that are driven by genetic-scaling parameters,
and resource availability, the model simulates trajecto-
ries of phenotypes (DM intake, quantities of energy, body
mass components and milk production) and timings of
reproductive events throughout the lifespan of an indi-
vidual cow. With this representation of the animal, the
phenotypic expression of a genotype permitted by the
environment can be simulated during different phases
over which FE is determined and different sources of var-
iability in FE can be better decomposed.

Design and concepts

The model structure is made up of four sub-models:
acquisition, allocation, utilization and physiological sta-
tus (Fig. 1). Acquisition and allocation sub-models are
core modules that integrate the genetic determinants and
lifetime dynamic changes. Utilization and physiological
status are supporting modules that are based on sim-
ple principles and existing approaches. They are not the
focus of the modelling effort since our aim is not to study
the mechanisms that are associated with energy utiliza-
tion and reproduction.

The allocation sub-model is the core of the model and
drives the partitioning of ME between physiological
functions. It accounts for changes in priorities during the
lifespan of the animal by generating genetically-driven
dynamic changes in coefficients of partition among four
life functions: growth, future progeny, current progeny
and survival. As proposed by [14], genetically-driven
changes refer to any change that occurs in cows kept in
a non-constraining environment. Dynamic changes of
these compartments are illustrated in Fig. 2.

The compartment AllocG represents the female priority
for growth. Its level gives the coefficient of partition for
growth function, i.e. the proportion of acquired energy
that is allocated to growth. The compartment AllocPf
represents the female priority for its future progeny.

WORLD TECHNOLOGIES
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Its level gives the coefficient of partition for the gesta-
tion function. The compartment AllocPc represents the
female priority for its current progeny. Its level gives the
coefficient of partition for the lactation function. Finally,
the compartment AllocS represents the priority for sur-
vival. Its level gives the coefficient of partition for somatic
functions, defined as body mass maintenance and body
reserves. Compartments are linked by flows that repre-
sent transfers of priorities among life functions. These
transfers lead to changes in coefficients of partition (level
of compartments) and to a switch in energy investment
when the resulting coefficients are used in the utilization
sub-model. A dimensionless quantity of one is moving
in the network of compartments to represent transfers
of priorities. Therefore, by construction, the sum of the
partitioning coefficients is equal to 1. This ensures a neu-
tral balance between energy acquired and energy allo-
cated to functions. During early life, the female’s priority
for growing progressively switches to survival with age.

The proportion of energy for growth is high after birth
but the priority for growth progressively declines as it
approaches maturity by transferring priority towards
survival functions with an increasing allocation to the
benefit of energy for somatic functions. At first concep-
tion, the female’s priority switches from survival to future
progeny. An increasing proportion of energy is invested
in gestation function, at the expense of the proportion of
energy for somatic functions. At parturition, the female’s
priority switches from future progeny to current prog-
eny. No more energy is invested for gestation and an
increasing proportion of energy is invested for lactation.
The female’s priority for its current progeny decreases as
lactation progresses, to the benefit of the priority for the
female’s own survival. The proportion of energy invested
for lactation decreases while the proportion for somatic
functions increases. When drying-off occurs, there is a
discrete shift in priority between current progeny and
survival: energy is no longer invested in lactation. In

WORLD TECHNOLOGIES
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Fig. 2 Dynamic changes in the allocation sub-model over two reproductive cycles of a dairy cow. AllocG, allocation to growth; AllocPf, allocation to
future progeny; AllocPc, allocation to current progeny; Allocs, allocation to survival

addition to the control of priority flows by changes in
the female’s physiological status (conception and parturi-
tion), the priority flows of the allocation sub-model are
driven by genetic-scaling parameters. They control pri-
ority flows between AllocG, AllocS, AllocPf, and AllocPc.
Implementation of different values for these parameters
corresponds to different rates of priority transfers among
functions and this allows the simulation of genetic differ-
ences in the profiles of allocation to growth, to gestation
and to lactation. The values of these parameters are inde-
pendent model inputs, therefore, in our study, the genetic
differences for each allocation profile are independent of
each other.

The acquisition sub-model is the second core sub-
model since it simulates dynamic changes in dry mat-
ter intake throughout lifetime. Acquisition is made up
of a basal acquisition component, AcgB and a lactation
acquisition component, AcgL as illustrated on Fig. 3. The
basal component describes the maturation of the bio-
logical structures linked to resource acquisition as the
female matures. The lactation component represents the
increase in resource acquisition that is induced by the
lactating status. As for allocation, in addition to changes
in physiological status, dynamic changes in acquisition
are driven by the genetic-scaling parameters, AcgBgry

and AcqLgry, allowing the scaling of DM intake curves.
Different values can be implemented to simulate genetic
differences in the acquisition profiles among individuals.

The dynamic variables that are generated by acquisition
and allocation sub-models are combined in the utiliza-
tion sub-model. This sub-model encodes the conversion
of the energy allocated to physiological functions into
matter, based on efficiency coefficients and energy con-
tents of this matter. Material variables such as the level
of milk production are then used to compute conception
probability and survival probability. The physiological
status sub-model uses these probabilities to determine
the female’s status.

The model uses a time step of 1 day. Simulation starts
at birth and stops at the female’s death or culling. At each
time step, all the elements are updated simultaneously
(Runge—Kutta 4 numerical integration with a fixed time
step for compartments). Processes that occur within a
time step represent daily biotransformation, from acquisi-
tion of dry matter to phenotypes. Updated phenotypes are
then used by the discrete events of the physiological status
sub-model and may lead to a change in the female’s status
(gestating, lactating, alive), that is effective at the next time
step. In this study, we consider a constant nutritional envi-
ronment (resource availability, energy density, proportion
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made up of a basal component (AcgB, solid line) and a lactation component (AcqlL, dotted line)

of fibres and concentrate in the diet) but temporal varia-
tion in the environment could easily be implemented.

Model details and assumptions

To better understand the dynamic nature of the model,
we present the main details of allocation and acquisition
and we highlight the linkage, and thus in-built coherence,
between life functions. All parameters, compartments,
flows and variables are defined in Tables S1 and S2 [see
Additional file 1: Table S1 and Additional file 2: Table S2].
Discrete events are described in Table S3 [see Additional

file 3: Table S3].

Allocation sub-model The allocation sub-model is made
up of four compartments that reflect the priorities for four
life functions: growth, future progeny, current progeny
and survival. Dynamics of these compartments are based
on mass action laws to represent the progressive trans-
fers of priority among functions across various physi-
ological states. The structure of the allocation sub-model
is in Fig. 4, where the amounts of priority for the different
life functions are given by AllocG for growth (priority for
growing), AllocS for somatic functions (priority for sur-
vival), AllocPf for gestation (priority to future offspring),
and AllocPc for lactation (priority to current offspring).

WORLD TECHNOLOGIES

The transfers of priority are given by the flows f,,,,G2S
(priority transfer from growth to survival), f,,;,S2Pf (pri-
ority transfer from survival to future progeny), f,,;,S2Pc
(priority transfer from survival to current progeny) and
JorioPe2S (priority transfer from current progeny to sur-
vival). These flows generate the changes in compartment
levels and thus the dynamic changes in the allocation of
energy to the associated function. They are activated or
inactivated depending on the physiological state. They
are modulated by the two genetic-scaling parameters.
The rate of change in the proportion of energy allocated
to growth, AllocG is defined by the following differential

equation:

dAllocG
dt
The flow f,,;,,G2S represents the decrease in allocation
to growth as the female ages. It is given by:

JorioG2S = AllocG - G2Sgen + 0.01 - AllocPf,

= —frioG2S. (1)

2)

where parameter G2S;y; is the genetic-scaling parameter
that defines the rate of priority transfer from growth to
survival. An increase in G2S¢zy leads to a greater prior-
ity transfer and a larger decrease in the AllocG level and
thus a decrease in the proportion of energy allocated to
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Lacs,,, Boolean for lactating status; G2S¢gy, genetic-scaling parameter driving allocation to growth by controlling priority transfer from growing to
survival; Pc2S 4y genetic-scaling parameter driving allocation to lactation by controlling priority transfer from current progeny to survival

; FrioS2PF, priority flow from survival to future progeny;

growth. The priority transfer from growth to survival is
further increased by AllocPf. Thus, when gestation starts,
decrease in allocation to growth is accelerated to enable
a greater priority transfer towards future progeny. It is
assumed that gestation slows down growth.

The proportion of energy allocated to gestation is given
by AllocPf, the rate of change of which is defined by the
following differential equation:

dAllocPf
dt

The flow f,,;,S2Pf represents the increase of allocation
to gestation as gestation time increases. It is modelled
with a rising sigmoid function that depends on gestation
time and on four fixed parameters (kyPfy, kyPfi, kiPf, and
ki Pf;), as we currently assumed no variability for alloca-
tion to gestation [see Additional file 1: Table S1]. The pro-
portion of energy allocated to lactation is given by AllocPc
that is defined by the following differential equation:

= HforioS2Pf. 3)

dAllocPc

PP (+fprioS2Pc — fprioPc2S). 4)

The increase in the proportion of energy allocated to
milk production at the beginning of lactation is described
by f,i,52Pc as given by:

JorioS2Pc = AllocS; - S2P. - Lac_Stat. (5)

The parameter S2P, drives the priority transfer from
survival to current progeny at the beginning of lactation.
In the current version, it is fixed since no genetic variance
in the priority transfer from survival to current progeny
is assumed.

The decrease in energy for milk production as lactation
progresses is described by the flow f,,;,Pc2S, given by:

JorioPc2S = AllocPc - Lacsay
. (PCZSGEN + AllocPf - Geststar - 0.06).
(6)

The parameter Pc2S.py is the genetic component for
the priority transfer from current progeny to somatic
functions. Changing its value affects the dynamics of
AllocPc and allows the representation of different strat-
egies of lactation allocation. An increase in Pc2Sgpy
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accelerates the rate of priority transfer from lactation to
survival f,,;,Pc2S, and thus, decreases the level of allo-
cation to lactation. This priority flow is also affected by
the allocation level to future progeny. As gestation pro-
gresses, AllocPf increases and accelerates the return
of priority from AllocPc to AllocS. This effect accounts
for the depressive effect of gestation on lactation [15].
Finally, the proportion of energy allocated to somatic
functions is given by AllocS defined by the following dif-
ferential equation:

dAllocS
dt

= (FrioG2S — friaS2Pf — f _prioS2Pc + f _prioPc2S).
@)

Since there is no loss of the dimensionless quantity
of one in the compartment network, at each time step,
the sum of the compartment’s levels is equal to 1, thus
ensuring a neutral balance between energy acquired and
energy allocated to functions.

Acquisition sub-model The acquisition sub-model
simulates the quantity of DM acquired from the nutri-
tional environment, depending on resource characteris-
tics (gross energy density, fibre content and proportion
of concentrate feedstuff), and its conversion into ME
through digestion.

The total daily intake of DM, is given by:

AcqT = AcqgB + AcqL. 8)
The variable AcgB is defined by:

AcgB = (AchGEN — 0.8 - AcqgBgGeN - e_kACqBMAT't). 9)

The parameter AcgBpy is the genetic-scaling parame-
ter that drives basal acquisition. It represents the asymp-
tote of the curve, which corresponds to the maximum
intake of DM at maturity for a non-lactating animal.
Although intake is frequently expressed as a percent-
age of body weight, we explicitly chose not to do this. It
would create an a priori correlation between allocation
to growth and acquisition, and thus, prevent the study of
the relative roles of these components on the phenotypic
traits and FE. The variable AcgL is defined by:

AcqLl = Lacsgat - AcqLptax - AcqLpyy. (10)

The shape of the curve during lactation is given by the
AcqLp,,, component of Equation E15 in Table S2 [see
Additional file 2: Table S2]. The maximum DM that is
reached during lactation is given by AcgL;,,, which
depends on the genetic-scaling parameter AcgL gy This
latter is the maximum DM reached at maturity to account
for the maturation of the potential to acquire resource as
the female ages [see Additional file 2: Table S2]. The total
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intake of DM is converted into ME available for alloca-
tion, ME, ,, depending on the energy density of the DM
available in the environment, GE, in Mcal/kg, and the
metabolizability of the diet, ME,,;, representing the
energy losses through faeces, urine and enteric methane
during digestion. It is affected by the level of dry matter
intake and the proportion of concentrate as proposed by
[16].

Utilization and physiological status sub-models The
detailed description of utilization and physiological status
sub-models is in Additional file 4. The energy utilization
sub-model combines ME from the acquisition sub-model
with partition coefficients from the allocation sub-model
and simulates the conversion of the energy, which is allo-
cated to physiological functions (growth, gestation, lacta-
tion and somatic functions), into traits. The quantity of
energy allocated to growth is converted into structural
mass, which corresponds to the non-labile part of the
body mass. The quantity of energy allocated to somatic
functions is primarily used for maintenance and the
remainder used for body reserves. The quantity of energy
allocated to body reserves is converted into labile mass.
This body compartment can subsequently be used to pro-
vide energy through mobilization, contrary to the struc-
tural mass. The quantity of energy allocated to gestation
is converted into gravid uterus mass. Finally, the quantity
of energy allocated to lactation is converted into milk pro-
duction. Traits resulting from this conversion of energy
into kg of matter are further used by the utilization sub-
model to compute survival probability and conception
probability, which are used in the physiological status sub-
model. We assumed that survival probability became null
when the female was not able to cover its maintenance
requirements during 15 consecutive days or when it was
selected for culling. Culling occurred after the second lac-
tation, if conception did not occur 200 days after calving.
Based on [17], we assumed that probability of conception
is influenced by milk production, body condition score
and energy balance.

Model calibration

The aim of this study was to evaluate the behaviour of
the model in response to the variation of two parameters
related to acquisition (AcgBgpy and AcqLgry) and of two
parameters related to allocation (G2Sggy and Pc2Sgpy).
Consequently, all other parameters were set at fixed val-
ues during the simulations. The values of parameters
related to animal nutrition (diet characteristics and con-
version of energy into body mass components and milk
production) and reproduction (timing of events and
probability of conception) were taken from previously
published data based on the analysis of large datasets
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[see Additional file 1: Table S1]. The values of parameters
related to dynamic and structural aspects of the model
were determined during a calibration step. For some
aspects such as the rates of transfer of priority, the mod-
el’s parameters cannot be measured directly from experi-
mental data, but they can be inferred from data that track
all the relevant traits throughout the animal’s lifespan.
Unfortunately, very few studies have reported time series
values for the full set of body mass, body reserves, milk
production, and gestation mass through both young and
adult phases of life. To overcome this limitation, it is pos-
sible to piece together consistent lifetime curves from a
large number of suitably chosen studies over shorter time
periods using a meta-analysis approach. This was done in
a previously reported study to calibrate another model
of dairy cow performance, called GARUNS [18, 19]. This
GARUNS model is not suited to our current study on the
dissociation of allocation and acquisition, but in the lat-
ter study, its use provided reference trajectories through-
out life for the above-mentioned traits that represent the
average curves from the literature. Accordingly, we used
the GARUNS reference trajectories to calibrate the cur-
rent model. Detailed aspects of the calibration are in
Additional file 5. The comparison of the body mass, milk
production and body condition score trajectories that
were simulated by the model in the current paper, the
GARUNS reference curves and the compilation of data
from the literature are presented in Figures S10, S11 and
S12 [see Additional file 6: Figures S10, S11 and S12]. The
calibration step was done by iterative changes in param-
eter values until the model’s simulated trajectories con-
verged with the GARUNS reference curves, and the data
from the literature.

Finally, we evaluated the impact of the stochastic pro-
cesses associated with the simulation of reproduction
events. The use of a probability of conception Py to
determine if the simulated female becomes pregnant
implies the use of a random process (see CONCEPTION
event in Table S3 [see Additional file 3: Table S3]). As a
result, for the same model parameterization, the time
at which conception occurs, resulting from the random
process, can vary among simulations and lead to slightly
different outputs. To account for this stochastic aspect
and stabilize the variance of the model’s outputs, each
simulation had to be replicated 20 times.

Model simulations for sensitivity analysis

Model behaviour was explored by a global sensitivity
analysis that aimed at evaluating how variation in model
inputs, i.e. the four genetic-scaling parameters, affects
FE. Two FE definitions were used, one at the lactation
level and one at the end of the animal’s life. FE_Lac2
corresponds to the ratio between energy acquired and

energy produced in milk, cumulated over the second
lactation. FE_life corresponds to the same ratio, cumu-
lated from birth to death. The four parameters (G2Szy;
Pc2Sgpny AcgBgpy and AcgLgpy) were set at three differ-
ent levels (L: low; M: medium and H: high) and combined
in a complete factorial design [see Additional file 6: Table
S4]. This led to 81 simulations, with 20 replications to
account for the stochastic processes of reproduction. The
discretization of parameters into levels allowed a reason-
able computation time while enabling the exploration of
the model behaviour in response to different combina-
tions of values for genetic-scaling parameters. For each
of the four genetic-scaling parameters, the medium level
corresponded to the value that was determined in the
calibration step [see Additional file 1: Table S1]. Values
for low and high levels of parameters corresponded to
equidistant deviations in percentage of the medium level.
The percentages of deviations were chosen to simulate
trajectories of traits that were consistent with the range
of trait values observed in the existing data. The detailed
description of the parameters levels is in Additional file 6.
By testing all the combinations of parameter values, dif-
ferent individual profiles of acquisition and allocation
were simulated and the corresponding lifetime trajecto-
ries of traits were used to compute FE. The sensitivity of
the model’s output to variation in inputs was evaluated
with sensitivity indices based on variance decomposition:
output variability is decomposed into the main effects of
parameters and interactions. Given our factorial simula-
tion design, analysis of variance is a natural method for
this variance decomposition [20].

Results

The model simulates credible lifetime trajectories of acqui-
sition and allocation and is sensitive to changes in genetic-
scaling parameters, as shown in Additional file 6. Figure 5
shows the boxplots for the two definitions of FE. Outputs
related to body mass, energy utilization and reproductive
performance were also computed for each simulated cow,
at the lactation level and at the end of life. Table 1 summa-
rises the results for the two FE criteria and for the energy
acquired and allocated to milk. Table 2 summarises out-
puts at the lactation level and Table 3 at the lifetime level.
The analysis of variance used to compute sensitivity indi-
ces for the two definitions of FE is in Additional file 6.

Allocation to growth: sensitivity of phenotypic traits to the
variation in the genetic-scaling parameter G255y,
Lactation level

During second lactation, increasing allocation to growth
had a negligible positive effect on FE_lac2 (Fig. 5). It also
had a negligible positive effect on cumulative energy allo-
cated to milk production (E_milk lac2 in 10° MJ) and
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Fig. 5 Results of the model sensitivity analysis for feed efficiency simulated at the lifetime level and second lactation level. FE_life, ratio between
cumulative energy for milk production and cumulative energy acquired, from birth to death; FE_lac2, ratio between cumulative energy for milk
production and cumulative energy acquired, from second parturition to second drying-off. The sensitivity analysis was based on a complete facto-
rial design combining three levels (L: low; M: medium and H: high) of the four genetic-scaling parameters that drive allocation to growth (G255,
allocation to lactation (Pc2S4), basal acquisition (AcgBggy) and lactation acquisition (AcgLgy). Red dots represent the mean values

on cumulative energy acquired during second lactation
(E_acq_lac2 in 10° MJ) as shown in Table 1. Changes in E_
milk_lac2 for different levels of allocation to growth (—0.58
and +0.59 % for L and H compared to M) were larger than
changes in energy acquired (—0.15 and +0.33 % for L and
H compared to M). As a result, the ratio FE_lac2 slightly
increased. The small increase in E_acq_lac2 for increas-
ing allocation to growth was due to an increase in age at
second parturition (Table 2). When individuals were older
at parturition, they also had a higher level of basal acqui-
sition because it increased with age, until maturity. The
slight increase in E_milk lac2 for increasing allocation
to growth was due to an increase in the interval between
second and third parturitions (Table 2). Increasing allo-
cation to growth resulted in a decrease in labile mass at
the second drying (from 137 to 115 kg, see Table 2), and
consequently a delay in the time to next gestation. When
gestation occurred later, the period during which this

function coexisted with lactation decreased. In the model,
allocation to gestation decreased allocation to lactation
(see Equation E2 in Table S2 [see Additional file 2: Table
S2]). The shorter the period of coexistence was, the lower
was the depressive effect of gestation on lactation, allow-
ing a slight increase in E_milk_lac2. Regarding the energy
used for growing during second lactation (E_grow_lac2 in
10 MJ), increasing allocation to growth led to very small
differences in energy expenditure for growth (Table 2). As
most of the energy for growing was spent before second
lactation, the different levels of allocation to growth led to
only small differences during second lactation.

Lifetime level

Increasing allocation to growth resulted in a decrease
in FE_life (Fig. 5) associated with a decrease in energy
used for milk production (E_milk_life in 10®> MJ) and a
decrease in energy acquired (E_acq_life in 10° MJ). As
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Table 1 Measures of efficiency, energy acquired, and milk energy output for model sensitivity analysis
Growth allocation Lactation allocation Basal acquisition Lactation acquisition
L M H L M H L M H L M H

FE_lac2

Value (%) 52.70 5292 53.04 49.65 52.76 56.24 52.87 52.94 52.84 52.95 52.88 52.82

Deviation from M (%) —041 0.00 0.23 —5.90 0.00 6.61 —0.13 000 —020 0.13 000 —0.12
E_acq_lac2

Value (10° MJ) 54.58 54.66 54.84 54.70 54.67 5471 51.55 54.68 57.85 5249 54.68 56.90

Deviation from M (%) —0.15 0.00 033 0.05 0.00 0.08 —5.72 0.00 5.81 —4.00 0.00 4.05
E_milk_lac2

Value (10° MJ) 28.75 2892 29.09 27.15 28.84 30.77 27.25 2895 30.56 27.80 2892 30.05

Deviation from M (%) —0.58 0.00 0.59 —5.84 0.00 6.71 —5.85 0.00 559 —3.87 0.00 393
FE_life

Value (%) 43.97 42.71 40.55 42.53 43.27 4143 41.86 42.51 42.85 40.38 42.62 44.23

Deviation from M (%) 296 000  —504 —1.72 000  —4.27 —1.54 0.00 080 526 0.00 3.79
E_acq_life

Value (103 MJ) 63620 55959  464.99 708.03 57346  379.28 481.09 55799 62169 45251 551.67 656.60

Deviation from M (%) 13.69 000 —1691 2347 000 —3386 —13.78 0.00 1142 —17.98 0.00 19.02
E_milk_life

Value (10° MJ) 28199 24272  194.09 30290 25288 & 163.03 207.05 24176 26998 18740 23870 29270

Deviation from M (%) 16.18 000 —2003 19.78 000 —3553 —14.36 0.00 1167 —2149 0.00 2263
Measures are for the periods from birth to death (_life), and from parturition to drying off in second lactation (_lac2) for the three levels (L: low; M: medium and H:
high) of the four genetic parameters that drive allocation to growth (G2S;,), allocation to lactation (Pc2Sg), basal acquisition (AcgBggy) and lactation acquisition
(AcqlLgey)
Values are in absolute terms and as percentages of the M level of the corresponding parameter
Parameters values are in Additional file 1: Table S1
Table 2 Outputs of model sensitivity analysis at the second lactation level

Growth allocation Lactation allocation  Basal acquisition Lactation acquisi-
tion
L M H L M H L M H L M H

Age at second parturition (days) 1138 1163 1225 1144 1164 1218 1214 1167 1145 1202 1172 1153
Interval between parturitions 2-3 (days) 406 418 423 386 404 455 409 419 417 429 413 404
E_grow_lac2 (10> MJ) 0.501 0544 0544 0568 0541 0480 0450 0538 0600 0476 0533 0579
E_mobilized_lac2 (% total energy use during lac2) 1.54 1.74 213 161 1.65 214 1.83 1.80 1.78 221 1.74 147
Labile mass at drying 2 (kg) 137 124 115 157 125 94 113 124 139 110 125 141

Outputs correspond to measures of age at second parturition, interval between second and third parturitions, cumulative energy for growth, cumulative energy
mobilized for the period between parturition and drying-off of the second lactation and labile mass at the second drying for the three levels (L: low; M: medium and
H: high) of the four genetic-scaling parameters that drive allocation to growth (G2S¢), allocation to lactation (Pc2Sg), basal acquisition (AcgBggy) and lactation

acquisition (Acqlgey)

shown in Table 1, changes in E_milk_life were greater
than changes in E_acq_life, leading to a decreased ratio
FE_life. The two components of FE_life both decreased
because the increase in allocation to growth led to a
shorter lifespan and a shorter productive life with a
smaller number of lactations (Table 3). Increasing growth
allocation had negative effects on survival and reproduc-
tion, which were due to the trade-off between structural

mass and labile mass. In the model, the energy allo-
cated to growth fuels the structural mass rather than
the labile mass, which is fuelled by energy allocated to
somatic functions. Consistently, an increase in allocation
to growth led to an increase in structural mass (Table 3)
because the energy used for growth increased (E_grow_
life in 10® MJ). At the same time, an increase in allocation
to growth led to a decrease in labile mass, as illustrated in
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Table 3 Outputs of model sensitivity analysis at the lifespan level
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Growth allocation

Lactation allocation

Basal acquisition

Lactation acquisition

L M H L M H L M H L M H

Longevity (years) 113 10.2 8.8 124 104 7.6 9.6 10.2 10.6 89 10.1 113
Productive longevity (years) 7.7 6.7 54 8.6 6.8 43 6.1 6.7 7.0 5.5 6.6 7.7
Number of lactations 8.8 7.6 6.1 9.9 7.8 49 6.9 7.6 8.0 6.3 7.5 8.7
Structural mass (kg) 425 446 468 446 446 446 406 446 487 446 446 446
Mean labile mass at drying (kg) 138 126 114 160 126 93 113 126 140 109 126 144
E_grow_life (1 0° MJ) 1024 1079 1137 1083 1081 10.76  9.80 10.81 11.80 1069 1080 1092
E_balance_life (10° MJ) 12.81 1199 1088 1549 1171 847 1082 1189 1297 1051 11.78 1338
E_maintenance (% total energy expenditure) 4830 49.09 5044 4958 4873 4951 4970 4922 4891 5064 4914 4805
E_mobilized_life (% total energy use) 1.59 1.63 1.70 1.82 1.52 157 1.64 1.63 1.63 1.74 1.59 1.58
E_milk_lactation (10° MJ) 3192 3169 3115 3054 3187 3236 2963 3162 3351 2973 3160 3343

Outputs correspond to measures of longevity, productive longevity, number of lactations, structural mass, mean labile mass at drying-off and cumulative energy
outputs for the period between birth and death for the three levels (L: low; M: medium and H: high) of the four genetic-scaling parameters that drive allocation to
growth (G2S54), allocation to lactation (Pc2Sy), basal acquisition (AcgBggy) and lactation acquisition (AcqLsy). Energy outputs are: cumulative energy for growth,
total energy balance (difference between cumulative energy for reconstitution of reserves and cumulative energy mobilized), cumulative energy mobilized and
average cumulative energy per lactation. Parameters values are in Additional file 1: Table S1

Table 3 by the mean labile mass at drying. Furthermore,
it led to an increase in labile mass mobilization as shown
by the proportion of energy mobilized (Table 3). The level
and the use of labile mass are involved in survival (abil-
ity to cover maintenance requirements) and reproduc-
tion (effect of body condition score and energy balance
on conception probability). As a result, the ratio between
productive lifespan and longevity decreased from 0.68 to
0.61 as allocation to growth increased, which increased
the proportion of energy spent for maintenance over the
lifetime (E_maintenance in % of total energy expenditure,
Table 3), thus reducing the dilution of maintenance costs
and decreasing FE.

Allocation to lactation: sensitivity of phenotypic traits

to variation in the genetic-scaling parameter Pc2Sy,
Lactation level

During second lactation, increasing allocation to lac-
tation strongly increased FE_lac2 (Fig. 5). This effect
was due to an increase in E_milk_lac2 and a stagnation
of E_acq_lac2 (Table 1). The increase in energy used for
milk was made possible by a higher mobilization of body
reserves (Table 2).

Lifetime level

Contrary to effects at the lactation level, increasing allo-
cation to lactation was not beneficial at the lifetime level
(Fig. 5). When Pc2S.p,, increased from L to M, FE_life
increased slightly. When it increased from M to H, FE_
life decreased. When allocation to lactation increased,
both E_acq_life and E_milk_life decreased. On the one

hand, the increase in allocation to lactation from L to M
led to a larger decrease in E_acq_life than in E_milk_life,
and thus to a slight increase in FE_life. On the other hand,
the increase in allocation to lactation from M to H led to
a smaller decrease in E_acq_life than in E_milk_life, thus
to a decrease in FE_life. Increasing allocation to lactation
decreased E_acq_life and E_milk_life (Table 1). These
effects were modulated by a decrease in the number of
lactations associated to shorter lifespan and productive
life (Table 3). This effect was due to a lower labile mass at
drying, which impaired survival and reproductive perfor-
mance. This lower labile mass was not linked to growth,
i.e. the structural mass was similar for all levels of allo-
cation to lactation. Within the full factorial design, vari-
ations of growth allocation and basal acquisition, which
both determine structural mass, were the same across
various levels of allocation to lactation. This lower labile
mass was due to a decrease in life energy balance (E_bal-
ance_life, defined as the cumulative energy for labile
repletion minus the cumulative energy for mobilization
in 10®> MJ) when allocation to lactation increased. In spite
of the overall decrease in E_acq_life and E_milk_life that
is caused by a shorter life, increasing allocation to lacta-
tion logically led to an increase in the energy used for
milk production per lactation (E_milk_lactation in 10*
MJ). When increasing allocation to lactation from L to
M, the higher productivity per lactation compensated the
decrease in lifespan and productive life. The proportion
of energy spent on maintenance decreased slightly from
L to M (Table 3), which improved the dilution of main-
tenance costs and increased FE_life. When increasing
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allocation to lactation from M to H, the higher produc-
tivity per lactation did not compensate the reduction in
lifespan and productive life (the ratio productive life/
longevity dropped from 0.65 to 0.57). The proportion of
energy spent on maintenance increased, which resulted
in less dilution of maintenance costs and a decrease in
FE_life.

Basal acquisition: sensitivity of phenotypic traits

to variation in the genetic-scaling parameter AcqB gy
Lactation level

During second lactation, increasing basal acquisition
had almost no effect on FE_lac2 (Fig. 5). Increasing basal
acquisition increased E_acq_lac2 and E_milk_lac2 in the
same proportion (Table 2), thus leading to the same ratio.

Lifetime level

Increasing basal acquisition led to a very small increase in
FE_life (Fig. 5). Both E_acq_life and E_milk_life increased
substantially when basal acquisition increased. This effect
was due to a small increase in labile mass made possible
by the increased acquisition (Table 3), which favoured
reproduction and therefore productive life. As a result,
energy for maintenance represented a slightly smaller
part of the energy budget (Table 3). This slight improve-
ment in dilution of maintenance costs explained the
small increase in FE_life.

Lactation acquisition: sensitivity of phenotypic traits

to variation in the genetic-scaling parameter AcqLggy
Lactation level

During second lactation, increasing lactation acquisi-
tion had almost no effect on FE_lac2 (Fig. 5). As for basal
acquisition, increasing lactation acquisition increased
E_acq_lac2 and E_milk_lac2 in the same proportion
(Table 1), thus leading to the same ratio.

Lifetime level

Contrary to the lactation level, increasing lactation
acquisition resulted in a substantial increase in FE_life
(Table 1). Both E_milk_life and E_acq_life increased
when lactation acquisition increased but E_milk_life
increased proportionally more than E_acq_ life, thus
increasing the ratio. The overall increase in E_milk_life
and E_acq_life was due to an increase in lifespan and
productive life, because of a larger number of lactations.
Increasing lactation acquisition led to a higher level of
labile mass, which favoured survival and reproduction
(the ratio between productive life and longevity increased
from 0.62 to 0.68). With a longer lifespan and more lac-
tations, the energy spent on maintenance represented
a smaller part of the energy budget (50.64, 49.14 and

48.05 % for L, M and H), which improved the dilution of
fixed costs and increased FE_life.

Discussion

Effects of acquisition and allocation on feed efficiency

Our simulation results show that the mechanisms of
acquisition and allocation had contrasted effects on FE
depending on the time scale over which efficiency was
calculated, as shown in Fig. 5. At the lactation level,
improvement in FE was achieved by increasing allo-
cation to lactation. This result is consistent with past
selection strategies on milk production, leading to a
dilution of maintenance costs [21]. At the lifetime level,
improvement in FE was achieved by decreasing allo-
cation to growth and increasing lactation acquisition.
This improvement was caused by a higher level of body
reserves (see Sections Allocation to growth: sensitivity of
phenotypic traits to the variation in the genetic-scaling
parameter G2S.py and Lactation acquisition: sensitivity
of phenotypic traits to variation in the genetic-scaling
parameter AcqL;gy), which resulted in improved repro-
duction and survival and thus favoured the dilution of
the non-productive part of the lifespan. In contrast to the
effect at the lactation level, increasing allocation to lacta-
tion improved lifetime FE up to an optimal level, beyond
which the effect on FE became negative.

These findings highlight the crucial role of life stages
when considering selection for FE and the metric associ-
ated with the phenotype selected for. Based on our simu-
lation results, selecting for FE at the lactation level will
result in the selection of females with high allocation to
lactation. These females are not those that maximize FE
at the lifetime level, i.e. short-term efficiency may come
at the cost of reduced sustainability. In contrast, selecting
for FE at the lifetime level will result in the selection of
females with low allocation to growth and high lactation
acquisition. These females are not those that maximize
FE at the lactation level. The importance of the life stages
in interpreting efficiency measures was previously men-
tioned by [3].

The lifetime effects of acquisition and allocation
mechanisms on FE were mainly due to the central
role of body reserves. This component is pivotal in the
phenotypic feedback of acquisition and allocation on
survival and reproduction. The impact of allocation
to growth was due to a direct trade-off between struc-
tural mass and body reserves. Increasing allocation to
growth decreased body reserves, which had a negative
effect on survival and reproduction. The impact of lac-
tation acquisition on FE was due to a positive effect on
body reserves. Increasing acquisition, with equivalent
maintenance costs, resulted in larger body reserves,
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and thus had a positive effect on survival and reproduc-
tion. This emphasizes the importance of body reserves
for animal resilience [22-24]. The feedback of body
reserves on survival and reproduction led to differences
in lifespan and number of production cycles. Such vari-
ations modulate the dilution of the fixed costs, through
maintenance expenditure and non-productive stages,
and therefore affect FE. The role of body reserves in
improving FE is not straightforward, as shown by the
lifetime effect of allocation to lactation on FE. Our
results suggested an optimal level of allocation to lac-
tation. Increasing allocation to lactation from a low
to a medium level had a positive effect on FE in spite
of reducing lifespan and lactation number. This result
agrees with the recent work of [17] who reported that
dairy cows with high genetic merit for milk have a
shorter lifespan and lower reproductive performance,
but they have a slightly higher lifetime FE than cows
with low genetic merit. The higher level of production
per lactation cycle compensated for the smaller num-
ber of lactation cycles. When allocation to lactation
increased from a medium to a high level, this positive
effect disappeared and FE decreased. The previous off-
set of production per lactation cycle was not sufficient
to balance the reduction in number of lactation cycles.
These results highlight the complexity of FE as a pheno-
type, which results from a combination of production
time and production level. It is clear that improving
FE implies the dilution of fixed costs linked to main-
tenance expenditure and non-productive stages. In
the past, the strategy was based on paying back fixed
costs with a higher level of production. However, this
resulted in negative effects on other time components
of FE (lifespan, reproductive success) and this strat-
egy is not adapted to variable or low quality environ-
ments [25]. Thus, the challenge is to find the optimal
strategy for the dilution of costs depending on the
environmental conditions. In addition, more research
is needed to quantify the genetic variability in the rela-
tion between body reserves and their effect on repro-
ductive performance. This relation can greatly affect FE
over the lifetime and therefore should be included in
future selection strategies for FE. The model structure
is flexible enough to incorporate such future findings.
The parameters that determine how body condition
score, milk and energy balance influence the probabil-
ity of conception can be considered as genetic-scaling
parameters and set at different values. Thus, as dis-
cussed in the following section, simulations will allow
the comparison of FE associated with genotypes that
reflect various effects of body reserves on reproductive
performance.
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Modelling approach

We propose a model that demonstrated the relevance
of breaking-down FE into acquisition and allocation
mechanisms. They play different roles on FE depend-
ing on the female’s life-stage and this may impact future
selection strategies. This alone justifies the conceptual
break with the majority of the models for performance
prediction that use production potential, i.e. the prod-
uct of acquisition and allocation (to that output), as the
genetic driver. In our model, the genetic-scaling param-
eters are dissociated into independent parameters that
control acquisition and allocation separately. Thus, our
model offers opportunities to explore different biologi-
cal strategies of paying back fixed costs to improve FE,
and to investigate which strategy is better adapted to a
given environment. The idea here is to identify a point
of diminishing returns, that is to say the point after
which increasing lifespan or productivity no longer
increases FE. Other genetic-scaling parameters could be
explored (for instance shape of lactation curve or ges-
tation allocation for prolific species) to further evalu-
ate which combinations of acquisition and allocation
maximize FE. Furthermore, other environments could
be explored to better use the ability of the model to rep-
resent G x E interactions. In this study, we considered
a constant environment with fixed resources, both in
quantity and quality. The next step could be to carry out
a sensitivity analysis of the model to different levels of
energy density and evaluate if acquisition and allocation
mechanisms have the same impact on feed efficiency.
Using the model for various environments will raise the
larger issue of available data for validation of the model
components that simulate environmental effects. In
this study, we validated the consistency of phenotypic
trajectories (body mass, body condition score and milk
production) simulated by the model with the trajecto-
ries corresponding to a compilation of data from the
literature, and carried out a global sensitivity analysis,
which are two key steps of the model validation [26, 27].
To go further than this partial validation, we will need
data corresponding to frequent and long-term measure-
ments and data related to feed intake, body mass and
milk production. Even if not yet available, such datasets
are likely to be provided by on-going projects on feed
efficiency.

The model presented here represents a single cow,
defined by its genetic-scaling parameters. By simulat-
ing different values of these parameters, the model
allows the comparison of phenotypic performances
expressed by different genotypes, which reflect dif-
ferent strategies of acquisition and allocation. Clearly,
further exploration of the genetic aspects would
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require a population model. Using the techniques of
individual-based modelling, the present animal model
could be multiplied to create a virtual population
within which each animal has its own genetic-scaling
parameters. Such a population model could either
specify additive genetic (co)variance structures among
the genetic-scaling parameters, or let them (co)evolve
naturally. In the present animal model, we broke the
phenotypic correlations by decomposing mechanisms
and then studied the effects of parameters that drive
these mechanisms by setting independent values.
In the population context, we need to re-introduce
genetic correlations at the level of mechanisms (for
instance, the correlation between the value of the
growth allocation parameter and the value of the basal
acquisition parameter). Using the model as the build-
ing block of an individual-based population model
will also allow the incorporation of trans-generational
aspects. By simulating populations of genotypes under
selection, we will be able to evaluate which genetic-
scaling parameters combinations are selected depend-
ing on environmental conditions and thus to improve
the prediction of the effects of selection strategies in
different environments.

Conclusions

Feed efficiency is a complex phenotype, which in physi-
ological terms combines the acquisition of resources from
the environment with the allocation of resources between
physiological functions, including production and non-
productive functions. Our results show that breaking-
down feed conversion into acquisition and allocation,
and introducing genetically-driven trajectories that con-
trol these mechanisms, permitted quantification of their
relative roles on feed efficiency. Furthermore, our results
show that the life stage at which feed efficiency is evalu-
ated appears to be a key aspect for selection. When feed
efficiency is evaluated over the second lactation, it is
mainly affected by allocation to lactation. When feed effi-
ciency is evaluated in the long-term, i.e. over the whole
lifespan, it is mainly affected by allocation to growth and
acquisition of resource during lactation. While there is a
strong linear increase in feed efficiency with more alloca-
tion to lactation within a lactation cycle, our results sug-
gest that there is an optimal level of allocation to lactation
beyond which increasing allocation to lactation negatively
affects lifetime feed efficiency. Our modelling approach
highlights the role of body reserves in the prediction of
lifetime feed efficiency since they integrate the feedback
of acquisition and allocation on survival and reproduc-
tion. It also provides new insights into the processes that
underpin lifetime feed efficiency in dairy cows.
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Additional files

Additional file 1: Table S1. Parameters of the different sub-models. The
table provides the listing of the symbols used for the model’s parameters,
the description of the parameters, their values and the source used to
define these values [16-18, 28].

Additional file 2: Table S2. Elements and equations of the allocation,
acquisition and utilization sub-models. The table provides the listing of
the elements included in the model (compartments, flows, variables) with
their symbols and units. It also provides the equations that define them or
indicate the discrete events that change their values [16-19, 29].

Additional file 3: Table S3. Description of the discrete events in the
physiological sub-model. Description: The table provides the description
of the triggers that activate the discrete events and the actions on model’s
elements implemented by the events.

Additional file 4. Details of model description. Description: The docu-
ment provides the description of all model’s equations and detailed
aspects of the discrete events functioning. Figure S1 shows an example of
the flows of energy simulated by the model [15-17, 28-30].

Additional file 5. Details of the calibration of the model. The document
provides a description of some detailed aspects of the model’s calibration.
It indicates the assumptions that were made to introduce biological
relationships in the model and how the values of the parameters for these
relationships were defined. The relationships relate to the effect of the
degree of maturity on the energetic value of structural mass gain and
growth function efficiency, the proportion of energy allocated to gesta-
tion (Figure S2), the age-dependence of the energetic value for mainte-
nance (Figures S3, S4 and S5), the effect of parity on lactation acquisition
(Figures S6, S7 and S8) and the effect of parity on lactation allocation
(Figure S9) [18, 19, 31, 32].

Additional file 6. Calibration results and sensitivity analysis details.

The document provides the results of the calibration step in the model
development. This step was based on a comparison with the GARUNS
model and completed by a comparison with a compilation of data from
literature related to body mass (Figure S10), milk production (Figure S11)
and body condition score (Figure S12). The document also provides
additional information on the global sensitivity analysis with the values
of the parameters used in the complete factorial design (Table S4) and
on how these values of the parameters were determined. Finally, the
document provides additional results of the sensitivity analysis with the
variance decomposition of the two feed efficiencies depending on the
input parameters (Table S5) and series of figures that show the effects
of parameters on the dynamic changes of empty body mass, dry matter
intake and milk production (Figures S13, 514, 515,516, 517,518, 519, 520,
S21,522,523 and S24) [18, 19, 33-41].
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Exploring the genetic architecture

and improving genomic prediction

accuracy for mastitis and milk production
traits in dairy cattle by mapping variants

to hepatic transcriptomic regions responsive
to intra-mammary infection

Lingzhao Fang'*'®, Goutam Sahana', Peipei Ma', Guosheng Su', Ying Yu? Shengli Zhang?,
Mogens Sandg Lund' and Peter Serensen’

Abstract

Background: A better understanding of the genetic architecture of complex traits can contribute to improve
genomic prediction. We hypothesized that genomic variants associated with mastitis and milk production traits
in dairy cattle are enriched in hepatic transcriptomic regions that are responsive to intra-mammary infection (IMI).
Genomic markers [e.g. single nucleotide polymorphisms (SNPs)] from those regions, if included, may improve the
predictive ability of a genomic model.

Results: We applied a genomic feature best linear unbiased prediction model (GFBLUP) to implement the above
strategy by considering the hepatic transcriptomic regions responsive to IMI as genomic features. GFBLUP, an exten-
sion of GBLUP, includes a separate genomic effect of SNPs within a genomic feature, and allows differential weight-
ing of the individual marker relationships in the prediction equation. Since GFBLUP is computationally intensive, we
investigated whether a SNP set test could be a computationally fast way to preselect predictive genomic features.
The SNP set test assesses the association between a genomic feature and a trait based on single-SNP genome-wide
association studies. We applied these two approaches to mastitis and milk production traits (milk, fat and protein
yield) in Holstein (HOL, n = 5056) and Jersey (JER, n = 1231) cattle. We observed that a majority of genomic features
were enriched in genomic variants that were associated with mastitis and milk production traits. Compared to GBLUP,
the accuracy of genomic prediction with GFBLUP was marginally improved (3.2 to 3.9%) in within-breed prediction.
The highest increase (164.4%) in prediction accuracy was observed in across-breed prediction. The significance of
genomic features based on the SNP set test were correlated with changes in prediction accuracy of GFBLUP (P < 0.05).

Conclusions: GFBLUP provides a framework for integrating multiple layers of biological knowledge to provide novel
insights into the biological basis of complex traits, and to improve the accuracy of genomic prediction. The SNP set
test might be used as a first-step to improve GFBLUP models. Approaches like GFBLUP and SNP set test will become
increasingly useful, as the functional annotations of genomes keep accumulating for a range of species and traits.
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Background

In general, genetic variation in complex or quantitative
traits is considered to be governed by a large number of
loci with small to moderate effects, which are individu-
ally undetectable by genome-wide association studies
(GWAS) with stringent significance thresholds [1-5].
A better understanding of the genetic architecture that
underlies complex traits (e.g. the distribution of causal
variants and their effects) could improve the predic-
tive ability of models [4, 6-9]. This would be beneficial
for genomic prediction of disease risk in humans and for
estimating genetic values in livestock and plant species of
agricultural importance [4, 6-9].

The genomic best linear unbiased prediction (GBLUP)
assumes that all genomic markers contribute equally
to variability of a trait [10] and ignores any prior bio-
logical knowledge on genetic architecture of the trait.
However, genomic markers that are associated with a
complex trait may not be uniformly and randomly dis-
tributed over the genome, but rather be clustered in
genes that are part of interconnected biological path-
ways and networks [2, 11, 12]. The genomic regions that
are likely to be enriched in variants affecting a trait are
defined as genomic features. Based on different biological
hypotheses, genomic features can be defined from vari-
ous sources of biological knowledge, such as genes, gene
ontologies, biological pathways, or other types of external
evidence. Incorporating this biological information may
improve the predictive abilities of models. We extended
the GBLUP model to implement this strategy by includ-
ing a separate random effect for the joint action of sin-
gle nucleotide polymorphisms (SNPs) within a genomic
feature [8], which we call a genomic feature BLUP (GFB-
LUP) model. As a result, individual SNP relationships
can be weighted differentially in GFBLUP according
to the variance explained by SNPs within and outside
the genomic feature [8]. The GFBLUP model has been
applied to three complex traits (i.e. chill coma recovery,
starvation resistance and startle response) in the unre-
lated inbred lines of Drosophila melanogaster popula-
tions [8]. Compared to GBLUP, the prediction accuracy
with GFBLUP was substantially improved when incorpo-
rating several gene ontology (GO) categories as genomic
features [8]. A possible increase in prediction accuracy
with GFBLUP would depend on whether the genomic
feature is enriched in causal mutations.

The GFBLUP model is computationally intensive for
evaluating many genomic features [8]. Therefore, it is
important to develop a computationally fast approach.
The SNP set test based on GWAS-derived single-SNP
test statistics could be one such approach. It would be
of interest to investigate the relationship between the
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significance of a genomic feature based on the SNP set
test and the predictive ability of the GFBLUP model.

To date, there are many genes that are yet neither func-
tionally characterized nor mapped to any biological data-
bases [13-16], in particular in livestock populations. For
example, in cattle only ~20% of the genes are annotated
in Kyoto Encyclopaedia of Genes and Genomes (KEGG)
pathways [17]. However, transcriptomics studies have
been conducted on small-scale experimental populations
to investigate the dynamic state of the transcriptome in
particular tissues, revealing thousands of genomic fea-
tures (e.g. genes and pathways) that are engaged in the
biological processes of complex traits [18—20]. Such tran-
scriptomics studies provide tissue-specific genomic fea-
tures that are likely to be enriched in genomic variants
affecting specific traits.

Mastitis, an inflammatory condition of the mammary
gland, is often caused by invading pathogens. It is the
most costly disease in the dairy industry due to treatment
cost, reduction in milk production and milk quality, and
in some cases culling of the affected cows [21]. Gram-
negative Escherichia coli (E. coli) is a common mastitis-
causing bacteria [22], and the lipopolysaccharides (LPS)
released by E. coli induce acute inflammatory responses
[23]. Genes with expression levels that are significantly
affected during the early stage of infection have also been
suggested to be involved in overall metabolism [19, 23—
26]. Moreover, it is well established that mastitis is unfa-
vorably correlated with milk production traits [25]. Since
liver plays key roles in innate immune response and met-
abolic regulation [27], we hypothesized that hepatic tran-
scriptomic regions that are responsive to intra-mammary
infection (IMI) may be enriched in genomic variants that
impact mastitis and milk production traits. Using these
regions as genomic features might provide more predic-
tive GFBLUP models compared to the GBLUP model. In
addition, since gene expression patterns and molecular
interaction networks are consistent across breeds [28],
we further hypothesized that the use of transcriptomic
data obtained on one breed may contribute to improve
genomic prediction in other breeds.

In the current study, mastitis and three milk produc-
tion traits (i.e. milk, fat and protein yield) from Nordic
Holstein (HOL, n = 5056) and Jersey (JER, n = 1231)
cattle were analyzed using imputed sequence genotype
data (~15 million SNPs) and hepatic transcriptome data
from an IMI study. Our main objectives were to apply the
GFBLUP model and SNP set test: (1) to investigate the
genomic variance explained by transcriptomic regions
that are responsive to IMI; (2) to improve the accuracy of
within-breed and across-breed genomic prediction using
GFBLUP compared to GBLUP; and (3) to investigate the
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relationship between the predictive ability of GFBLUP
and the significance of genomic features based on the
SNP set test.

Methods

Intra-mammary infection (IMI) study

The IMI experimental design and collection of liver
biopsies were reported previously [23, 29]. In brief,
eight healthy HOL dairy cows in their first lactation
(9 to 12 weeks after calving) were selected for the experi-
ment. The udder quarters of all studied cows were free
from mastitis pathogens based on bacteriological exami-
nations. Milk somatic cell count (SCC) for each stud-
ied quarter was <100,000. The right front quarter was
infected with 200 pg of E. coli LPS (0111:B4) (Sigma-
Aldrich, Brendby, Denmark) dissolved in 10 mL of a
0.9% NaCl solution, while the left front quarter was used
as a control and challenged with 10 mL of 0.9% NaCl
solution only. Clinical signs, data on production traits
together with milk and blood parameters associated
with LPS infection were recorded throughout the trial
and confirmed that mastitis inflammation was induced.
Liver biopsies collected 22 h before and 3, 6, 9, 12 and
48 h after LPS infection in three cows were used for RNA
extraction. Sampling procedures for liver biopsies were
described previously [30]. Finally, 18 RNA-Seq libraries
(at each time point with three biological replicates) were
sequenced using 100-bp paired-end sequencing in Illu-
mina Hiseq2000 sequencing technology.

Statistical analysis of RNA-Seq data

Statistical approaches used for analysing RNA-Seq data
were described previously [31]. Briefly, sequence reads of
each sample were aligned to the bovine reference genome
assembly (UMD 3.1), using a sensitive and efficient map-
ping program based on the seed-and-vote algorithm
implemented in the Rsubread package in R/Bioconductor
[32] _LENREF_65. The number of reads that were mapped
to 24,616 Ensemble genes **(ftp://ftp.ensembl.org/pub/
release-86/gtf/bos_taurus) was counted using the func-
tion Feature-Counts in the Rsubread package with default
settings. The average mapping rate across all samples was
approximately 68%. Analysis of differential gene expres-
sion was conducted using edgeR [33]. A small num-
ber of highly expressed genes in a sample can cause an
RNA composition effect, i.e. a substantial proportion of
the total library size could be consumed by these highly
expressed genes, which results in the remaining genes
to be under-sampled [33]. Therefore, the most recom-
mended weighted trimmed means of M-values (TMM)
were used to normalize the total count data (i.e. the total
library size) between each pair of samples, in order to

adjust for RNA composition effect [33]. After normali-
zation of the total library size, a negative binomial gen-
eralized linear model (GLM) was applied for each gene,
because the count data of genes follow non-normal dis-
tributions, which commonly exhibit a quadratic mean—
variance relationship [33]. The relevant factors in the
experimental design were also adjusted by the GLM, and
gene differential expression was determined using a like-
lihood ratio test [33]. In the GLM model, where the num-
ber of reads mapped to gene g in sample i is denoted as
¥gi and the total number of mapped reads is denoted as
N, it is assumed that y,; ~ NB (/Lgi, ¢g), where g and ¢
are the location and the dispersion parameters of the neg-
ative binomial distribution, respectively. To ensure stable
inference for each gene, an empirical Bayes method was
used to compress gene-wise dispersions towards a com-
mon dispersion for all genes [33]. Statistical tests for each
analysis were adjusted for multiple-testing using the FDR
method as implemented in R (version 3.2.4).

Defining genomic features

The differentially-expressed genes (DEG) (i.e. the hepatic
transcriptome regions responsive to IMI) that were
obtained from the above RNA-Seq analyses were used to
define genomic features. First, 30 genomic features were
defined using six false discovery rate (FDR) cut-off values
(le. <5x1072 1072, 1073, 107% 1078, and 1071%) in each
of the five experimental comparisons (i.e. 3 vs. —22 h, 6 vs.
—22h,9vs. —22 h, 12 vs. —22 h and 48 vs. —22 h), respec-
tively. In addition, since the biological functions of up-
regulated and down-regulated genes can be quite different,
each of these 30 genomic features was further divided into
four subsets based on four log,(fold-change)s cut-off val-
ues (ie. <—2, <—1, <1, and >2). Therefore, another 115
genomic features were built, because five conditions were
without DEG. In total, 145 genomic features were defined.
The number of DEG in each genomic feature is summa-
rized in Table S1 (see Additional file 1: Table S1).

Phenotypic data

The phenotypes were de-regressed breeding values (DRP)
from routine genetic evaluations by the Nordic Cattle
Genetic Evaluation (NAYV, http://www.nordicebv.info/),
and were available for 5056 HOL and 1231 JER cattle.
Detailed information of these phenotypes was previously
described in [34, 35]. Heritabilities for milk, fat and pro-
tein yields and mastitis were equal to 0.39, 0.39, 0.39 and
0.04, respectively in HOL, and very similar in JER [34,
35]. The average reliabilities of the DRP for milk, fat and
protein yields and mastitis were equal to 0.95, 0.95, 0.95
and 0.83, respectively in HOL; and 0.92, 0.92, 0.92, and
0.76, respectively in JER.
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Genotypic data

Imputation from Illumina BovineSNP50 BeadChip (50 K)
to Illumina BovineHD BeadChip (high-density, HD)
genotypes for these individuals and further to whole-
genome sequence variants was described previously [36,
37]. Briefly, genotypes from the 50 K SNP chip for each
individual were first imputed to HD genotypes using a
multi-breed reference of 3383 animals (1222 HOL, 1326
Nordic Red, and 835 JER). A total of 648,219 SNPs were
obtained after imputation to the HD chip. These imputed
HD genotypes were then imputed to the whole-genome
sequence level using a multi-breed reference population
of 1228 individuals from Run4 of the 1000 Bull Genomes
Project [38] and additional whole-genome sequences from
Aarhus University including 368 HOL, 86 Nordic Red, and
88 JER individuals [39]. Genotype imputation was done
using Minimac?2 [40]. In total, 22,751,039 biallelic variants
(SNPs and Indel) were included in the imputed sequence
genotypic data. The accuracy of imputation was above
0.85 for the across-breed imputation of 19,498,365 SNPs.
Detailed information about imputation accuracy was pre-
viously reported in [37]. For each breed, SNPs with a large
deviation from Hardy—Weinberg proportions (P < 10~°)
or with minor allele frequency (MAF) <0.01 were fur-
ther excluded. A total of 15,355,382 and 13,403,916 SNPs
remained for the HOL and JER datasets, respectively.
The SNP locations were based on the UMD3.1 reference
genome (http://www.ensembl.org/Bos_taurus/Info/Index).
A SNP was considered to be linked with a genomic feature
if its chromosome position was within the open reading
frame of DEG in the particular genomic feature.

Training and validation populations

For within-breed prediction, each of the datasets (i.e.
HOL and JER) was divided into training and validation
sets based on birth-year of the animal to access predic-
tion accuracy. The birth-year cut-off was 2006 for HOL
and 2004 for JER, and the younger animals were assigned
to the validation dataset (Table 1). We chose this vali-
dation strategy considering routine animal breeding
practice where the young bulls breeding values are pre-
dicted using a training population of older animals. For
across-breed prediction, the complete HOL popula-
tion (n = 5056) was used as training data to predict
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breeding values for all JER bulls (n = 1231). Both GBLUP
and GFBLUP models were fitted to compare prediction
accuracies.

Genomic models

For each genomic feature as defined before, SNPs were
partitioned into two sets (i.e. within and outside the
genomic feature), followed by the GFBLUP model analysis:

y=1lp+g+gsrte

where y is the vector of phenotypic observations, 1 is
a vector of 1s, p is the overall mean, g¢ is the vector of
genomic values captured by the SNPs within a genomic
feature, g_¢ is the vector of genomic values captured by
SNPs outside the genomic feature (i.e. the rest of genome),
and e is the vector of residuals. Assumptions for all ran-
dom effects are given by:

g 0 G} 0 0
g¢ |~N|[O].| 0 Gi? 0O ,
e 0 0 0 Do?

e
where G¢ and G_¢ are genomic relationship matrices that
are built using the SNPs within and outside the genomic
feature, respectively, which were calculated using the sec-
ond method described in [41]. Briefly, let M be the marker
matrix that specifies which alleles the individual inherits,
and P be the matrix that contains the frequencies of the
second allele at locus (p;) expressed as a difference from
the 0.5 value and multiplied by 2, that is, the column i of
P is 2(p; — 0.5). Matrix Z was obtained as M — P, which
allows mean values of the allele effects to be equal to
0. Then, G ZTZ/, where T is a diagonal matrix with
T = m D 1s a dlagonal matrix with diagonal
elements equal to 1_’ , where 2 is the reliability of DRP,
cf,c ¢ and o2 are the variance components accounted for
by the SNPs w1th1n and outside the genomic feature, and
by the residuals, respectively.

The standard GBLUP model includes only one random
genomic effect:

y=1lp+g+e,

with the same notation as above except for g, which is
the vector of genomic values captured by all genomic
SNPs. The random genomic values and the residuals were

Table 1 Overview of training and validation population sizes for genomic predictions

Breed Number of Number of validation Total number
training individuals individuals

Within HOL 4011 1054 5056

Within JER 975 256 1231

Across breeds 5056 1231 6287

WORLD TECHNOLOGIES



http://www.ensembl.org/Bos_taurus/Info/Index

Exploring the genetic architecture and improving genomic prediction accuracy for mastitis and milk production... 21

assumed to be independently distributed: g ~ N (0, Gcé)
and e ~ N (0,Do?).

Estimation of genomic parameters

The variance components, 67, 02, 0§ and o2, were esti-
mated using an average information restricted maxi-
mum-likelihood (AI-REML) procedure [42] implemented
in DMU [43]. The proportion of genomic variance
explained by a genomic feature in the GFBLUP model:

2
f2 = Gzcﬁ The proportion of phenotypic variance
. f —f o2 +02_
explained by all Si\IPs: hZGFBLUP = m for GFBLUP,

O,

and i p = oé—fcg for GBLUP.

Validation of genomic prediction

Genomic breeding values (GEBV) were predicted using
both GFBLUP and GBLUP models. In the GFBLUP and
GBLUP models, GEBV is o101 = 8¢ + &_r and gsra = &,
respectively. Accuracy of predicted genomic breeding
values (r) is calculated as the correlation between GEBV
and DRP in the validation population. The bias of the
genomic predictions with both GFBLUP and GBLUP
was evaluated by the regression of DRP on the GEBV, i.e.
bias = cov(DRP, GEBV) /0% py-

Single-marker GWAS

Single-marker GWAS analyses for four traits were only
conducted in the HOL training population, followed by
SNP set test analyses for testing the associations between
genomic features and traits. Single-marker GWAS was
performed using a two-step variance component-based
method, to account for population stratification, as
implemented in EMMAX [44]. In the first step, the poly-
genic and residual variances were estimated using the fol-
lowing model:

vy=1p+a+e,

where y is a vector of phenotypes; 1 is a vector of 1s; u is
the overall mean; a is a vector of breeding values, where
a ~ N (0,Go?), and G is the genome relationship matrix
estimated using EMMAX based on HD SNP genotypes,
but excluding the SNPs on the chromosome that harbours
the SNP the effect of which is being estimated; and e is
the vector of residuals, where e ~ N (0,I62) and I is an
identity matrix. In the second step, the individual effects
of SNPs were obtained using a linear regression model:

y=1lu+xb+n,

where y, 1 and p are as defined above; x is a vector of
imputed genotype dosages (ranging from 0 to 2), b is the
vector of allele substitution effects (b), and 1 is a vector
of random residual deviates with (co)variance structure
Go? + Io2.

SNP set test

Summary statistic for a genomic feature

The summary statistic of a genomic feature was calcu-
lated as the sum of the test statistics (i.e. t2) of all SNPs
within DEG (i.e. open reading frame) that belonged to
the genomic feature:

my
2
Tsum = Z Ly
i=1

where 71, is the number of SNPs located in a genomic
feature, and t,zn is the square of the t-statistics for each
SNP in the genomic feature. The ¢-statistics was calcu-
lated as the estimate of the SNP effect (i.e. b) from sin-
gle-marker GWAS divided by its standard error. This
summary statistic is more powerful compared to count-
based summary statistics, particularly in situations where
genomic features harbor many SNPs each having a small
to moderate effect [9, 45].

Testing for association between a genomic feature and a trait
Under the null hypothesis, all SNPs in a genome fea-
ture have the same joint effect as those in the randomly
selected genomic features. To ensure a null hypothesis
is competitive to the alternative hypothesis, the random
genomic features must contain the same number of SNPs
as the genomic feature being analysed, and the linkage
disequilibrium (LD) structure among SNPs should be
retained. An empirical distribution of the summary sta-
tistics of a genomic feature was therefore obtained by
using the following cyclical permutation procedure as
described previously [9, 46]. Briefly, the test statistics of
SNPs (i.e. t?) were first ordered based on the chromo-
some position of the SNPs. A test statistic was randomly
selected from this vector. All test statistics were then
shifted to new positions, where the selected SNP became
the first one, and the other SNPs shifted to new posi-
tions, but retained their original order. This uncouples
any associations between SNPs and the genomic feature,
while retaining the LD structure among SNPs. A new
summary statistic was then calculated according to the
original position of the genomic feature. The permuta-
tion was repeated 1000 times for each genomic feature,
and an empirical P value was then calculated based on
one-tailed tests of the proportion of randomly sampled
summary statistics that were larger than that observed.

Biological function enrichment analysis

In order to investigate the biological function of a genomic
feature, functional enrichment analysis of DEG in the par-
ticular genomic feature was conducted using a web-based
tool, KOBAS2.0 (http://kobas.cbi.pku.edu.cn/home.do)
[47], where a hypergeometric gene set enrichment test,
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based on a gene ontology (GO) database, was applied. The
FDR method [48] was used for adjusting multiple tests.

Results

The results for RNA-Seq analyses at different time-point
comparisons (i.e. 3 vs. =22 h, 6 vs. —22 h, 9 vs. —22 h, 12
vs. —22 h and 48 vs. —22 h) are summarized in Table S2
(see Additional file 2: Table S2). The —log,,(P) values of
imputed sequence-level SNPs from single-marker GWAS
for mastitis and milk production traits on the HOL training
population are shown in the Manhattan plots of Figure S1
(see Additional file 3: Figure S1). The GFBLUP and GBLUP
models were compared for all four traits in within-breed
(i.e. HOL and JER) genomic prediction, followed by across-
breed prediction (i.e. HOL as the training population and
JER as the validation population). The degree of enrich-
ment (i.e. —log;,(P values)) of genomic features based on
the SNP set test in the HOL training population was com-
pared with the changes in prediction accuracy of GFBLUP
within- and across-breed predictions, respectively.

GBLUP, GFBLUP and SNP set test analyses for Holstein
population

Genomic parameters

As shown in Fig. 1a, 128, 106, 99, and 90 of the 145
genomic features explained larger proportions of
the total genomic variance (H}) compared to their
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SNP-proportion over the whole genome for mastitis,
protein, milk and fat yield, respectively. Detailed infor-
mation is summarized in Tables S3, S4, S5 and S6 (see
Additional file 4: Tables S3, S4, S5 and S6). These results
demonstrated that the genomic variance of the traits
studied is not uniformly distributed along the genome,
but appears to be enriched in a subset of hepatic tran-
scriptomic regions that are responsive to IMI. Therefore,
the assumption of the GBLUP approach that a priori all
markers contribute equally to trait variability does not
hold good.

Prediction accuracy

Prediction accuracy of GBLUP was equal to 0.504
(bias = 0.864) for mastitis, 0.602 (bias = 0.775) for pro-
tein yield, 0.635 (bias = 0.862) for milk yield, and 0.607
(bias = 0.808) for fat yield. Compared to the GBLUP
model, 27, 44, 17 and 13 of the 145 genomic features
resulted in higher prediction accuracies with GFB-
LUP (Ar > 0.01) for mastitis, protein, milk and fat yield,
respectively (see Additional file 4: Tables S3, S4, S5 and
S6). Among these, we found 8 (9) up- (down-) regulated
genomic features for mastitis, 26 (4) for protein yield, 2
(9) for milk yield, and 4 (9) for fat yield (Fig. 2). These
results indicate that down-regulated genes could be more
often associated with milk and fat yield than up-regulated
genes during IMI The regression coefficient of DRP on
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b is for Jersey; the x axis represents the proportion of SNPs over the whole genome that are located in genomic features (i.e. SNPy); the y axis repre-

g— ® mastitis
* = protein
A milk
K * fat
*
<« *
S *
A A
A
©_| **A
° X
N kN
L]
AA ‘
»E L4
~_| ¥ .;
© °
£ %000
AKx S
A
A&'
g,
Q|
o
T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5
SNP;
sents the proportion of genomic variance explained by the genomic features (i.e. H%)

WORLD TECHNOLOGIES




Exploring the genetic architecture and improving genomic prediction accuracy for mastitis and milk production... 23

o _
[sp}
o _| B Up
3% H Down
»
2
2 o
© N
Q
2
§ o
c
o
o
—
© o _|
o]
=z
- . J ‘
o
mastitis protein milk fat
Fig. 2 Number of up- (down-) regulated genomic features that result
in higher prediction accuracy (Ar > 0.01) with GFBLUP in Holstein
population. Up represents up-regulated genomic features; down
represents down-regulated genomic features

GEBV (bias) for all GFBLUP analyses ranged from 0.862
to 0.873 for mastitis, from 0.772 to 0.783 for protein yield,
from 0.857 to 0.866 for milk yield, and from 0.778 to
0.821 for fat yield (see Additional file 4: Tables S3, S4, S5
and S6). The absolute value of (1-bias) tended to be nega-
tively correlated with the change in genomic prediction
accuracy with GFBLUP across four traits (see Additional
file 5: Figure S2), which indicates that more predictive
genomic features lead to less biased predictions. The top
five predictive genomic features for each of the four traits
are presented in Table 2. The average increase in predic-
tion accuracy with the best-performing genomic feature
across the four traits was 0.018, which corresponds to an
increase of 3.2% relative to GBLUP.

Comparisons between degrees of enrichment based on the
SNP set test and changes in prediction accuracy of GFBLUP
The results of SNP set tests for all 145 genomic features
across four traits in the HOL training population are sum-
marized in Tables S3, S4, S5 and S6 (see Additional file 4:
Tables S3, S4, S5 and S6). The changes in prediction accu-
racy of GFBLUP (Ar) were significantly (P < 0.05) posi-
tively correlated with —log,(P) of genomic features based
on the SNP set test across all four traits (Fig. 3). Correla-
tions of 0.69 (P < 2.2 x 107%9),0.46 (P = 4.4 x 107°), 0.46
(P =44 x 107 and 0.44 (P = 3.6 x 10~%) were found
between changes in accuracy and —log;,(P value) for
mastitis, protein yield, milk yield, and fat yield, respec-
tively. These results demonstrated that the SNP set test
could be used as a computationally simple way to develop
more predictive GFBLUP models.

GBLUP and GFBLUP analyses for the Jersey population
Genomic parameters

As in the analyses for the HOL population (Fig. 1b), we
observed that 125, 115, 99, and 83 of the 145 genomic fea-
tures for the JER population explained a larger proportion
of the total genomic variance relative to their SNP-pro-
portion over the whole genome for mastitis, protein yield,
milk yield, and fat yield, respectively. Detailed information
is in Tables S7, S8, S9 and S10 (see Additional file 6: Tables
S7, S8, S9 and S10). It should be noted that all genomic
features were defined based on gene expression data that
were obtained in HOL cattle. These results imply that a
subset of hepatic transcriptomic regions responsive to
IMI found for HOL were also enriched in genomic vari-
ants for mastitis, protein, milk and fat yield in JER.

Prediction accuracy

Prediction accuracy of the GBLUP model was equal to
0.549 (bias = 0.916) for mastitis, 0.530 (bias = 0.760)
for protein yield, 0.597 (bias = 0.796) for milk yield, and
0.433 (bias = 0.669) for fat yield. Compared to the GBLUP
model, 21, 14 and 2 genomic features resulted in higher
prediction accuracy (Ar > 0.01) with GFBLUP for mastitis,
protein, and milk yield, respectively (see Additional file 6:
Tables S7, S8, S9 and S10), among which 7, 13 and 0 were
in common with those found for HOL, respectively. No
genomic features resulted in an increase >0.005 in predic-
tion accuracy for fat yield in JER. The regression coefficient
of DRP on GEBV (ie. bias) for all the GFBLUP analyses
ranged from 0.891 to 0.930 for mastitis, from 0.727 to
0.807 for protein yield, from 0.760 to 0.809 for milk yield,
and from 0.599 to 0.677 for fat yield. As observed in HOL,
the absolute value of (1-bias) was negatively correlated
with the change in prediction accuracy for all four traits in
JER (see Additional file 7: Figure S3). The top five predic-
tive genomic features for each of the four traits are sum-
marized in Table 3. The average increase in prediction
accuracy (Ar) with the best-performing genomic feature
across the four traits was 0.020, which corresponds to a
3.9% increase compared to GBLUP. These results indicate
that the use of gene expression data obtained from one
breed may improve marginally the genomic prediction
accuracy in other breeds. It should be noted that, for JER,
the increase in prediction accuracy with GFBLUP for milk
and fat yield was very small (Table 3).

Comparisons between degree of enrichment from the SNP set
test and changes in prediction accuracy of GFBLUP

The changes in prediction accuracy with GFBLUP on the
JER validation population were also significantly posi-
tively correlated with —log;,(P) based on the SNP set test
on the HOL training population for mastitis and pro-
tein yield (Fig. 4). Correlations of 0.59 (P = 3.0 x 107%),
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Table 2 Top five predictive genomic features for mastitis, protein, milk and fat yield in Holstein cattle

Trait Time (h)? FDRY,, Log,(FC)© P, et SNP; (%)® H2 (%) reaLup bias" Ar
Mastitis 9 5x 1077 NAJ 0013 6.36 25.60 0520 0872 0016
9 5x 1072 >1 0.027 232 13.71 0519 0872 0.015
6 5x 1072 NA 0.040 592 1981 0519 0873 0.015
6 1072 NA 0.043 468 18.83 0518 0871 0014
6 1073 NA 0.034 3.54 15.39 0518 0871 0.014
Protein 48 1070 >2 0.021 <001 185 0622 0.783 0.020
48 1078 >2 0.029 <0.01 1.75 0.621 0.782 0.019
48 1072 >2 0.023 0.02 328 0.621 0.779 0.019
48 1078 >1 0.027 <01 1.71 0.621 0.782 0.019
48 10710 >2 0.026 <001 137 0.620 0.782 0018
Milk 6 1072 NA 0.026 468 31.90 0.651 0.863 0016
6 1073 NA 0.027 3.54 26.82 0.651 0.865 0016
6 1073 <=1 0.024 1.76 19.74 0.650 0.862 0015
6 1070 <=2 0.022 0.28 12.49 0.649 0.866 0014
6 1072 <—1 0.030 249 2539 0.649 0.859 0014
Fat 6 1070 <=2 0.027 0.28 1628 0629 0.804 0.022
6 1073 <=2 0028 033 17.76 0.626 0.800 0.019
6 1072 <2 0.032 0.36 1857 0.625 0.798 0018
6 5x 1077 <=2 0.032 0.37 1851 0.625 0.799 0018
9 1070 >1 0.055 0.84 20.94 0.621 0815 0014

@ Time points post intra-mammary infection with E. coli LPS

b FDR values used to define genomic features from RNA-Seq analysis

c

P values from SNP set test on HOL training population

¢ Proportion of SNPs in genomic features over the whole genome

f Proportion of the total genomic variance explained by genomic features

9 Prediction accuracy with GFBLUP
h

I The change of prediction accuracy with GFBLUP relative to GBLUP
J The genomic feature defined without log,(fold-change)

0.52 (P =3.1 x 107", 0.19 (P = 0.02) and 0.06 (P = 0.5)
were found between changes in accuracy and —log;,(P)
for mastitis, protein yield, milk yield, and fat vyield,
respectively.

GBLUP and GFBLUP for across-breed genomic prediction

When the complete HOL population was considered
as training population to predict the genomic values
of individuals in the JER population, prediction accu-
racy of GBLUP was very low, i.e. prediction accuracies
were equal to —0.058 (bias = —0.343) for mastitis, 0.098
(bias = 0.622) for protein yield, 0.160 (bias = 0.762) for
milk yield, and 0.070 (bias = 0.482) for fat yield. Com-
pared to the GBLUP model, 60, 68, 71 and 44 of the 145
genomic features resulted in higher prediction accuracy
with GFBLUP (Ar > 0.01) for mastitis, protein, milk and
fat yield, respectively (see Additional file 8: Tables S11,
S$12, S13 and S14). The regression coefficient (i.e. bias)

Log,(fold-change) values used to define up- (down-) regulated genomic features from RNA-Seq analysis

The regression coefficient of de-regressed proofs (DRP) on predicted genomic breeding values (GEBV)

of DRP on GEBV for all GFBLUP analyses ranged from
—0.463 to 0.277 for mastitis, from 0.151 to 1.265 for pro-
tein yield, from 0.413 to 0.826 for milk yield, and from
0.002 to 0.577 for fat yield. It should be noted that more
predictive genomic features lead to less biased predic-
tions across the four traits (see Additional file 9: Figure
S4). In addition, for mastitis, protein and milk yield, the
changes in accuracy with GFBLUP in across-breed pre-
diction were significantly correlated with the —log,,(P)
of SNP set test in the HOL training population (Fig. 5).
The top five predictive genomic features for each of
the four traits are summarized in Table 4. The absolute
average increase in prediction accuracy (Ar) with the
best-performing genomic feature across four traits was
0.111, which corresponds to a 164.4% increase relative to
GBLUP. Compared to within-breed prediction, the rela-
tive improvement in genomic prediction accuracy seems
to be clearer in across-breed prediction.
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Fig. 3 Comparisons between degree of enrichment from the SNP set test in the Holstein (HOL) training (reference) population and changes in
prediction accuracy with GFBLUP in the HOL validation population. Each point represents one of the 145 genomic features

Discovery of gene sets associated with protein yield

Genomic features can be ranked based on the predictive
ability of GFBLUP. Therefore, our GFBLUP can also be
used to map gene sets that are associated with complex
traits. For instance, a highly up-regulated genomic feature
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with 34 DEG (FDR < 107% log,(fold-change) > 2) that were
detected in the 48 vs. —22 h comparison resulted in an
increase of 0.204, 0.020 and 0.041 in prediction accuracy
for protein yield among across-breed, and within HOL and
JER predictions, respectively (see Additional file 10: Table
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Table 3 Top five predictive genomic features for mastitis, protein, milk and fat yield in Jersey cattle
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Trait Time (h)? FDRY,, Log,(FC)* SNP; (%)¢ H2 (%)° Y aLup bias? A
Mastitis 9 1071 >1 046 15.79 0.567 0.927 0018
12 1072 NA! 3.98 37.31 0.566 0.930 0017
9 10710 NA 131 26.64 0.564 0.921 0015
12 1071 <—1 0.71 16.15 0.564 0.925 0.015
6 1073 <—1 167 2869 0.563 0.923 0014
Protein 48 1072 >2 0.02 642 0576 0807 0.046
48 107° >2 <0.01 459 0.571 0.797 0.041
48 10710 >2 <0.01 411 0.569 0.787 0.039
48 1078 >2 <001 428 0.569 0.796 0.039
48 5x 1072 >2 0.03 6.74 0.568 0.804 0.038
Milk 48 001 >2 0.02 2.19 0.608 0.805 0011
9 1072 <—1 3.02 12.85 0.607 0.801 0010
12 1078 <—1 0.88 1039 0.606 0.809 0.009
48 5x 1072 >2 003 138 0.605 0.805 0.008
9 1073 <—1 231 13.94 0.604 0.800 0.007
Fat 48 5x 1072 >1 030 404 x 1077 0438 0672 0.005
6 5% 1072 >1 257 200 x 1077 0437 0672 0.004
48 5x 1072 NA 0.35 224 x10°° 0437 0672 0.004
9 107° >2 032 593 x 107/ 0437 0672 0.004
9 1078 >2 0.28 568 x 107/ 0437 0672 0.004

@ Time points post intra-mammary infection with E. coli LPS

b FDR values used to define genomic features from RNA-Seq analysis

c

4 Proportion of SNPs in genomic features over the whole genome

¢ Proportion of the total genomic variance explained by genomic features

f Prediction accuracy with GFBLUP

Log,(fold-change) values used to define up- (down-) regulated genomic features from RNA-Seq analysis

9 The regression coefficient of de-regressed proofs (DRP) on predicted genomic breeding values (GEBV)

" The change of prediction accuracy with GFBLUP relative to GBLUP

I The genomic feature defined without log,(fold-change)

S15). These 34 DEG, which include <0.01% of the total
number of SNPs, explained 1.84 and 4.59% of the genomic
variance for protein yield in HOL and JER, respectively.
In addition, they explained 0.44 and 0.50% of the genomic
variance for mastitis in HOL and JER, respectively, but did
not improve genomic predictions for mastitis. Detailed
information of GFBLUP analyses for these 34 DEG across
three prediction scenarios is in Table 5. The P values based
on the SNP set test were 0.021 and 0.18 for protein yield
and mastitis, respectively, on the HOL training popula-
tion. The functional enrichment analysis of these 34 DEG
revealed that they were significantly (FDR < 0.05) enriched
in innate immune response and negative regulation of
endopeptidase activity and protein metabolism (Fig. 6).

Discussion

In the current study, we demonstrated that a subset of
the hepatic transcriptomic regions responsive to IMI was
enriched in genomic variants associated with mastitis

and milk production traits. When using these regions as
genomic features, the genomic prediction accuracy with
GFBLUP was improved marginally compared to GBLUP.
In theory, both the GFBLUP model and SNP set test can
easily be extended to incorporate other types of biologi-
cal information as genomic features, such as sequence
annotation, biological pathways and eQTL.

Dissection of the genetic architecture and improvement

of prediction accuracy for mastitis and milk production
traits in dairy cattle

It has been suggested that milk production and disease
resistance traits are controlled by several hundred up to
several thousand loci in cattle, most of which have a very
small effect [4, 49, 50]. Multiple studies, using different
strategies, have been conducted to investigate the genetic
architecture that underlies such complex phenotypes,
and to improve genomic prediction accuracy within and
across breeds [6, 17, 49, 51, 52].
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Fig. 4 Comparisons between degree of enrichment from the SNP set test in the Holstein (HOL) training (reference) population and changes in
prediction accuracy with GFBLUP in the Jersey (JER) validation population. Each point represents one of the 145 genomic features

Genetic architecture and biological interpretation

The approaches that partition genomic variance based
on adjacent genomic regions (e.g. 50-SNP genomic seg-
ments) or single chromosomes may not provide enough

biological insights into the

genetic architecture of a trait
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[6, 51, 53]. Our results provide evidence that results
from gene expression experiments can give additional
information about the biological and genetic basis of
complex traits. In the current study, we used RNA-Seq
data from an IMI experiment as an example to study the
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genetic and biological basis of mastitis and milk produc-
tion traits. We found that a subset of hepatic transcrip-
tomic regions responsive to IMI is enriched in genomic
variants associated with these traits. We also found that

down-regulated genes are more often associated with
milk and fat yield, which together with the fact that the
liver is a crucial organ for host immune responses and
metabolism, including lipogenesis, gluconeogenesis, and
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Table 4 Top five predictive genomic features for mastitis, protein, milk and fat yield in across-breed prediction

Trait Time (h)? FDRY,, Log,(FC)© SNP; (%)¢ H2 (%)° rf eaLup bias? A
Mastitis 6 1073 <—1 194 9.98 0.063 0277 0.121
6 5x 1072 <—1 353 14.03 0.046 0.178 0.104
6 1072 <—1 272 12.68 0.044 0.171 0.102
9 5x 1072 NA! 6.99 25.98 0.034 0.15 0.092
12 5x 1072 >1 234 12.84 0.034 0.112 0.092
Protein 48 107° >2 001 224 0302 1.250 0.204
48 1078 NA 0.01 2.04 0.298 1.264 0.200
48 1078 >2 <001 2.09 0.295 1265 0.197
48 1073 >2 001 266 0.292 1.245 0.194
48 10710 NA <001 1.60 0.282 1172 0.184
Milk 9 1073 <—1 2.69 2465 0.232 0.798 0.072
9 107° NA 2,60 1441 0.229 0.805 0.069
9 107° <—1 167 8.20 0.228 0.808 0.068
48 107° >2 0.01 0.25 0.222 0.826 0.062
12 1078 <=1 1.02 3.95 0.221 0.802 0.061
Fat 6 1073 >1 198 19.66 0117 0577 0.047
9 107° NA 261 2448 0.104 0477 0.034
6 107° <1 095 2029 0.102 0446 0.032
3 5x 1072 >2 0.11 085 0.101 0.567 0.031
3 1072 >2 0.11 0.72 0.100 0.560 0.030

@ Time points post intra-mammary infection with E. coli LPS

b FDR values used to define genomic features from RNA-Seq analysis

c

4 Proportion of SNPs in genomic features over the whole genome

¢ Proportion of the total genomic variance explained by genomic features

f Prediction accuracy with GFBLUP

Log,(fold-change) values used to define up- (down-) regulated genomic features from RNA-Seq analysis

9 The regression coefficient of de-regressed proofs (DRP) on predicted genomic breeding values (GEBV)

" The change of prediction accuracy with GFBLUP relative to GBLUP

I The genomic feature defined without log,(fold-change)

cholesterol metabolism [54, 55], implies that the immune
responses in the liver during mastitis impair milk pro-
duction. This is in agreement with a recent study that
demonstrated that immune relevant pathways (e.g. leu-
kocyte trans endothelial migration and chemokine sig-
nalling pathways) are strongly associated with milk and
fat yield in HOL [17].

Within-breed prediction

In populations with a high degree of linkage disequilib-
rium (LD), such as highly selected dairy cattle breeds,
the genomic relationship based on genome-wide mark-
ers provides accurate information about the genomic
variation of the traits [56], although it does not use any
prior biological information. In addition, the LD struc-
ture makes it more difficult to partition genomic variance
based on genomic features. Therefore, the increase in

prediction accuracy with GFBLUP is small compared to
GBLUP, i.e. we observed average increases of 0.018 and
0.022 across four traits within HOL and JER, respectively.
This is consistent with a recent study [52] that applied a
Bayesian genomic feature model (i.e. BayesRC) to milk
production traits. Incorporating 790 candidate genes
associated with milk production traits as a genomic fea-
ture, they found that the increases in within-breed pre-
diction accuracy with BayesRC were quite small (<0.01)
compared to BayesR, which ignores any prior biological
information [52].

Across-breed prediction

Across-breed genomic prediction accuracies for milk
production traits were close to zero, when HOL was used
as training population to predict genomic values for JER
using the GBLUP approach. This is in agreement with
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Table 5 GFBLUP analyses of 34 genes detected in the com-
parison 48 h vs. —22 h (FDR < 107%; log,(fold-change) > 2)
for mastitis, protein, milk and fat yield

Scenario Trait H2 (%) rgFBLUP bias® Ard
Within HOL Mastitis 044 0.505 0.865 0.001
Protein 1.84 0.622 0.783 0.020
Milk 032 0.643 0.863 0.008
Fat 0.15 0.607 0.809 0.000
Within JER Mastitis ~ 0.50 0.550 0918 0.001
Protein 4.59 0.571 0.797 0.041
Milk 0.00 0.596 0.789 —0.001
Fat 0.00 0434 0671 0.001
Across-breed Mastitis 0.46 —0.063 —0373 —0.005
Protein 2.24 0.302 1.250 0.204
Milk 0.25 0.222 0.826 0.062
Fat 0.09 0.079 0491 0.009

@ Proportion of total genomic variance explained by the genomic feature
b Prediction accuracy with GFBLUP

¢ Regression of coefficient of de-regressed proofs (DRP) on predicted genomic
breeding values (GEBV)

4 Change in prediction accuracy with GFBLUP relative to GBLUP

observations in [50, 56]. When validation and training
populations are distantly related (i.e. the LD structure
becomes weak), genomic feature modelling approaches
such as GFBLUP and BayesRC are expected to perform
better than models that ignore prior biological infor-
mation such as GBLUP and BayesR, provided that the
genomic feature is enriched in the genomic variants of
the traits across breeds [8, 52]. Therefore, shifting the
focus from the complete set of genomic markers to those
that are more likely to have functional effects might con-
tribute to improve across-breed genomic predictions [7],
as observed in our study. However, breed differences in
the segregation of quantitative trait loci (QTL), minor
allele frequencies and breed-specific SNP effects could
add to the complexity in across-breed prediction.

GFBLUP and alternatives

Factors that influence the performance of GFBLUP

The assumption made in the GBLUP model (i.e. the
genomic variance is evenly distributed along the whole
genome) does not match the real genetic architecture
that underlies the traits. It puts equal weights to the ele-
ments in the genomic relationship, whereas the GFBLUP
allows putting different weights to the individual genomic
relationships in the prediction equation according to the
estimated genomic parameters [8]. Prediction accuracy
of GFBLUP is influenced both by the genomic variance

Current Progress in Animal Breeding

explained by the genomic features and by the number
of non-causal SNPs in the feature [8, 9]. The GFBLUP
model performs better as the genomic feature contains
more causal variants (i.e. explaining more genomic vari-
ance) and less non-causal markers [8, 9]. However, if the
estimated genomic parameters deviate from the true val-
ues, it will lead to reduced prediction accuracy, as shown
in the current study (Figs. 3, 4, 5), because too much
weight is put on the “wrong” genomic relationships in the
prediction equations. Our GFBLUP has two components
for genomic effects (i.e. f and —f), but in theory it is pos-
sible to include multiple genomic feature effects [57, 58],
which might improve genomic predictions more com-
pared to the current GFBLUP. However, when the corre-
lations among multiple genomic relationship matrices are
high, the variance components are not reliably estimated
and thus there is no improvement in prediction accuracy
[8, 57]. Therefore, further work is needed to investigate
the performance of the GFBLUP model with multiple
genomic features, in particular in livestock populations
with large LD structures.

Bayesian mixture model and Bayesian GF mixture model
Bayesian mixture models, such as BayesR [50], which
ignore prior genomic feature information, are consid-
ered to be relevant alternative methods. Both GFBLUP
and Bayesian mixture models allow assigning mark-
ers to different distributions. GFBLUP assigns a marker
set (i.e. genomic feature) to a certain distribution [i.e.
f~ N(O, chr%) or —f ~ N(O, G_fO'Z_f)] using prior bio-
logical knowledge, whereas Bayesian mixture models
attempt to assign markers to predefined distributions
based on the data themselves. Previous studies dem-
onstrated that an externally informed genomic feature
is necessary for a successful partitioning of genomic
variance, while the data themselves may not necessarily
suggest which marker should have the greatest weight
[8, 50]. The external biological information can also be
incorporated into Bayesian mixture models, such as
BayesRC [52]. All genomic feature models including
GFBLUP and BayesRC are computationally intensive,
and they do not necessarily perform better than standard
models (i.e. GBLUP and BayesR) when genomic features
are less enriched in causal variants [8, 59].

SNP set test

The SNP set test based on single-marker test statistics
derived from GWAS is a computationally fast way to
evaluate a large number of genomic features [60]. The
results of the SNP set test could be used to develop
more predictive GFBLUP and similar models. The
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current SNP set test method assesses the association
between a genomic feature and a trait based on the
sum of ¢* of SNPs within the genomic feature. Another
commonly used approach for the SNP set test is based
on counting associations exceeding a pre-defined sig-
nificance threshold within the genomic feature [61—
63]. One important limitation of this count-based
approach is the dichotomization of association signals
into significant and non-significant sets, based on a
pre-specified significance level, which ignores infor-
mation regarding the strength of association. Since
the genomic variance of mastitis and milk production
traits is typically governed by very many markers, each
with a small effect [4, 49, 50], the current SNP set test
is more likely to match the genetic basis of complex

phenotypes, and is more powerful than the count-
based approach [9, 45, 46].

Appropriate genomic features facilitate improved biological
interpretation

In order to test different biological hypotheses, many
genomic features can be constructed using different
sources of prior information, such as prior QTL regions,
chromosomes, sequence, biological pathways, and other
types of external evidence. The gain in biological knowl-
edge of complex traits relies highly on the genomic fea-
ture classification strategies. Since associated genomic
markers are not evenly, or necessarily physically, clus-
tered along the genome [2, 51], partitioning genomic var-
iance based on adjacent genomic regions (e.g. haplotypes
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and chromosomes) is not an ideal way to facilitate the
interpretation of biological mechanisms underlying the
traits. Biological interpretation may be better served
by the use of pathways and gene ontologies as genomic
features; however, the quantity and quality of the genes
that are functionally annotated in current pathway data-
bases are limited [15], particularly for livestock and plant
genomes. Here, we used information from gene expres-
sion data to define genomic features, providing novel
insights into the genetic and biological basis of mastitis
and milk production traits and improving genomic pre-
diction accuracy with GFBLUP.

Since mastitis can be caused by various pathogens, the
current RNA-Seq data that originate only from E. coli
mastitis may be limited to detect all the genes that are
functionally relevant with mastitis. Thus, more RNA-Seq
data from infections with other types of pathogens could
help the detection of genomic features that are associ-
ated with mastitis and milk production. In addition,
since gene expression patterns depend highly on time,
cell types, and tissues, some trait-associated genes might
not show differential expression in certain cell types and
tissues at a certain physiological stage. Therefore, incor-
porating more molecular biological information from
more tissues (e.g. mammary gland, blood and adipose
tissue) and more physiological stages could be important
to define the appropriate genomic features that are highly
enriched in causal variants.

Conclusions

Compared to GBLUP, GFBLUP models increased the
accuracy of genomic prediction for mastitis and milk
production traits in dairy cattle by incorporating bio-
logical information from gene expression data, and thus
provide novel biological insights into the genetic basis
of such complex traits. Compared to within-breed pre-
diction, the increase in prediction accuracy seems to be
more apparent in across-breed prediction. In addition,
the SNP set test can be used as a computationally fast
way to develop more predictive GFBLUP or similar mod-
els. The current genomic feature modelling approaches
provide a general framework for incorporating biologi-
cal knowledge from independent functional genomics
studies to study the genetic architecture and to improve
genomic prediction for complex traits. Approaches such
as GFBLUP and SNP set test will be increasingly use-
ful as the biological knowledge of functional genomic
regions keep accumulating for a range of traits and
species.
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Additional files

Additional file 1: Table S1. The genomic features defined by RNA-Seq
analysis. The data provided represent the number of genes in each of the
145 genomic features defined by using six different FDR cut-off values (i.e.
<5%1072,107%,1073,1075,107% and 107'%) and four log,(fold-change)s
(£—2,<—1,>1,and >2).

Additional file 2: Table S2. Gene differential expression analysis of
RNA-Seq data. The data provided represent the results of gene differential
expression analysis of RNA-Seq data in five different comparisons, i.e. 3
versus —22 h, 6 versus —22 h, 9 versus —22 h, 12 versus —22 h and 48
versus —22 h.

Additional file 3: Figure S1. Manhattan plots of single-marker genome-
wide association analyses (GWAS) with imputed sequence SNPs. The
figure provided represents the P values of all imputed sequence SNPs
from GWAS for mastitis, protein, milk and fat yield in the HOL training
population. Each point represents one SNP.

Additional file 4: Tables S3, S4, S5 and S6. GFBLUP and SNP set test
analyses in the Holstein (HOL) population. The data provided represent
the detailed results of GFBLUP and SNP set test analyses for mastitis (Table
S3), protein (Table S4), milk (Table S5) and fat (Table S6) yield in the HOL
population.

Additional file 5: Figure S2. Relationship between bias of genomic

predictions and changes in prediction accuracy with GFBLUP for four traits
in the Holstein population. Each point represents one of the 145 genomic
features. The y axis is the absolute values of (1-bias (b)) for GFBLUP, and the
X axis is the changes in prediction accuracy with GFBLUP relative to GBLUP.

Additional file 6: Tables S7, S8, S9 and S10. GFBLUP analyses in the
Jersey (JER) population. The data provided represent the detailed results
of GFBLUP analyses for mastitis (Table S7), protein (Table S8), milk (Table
S9) and fat (Table S10) yield in the JER population.

Additional file 7: Figure S3. Relationship between bias of genomic
predictions and changes in prediction accuracy for four traits in the Jersey
(JER) population. Each point represents one of the 145 genomic features.
The y axis is the absolute values of (1-bias (b)) for GFBLUP, and the x axis is
the changes in prediction accuracy with GFBLUP relative to GBLUP.

Additional file 8: Tables S11, S12, S13 and S14. Results of GFBLUP
analyses across breeds. The data provided represent the detailed results of
GFBLUP analyses for mastitis (Table S11), protein (Table S12), milk (Table
S13) and fat (Table S14) yield across breeds.

Additional file 9: Figure S4. Relationship between bias of genomic pre-
dictions and changes in prediction accuracy for four traits in across-breed
prediction. Each point represents one of the 145 genomic features. The y
axis is the absolute values of (1-bias (b)) for GFBLUP, and the x axis is the
changes in prediction accuracy with GFBLUP relative to GBLUP.

Additional file 10: Table S15. The 34 up-regulated genes associated
with protein yield. The data represent the detailed information of the 34
highly up-regulated genes detected in the liver at 48h post intra-mam-

mary infection (IMI).
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Selection of performance-tested young
bulls and indirect responses in commercial beef
cattle herds on pasture and in feedlots
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Abstract

Background: Central testing is used to select young bulls which are likely to contribute to increased net income of
the commercial beef cattle herd. We present genetic parameters for growth and reproductive traits on performance-
tested young bulls and commercial animals that are raised on pasture and in feedlots.

Methods: Records on young bulls and heifers in performance tests or commercial herds were used. Genetic param-
eters for growth and reproductive traits were estimated. Correlated responses for commercial animals when selection
was applied on performance-tested young bulls were computed.

Results: The 90% highest posterior density (HPD90) intervals for heritabilities of final weight (FW), average daily gain
(ADG) and scrotal circumference (SC) ranged from 0.41 to 0.49, 0.23 to 0.30 and 0.47 to 0.57, respectively, for perfor-
mance-tested young bulls on pasture, from 0.45 to 0.60, 0.20 to 0.32 and 0.56 to 0.70, respectively, for performance-
tested young bulls in feedlots, from 0.29 to 0.33, 0.14 to 0.18 and 0.35 to 0.45, respectively, for commercial animals

on pasture, and from 0.24 to 0.44,0.13 to 0.24 and 0.35 to 0.57 respectively, for commercial animals in feedlots. The
HPD90 intervals for genetic correlations of FW, ADG and SC in performance-tested young bulls on pasture (feedlots)
with FW, ADG and SC in commercial animals on pasture (feedlots) ranged from 0.86 to 0.96 (0.83 to 0.94), 0.78 to

0.90 (0.40 to 0.79) and from 0.92 to 0.97 (0.50 to 0.83), respectively. Age at first calving was genetically related to ADG
(HPD9O interval = —0.48 to —0.06) and SC (HPD90 interval = —0.41 to —0.05) for performance-tested young bulls on
pasture, however it was not related to ADG (HPD9O0 interval = —0.29 to 0.10) and SC (HPD90 interval = —0.35 t0 0.13)
for performance-tested young bulls in feedlots.

Conclusions: Heritabilities for growth and SC are higher for performance-tested young bulls than for commercial
animals. Evaluating and selecting for increased growth and SC on performance-tested young bulls is efficient to
improve growth, SC and age at first calving in commercial animals. Evaluating and selecting performance-tested
young bulls is more efficient for young bulls on pasture than in feedlots.

Background

Central testing of beef cattle is used quite widely world-
wide since the 1950s, especially in the United States and
Canada [1], Europe [2] and Brazil [3]. The aim of central
testing is to identify young bulls as parents of the next

*Correspondence: flbtoral@ufmg.br

! Departamento de Zootecnia, Escola de Veterinria, Universidade Federal
de Minas Gerais, Belo Horizonte, MG 31270-901, Brazil

Full list of author information is available at the end of the article

generation which are likely to contribute to increased
net income of commercial herds. Young bulls need to be
raised under uniform housing, feeding, management and
data recording to more accurately estimate the genetic
merit of each animal. Growth, carcass, feed efficiency
and scrotal circumference are measured during the test
or at the end of the test [4—8]. Performance tests can be
conducted on pasture or in feedlots. Feeding costs (per
day and total cost) for testing young bulls are lower on
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pasture than in feedlots. However, pasture performance
tests take longer than feedlot performance tests [6, 8—12].

After individual testing, outstanding young bulls can be
used for breeding, either with or without progeny test, or
sold to cow-calf producers. Therefore, the impact of selec-
tion for improved economic traits in performance-tested
young bulls on growth and reproductive traits of young
bulls and heifers in commercial herds is of particular
importance. The genetic correlations (+standard error)
of average daily gain and mid-test body weight of perfor-
mance-tested young bulls in feedlots with post-weaning
weight (12 to 36 months of age) of commercial animals
on pasture present moderate magnitude (0.33 + 0.15
and 0.56 + 0.14, respectively) [4]. However, genetic cor-
relations of growth in performance-tested young bulls
in feedlots with age at first calving in commercial herds
are weak (0.21 £ 0.15 and —0.18 £ 0.13, respectively)
[5]. Furthermore, genetic correlations between growth
and reproductive traits in performance test and com-
mercial herds both on pasture or in feedlot are unknown.
Availability of such data would be useful to evaluate
the efficiency of selection in performance tests for the
improvement of economic traits in commercial herds and
to determine the best environment to carry out perfor-
mance tests of young bulls. Thus, our aim was to estimate
genetic parameters for growth and reproductive traits in
performance-tested young bulls and commercial young
bulls and heifers on pasture and in feedlots. In addition,
we analyzed the impact of selecting performance-tested
young bulls for growth and scrotal circumference on
growth and reproductive traits in young bulls and heifers
in commercial herds, both on pasture and in feedlots.

Methods
Data
Approval by the ethics committee was not necessary
for this study because the data were obtained from an
existing database. We used records from official perfor-
mance tests on growth traits and scrotal circumference
(SC) of Nellore young bulls on pasture and in feedlots
and records from a joint official performance recording
scheme on growth and reproductive traits (SC and age
at first calving, AFC) of young bulls and heifers. Perfor-
mance records and pedigree information were provided
by Associacéo Brasileira de Criadores de Zebu (ABCZ).
The performance of 33,013 animals was evaluated in
751 performance tests that were carried out from 2003 to
2012 in the North (Acre, Rondénia, Pard, and Tocantins),
Northeast (Bahia and Maranhio), Central West (Goids,
Mato Grosso and Mato Grosso do Sul), Southeast
(Espirito Santo, Minas Gerais and Siao Paulo) and South
(Parand and Rio Grande do Sul) regions of Brazil. Our
study included 24,910 animals from 538 tests that were
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conducted on pasture and 8103 animals from 213 tests
that were conducted in feedlots. Pasture tests lasted
294 days (70 days for adaptation and 224 days for testing)
and feedlot tests lasted 168 days (56 days for adaptation
and 112 days for testing). Animals were weighed at the
beginning and end of the adaptation period and at the end
of the testing period. The assessed traits included final
weight (FW), average daily gain (ADG) and SC. ADG was
calculated as the difference between body weight at the
end of the testing period (WEndT) and body weight at the
end of the adaptation period (WEndA), divided by the dif-
ference between age at the end of the testing period and
age at the end of the adaptation period (AEndA). FW was
calculated using the following equations FW = WEndA
+ [ADG x (550 — AEndA)] and FW = WEndA + [ADG
x (426 — AEndA)] for performance-tested young bulls on
pasture and in feedlots, respectively. The values 550 and
426 are the official standard final ages (in days) according
to ABCZ. Individual records for each trait that exceeded
the intervals given by the means of the performance tests
plus or minus 3.5 standard deviations were excluded, and
growth and SC records of animals from performance test
on pasture and in feedlots that included less than 20 and 8
animals, respectively, were also excluded.

Performance records of commercial young bulls and
heifers were from the official performance recording
scheme of ABCZ for commercial purebred herds in Central
West (Goids, Mato Grosso and Mato Grosso do Sul) and
Southeast (Minas Gerais and Sdo Paulo) regions of Bra-
zil. These records were collected from 2005 to 2010. The
animals were weighed at weaning (from 145 to 265 days
of age, mean age of 205 days) and at yearling (from 490 to
610 days of age, mean age of 550 days). The assessed traits
included FW and ADG of young bulls and heifers, SC of
young bulls, both on pasture and in feedlots, and AFC of
heifers on pasture. ADG was calculated as the difference
between body weight at yearling (YW) and body weight at
weaning (WW), divided by the difference between age at
yearling and age at weaning (AW). FW was calculated as
follows: FW = WW + [ADG + (550 — AW)]. Individual
records for each trait that exceeded the intervals given by
the means of contemporary groups plus or minus 4 stand-
ard deviations were excluded, and animals from contem-
porary groups that included less than 10 animals were also
excluded. Contemporary groups included animals from
the same herd, year and month of birth, sex, and feeding
regimen at weaning and yearling (on pasture with or with-
out mineral supplementation or in feedlots). The levels of
energy and/or protein supplementation were not avail-
able in the dataset, and the feeding regimen at yearling of
animals that were fed with any type of energy and/or pro-
tein supplementation was considered as a feedlot. A total
of 84,565 animals (from 4148 contemporary groups on
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pasture) and 4468 animals (from 266 contemporary groups
in feedlots) were used in this study. Records on AFC were
from heifers with growth records (FW and ADG) in the
dataset, which originated from 540 contemporary groups
on pasture. Heifers with AFC records represented 17.7%
of the heifers with growth records. Summary statistics of
these data are in Table 1 and the distributions of animals
and sires across geographical regions are in Table 2.

The numerator relationship matrix considered pedigree
data on 122,046 animals with records and ancestors of
recorded animals, which resulted in 377,217 animals. The
mean, minimum and maximum numbers of known gen-
erations for animals with at least one available record were
6.4, 1.5 and 8.9, respectively. The environmental connect-
edness through the use of common sires is shown in Fig. 1.

Statistical analyses

Samples of the posterior distributions of the genetic
parameters were obtained using a Bayesian approach and
Gibbs sampler in multiple-trait analyses. The following
general statistical model was used:

Yhijk = up + CGpj + bh(]-) (Ax — A)) + ani + enijis

where y,,, is the observation for trait 4 on animal i in
performance test (or contemporary group) j with final
age k; u,, is the general constant present in each observa-
tion for trait /;; CG), is the effect of performance test (or
contemporary group) j for trait /; by, G is the linear regres-
sion coefficient of final age for trait it, nested in the per-
formance test (or contemporary group) j; A, is the age k;
Aj is the mean of the final ages of the animals from the
contemporary group j; a;; is the breeding value of animal
i for trait /;; and ey is the residual effect for each obser-
vation. The effect of age was not included for AFC.

In matrix notation, the following general model was
used in multiple-trait analyses:

Y1 "By
~ X, ® - @ ~
Y2 ®X,--- @ ||B
¥s e @ - Xg gy

a e

Zy® - 7|~ 2
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- o T+ :
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where y, is the vector of records for trait 4, X, is the
incidence matrix of fixed effects; By, is the vector of fixed
effects, Z, is the incidence matrix of random effects; a,, is

Table 1 Summary statistics for growth and reproductive
traits in performance-tested and commercial young bulls
and heifers on pasture and in feedlots

Trait N Mean sD CV (%)
Performance test on pasture
Final age (days) 24,910 553.05 2439 441
Final age (days)? 14,888 55272 2524 457
FW (kg) 24,910 350.35 53.09 15.15
ADG (kg/day) 24,910 0.54 0.16 29.63
SC (cm) 14,888 2661 338 12.70
Commercial on pasture
Final age (days)® 84,565 54946 24.30 442
Final age (days)b 14,663 54835 24.39 445
FW (kg) 84,565 31254 58.05 18.57
ADG (kg/day) 84,565 036 0.14 38.89
SC (cm) 14,663 2591 367 14.16
AFC (days) 8060 1164.83 180.52 15.50
Performance test in feedlots
Final age (days)® 8103 423.59 26.41 6.23
Final age (days)° 4676 42073 2801 6.66
FW (kg) 8103 371.65 5713 1537
ADG (kg/day) 8103 0.83 0.27 3253
SC(cm) 4676 2541 331 13.03
Commercial in feedlots
Final age (days)® 4468 549.62 2417 440
Final age (days)® 1365 54859 24.16 440
FW (kg) 4468 38941 7141 18.34
ADG (kg/day) 4468 0.54 0.18 3333
SC (cm) 1365 2846 3.95 13.88

N number of records, SD standard deviation, CV coefficient of variation (in %),
FW final weight, ADG average daily gain, SC scrotal circumference, AFC age at
first calving

@ Only for animals with FW and ADG data

5 Only for animals with SC data

the vector of breeding values for trait / and e, is the vec-
tor of residuals for trait 4. @ is the symbol for an empty
matrix. The indexes % are as follows: FW, ADG and SC
in performance-tested animals on pasture or in feedlots
were defined as trait 1, FW, ADG, SC, AFC in commer-
cial animals on pasture were defined as traits 2, 3, 4 and 5,
respectively, and FW, ADG and SC in commercial animals
in feedlots were defined as traits 6, 7 and 8, respectively.
Thereby, six multiple-trait analyses were carried out.

Flat prior distributions were assumed for fixed effects

([8:8: &)

assumed for random effects

and ({ilef“"?}t

Wishart distributions were assumed for (co)variance

and normal distributions were

([22 =)

R), whereas inverted
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Table 2 Distribution of animals and sires across geographical regions
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Trait Animals Sires
NO NE cw SE o) NO NE cw SE SO Total

Performance tests on pasture

Growth 4874 1317 7816 9769 1134 672 288 903 901 120 2047

SC 3243 1094 4581 5413 557 480 236 571 579 72 1347
Commercial on pasture

Growth - - 46,878 37,687 - - - 2136 1423 - 3021

SC - - 8090 6573 - - - 958 578 - 1313

AFC - - 4456 753 - - - 3604 510 - 1053
Performance tests in feedlots

Growth 69 - 4307 3051 676 20 - 463 303 80 688

SC 69 - 3281 1288 38 20 - 369 170 10 469
Commercial in feedlots

Growth - - 2458 2010 - - - 325 308 - 527

SC - - 760 605 - - - 146 133 - 227

NO north, NE northeast, CW central west, SE southeast, SO south, Growth includes final weight and average daily gain, SC scrotal circumference, AFC age at first calving

Growth records Scrotal circumference
Pasture (CH) Feedlot (CH) Pasture (CH) Feedlot (CH)
Pasture (PT) Feedlot PT) Pasture (PT) Feedlot (PT)
1994 48 823 41
193 42
321 1 176 0
1251 92 13 200 879 39 3 179
175 96
4 95 4 38
1 138 2 96
PT = performance test s 5
CH = commercial herd
Fig. 1 Number of sires with progeny records for growth and scrotal circumference across performance tests and commercial herds on pasture and
in feedlots

matrices (Gg|v,, S,) and (R|v,, S,), where G = G; ® A
represents the genetic (co)variance matrix and

2
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the genetic (co)variances between traits 1 to 8; 0%, repre-
sents the additive genetic variance for trait /; 0q,a,, repre-
sents the additive genetic covariance between traits # and
H'; R =R, ® A represents the residual variance matrix;
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Q
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represents the matrix of residual variance of traits 1 to 8;
o'g’h is the residual variance for trait /; o¢, ¢, is the residual
covariance between traits # and /'; v, and v, (degrees of
freedom of the inverted Wishart distributions) and S, and
S. (8 x 8 matrices of (co)variance components obtained
from preliminary analyses) are the hyper-parameters of
the inverted Wishart distributions of genetic and residual
(co)variances; and the other terms are the same as those
described above. The complete conditional posterior dis-
tributions are in Sorensen and Gianola [13].

Gibbs chains of 410,000 iterations were generated for
each parameter, with a burn-in period of 10,000 iterations
and a sampling interval of 200 iterations in the GIBBS1F90
program [14]. Gibbs chain size, burn-in period and sam-
pling interval were those determined in previous analyses.
The genetic and residual variances for FW, ADG, SC and
AFC of commercial animals on pasture and FW, ADG and
SC of commercial animals in feedlots that are shown in
this paper were the means of 12,000 samples obtained in
six multiple-trait analyses. Convergence diagnostics were
performed by following Geweke’s [15] and Heidelberger
and Welch’s [16] techniques and a visual analysis of the
trace plots was performed by using the Bayesian Output
Analysis [17] program in R software 3.2.3 [18].

Samples of posterior distributions for efficiency of cor-
related response (ECR), considering the same intensity
of selection for traits in performance-tested and com-
mercial animals, were obtained by the following equation
available in Falconer and Mackay [19]:

AGy h ’
ECRyy, = TG?: =Tq,,, h—fl‘l
where AGy, is the expected genetic gain per generation
for trait # in commercial animals when selection was
applied for trait /' in performance-tested animals; AGy,
is the expected genetic gain per generation for trait &
in commercial animals; /' is the trait under selection in
performance-tested animals; / is the indirectly selected
trait in commercial animals; Tay, is the genetic correla-
tion between traits % and /’; and h;/ and hy, are the square
roots of the heritabilities for traits /' and 4, respectively.

In addition to the analyses previously described, two
multiple-trait analyses were performed in which FW or
ADG of performance-tested animals on pasture were
defined as trait 1, FW and ADG of male commercial ani-
mals on pasture were defined as traits 2 and 3, respec-
tively, and FW, ADG and AFC of female commercial
animals on pasture were defined as traits 4, 5 and 6,
respectively. These analyses were performed to esti-
mate the genetic correlations for the same trait between
young bulls and heifers. Furthermore, we carried out
another two analyses for the same traits measured on

performance-tested and commercial animals in feedlots.
A single-trait analysis for AFC was run to compare the
results from single and multiple-trait analyses for this
trait.

Results

Genetic variation of growth and reproductive traits
Posterior means and the 90% highest posterior density
(HPD90) intervals of the variances and heritabilities for
growth and reproductive traits in performance-tested
and commercial young bulls and heifers are in Table 3.
The posterior means of the additive genetic variances for
FW and ADG were higher for performance-tested young
bulls than for commercial animals on pasture or in feed-
lots (Table 3).

The posterior means of the additive genetic variance for
SC were higher for performance-tested young bulls on
pasture than for commercial animals on pasture. How-
ever, the additive genetic variances for SC were similar
between performance-tested young bulls in feedlots and
animals in commercial herds in feedlots (Table 3), because
of overlapping HDP90 intervals. In addition, residual vari-
ances for FW and SC were smaller for performance-tested
young bulls than for commercial animals, and the poste-
rior mean of the residual variance for ADG was higher for
performance-tested animals in feedlots than for commer-
cial animals in feedlots (Table 3). Estimated heritabilities
were higher for traits in performance-tested young bulls
than in commercial animals (Table 3).

The posterior means of the additive genetic and resid-
ual variances for FW and ADG were higher for males
than for females in commercial herds on pasture and esti-
mated residual variances for FW and ADG were higher
for males than for females in commercial herds in feed-
lots (Table 3). Estimated heritabilities for FW and ADG
were similar between males and females in commercial
herds on pasture, those for FW were higher for females
than for males in commercial herds in feedlots, but with
overlapping HDP90 intervals and those for ADG were
similar between males and females in commercial herds
in feedlots (Table 3).

The additive genetic variance and heritability for AFC
were lower in the single-trait than in the multiple-trait
analyses (Table 3).

Genetic correlations between male and female traits

Posterior means (and the lower and upper limits of the
HDP90 intervals between brackets) of the genetic corre-
lations between male and female FW and ADG in com-
mercial herds on pasture were equal to 0.96 (0.94; 0.98)
and 0.75 (0.58; 0.88), respectively. Genetic correlations
between male and female FW and ADG in commercial
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Table 3 Variance components for growth and reproduc-
tive traits in performance-tested and commercial young

bulls and heifers on pasture and in feedlots

Trait o2

2

Oe

hZ

Performance test on pasture
FW 421.03 (380.00;

514.38 (487.00;

045 (041; 0.49)

461.80) 547.60)
ADG 0.019(0.016;0.022) 0.053 (0.051;0.055)  0.26 (0.23;0.30)
SC 3.34(2.94;3.69) 3.05(2.79;3.33) 0.52(0.47;0.57)

Commercial on pasture

FW 322.26 (295.70; 21.84 (702.80; 0.31(0.29;0.33)
345.30) 739.90)

M_FW  321.08 (281.90; 887.12 (857.30; 0.27 (0.24; 0.29)
358.30) 916.10)

F_FW 264.14 (238.10; 604.12 (585.20; 0.30(0.27;0.33)
286.90) 623.30)

ADG 0.010(0.009;0.011) 0.051 (0.050;0.055) 0.16(0.14,;0.18)

M_ 0.012(0.011;0.014) 0.058 (0.057;0.060)  0.18(0.15; 0.20)

ADG

F_ADG  0.009 (0.008; 0.010) 0.044 (0.042; 0.045) 7(0.15;0.20)

SC 2.58 (2.20; 2.91) 3.86 (3.59;4.13) 0.40 (0.35; 0.45)

AFC 3.65(1.93;4.36) 15.50 (14.69; 16.91)  0.18 (0.10;0.22)

AFC® 1.68(1.20;2.16) 16.96 (16.33;17.57)  0.09 (0.06;0.11)

Performance test in feedlots
FW 756.70 (626.30; 689.82 (590.40; 0.52 (0.45; 0.60)

895.80) 780.30)
ADG 0.064 (0.048;0.082) 0.181(0.168;0.195)  0.26 (0.20; 0.32)
SC 4.27 (3.64;4.88) 249(2.07,2.97) 0.63 (0.56; 0.70)

Commercial in feedlots

FW 426.53 (308.00; 860.56 (749.80; 0.33 (0.24; 0.44)
586.90) 976.40)

M_FW 35559 (298.10; 984.17 (915.50; 0.27(0.22;0.31)
432.20) 1060.00)

F_FW 47395 (319.40; 687.18 (549.70; 041 (0.28;0.53)
645.20) 803.20)

ADG 0.015(0.010;0.019) 0.064 (0.060;0.070)  0.19(0.13;0.24)

M_ 0.013(0.008;0.018) 0.069 (0.065;0.075)  0.16 (0.09; 0.22)

ADG
F_ADG  0.013(0.007;0.018) 0.060 (0.054; 0.066)  0.17(0.09; 0.23)
SC 362 (2.65;4.63) 4.16 (3.39;4.99) 046 (0.35;0.57)

Lower and upper limits of the highest posterior density intervals with 90% of the
samples are listed between brackets

Posterior means of 02 additive genetic variance, o2 residual variance, h?
heritability, FW final weight, M_FW male FW, F_FW female FW, ADG average daily
gain, M_ADG male ADG, F_ADG female ADG, SC scrotal circumference, AFC age
at first calving

2 Results from single trait analysis. Variances for AFC were multiplied by 1073

herds in feedlots were equal to 0.96 (0.93; 0.99) and 0.74
(0.63; 0.85), respectively.

Genetic correlations between performance test

and commercial herds traits

Posterior means of the genetic correlations of FW, ADG
and SC between performance-tested and commercial
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animals were positive (Table 4), which indicates that
selection for either of these traits in performance-tested
young bulls will result in improved growth and SC in
commercial animals.

The posterior mean of the genetic correlation between
FW in performance-tested young bulls on pasture and
FW in commercial animals on pasture was higher than
the genetic correlation between FW in performance-
tested young bulls on pasture and FW in commercial
animals in feedlots (Table 4). The same results were
observed for ADG and SC (Table 4). These differences
were not observed for genetic correlations of FW, ADG
and SC between performance-tested young bulls in feed-
lots and commercial animals on pasture or in feedlots
(Table 4).

Genetic correlations of ADG and SC in performance-
tested young bulls on pasture with AFC in heifers on
pasture were negative (Table 4). However, genetic cor-
relations of FW in performance-tested young bulls
on pasture and of FW, ADG and SC in performance-
tested 'young bulls in feedlots with AFC were almost
zero (Table 4). Thus, selection for ADG and SC in per-
formance-tested young bulls on pasture will result in
decreased AFC in commercial heifers but selection for
FW in performance-tested young bulls on pasture or
growth and SC in performance-tested young bulls in
feedlots will have no effect on AFC in commercial heifers
on pasture.

Efficiency of correlated responses

Table 5 presents the efficiencies of correlated responses
for FW, ADG, SC and AFC in commercial animals when
FW, ADG and SC were selected in performance-tested
young bulls.

Correlated responses for (1) FW, ADG or SC in com-
mercial animals on pasture when FW, ADG or SC were
selected in performance-tested young bulls on pasture
were similar or higher than the direct responses for FW,
ADG or SC in commercial animals on pasture, respec-
tively; (2) FW in commercial animals (on pasture or in
feedlots) when FW was selected in performance-tested
young bulls in feedlots were similar or higher than the
direct responses for FW in commercial animals (on
pasture or in feedlots); (3) SC in commercial animals
on pasture when SC was selected in performance-
tested young bulls in feedlots were similar to the direct
response for SC in commercial animals on pasture; (4)
ADG in commercial animals in feedlots when ADG was
selected in performance-tested young bulls on pasture
or in feedlots were similar; and (5) SC in commercial
animals in feedlots when SC was selected in perfor-
mance-tested young bulls on pasture or in feedlots were
also similar.
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Table 4 Genetic correlation between growth and reproductive traits in performance-tested young bulls on pasture

and feedlot with growth and reproductive traits in commercial

young bulls and heifers on pasture and in feedlots

Traits Performance-tested young bulls on pasture Performance-tested young bulls in feedlots
FW ADG SC FW ADG SC

FWe 0.91 (0.86; 0.96) 0.63 (0.54;0.78) 0.37 (0.27; 0.46) 0.87 (0.82;091) 0.60(0.47;0.71) 0.53(0.44; 0.63)
ADG® 0.69 (0.62; 0.76) 0.84 (0.78;0.90) 0.27 (0.18;0.37) 040 (0.30;0.51) 0.39(0.27;0.52) 0.24(0.11;0.36)
sce 0.32(0.22;0.40) 0.27 (0.16;0.37) 0.94 (0.92;0.97) 0.28 (0.16; 0.40) 0.17(0.00; 0.33) 0.80(0.73;0.88)
AFC? 9(—0.38;0.09) —0.26 (—0.48; —0.06) —0.23 (=041; —0.05) 0.02 (—0.17;0.18) —0.06 (—0.29; 0.10) —0.11 (=0.35;0.13)
Fwb 0.66 (0.54;0.78) 0.33(0.17;0.54) 0.25(0.10;0.38) 0.88 (0.83;0.94) 0.65(0.52;0.77) 0.33(0.18;0.47)
ADGP 0.54(0.38;0.71) 0.39 (0.23; 0.56) 0.23(0.03;042) 0.72 (0.60; 0.85) 0.58 (0.40; 0.79) 0.26 (0.12; 0.40)
sch 2(—0.10;0.34) 2(=0.10;0.28) 0.73 (0.63;0.83) 0.49(0.38;0.61) 0.56 (0.45; 0.70) 0.67 (0.50;0.83)

Lower and upper limits of the highest posterior density intervals with 90% of the samples are listed between brackets

FW final weight, ADG average daily gain, SC scrotal circumference, AFC age at first calvi
2 FW, ADG, SC and AFC in commercial young bulls and heifers on pasture

b FW, ADG and SC in commercial young bulls and heifers in feedlots

ing

Table 5 Efficiency of correlated responses for growth and reproductive traits in commercial young bulls and heifers
on pasture and in feedlots when the selection is applied for increased growth and reproductive traits in performance-

tested young bulls on pasture and in feedlots

Traits Performance-tested young bulls on pasture Performance-tested young bulls in feedlots
FW ADG SC FW ADG SC

FWe 0(1.03;1.19) 0.58 (0.48; 0.68) 0.48 (0.35; 0.60) 1.12(1.03;1.22) 0.55(0.43;0.67) 0.74 (0.60; 0.90)
ADG® 6(1.00;1.13) 08 (0.94;1.19) 049 (0.32;0.67) 0.71 (0.54;0.89) 0.50(0.34;0.68) 046 (0.24;0.72)
Ne 034(024 043) 022( 13;0.31) 1.08(1.01;1.16) 0.32(0.17;0.44) 0.14(0.02;0.27) 1.00 (0.90; 1.13)
AFC? —0.33 (—0.68;0.44) —0.33(=0.63; —0.03) —0.44 (—0.85; —0.05) 0.04 (—0.33;0.31) —0.07 (—=0.36;0.14) —0.20 (—=0.73; 020)
Fwb 0.78 (0.47;0.99) 0.30(0.09; 0.52) 0.32(0.16; 0.49) 1.11(0.98; 1.25) 059 (0.46; 0.75) 0.46 (0.24; 0.65)
ADGP 0.84 (0.56; 1.19) 0.47(0.26;0.71) 0.44(0.06;0.81) 1.25(1.01;1.53) 0.70(0.38;0.95) 0.50 (0.20; 0.84)
sch 2(—0.09;0.32) 0.09 (=0.06;0.22) 0.78 (0.64; 0.96) 0.50 (0.37; 0.65) 41(0.29;0.53) 0.76 (0.50; 0.99)

Lower and upper limits of the highest posterior density intervals with 90% of the samples are listed between brackets

FW final weight, ADG average daily gain, SC scrotal circumference, AFC age at first calvi
@ FW, ADG, SC and AFC in commercial young bulls and heifers on pasture

b FW, ADG and SC in commercial young bulls and heifers in feedlots

Discussion

Genetic variation of growth and reproductive traits

The heritabilities, genetic correlations and response to
selection for growth and SC in performance-tested young
bulls on pasture and in feedlots were presented and dis-
cussed previously [8]. The results about these genetic
parameters in commercial animals on pasture and in
feedlots are quite similar to those presented in Raidan
et al. [8]. In most cases, response to selection will be
greater for animals in feedlots than on pasture (if selec-
tion intensities are the same) because feeding conditions
are better and variances are larger for animals in feedlots
than on pasture [8, 20, 21].

Genetic variances and heritabilities for growth and SC
were higher for performance-tested young bulls than for
commercial animals (Table 3). This higher genetic vari-
ance for performance-tested animals (except for FW and

ing

SC for animals in feedlots because there is difference in
the final age between performance-tested and commer-
cial animals) might be a consequence of overall condi-
tions being better and of phenotypic means being higher
in performance tests. In general, the environmental con-
ditions (nutrition, sanitary management, etc.) are better
for performance-tested young bulls than for commercial
animals and they could be responsible for differences in
the mean of each trait and in the expression of genetic
differences [20, 21]. In addition, temporary random
effects in performance testing are lower than in commer-
cial herds because the changes in management condi-
tions are less frequent, and the process of data recording
is stricter in performance tests than in commercial con-
ditions [12]. Moreover, the number of young bulls in each
performance test was larger than the number of animals
in each contemporary group of the commercial herds,
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which contributes to reduce the error associated with the
estimation of systematic effects that are included in the
statistical models. The residual variance for ADG is larger
for performance-tested young bulls in feedlots than for
commercial animals in feedlots because the mean ADG
is more than 50% greater in performance tests in feedlots
than in performance tests on pasture or in commercial
herds on pasture and in feedlots.

AFC records probably originated from a selected group
of heifers because the females that have a low weaning
weight could have been culled at weaning and some heif-
ers with a low body weight at yearling did not get preg-
nant during the first breeding season. Thus, the lowest
posterior means of genetic variances and heritabilities
were obtained from the single-trait analyses. However,
the multiple-trait analyses were effective in reducing the
bias from selection, as previously stated by Schaeffer [22].
In addition, the posterior mean of the heritability for
AFC of commercial animals on pasture obtained from
the multiple-trait analysis was similar to the mean her-
itability of 0.17 obtained from three different samples of
Nellore heifers [23-25].

Genetic correlations between male and female traits
Posterior means of heritabilities for growth traits were
similar between males and females and genetic correla-
tions between male and female growth traits were high
(>0.74). These results agree with those of Garrick et al.
[26], Rodriguez-Almeida et al. [27] and Van Vleck and
Cundiff [28]. A large fraction of the additive genes for
growth traits has the same effect with regard to control-
ling variation in each sex [26], and there is no evidence of
genotype X sex interaction in commercial herds.

Genetic correlations between performance test

and commercial herd traits

The genetic correlation between the same trait in differ-
ent environments has been one of the parameters used
to indicate the existence of genotype X environment
interaction. Falconer [29] suggested that a genetic corre-
lation between the same trait in different environments
lower than 1 is an evidence of genotype X environment
interaction. In addition, James [30] and Mulder et al. [31]
showed that it is important to have environment-specific
breeding programs of progeny testing when the genetic
correlations between the same trait in different environ-
ments are smaller than the thresholds of 0.70 and 0.61,
respectively.

The genetic correlations between the same traits meas-
ured in performance-tested animals or in commercial
herds were lower than 1, however the upper limits of
the HDP90 intervals were higher than 0.79 (Table 4).
Therefore, there is no practical effect of genotype X
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environment interaction for growth and SC of perfor-
mance-tested and commercial beef cattle. In addition,
heritabilities for traits of performance-tested young bulls
were higher than heritabilities for the same traits in com-
mercial animals (Table 3). Moreover, a combination of
strong genetic correlation between direct and indirect
selected traits and higher heritabilities for indirect traits
suggest that indirect selection in performance tests is as
efficient as direct selection in commercial herds.

Selection for increased ADG and SC in performance-
tested young bulls on pasture will result in reduced AFC
in commercial females on pasture. In the literature, esti-
mates of genetic correlations between ADG and AFC
range from —0.38 to —0.32 [23, 32] and between SC (at
12 or 18 months of age) and AFC from —0.42 to —0.22
[32, 33]. These results indicate that genes related to ADG
and SC could also be related to AFC. In fact, at least one
single nucleotide polymorphism (SNP) within the region
between 78.85 and 79.85 Mb on chromosome 10, and
one SNP within the region between 23.4 and 33.85 Mb
on chromosome 14 have been reported to affect both SC
and AFC in Nellore cattle [34, 35].

The posterior mean of the genetic correlation between
FW in performance-tested young bulls on pasture and
AFC was negative (Table 4), but the HDP90 interval
included zero, which means that this genetic correlation
is not different of zero. The genetic correlation between
growth traits in performance-tested young bulls and
commercial young bulls and heifers on pasture was suf-
ficiently high to consider these traits in different environ-
ments as the same trait. The results in Table 4 suggest
that AFC is more strongly correlated with ADG than
with FW. The relationships between growth rate, age and
live weight at puberty are very complex and it is virtu-
ally impossible to separate the effects of growth rate per
se from those of live weight and/or age [36]. However,
the genetic correlations of ADG and maturation rate
with AFC (—0.32 and —0.83, respectively) are stronger
than the genetic correlations of FW and weight at matu-
rity with AFC (—0.26 and 0.52, respectively) [23, 37]. In
addition, the selection for high growth rate results in a
younger and heavier population at puberty [38]. A high
growth rate before puberty would involve a consider-
ably higher rate of accumulation of adipose tissue than
a low growth rate [36], and this change in body compo-
sition can be an effective trigger for puberty [38]. How-
ever, the control of reproduction involves a wide variety
of interacting mechanisms and it is unlikely that there is
only one mechanism involved in the onset of puberty. In
addition, the evidence for a relationship between body
composition and puberty is not sufficient. A genetic cor-
relation of —0.29 for fat trim from one-half carcass with
age at puberty was reported in Bos taurus crossbred
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animals [39], a genetic correlation (+standard error) of
0.13 £ 0.09 for intramuscular fat percentage with heifer
pregnancy was reported in the Red Angus breed [40], and
an estimated genetic correlation of 0.11 of backfat thick-
ness at 18 months with age at first calving was reported
in Nellore breed with a HDP95 interval that ranged from
—0.10 to 0.28 [41]. Moreover, based on these results
[39-41], differences between breeds might be involved in
accumulation of adipose tissue and onset of puberty.
Selection for increased FW, ADG and SC in perfor-
mance-tested young bulls in feedlots will not change AFC
(Tables 4, 5). The estimated genetic correlations of mid-
test body weight and ADG in performance-tested young
bulls in feedlots with AFC were equal to —0.18 £+ 0.13
and 0.21 + 0.15, respectively [5]. The large standard
errors associated with these genetic correlations made it
difficult to reach definitive conclusions on the implication
of selection for increased growth in performance-tested
young bulls in feedlots on AFC. However, the results of
the selection experiment presented by Mercadante et al.
[42] confirmed that a genetic correlation of almost 0 was
found between FW in performance-tested young bulls in
feedlots (378 days of age) and days to calving of the first
mating, an indicative trait of AFC [43], in Nellore cattle.
Similar results were observed for the Angus breed in Aus-
tralia [44, 45]. Mercadante et al. [42] estimated significant
genetic trends of 1.78 4 0.20 and 2.39 % 0.20 kg/year for
FW and non-significant genetic trends of 0.03 + 0.16
and 0.19 £ 0.17 days/year for days to calving of the first
mating in two lines that were selected for increased FW,
respectively. Later, Monteiro et al. [46] showed that selec-
tion for increased FW had no effect either on the devel-
opment of the ovaries and the endometrium or the onset
of puberty at 24 months of age in heifers. The selection
for increased growth in performance-tested young bulls
in feedlots will not change AFC in commercial heifers.
As stated above, AFC is more strongly correlated with
ADG than with FW, but only a moderate genetic correla-
tion between ADG of performance-tested young bulls in
feedlots and ADG of commercial young bulls and heifers
on pasture was observed (0.39, Table 4). Consequently,
ADG of performance-tested young bulls in feedlots is not
an efficient selection criterion for indirect improvement
of ADG and AFC in commercial heifers on pasture.
Genetic correlations of ADG and FW between perfor-
mance-tested young bulls on pasture (0.74) and in feed-
lots (0.67) are high [47], but the selection for one or the
other had different consequences in commercial herds.
Heritability of FW was higher than that of ADG (Table 3)
and changes in FW or ADG were obtained in commer-
cial animals when selection is for FW or ADG in per-
formance-tested young bulls (Tables 4, 5), but selection
for increased ADG will result in reduced AFC whereas

selection for increased FW will not. FW is more cor-
related to body weight at the beginning of performance
tests than ADG [6, 48], and currently there is no limit
for differences in body weight at the beginning of perfor-
mance tests. Consequently, FW is more affected by body
weight at the beginning of the test and herd-of-origin
effects than ADG. FW might be more correlated to adult
body weight than ADG and increased adult body weight
will result in increased energy requirements for the main-
tenance of cows [49]. These results suggest that ADG is
better than FW as a post-weaning selection criterion.

Correlated responses and implications for breeding
Performance testing can be used as a tool to evalu-
ate and select bulls for commercial herds. Furthermore,
the results obtained in our study and those obtained by
Falconer [50] and Mascioli [51] show that pasture, com-
pared to feedlot, is the best environment for the evalu-
ation and selection of Nellore young bulls. Selection
will be more efficient in an environment that allows the
maximum expression of the genetic differences [8, 20,
21]. However, Falconer and Latyszewski [52] showed that
the improvement obtained by selecting for growth traits
on a high plane of nutrition did not carry over when
the animals were transferred to a low plane of nutrition,
but the improvement made on the low plane of nutri-
tion was retained when the animals were transferred to
a high plane of nutrition. Falconer [50] obtained direct
and correlated responses for growth traits in mice on two
planes of nutrition. The animals selected on a low plane
of nutrition were heavier, had less fat and more protein,
and females were better dams than those selected on the
high plane of nutrition when the two groups were raised
on the high plane of nutrition. Thus, selection should be
made under the conditions that are the least favorable for
the expression of the trait. This author observed the fol-
lowing differences in carcass composition: mice for which
growth had been increased by selection on the low plane
of nutrition were leaner than those for which growth had
been increased by selection on the high plane of nutri-
tion. These results indicate that increases in growth traits
of mice on a high or low plane of nutrition were reached
by using different physiological pathways [50].

Mascioli [51] conducted individual performance and
progeny tests of Canchim young bulls on pasture and in
feedlots. These bulls were ranked as superior, interme-
diate and inferior according to their FW in individual
performance tests on pasture or in feedlots (approxi-
mately 400 days old). After individual performance
tests, the bulls were submitted to progeny tests and
their progenies were raised on pasture and in feedlots
(progeny test). There is no effect of feedlot performance
tests bull’s rank (superior, intermediate and inferior) on
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weaning weight and post-weaning growth of their prog-
eny. However, the bull's progeny that were ranked as
superior on pasture performance test were heavier than
other classes (intermediate and inferior) for birth weight,
weaning weight and weight at 12 months. Mascioli [51]
concluded that the selection of Canchim young bulls in
favorable environments (feedlots) did not produce the
same response to selection in restricted environments
(pasture). Similarly, the results presented in Table 5 sup-
port the hypothesis that selection for ADG and SC of
performance-tested animals on pasture is better than
selection for ADG and SC of performance-tested ani-
mals in feedlots to improve the means of growth and
reproductive traits in commercial animals on pasture or
in feedlots.

Conclusions

Heritabilities for growth and scrotal circumference are
higher in performance-tested young bulls than in com-
mercial young bulls and heifers, whereas the correlations
between the same traits expressed in the different envi-
ronments are high, implying that indirect selection based
on performance test is efficient. Evaluation and selec-
tion for increased growth and scrotal circumference on
performance-tested young bulls are efficient to improve
growth, scrotal circumference and age at first calving in
commercial animals. Average daily gain is a better post-
weaning selection criterion than final weight in perfor-
mance tests. Evaluating and selecting performance-tested
young bulls is more efficient for animals on pasture than
in feedlots.
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for purebred and crossbred performance

with an application in pigs
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Abstract

Background: Improved performance of crossbred animals is partly due to heterosis. One of the major genetic bases
of heterosis is dominance, but it is seldom used in pedigree-based genetic evaluation of livestock. Recently, a trivari-
ate genomic best linear unbiased prediction (GBLUP) model including dominance was developed, which can distin-
guish purebreds from crossbred animals explicitly. The objectives of this study were: (1) methodological, to show that
inclusion of marker-based inbreeding accounts for directional dominance and inbreeding depression in purebred and
crossbred animals, to revisit variance components of additive and dominance genetic effects using this model, and

to develop marker-based estimators of genetic correlations between purebred and crossbred animals and of correla-
tions of allele substitution effects between breeds; (2) to evaluate the impact of accounting for dominance effects
and inbreeding depression on predictive ability for total number of piglets born (TNB) in a pig dataset composed of
two purebred populations and their crossbreds. We also developed an equivalent model that makes the estimation of
variance components tractable.

Results: For TNB in Danish Landrace and Yorkshire populations and their reciprocal crosses, the estimated propor-
tions of dominance genetic variance to additive genetic variance ranged from 5 to 11%. Genetic correlations between
breeding values for purebred and crossbred performances for TNB ranged from 0.79 to 0.95 for Landrace and from
0.43 to 0.54 for Yorkshire across models. The estimated correlation of allele substitution effects between Landrace and
Yorkshire was low for purebred performances, but high for crossbred performances. Predictive ability for crossbred
animals was similar with or without dominance. The inbreeding depression effect increased predictive ability and the
estimated inbreeding depression parameter was more negative for Landrace than for Yorkshire animals and was in
between for crossbred animals.

Conclusions: Methodological developments led to closed-form estimators of inbreeding depression, variance
components and correlations that can be easily interpreted in a quantitative genetics context. Our results confirm
that genetic correlations of breeding values between purebred and crossbred performances within breed are positive
and moderate. Inclusion of dominance in the GBLUP model does not improve predictive ability for crossbred animals,
whereas inclusion of inbreeding depression does.
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Background
Crossbreeding is primarily and intensively applied in
meat production systems [1], especially for swine and
poultry. Crossbreeding capitalizes on heterosis effects
and complementarity between breeds, and results in an
increased performance of crossbred animals compared
to purebred animals [1]. In terminal crossbreeding sys-
tems, selection on purebred animals to maximize their
crossbred performance is the ultimate goal [2, 3]. Due to
the existence of genotype-by-environment interaction
effects and non-additive genetic effects in combination
with different allele frequencies in different breeds [3, 4],
the genetic correlation of breeding values between pure-
bred and crossbred performances (rpc) is usually lower
than 1 [1, 5], and therefore, purebred performance under
nucleus conditions may not be an optimal predictor for
crossbred performance in commercial animals [4, 6].
One of the major genetic bases of heterosis is domi-
nance [7, 8]. At the level of gene action, dominance is due
to interactions between alleles at the same locus [9]. In
pedigree-based genetic evaluation, dominance is rarely
included because large-scale datasets that comprise a
high proportion of full sibs are required to obtain accu-
rate estimates and because the computational complexity
is high [10]. With the recent availability of single nucleo-
tide polymorphism (SNP) information and the develop-
ment of genomic selection, estimation of the dominance
effects of SNPs has become more feasible [11, 12].
Genomic evaluation has been successfully used in
purebred [13, 14] and crossbred populations [15-17].
However, these studies generally ignore the dominance
effects. A number of studies have been carried out on
genomic evaluation including dominance effects using
either simulated [18] or real purebred data [9, 12].
Recently, several studies [19, 20] have tried to extend
genomic evaluation including dominance effects from
purebred performance to crossbred performance. How-
ever, they either used genomic information on pure-
bred animals only [19] or applied a genomic model that
assumed that all animals belong to a single population,
and thus the variance components were estimated based
only on the genotyped crossbred animals [20]. Neverthe-
less, combining purebred and crossbred information is
essential to implement genetic evaluation for crossbred
performance [1, 19]. Furthermore, because of genotype-
by-environment interaction effects and different pat-
terns of linkage disequilibrium (LD) between SNPs and
quantitative trait loci (QTL), the effects of SNPs may be
breed-specific [21]. To overcome these issues, a trivari-
ate genomic best linear unbiased predictor (GBLUP)
model that explicitly distinguishes between purebred
and crossbred data and includes dominance was recently
developed by Vitezica et al. [22]. This model allowed the

estimation of different, yet correlated, additive and domi-
nance marker effects in crossbred and purebred indi-
viduals. However, the empirical predictive ability of the
trivariate GBLUP model has not been evaluated yet.

Thus, the current study had the following objectives:
(1) to show how genomic inbreeding can be meaningfully
included in GBLUP, even for crossbred animals; (2) to esti-
mate the variance components of additive and dominance
genetic effects by using data on total number of piglets
born (TNB) in two Danish purebred and one crossbred
pig populations using the trivariate GBLUP model; (3) to
show how to derive, from variance component estimates,
estimated genetic correlations of breeding values between
purebred and crossbred performances in each pure breed,
and also correlations of allele substitution effects between
the two pure breeds; and (4) to evaluate the impact of
dominance effects from genomic information on genomic
evaluation by comparing accuracies of estimated genomic
values in different cross-validation scenarios.

Methods
Animals and genotypes
We begin this section with a short presentation of the
data used in the study, with the aim of defining the nota-
tion for the methodological developments that follow.
For this study, all datasets were provided by the Danish
Pig Research Centre. Data from three Danish pig popula-
tions were analyzed simultaneously: Landrace (L), York-
shire (Y) and their reciprocal crosses (LY). Only data on
TNB data for the first parity of sows in the three popula-
tions were used. In total, there were 2126, 2218 and 5143
genotyped sows with own records on TNB for L, Y and
LY, respectively. Instead of using original records, cor-
rected phenotypic values of TNB were used as depend-
ent variables for the trivariate GBLUP model, because
the pre-correction for non-genetic effects, such as herd-
year-season, month at farrowing, and service sire was
more accurately achieved on a larger dataset (293,339 L,
180,112 Y, and 10,974 LY). Among the crossbred animals,
7407 LY had a Landrace sire and a Yorkshire dam, while
3567 LY had a Yorkshire dam and a Landrace sire; L and
Y populations were from nucleus farms and LY from a
commercial farm. The litters of purebred sows were both
purebred and crossbred litters. The relationship between
LY-L and LY-Y are comparable since, in both cases, par-
ents of the F1 animals are in the purebred datasets; fur-
ther details about the model used for the pre-correction
are in [17]. All the purebred sows had first farrowing
dates between 2003 and 2013, while the crossbred sows
first farrowed between 2010 and 2013. Only five of these
purebred L and Y sows were dams of the LY.

The pedigrees for both purebred and crossbred sows
were available and all crossbred animals were traced
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back to their purebred ancestors until 1994 by the DMU
Trace program [23], as was done for the larger dataset
used for pre-correction. Consequently, 8227 L, 9851 Y
and 5143 LY individuals were in the pedigree. The dataset
of pre-corrected TNB records for genotyped individuals
is termed “full genomic dataset” throughout the whole
paper, and it should not be confused with the larger data-
set used to do the pre-correction.

For the “full genomic dataset’, purebred sows were
genotyped with the Illumina PorcineSNP60 Genotyp-
ing BeadChip [24], while the crossbred sows were geno-
typed with a 8.5 K GGP-Porcine Low Density Illumina
Bead SNP chip [25]. SNP quality controls (such as: call
rate for individuals >80%; call rate for SNPs >90%;
minor allele frequencies >0.01; etc.) were applied on
the same dataset in a previous study [26], which pro-
vides more details. Then, for the crossbred individuals,
imputation from low density to moderate density was
done by using a joint reference panel of the two pure
breeds [26] using the software Beagle version 3.3.2 [27]
(imputation accuracies >95% in terms of correlation
coefficients and >99% in terms of correct rates between
imputed and true genotypes). Finally, 41,009 SNPs were
available for all the recorded purebred and crossbred
SOWS.

Considering genomic inbreeding and heterosis

Inbreeding can be defined as the proportion of homozy-
gous SNPs across all loci for each animal, as suggested
by several authors (e.g., [28]). If there is directional
dominance causing inbreeding depression [29], then
inbreeding should be considered in the genetic evalua-
tion models [30]. Otherwise, using pedigree or marker
data, estimates of genetic parameters are inflated [30, 31].
In Vitezica et al. [22], genomic inbreeding was fitted as
a covariate and, in the current study, we prove this rea-
soning by using a parametric genomic model, such as a
GBLUP.

Theory and evidence of directional dominance (equiva-
lently, inbreeding depression) suggest that dominance
effects of genes (here associated to markers) should have
a priori a positive value for traits that exhibit inbreeding
depression or heterosis. If we call d the vector of domi-
nance marker effects, the following prior distribution is
plausible:

(d) ~ N(md,laj),

where y, is the overall mean of dominance effects, which
should be positive if there is heterosis due to dominance.
A typical model for genomic prediction is that in Toro
and Varona [11]:

y=XB+Za+Wd+e, )
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where y contains phenotypic values; Xp stands for fixed
effects and random effects other than additive and domi-
nance effects; a is the vector of “biological” additive SNP
effects, d is the vector of “biological” dominance SNP
effects for each of the markers; matrix Z has entries 1, 0,
—1, for SNP genotypes AA, Aa and aa, respectively, while
matrix W has entries 0, 1, 0 for SNP genotypes AA, Aa
and aa, respectively. e is the vector of overall random
residual effects.

Typically, genetic models require a and d to have zero
means, which is not true for d when directional domi-
nance exist. Defining d* = d — E(d), then E(d*) = 0, and
Eq. (1) can be written as:

y=XB+Za+W(d" +E@))+e
=XB+Za+Wd*+Wilu, +e.

The term W1p, is actually an average of dominance
effects for each individual and is equal to hu,, where
h = W1 contains the row-sums of W, i.e. individual het-
erozygosities (it should be noted that W has a value of 1
at heterozygous loci for an individual). Inbreeding coef-
ficients f can be calculated as:

f=1-h/N,

where N is the number of SNPs. Then, the prior means
hu; can be rewritten as:

hug =1 —£)Npg = INpg + £(—Nupy).

The term 1Ny is confounded with the overall mean
of the model (p), while the term f(—Nu,) models the
inbreeding depression and b = (—N ) is the inbreed-
ing depression parameter summed over the SNPs, which
has to be estimated. Thus, the linear model including
genomic inbreeding is, finally:

y=XB+fb+Za+ Wd* +e.

Thus, we have proven why fitting overall homozygosity
for the individual as a measure of inbreeding depression
accounts for directional dominance.

Estimating genetic (co)variances of markers with additive
and dominance effects

A trivariate model based on “biological” (genotypic)
additive and dominance effects of SNPs [22, 32], and
including genomic inbreeding as above, was applied con-
sidering TNB as a different trait in each population:

vr = 1pp +£1bp + Zrap + Widy + eg,
Yy = luy +fyby + Zyay + Wydy + ey, )
vy = lpupy + fyby +Zryary + Wrydry + ey,

where y;, yy and yry contain corrected phenotypic val-
ues for purebred L, purebred Y and crossbred LY sows,
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respectively; ur, ity and ppy are the respective means; ay,
ay and apy are the “biological” additive SNP effects and
d;, dy and d;y are the “biological” dominance SNP effects
for each of the SNPs for L, Y and LY, respectively; matri-
ces Z and W are as above; f;b;, fyby and f1yb;y model
the inbreeding depression for L, Y and LY populations;
e;, ey and ey y are the overall random residual effects.

Note that “biological” is used here to refer to the gen-
otypic additive and dominance values of the SNPs, to
distinguish them from the traditional treatment of quan-
titative genetics in terms of “statistical” effects (breeding
values and dominance deviations) [32].

The above equations can be reformulated to geno-
typic values of individuals instead of SNPs, in order to be
compatible with the classical GBLUP model and animal
breeding software, such as BLUPF90 [33] and DMU [34]:

yo = lpg + by +up + v + e,
Yy = 1py + fyby +uy + vy + ey, 3)
yry = lury +f1ybry +ury +viy +epy.
Note that u and v are vectors of genotypic additive and
dominance effects and therefore cannot be directly com-
pared to breeding values and dominance deviations in
the pedigree-based genetic evaluation. In addition, f is
a vector of genomic inbreeding coefficients and b is a
population-specific inbreeding depression parameter
per unit of genomic inbreeding, respectively. Note that
there is potentially inbreeding depression at the level of
the crossbred animals, although, first, the numeric values
of the vector f should be smaller since crossbred animals
have a higher level of heterozygosity, and second, the esti-
mates of the inbreeding depression parameters (b) do not
need to be identical across the three populations, which
thus gives considerable flexibility.
In terms of the genotypic additive effects u, the vari-

ances within each breed are:

Var(ay) = var(Ziar) = ZLZ,LofL,

Var(uy) = var(Zyay) = ZyZyo?,,

’
2
Var(ury) = var(Zryary) = ZiyZiyo,,

where 02, 62, and 62

2 4,y are the additive variances of SNP
effects in breeds L, Y and LY, respectively. The covari-

ances between the genotypic additive effects u are:

’ 2 ’ ’
uy ZLZ/LaaL ZLZ);O-aL,y ZLZ’LYUHL,LY
— 2
Cov uy = ZYZLUaL,y ZyZYUay ZyZLYGﬂY,LY 3
’ ’ ’
ury ZLYZLgﬂL,LY ZLyZYO'aijY ZLyZLYajLY

“)

where 0y, \, 04, ,, and o, ,, are the additive covariances
of SNP effects between populations L and Y, populations

L and LY, and populations Y and LY, respectively. Analo-
gous structures exist for dominance genotypic effects:

) , /

v WLVV/L%[L WLWYlo-dL,Y WLW/LYUdL,Ly

Covl vy | = WyWioq, WyWyo; WyW, o4,
v , ’

vy WiyWiog, ,, WiyWyoa, WLYWLYO';/Y

Estimation of marker-based variance components using an
equivalent model

The variance components %ZL; ojy, thw and 0y, s Oy yys
Oay,y in Eq. (4) cannot be estimated by regular methods
or software (i.e. REML or Gibbs sampling) because they
cannot be factorized out from Eq. (4). To fit such a multi-
variate structure, we used an equivalent model. Additional
effects need to be defined, even if they are of no interest
per se. For instance, the vectors of hypothetical geno-
typic additive effects of the genotypes of the L breed on

the scale of breed Y (uz,y) and LY (uzry) have variance—

2
ary’

Thus, as a whole, the genetic variance and covariance
structure for the genotypic additive effects u are:

. . / / .
covariance matrices ZLZL(J§Y and Z1Z; o} ., respectively.

[ [ Zia,
ury Ziay
urry Ziary
uy,s Zyaj

Var(u) =var| uy =var| Zyay
uy,Ly Zyary
uLy,r Zyay
ury,y Z;yay

L ury | L Zryary |

7,7, 7,7, Z,Z,
ZyZL ZyZY ZYZLY ®
ZyZ;, Z;yZy Z1yZ,y

ap

Oary
! 2
=Z7Z ® | o4y, Oay  Oayry |

2
Oaryr Oaryy Oapy

2
94, Oary Oapry
2
Oayr Oay Oayry

Oaryr %aryy Oary

2
o, Oary

where matrix Z contains elements 1, 0, —1 for the three

genotypes, and is defined across the three breeds,
7
Z=|Zy
Zry

To construct a relationship matrix similar to the

classical G-matrix of GBLUP [35], Vitezica et al. [22]

introduced a normalized genomic relationship matrix

G= WZZ’/]}/N where n is the number of animals across

the three populations and the division by {tr [ZZ’ ] } /n
scales the matrix such that the average of the diagonal
elements equals 1. This alters the variances across geno-
typic additive effects u in the following way:
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ur
Ly
urry
2
uy, Oa;
Var(w) =var| uy | =77 ®

Oary Oapry

Oay; Ogy Oayry

uy,ly Oaryr Oaryy O9apy
ury,L
ury,y
L Ly |

2

/ o Oary Oarry
_ <G y {“[ZZ]}) o on o

= n ay OayLy

Oaryr Oaryy Oapy
OA[Ay OApAry
OAyAry

2
o4, L
OAyAL  O4y
OA1Ary OAyAry

:G® =G®G07
UI%LY

&)

where G, are variance components associated to the
genotypic additive effects u. This structure (a Kronecker
product) is compatible with animal breeding software
for BLUP and REML and the variance—covariance com-
ponent G can be estimated in a straightforward manner.
Then, the (co)variances of additive genotypic effects of
SNPs across populations can be obtained as:

‘TazL Oary Oapry
Oay,L Uazy Oayry | = GO/{tr [ZZ/] }/n
Oaryr Oaryy Oapy
O/%L OAjAy OA[Ary 6
= | oaya, 0%, oayay |/{t[ZZ]}/n. (©)
OALAry OAyAry 04,y

The variances across genotypic dominance effects v are
altered in a similar way:

v
VLY
VLLY
Vy,L

Var(v) =var| vy
VY,LY
VLY.L
VLYY

L VLy |

OD; Dy ODiDry
ODyDry

2
op, L
ODyD,  9py
OD; D1y ODyDry

=D® =D ®D,,

2
ODry

@)
where D, contains variances and covariances asso-

ciated to the genotypic dominance effects v and
!

= [@[wWwW T’ where the matrix W contains ele-

ments 0, 1, 0 for the three genotypes, and is defined
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\\%3
Wy
Wiy
W' = {W’L W'Y W'LY } Then, the (co)variances of domi-
nance genotypic effects of SNPs are:

across the three breeds W = and

2
04, Odpy Odpry

2
Tdy, Of, Odyry = Do/ {tr[WW

J}/n

Odryr %diyy %4,y
)]

0D Dy ODyDry
opyDyy | /{tr[WW

D1y

2
O'DL
= | obyD;

J}/n

op,

OD.DLy 9DyDry
This approach, which is an extension of Vitezica et al.
[22], makes it possible to estimate (co)variances of
genotypic effects of SNPs in purebred and crossbred
populations under a genomic model with additive and
non-additive (dominance) inheritance.

Matrices Z and W, their crossproducts and the inverses
of G and D were built using own programs. Genetic param-
eters were estimated by using average information REML
with software airemlf90 [33]. Standard errors on functions
of genetic parameters (i.e. standard errors on correlations)
were estimated from the average information matrix using
the REML-MVN method of Houle and Meyer [36].

Additive and dominance variances in purebred

and crossbred populations

The additive and dominance (co)variances of genotypic
effects of SNPs, either within breed or between breeds,
were calculated using Eqs. (6) and (8), respectively. Using
these calculated additive and dominance (co)variances of
SNPs across all the SNPs, the corresponding traditional,
individual-based genetic parameters can be obtained as
follows. The genetic parameters obtained are directly
comparable to pedigree-based estimates [32].

Consider the allele substitution effecte = a + (g — p)d.
According to [32], the additive genetic variances for pure-
bred performance (mating animals in the same breed) for
breed L (ojPL) and Y (ofpy) are:

2
oip, = (2wiar %L+Z(2 Fat(af - p1)") o,
= Z (zpz qL + Z (zpl qL qz _piy)2>a§y’

where 02 and o are the variances of additive and domi-
nance genotypic effects of SNPs in either breed L or Y;
p; and g; are allele frequencies for SNP j; indices L and Y
denote the breeds Landrace and Yorkshire, respectively.
For crossbred performance of say, Landrace, the allele
substitution effect is aac, = aac, + (¢¥ —p¥)dac,
Thus, the additive genetic variances within purebred L
and Y for crossbred performance (due to gametes from

2
OApy
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the L or Y individuals in the crossbred population) are
equal to:

2
G/%CL = Z ( lql aLy + Z (2pz qi ql _piY) )Gij’
oicy = (20l al Yok, +> (ZPL a (

where the ojCL represents the additive genetic variance
of animals in breed L when mated to animals in breed Y;
the Uﬁcy represents the additive genetic variance of ani-
mals in breed Y when mated to animals in breed L; and
3” and 0’2 4, are the variances of additive and dominance
genotypic effects of SNPs in the crossbred LY population,
respectively. The additive genetic variance for animals
in the crossbred LY population (O'/%CL),) is the sum of the
additive genetic variance of Landrace alleles and that of
Yorkshire alleles in the crossbred animals [22] as follows:

2

2 _ 1,
Ohcy T 5%4c, + 504Cy

Note that this variance is not the additive genetic vari-
ance of the crossbred animals acting as reproducers (i.e.,
creating an F2) [37].

The additive genetic covariances between purebred and
crossbred performances within breeds L (o4p;,4c;) and Y

(0apy,acy) are:

I\2\ 2
_pl) )UdLy’

Correlations of allele substitution effects between two
breeds

The breeding value of an individual includes the allele
substitution effects of all genes and the allele frequencies.
For purebred performance, the allele substitution effects
of one locus for breed L and Y are:

oy =ap + (q,L —p,'L)dL,

ay =ay + (¢f —p!)dy,

where a is the additive effect and d is the dominance effect
for each SNP; p; and ¢, are allele frequencies for SNP i,
with superscripts denoting breeds L or Y. In the case of
purely additive gene action, the covariance between oy
and ay is 0y, ,, which can be interpreted as a genetic cor-
relation among populations [38—40]. Then, the covariance
between the allele substitution effects of one locus is:

cov(ap,ay) = cov(aL + (qLL —Pl'L)dL,ﬂY + (qLY —Piy)dY)
= cov(ar,ay) + (qf — p}) (@) — p!)covidy,dy)
=0gy T+ (qlL _PiL) (qu _piY)(rdL,y’

where 0,4, , and oy, , are the additive and dominance
covariances of SNP effects between breeds L and Y for
additive and dominance, respectively. If we assume that

oapLac, = Y (205l )oay + > (20Fal (af —pF) (@ — p]))od,,
oapyacy = Y (200 a )oayy + > 207 @l (al —p]) (af —PF))oay,ys

where 04, ,, and oy, ,;, are the covariances of SNP effects
between purebred L and crossbred LY populations for
additive and dominance, respectively; o4y, and oy,
are the covariances of SNP effects between purebred
Y and crossbred LY populations for additive and domi-
nance, respectively.

Therefore, the genetic correlations of breeding val-
ues between purebred and crossbred performances

OAP;ACL
OAPy,ACy

2 2
_ \/ %ar; %acy
ey = e
94py %ACy
According to [22], the dominance genetic variances within

= Z (217, q; ) GdL
=Y (Zpl q; ) ady respectively. The domi-

within L (rpc;) and Y (rpcy) are: rpc, = and

purebred populations L and Y are GI%L

2
and ohy

nance genetic variance in crossbred LY animals is

by =2 (4piaipi 4 )og.

The broad sense heritabilities for purebred perfor-
mance (H l%) were calculated as the ratio of total genetic
variances for purebred performance (ajp + Ul%) to phe-
notypic variances (oﬁp + a,% + 082).

SNP effects (both additive and dominance) are independ-
ent across loci, then the covariance between the allele
substitution effects across all # loci is:

1
cov(ar,ay) = Ouy = Ogyy + P Z ((%L _PiL) (qu _Piy))adL,r

Also, the variances of allele substitution effects across all n
loci for breeds L and Y are:

var(or) = o = O’aL + - Z ( p,) )ij

Uﬂy+ Z( ql P, )ij,

where 02 and o7 are the additive and dominance vari-
ance of SNPs. Then, the correlation of allele substitution
effects for purebred performance between populations L

var(ay) = 0

and Y is rgp apy = anfgy . If there is no dominance vari-
apray
ation, the ryp, op, relates to additive genetic variances as
__ Gay
YaPp,aPy = Oy Oay "

The correlation of allele substitution effects for cross-
bred performance between populations L and Y is similar
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to that for purebred performance, but the allele frequen-
cies are swapped, as:

U“L inLlY,YinlY
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Gen_ADM
The statistical model includes additive and dominance
effects as in Eq. (3). Genomic information was used to

YaCr,aCy =
OaLinLYGaYinLY
2 1 L Y _ YY) g2
_ GﬂLY+ZZ((qi _p{l)(ql —P; ))GdLy
2 1 Y _ . Y\2) 2 2 1 L L\2) 2
\/GaLY+nZ((qi b ) )gdLy\/JﬂLY—i_nZ((qi pi) )GdLY
where Ua%Ly and oj” are the additive and dominance vari-  construct the additive and dominance genomic relation-

ance of SNPs in the crossbred LY population. If there
is no dominance variation, the ryc; ocy is equal to 1, by
assumption in the model.

Scenarios

Variance components, genetic correlations of breeding
values between purebred and crossbred performances
(rpc) within each pure breed and correlations of allele
substitution effects for purebred (rop,«py) and cross-
bred (ryc;,ocy) performance between two pure breeds
were first investigated using the full genomic dataset. To
explore the effects of using genomic information and the
inclusion of dominance deviation on the genetic evalu-
ation of crossbred performance in the trivariate model,
three different scenarios were compared.

Nogen

The statistical model was a trivariate BLUP model, simi-
lar to Eq. (3), but the dominance deviation was excluded.
Instead of using a genomic relationship matrix, a single
relationship matrix A was constructed across the three
breeds, assuming that they form a single population. Thus,
the genetic (co)variances of additive genetic effects u were:

OALAy OA[ALy
OAyAry

2
o4, .
OAyA, 04y
OA[ALy OAyAry

Var(u) = A ® =A® Ay,

O4ry

where A, were variance components associated to genetic
additive effects and not the genotypic additive effects in
Eq. (5). Pedigree-based inbreeding depression was also
included in the model. The pedigree-based inbreeding
coefficients were calculated as in [41] using the software
inbupgf90 [33].

Gen_AM

The statistical model was similar to Eq. (3), but without
dominance deviations. Genomic information was used to
construct the additive genomic relationship matrix.

ship matrices.

To explore the impact of genomic information and
dominance effects on genomic evaluation for crossbred
performance, the full genomic dataset was split into
training and validation populations and the predictive
ability for crossbred animals in the validation popula-
tion was investigated in different scenarios. The farrow-
ing date of January 1, 2013 was used as the cut-off date
to divide recorded purebred and crossbred sows into
training and validation populations. As a result, 6769
sows (1270 L, 1405 Y and 4094 LY) were included in the
training population, while the remaining 2716 sows (854
L, 813Y and 1049 LY) were included in the validation
population. Predictive ability of crossbreds was measured
as the correlations cor( o 5/) in the validation population
for each scenario, where y, is the corrected phenotypic
records of TNB for crossbred animals; ¥ is the predicted
corrected observations of TNB for crossbred animals and
is equal to the sum of the estimated population mean (/),
inbreeding (fb) and genotypic values (g); the genotypic
value ¢ was calculated as the sum of additive and domi-
nance genetic effects in the scenario Gen ADAM. In the
other two scenarios, the genotypic value g only included
the additive genetic effect. Hotelling—Williams t test at a
confidence level of 5% was applied to evaluate the signifi-
cance of the differences in validation correlations in each
scenario. Furthermore, to detect the possible biases in
the predictions, the regression coefficients of y, on j were
explored. Note that no bias implies that a regression coef-
ficient equals 1. In addition, to measure the uncertainty
associated with the predictions, 1000 bootstrap samples
[42] was applied to estimate the means and standard
errors.

For comparison, the predictive ability of crossbred ani-
mals was also investigated in a model without inbreeding
depression effects, for all three scenarios. The predictive
ability was measured as the correlation cor (yc, 5/), where
y is the sum of the estimated population mean (&) and
genotypic value (g).
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Table 1 Variance components of additive and dominance genetic effects for purebred and crossbred animals

Scenario Breed ‘TEP AP.AC a:c gg oez gqu agw 82”

Nogen L 0.99 (0.31) 0.17(0.07) 0.05(0.02) - 10.82(0.43) 0.05 (0.02) - 7.35(0.15)
Y 1.07 (0.33) 0.15(0.07) 0.05 (0.02) - 8.96 (0.38)

Gen_AM L 0.87(0.22) 0.47(0.10) 0.28(0.07) - 10.89 (0.38) 0.28 (0.07) - 7.11(0.15)
Y 0.55 (0.20) 0.17(0.10) 0.28(0.07) - 942 (0.33)

Gen_ADM L 0.86 (0.21) 0.46 (0.10) 0.28 (0.06) 0.04 (0.03) 10.86 (0.38) 0.28 (0.06) 0.02 (0.01) 7.11(0.15)
Y 0.54(0.18) 0.17 (0.09) 0.28 (0.06) 0.06 (0.05) 9.35(0.33)

Numbers in brackets are the standard errors of the corresponding parameters

U}P is the additive genetic variance for purebred performance; oap ac is the additive genetic covariance between purebred and crossbred performance; GAZC is the
additive genetic variance for crossbred performance; o’l% is the dominance genetic variance for either purebred animals; Uez is the residual variance for purebred
animals; U}CLY is the additive genetic variance for the F1 crossbred animals LY; (rLZ,LY is the dominance genetic variance for the F1 crossbred animals LY; and rrezw is the

residual variance for the F1 crossbred animals LY

L Landrace, Y Yorkshire breeds

Results

Variance components, heritabilities and correlations

Table 1 shows the estimates of variance components for
additive genetic effects for purebred (03) and crossbred
(ojc) performance in different scenarios, and dominance
variations (012)) in the Gen_ADM scenario. For all sce-
narios, the additive genetic variances for purebred per-
formance (o/% p) were larger than those for their crossbred
performance (ojc). Estimated variance components in
the scenarios Gen_AM and Gen_ADM were very close,
but different from those obtained in scenarios without
using genomic information. In general, estimates had large
standard errors in all scenarios, but no obvious differences
in standard errors were detected between different scenar-
ios. Residual variance for purebred animals (5.2) was larger
than for crossbred animals (GEZLY) in each scenario. For the
scenario Gen_ADM, the ratios of dominance genetic vari-
ance to additive genetic variance ranged from 5 to 11% for
both purebred and crossbred populations.

The broad sense heritabilities for purebred and cross-
bred animals, genetic correlations between breeding
values for purebred and crossbred performances within
pure breeds and correlations of allele substitution
effects across the two breeds are in Table 2. In different
scenarios, the heritabilities of purebred performance
(HI%) ranged from 0.07 (0.03) to 0.08 (0.03) and from
0.06 (0.03) to 0.10 (0.03) for breeds L and Y, respectively.
Standard errors of Ha were almost consistent across
scenarios. Estimated genetic correlations of breeding
values between purebred and crossbred performances
(rpc) increased from 0.76 (0.20) (Nogen) to 0.95 (0.06)
(Gen_AM) for breed L and from 0.43 (0.22) (Gen_ADM)
to 0.54 (0.30) (Nogen) for breed Y. The rpc was higher for
breed L than for breed Y in all scenarios, but the stand-
ard errors of rpc were always higher for breed Y than
for breed L. With genomic information, the correlations

Table 2 Heritabilities and genetic correlations
between breeding values for purebred and crossbred per-
formances

Scenario Breed rpc Hg

Nogen L 0.76 (0.20) 0.08 (0.03)
Y 0.54 (0.30) 0.10 (0.03)

Gen_AM L 0.95 (0.06) 0.07 (0.03)
Y 0.44 (0.20) 0.06 (0.03)

Gen_ADM L 0.93 (0.05) 0.08 (0.03)
Y 043(0.22) 0.06 (0.03)

Numbers between brackets are the standard errors of the corresponding
parameters

rpc is the genetic correlation of breeding values between purebred and
crossbred performances within the Landrace or Yorkshire breeds; H3 is the broad
sense heritability for purebred performance for the Landrace and Yorkshire
breeds in different scenarios

L Landrace, Y Yorkshire

of allele substitution effects between purebred (rop; opy)
and crossbred (roc; «cy) performance between breeds L
and Y were estimated, as shown in Table 3. For pure-
bred performance, ryp, op, Was equal to 0.14 and 0.19
in Gen_AM and Gen_AMD, respectively. However, the
standard errors were large, around 0.2 in both scenar-
ios. For crossbred performance, ryc; «c, Was equal to
0.98 in Gen_ADAM. This high correlation is a byproduct
of assuming that additive biological effects in cross-
bred animals are the same regardless of the Yorkshire or
Landrace origin of the allele. However, the same allele
has potentially different effects in the respective Lan-
drace or Yorkshire genetic backgrounds, and the dif-
ference is modeled through the correlations, hence the
low values of ryp; «py. Without including the dominance
effects in the model Gen_AM, roc; ocy Was equal to 1 by
definition.
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Table 3 Correlations of allele substitution effects for pure-
bred and crossbred performance between Landrace
and Yorkshire breeds

Scenario TP, 0Py [
Nogen - -
Gen_AM 0.14 (0.22) 1
Gen_ADM 0.19(0.24) 0.98(0.02)

Numbers between brackets are the standard errors of the corresponding
parameters

ruP, Py is the correlation of allele substitution effects for purebred performance
between the Landrace and Yorkshire breeds; ry¢, «c, is the correlation of allele
substitution effects for crossbred performance between the Landrace and
Yorkshire breeds. For Gen_AM, rc, «cy is €qual to 1 by definition

Predictive abilities

Predictive abilities for crossbred pigs in the validation
population are in Table 4. The correlation between the
corrected phenotypic values and the predicted obser-
vations for TNB (cor(yc, 5/)) ranged from 0.010 in the
scenario Nogen to 0.056 in scenarios Gen AM and Gen_
ADM. Standard errors of cor( o 5/) based on 1000 boot-
strap samples were equal to 0.03 across all scenarios. No
significant differences in predictive ability between sce-
narios were detected by the Hotelling—Williams t test at
the confidence level of 5%.

The regression coefficients of corrected pheno-
typic values on the predicted corrected observations
for TNB are in the second row of Table 4. Regression
coefficients were smaller than 1 for the three scenar-
ios. Among these scenarios, regression coefficients for
scenarios with genomic information (Gen_AM and
Gen_ADM) were slightly closer to 1 than that for the
pedigree-based scenario (Nogen). Except for the Nogen
scenario, standard errors of regression coefficients were
around 0.39. For the Nogen scenario, the standard error
was around 5 times larger than that for other scenarios.
Overall, there was no clear trend towards a scenario
with less bias.

Table 4 Predictive ability for crossbred animals in the vali-
dation population

Nogen Gen_AM Gen_ADM
cor( C,y)a 0.010(0.031)  0.056 (0.031) 0.056 (0.031)
Regression coefficient? 0.703 (2.218) 0.736(0.386) 0.730 (0.385)

Numbers between brackets are the standard errors of the corresponding
parameters

@ Predictive ability (cor(yc,f/)) is given by the correlation coefficient between the
corrected phenotypes (y) and their predictions (y) for total number of piglets
born (TNB) in crossbred animals

b Regression coefficient of the corrected phenotypes (y.) on the predicted
observations () in crossbred animals

Current Progress in Animal Breeding

For comparison, predictive abilities cor y., y) for cross-
bred pigs in the validation population for the models
without the inbreeding depression effect were equal to
—0.08 in scenario Nogen, 0.045 in scenario Gen_AM and
0.046 in scenario Gen_ADAM. In all cases, these are lower
than the predictive abilities in Table 4, and these differ-
ences are statistically significant according to the Hotel-
ling—Williams t test.

Inbreeding depression

Marker-based and pedigree-based inbreeding coefficient
(f) for each population and their estimated correspond-
ing inbreeding depression parameters (b) in the differ-
ent scenarios are in Table 5. Marker-based inbreeding
coefficients were almost identical for breeds L and Y, but
they were larger than those for LY, which was expected
because crossbred animals have a higher level of hete-
rozygozity than purebred animals. However, according to
the pedigree-based inbreeding coefficients, the Landrace
population was slightly more inbred than the Yorkshire
population. In terms of inbreeding depression parameters
(b), they were all negative (thus, genomic inbreeding has
detrimental effects for TNB even in crossbred animals)
but not of the same magnitude across the three popula-
tions. Note that for the scenario Nogen, b was estimated
based on the pedigree-based inbreeding coefficients. As
a whole, breed L had the most negative b, while breed Y
had the least negative b, regardless of the scenario. Thus,
TNB was more negatively affected by inbreeding in breed
L than in breed Y and population LY.

Table 5 Marker-based and pedigree-based inbreeding
coefficients f and estimated inbreeding depression param-
eter b (piglets per 100% of inbreeding) in different scenar-
ios for each breed

L Y LY
Marker-based inbreeding 0.695 (0.019) 0.698 (0.020) 0.565(0.012)
coefficient £
Pedigree-based inbreeding 0.111(0.032) 0.078 (0.031) 0
coefficient 2
Nogen (b) —4.821 —3.561 0
Gen_AM (b) —9.656 —1924 —5.122
Gen_ADM (b) —9.731 —1.878 —5.055

The inbreeding coefficient is the mean inbreeding coefficient across individuals
within each breed

Numbers between brackets are the standard deviations of the mean inbreeding
coefficient

For Nogen, the inbreeding depression parameter b is the regression of
phenotype on pedigree-based inbreeding. For Gen_AM and Gen_ADM, the
inbreeding depression parameter b is the regression of phenotype on marker-
based inbreeding

? Calculated as the proportion of homozygous loci per individual

b Calculated as in Meuwissen and Luo [41]
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Discussion
This study extended the trivariate GBLUP model of Vite-
zica et al. [22] in order to obtain (co)variances of effects
of SNPs, genetic correlations of breeding values between
purebred and crossbred performances and correlations
of allele substitution effects under dominance. We also
evaluated this model using different scenarios for the
genetic evaluation of crossbred performance in Danish
purebred and crossbred pigs. Scenarios that included or
not genomic information were studied to estimate the
genetic correlations of breeding values between purebred
and crossbred performances. To our knowledge, this is
the first study to report correlations of allele substitution
effects between two breeds in the presence of dominance
effects. The results show that the Vitezica model [22] is a
tool that can be used for the genomic evaluation of cross-
bred performance in genotyped animals. In this study, for
TNB, models with dominance deviations did not improve
the genomic evaluation of crossbred performance with
regard to both predictive ability and unbiasedness, but
the inclusion of an inbreeding depression effect in the
models significantly improved predictive ability.

Phenotypic variances were larger for purebred animals
(11.76 for breed L and 9.99 for breed Y) than for cross-
bred animals (7.30 for LY). This could be the reason why
the estimated additive genetic variances for purebred
performance (0'3,) were larger than those for crossbred
performance (o%.). However, compared to results in a
previous study that used a much larger Danish pure-
bred and crossbred dataset [17], both estimated additive
genetic variances and phenotypic variances in the cur-
rent study were smaller, which is due to three reasons. (1)
The dataset in the current study was a genotyped subset
of the population used in the previous study. Purebred
genotyped individuals were pre-selected and their per-
formances were more homogeneous than that of the
whole population. The preselection process resulted in
a loss of about 15% of the purebred phenotypic varia-
tion. However, the genotyped crossbred animals were an
almost random sample of the whole population and there
was only a small loss of about 5% of phenotypic varia-
tion for crossbred animals. (2) The phenotypic values for
TNB in the current study were pre-corrected for fixed
and non-genetic random effects. This pre-correction
led to a loss of about 11 and 17% of phenotypic varia-
tion for purebreds and crossbreds, respectively. (3) Dur-
ing the pre-correction, some genetic variation may have
been allocated to other random effects (e.g. service boar
effects), in particular because TNB is a lowly heritable
trait.

The estimated heritabilities of TNB for purebred per-
formance (H3) were slightly lower than those previously
reported (0.11 and 0.09 for breeds L and Y, respectively)

[17, 22, 43]. Large standard errors of HI% implied that
the current dataset was not large enough. The consist-
ent standard errors across scenarios indicated that even
when genomic information was included, the uncertainty
of H2 did not decrease. Taking the standard errors into
account, the estimated H, I% across scenarios were not very
different. Compared to the results of [17], the lower H 12)
found in the current study was due to the sharp decrease
in additive genetic variances (o2 p,).

The ratios of estimated dominance genetic variances to
additive genetic variances in the current study (5 to 11%)
were generally a little smaller than in other studies on
TNB. Vitezica et al. [22] reported that this ratio was equal
to about 20% for litter size in both purebred and cross-
bred lines by using the same trivariate GBLUP model.
Esfandyari et al. [19] stated that, by using purebred
genomic information in a univariate Bayesian mixture
model at the SNP level, the ratio between dominance
variance and additive variance for TNB was equal to 15
and 18% for breeds L and Y, respectively. Based on pedi-
gree information, Misztal et al. [10] reported a ratio that
reached about 25% for number of piglets born alive in
a Yorkshire population. However, there are some stud-
ies that did report smaller ratios than those reported
here. For instance, Hidalgo [20] reported that, based on
genotyped crossbred animals, the dominance variance
for TNB accounted for nearly zero of the total genetic
variance and concluded that TNB was not affected by
dominance effects in the Dutch Landrace and Yorkshire
populations. For other traits or species, different ratios of
dominance genetic variance to additive genetic variance
were also reported. For average daily gain in Duroc pigs,
Su et al. [9] estimated a ratio of 15%, but their results
were based on genotypic variance components and can-
not be directly compared to genetic variance components
[32]. For average daily weight gain in Yorkshire and Lan-
drace pigs, Lopes et al. [44] reported ratios of 13.8 and
28%, respectively by including genomic information.
For Fleckvieh cattle, Ertl et al. [12] calculated ratios that
ranged from 3.4% for stature to 69% for protein yield by
using a univariate SNP-BLUP model. Overall, these dif-
ferent ratios of dominance genetic variance to additive
genetic variance may reflect differences in the traits ana-
lyzed and in the type of information used for the estima-
tion [9], and also uncertainty in the estimates.

The genetic correlation of breeding values between
purebred and crossbred performances (rpc) is a key
parameter in crossbreeding schemes [2]. In the current
study, the estimated rpc was in line with results reviewed
by Wei et al. [3]. Lutaaya et al. [5] also reported rpc
that ranged from 0.32 to 1. Such differences in rpc may
reflect differences in the extent of GxE interactions and
the distance across breeds. In our study, estimated rpc
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did not vary dramatically across the scenarios, when the
standard errors were taken into account. These standard
errors were very large, which indicated that the amount
of available information was too small to ensure accu-
rate rpc estimates. Across scenarios, standard errors of
rpc decreased when genomic information was included,
which indicates that including genomic information
may reduce the uncertainty of the estimations. rpc was
larger for breed L than for breed Y, which was in agree-
ment with a previous study [17] and may be due to the
data structure. Among the 5143 crossbred animals, the
number of Yorkshire sires (N = 1125) was much smaller
than that of Landrace sires (N = 4018). Such a different
amount of information affects the accuracy of the esti-
mates, and thus the standard error of rpc was larger for
breed Y than for breed L (see Table 2). However, com-
pared to the results reported in [17], the rpc for breed
L increased by about 10% while that for breed Y did not
change much. Both pre-correction of data and the geno-
typed subset of original data used may play a role in the
differences observed between the current and previous
results [17]. In the previous study, a single-step method,
which can use pedigree information and genomic infor-
mation simultaneously, was used. In this study, the use
of only phenotypic records on genotyped individuals
affected the accuracy of estimates. Our results confirmed
the moderate value of the rpc for TNB in breeds L and Y.
To our knowledge, this is the first time that correla-
tions of allele substitution effects for both purebred
(rap,,apy) and crossbred (rqc;,ocy) performance between
two breeds in the presence of dominance variation are
estimated. In genomic selection, SNPs are assumed to
be in LD with QTL along the whole genome [45]. The
correlation of allele substitution effects between breeds
measures the degree of average similarities between
SNP effects assuming that the QTL effects are the same
in breeds 1 and 2 [38-40]. In practice, the correlation
of allele substitution effects between two breeds can be
interpreted as indicating “how consistent the SNP sub-
stitution effects are across two breeds” For purebred per-
formance, the estimated SNP substitution effects were
based on the within-breed allele frequencies. A high
raP,aPy correlation means that the estimated SNP sub-
stitution effects based on allele frequencies from breed L
can be used for breed Y and vice versa. However, rop; opy
was not significantly different from 0 in the current study,
which demonstrates that SNP effects estimated from a
reference population that consists of one pure breed (e.g.
Landrace) cannot be readily applied to the other breed
(e.g. Yorkshire). This was in agreement with the findings
of [46] who reported that prediction based on an across-
population reference panel was worse than within-popu-
lation prediction. In other species, estimated correlations
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of allele substitution effects between breeds based on
models without dominance, oscillate between 0 and 0.8,
and are trait-dependent [38, 47]. For crossbred perfor-
mance, an 74c; «Cy close to 1 was found in the current
study, which indicated that the allele substitution effects
based on the allele frequencies from the opposite breeds
were very similar for the L and Y breeds. In practice, this
suggests that SNP substitution effects that are estimated
based on a reference population consisting of crossbred
animals can be used to estimate crossbred breeding val-
ues for both breeds L and Y.

It was expected that genomic evaluations obtained by
including dominance deviations in the model would be
improved, especially when records of crossbred animals
were included [9]. However, our results showed that
inclusion of dominance deviations did not increase the
predictive ability for crossbreds. This result was in line
with conclusions in [9, 12, 20], but was opposite to those
in [18, 19, 48, 49]. Theoretically, estimating dominance
genetic effects should be useful because ignoring them
will result in less accurate estimates of allele substitution
effects and consequently less accurate estimated breed-
ing values in genomic prediction [11]. However, regard-
ing the additive genetic variance, estimates were nearly
the same in scenarios Gen AM and Gen_ADM, which
demonstrated that the additive variances were already
well captured by the additive model. Thus, the accuracy
of the estimated additive genetic effects was not affected
when dominance effects were included in the model [12].
Moreover, a simulation study at the level of the gene
action showed that when all gene actions were purely
additive, including dominance in addition to the additive
effects in the model was not advantageous compared to
using an additive model. Hidalgo [20] showed that TNB
was not affected by dominance in the Dutch crossbred
population. In the current study, we also observed similar
results, and dominance variation accounted for a small
proportion of the total genetic variation (4 to 10%). The
lack of change in predictive ability also indicated the dif-
ficulty of distinguishing dominance genetic effects from
additive genetic effects [9], but it confirmed a previous
simulation study that concluded that the use of a domi-
nance model did not negatively affect genomic evaluation
even if the trait was purely additive [18].

Scenarios in which genomic information was included
(Gen_AM and Gen_ADM) showed higher predictive
abilities than the pedigree-based scenario (Nogen). For
the Nogen scenario, the relationship matrix was con-
structed based on a base population that was considered
as a mixture of L and Y animals, which was not the case.
Therefore, the results of the Gen AM and Gen ADM
scenarios were more reliable than those of the Nogen sce-
nario. Although predictive abilities were not significantly
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different according to the Hotelling-Williams t-test, the
results from 1000 bootstrap samples still showed that
the predictive abilities of about 90% of the crossbred ani-
mals would be higher when genomic information was
available (894 of 1000 bootstrap samples showed higher
predictive abilities in scenarios that included genomic
information than those in the Nogen scenario; results
not shown). Comparison of the predictive abilities that
were estimated in the current study with those from a
previous study [17] indicated that the single-step model
[16] might be more robust than the Vitezica model [22]
used in this paper in terms of both predictive ability and
unbiasedness for the crossbred performance. Our results
suggested that using a small set of genotyped animals
and pre-corrected data to implement genetic evaluation
for crossbred performance was less powerful than using
the whole dataset, which is similar to the conclusions for
purebred performance [43].

The regression coefficients obtained with the Vitezica
model were less than 1, which suggests that variations in
total genetic effects could be overestimated (inflated). In
terms of unbiasedness, there was no clear trend among
the scenarios examined, regardless of whether genomic
information was included or not. Overall, unbiased-
ness was not a problem in the current study because the
regression coefficients in all scenarios did not signifi-
cantly differ from 1.

Inbreeding depression for litter size in pigs is a well-
known phenomenon [50, 51], and we found that inclu-
sion of inbreeding effects in the model improved
predictive abilities of crossbred animals. Estimates of
inbreeding depression effects are rarely reported, but our
estimates agree with those previously reported for com-
mercial and Iberian pigs [52]. Inbreeding depression was,
for the same amount of marker-based inbreeding, more
detrimental in the Landrace than in the Yorkshire breed.
There are many possible explanations among which the
purging of lethal recessive alleles [53]. We also report an
estimate of the inbreeding depression parameter for the
crossbred animals, which is between the estimates for
the parental breeds. To our knowledge, this estimate has
never been reported.

The correlation between breeding values and domi-
nance deviations is of theoretical concern [30]. How-
ever, this does not apply to the current marker-based
analyses for the following reasons. (1) In a pedi-
gree-based analysis, mating in an inbred population
produces deviations from the Hardy—Weinberg equi-
librium, which generate correlations between breed-
ing values and dominance deviations [30]. However, in
our study, SNPs are in Hardy—Weinberg equilibrium if
allele frequencies are considered in the current genera-
tion. (2) Such a correlation occurs because the pedigree

information forces the genetic model to refer to the
base population, since the state of alleles is not known,
i.e. only probabilities of IBD are known. In our study,
the states of alleles are known and the model can be
described as referring to the current generation instead.
(3) The equivalent GBLUP models in Eq. (3) used gen-
otypic additive and dominance values, not breeding
values and dominance deviations. A reasonable assump-
tion in the model is that additive and dominance effects
are unrelated at each SNP. Thus, covariance between
additive and dominance genetic effects was ignored in
the current study.

Conclusions

We present for the first time the use of genomic inbreed-
ing in crossbred and purebred genomic evaluation. Esti-
mates are biologically sound and are relevant even for
crossbred animals. We also report for the first time, esti-
mated correlations of allele substitution effects in the
presence of dominance. For TNB, the dominance genetic
variance accounts for only a small proportion of the total
genetic variation (4 to 10%). A moderate, positive genetic
correlation between breeding values for TNB for pure-
bred and crossbred performances was confirmed. Inclu-
sion of dominance in the GBLUP model did not improve
predictive ability for crossbred animals, whereas inclu-
sion of inbreeding depression effects did. An additive
GBLUP model is sufficient to capture the additive genetic
variances and for genomic evaluation. The GBLUP model
[22] was applied successfully for genetic evaluations for
crossbred performance in pigs. This model can poten-
tially be a useful tool in genetic evaluation for crossbred
performance.
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Genome-wide association study
and accuracy of genomic prediction
for teat number in Duroc pigs using
genotyping-by-sequencing
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Abstract

Background: The number of teats in pigs is related to a sow’s ability to rear piglets to weaning age. Several studies
have identified genes and genomic regions that affect teat number in swine but few common results were reported.
The objective of this study was to identify genetic factors that affect teat number in pigs, evaluate the accuracy of
genomic prediction, and evaluate the contribution of significant genes and genomic regions to genomic broad-sense
heritability and prediction accuracy using 41,108 autosomal single nucleotide polymorphisms (SNPs) from genotyp-
ing-by-sequencing on 2936 Duroc boars.

Results: Narrow-sense heritability and dominance heritability of teat number estimated by genomic restricted maxi-
mum likelihood were 0.365 4 0.030 and 0.035 % 0.019, respectively. The accuracy of genomic predictions, calculated
as the average correlation between the genomic best linear unbiased prediction and phenotype in a tenfold valida-
tion study, was 0.437 &+ 0.064 for the model with additive and dominance effects and 0.435 + 0.064 for the model
with additive effects only. Genome-wide association studies (GWAS) using three methods of analysis identified 85
significant SNP effects for teat number on chromosomes 1,6, 7, 10, 11, 12 and 14. The region between 102.9 and
106.0 Mb on chromosome 7, which was reported in several studies, had the most significant SNP effects in or near the
PTGR2, FAMI1618B, LIN52, VRTN, FCF1, ARELT and LRRC74A genes. This region accounted for 10.0% of the genomic addi-
tive heritability and 8.0% of the accuracy of prediction. The second most significant chromosome region not reported
by previous GWAS was the region between 77.7 and 79.7 Mb on chromosome 11, where SNPs in the FGF14 gene had
the most significant effect and accounted for 5.1% of the genomic additive heritability and 5.2% of the accuracy of
prediction. The 85 significant SNPs accounted for 28.5 to 28.8% of the genomic additive heritability and 35.8 to 36.8%
of the accuracy of prediction.

Conclusions: The three methods used for the GWAS identified 85 significant SNPs with additive effects on teat
number, including SNPs in a previously reported chromosomal region and SNPs in novel chromosomal regions. Most
significant SNPs with larger estimated effects also had larger contributions to the total genomic heritability and accu-
racy of prediction than other SNPs.

*Correspondence: yda@umn.edu; huxx@cau.edu.cn

! State Key Laboratory for Agrobiotechnology, China Agricultural
University, Beijing 100193, China

2 Department of Animal Science, University of Minnesota, Saint Paul, MN
55108, USA

Full list of author information is available at the end of the article

WORLD TECHNOLOGIES



http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12711-017-0311-8&domain=pdf

Genome-wide association study and accuracy of genomic prediction for teat number in Duroc pigs... 61

Background

A sufficient number of teats is necessary for a sow to rear
its piglets to weaning age. Many putative QTL (quanti-
tative trait loci) for teat number have been reported on
most of the porcine chromosomes, but most of these
were detected using microsatellite markers and lacked
specific gene targets [1]. Genome-wide association stud-
ies (GWAS) using single nucleotide polymorphisms
(SNPs) and analyses of candidate genes have identified
several specific gene targets that affect teat number in
swine. A GWAS using 42,654 SNPs on 936 Large White
pigs reported 39 QTL with 211 significant SNP effects
on teat number [2]. Among those SNP effects, the region
between 102.0 and 105.2 Mb on chromosome 7 had the
most significant effects and the percentage of the genetic
variance explained by SNPs in this region ranged from
0.04 to 2.51%. Within this region, the VRTN and PROX2
genes were identified as the most convincing candidate
genes. The chromosomal locations of the significant SNPs
that were detected in this GWAS differed from all previ-
ously reported QTL for teat number that have been com-
piled in the animal QTL database [1]. Another GWAS,
using 32,911 SNPs on 1550 Large White pigs, reported 21
QTL with additive effects on chromosomes 6, 7 and 12,
one QTL with a dominant effect on chromosome 4, and
identified VRTN as the most promising candidate gene
for teat number [3]. A third GWAS using 41,647 SNPs
on 1657 Large White pigs found 65 significant SNPs on
chromosomes 1, 2, 7, 8, 12 and 14, including SNPs in the
region 102.9 between 105.2 Mb on chromosome 7 [4]. A
fourth GWAS using 39,778 SNPs identified the VRTN
gene with pleiotropic and desirable effects on thoracic
vertebral number, teat number and carcass (body) length
across four pig populations, and showed that, of all SNPs
on chromosome 7, a SNP within the VRTN gene had the
most significant effect on teat number in Duroc pigs [5].
Among all significant SNPs that have been detected for
teat number by GWAS, the significance of the VRTN
gene on chromosome 7 achieved the widest consensus
and has been identified as a strong candidate gene for teat
number [2-5]. However, in the literature some discrep-
ancies regarding the most significant location and many
SNP effects in other genomic regions have been reported.
A GWAS using the porcine 60 K SNP chip on a F2 popu-
lation from a cross between Landrace and Korean pigs
identified highly significant SNPs on chromosome 7
that were more than 40 Mb away from the VRTN gene
[6], and in another GWAS using 36,588 SNPs and 1024
Duroc pigs, the most significant SNPs on chromosome 7
were found 2 to 3 Mb downstream of the VRTN region
[7]. However, other than for the VRTN region, there is
little consensus among the GWAS results on genomic
regions that affect teat number [2-4, 6, 7]. Therefore,

additional studies are needed to identify the genetic fac-
tors that affect swine teat number. Furthermore, it is
unclear what the impact of the highly significant SNPs is
on the accuracy of genomic prediction for teat number.

The objective of this study was to identify genetic fac-
tors that affect teat number in pigs, evaluate the accuracy
of genomic prediction, and evaluate the contribution of
significant genes and genomic regions to the heritability
and accuracy of genomic prediction using 41,108 auto-
somal SNPs from genotyping-by-sequencing (GBS) on
2936 Duroc boars.

Methods

Animals, phenotyping, and genotyping-by-sequencing
Animal and phenotype data used for this study were pro-
vided by Guangdong Wen’s Foodstuff Group (Guang-
dong, China). The study population included 2936 Duroc
boars born from September 2011 to September 2013 in
1456 litters from 79 sires with one to three piglets per lit-
ter, and all pigs were managed at a single nucleus farm.
The left and right teats were counted separately within
48 h after birth and only normal teats were recorded. In
this study, the phenotype used for ‘teat number’ was the
total number of teats that was equal to the sum of the left
and right normal teats. The ‘mean + (standard deviation)’
of teat number was 10.72 £ 1.72. The phenotypic values
followed a near bell-shaped distribution (Fig. 1), which
was similar to the leptokurtic distribution of teat num-
ber that is observed for Landrace and Large White pigs
[8], with most animals (1992 out of 2936) having 10 or 11
teats.

Genomic DNA was extracted from ear tissue of all
2936 Duroc boars and quantified using a Qubit 2.0 Fluo-
rometer. DNA concentrations were normalized to 50 ng/
ml in 96-well plates. A two-enzyme i.e. EcoRl and Mspl
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Fig. 1 Phenotypic distribution of total teat number in Duroc boars
(N =2936)
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genotyping-by-sequencing (GBS) was used. A set of 96
forward barcoded adapters with an EcoRI overhang were
designed by the GBS Barcode Generator (http://www.
deenabio.com/services/gbs-adapters), and the reverse
adapter with a Mspl overhang was designed according to
[9]. DNA samples (150 ng each) were digested with EcoRI
and Mspl, then ligated to the designed adapters. Follow-
ing adapter ligation, samples were pooled in 96-plex and
size-selected using two cycles of purification with Agen-
court AMPure XP Beads (Beckman Coulter, Pasadena,
CA). The purified libraries were amplified by PCR and
then sequenced on Illumina NextSeq500 by a 90-bp sin-
gle-end sequencing. SNP genotypes were called accord-
ing to the pipeline implemented in Tassel 5.0 with default
parameters [10], and Beagle 4.0 was used to impute miss-
ing SNP genotypes. A total of 90,051 SNPs were identi-
fied for the population used in this study. SNP filtering
was based on the following criteria: only SNPs that had a
minor allele frequency higher than 5%, for which the fre-
quency of the least frequent homozygous genotype was
at least 0.01, and passed the Hardy—Weinberg equilib-
rium test (p > 107°) were retained. Among the autosomal
SNPs, 41,108 SNPs satisfied these requirements and were
used for analyses.

GWAS analysis

Three single-SNP methods were used for the GWAS
analysis: a ¢ test of additive and dominance SNP effects
using a generalized least squares (GLS) analysis that takes
intraclass correlation of sibs into account and is imple-
mented in the EPISNP2 program [11, 12], and the least
squares (LS) analyses of additive effects by PLINK [13]
and EPISNP1 [11] with population stratification correc-
tion using the first 50 dimensions from multidimensional
scaling (MDS) as covariates. We report the PLINK and
EPISNP1 results using the first 35 MDS dimensions for
stratification correction because the genomic inflation
factor [14] and the patterns of Manhattan plots of SNP
significance stabilized when fitting the first 35 MDS
dimensions (Fig. 2).

The statistical model for the EPISNP2 analysis was:

where y is the vector of phenotypic values, b is the vec-
tor of fixed year-month effects, X}, is the incidence matrix
for b, g is the vector of the effects of SNP genotypes, X
is the incidence matrix of g, f is the vector of random
family effects with a common variance 0? for sibs in
the same family, and Z is the incidence matrix of f. The
variance—covariance matrix of the family effects was
assumed to be G = Var(f) = IG%, where I is an identity
matrix, and the phenotypic variance—covariance matrix
is Var(y) = V = ZGZ' + Is2 [12].
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The statistical model for the PLINK analysis was:
y =Xpb+ X1b; +ax e,

where b is the vector of fixed effect(s) of the MDS

dimension(s), X; is the matrix of the MDS dimension(s)

as calculated by PLINK from the SNP matrix of identity-

by-state [13], a is the additive SNP effect, and x is a col-

umn vector of genotype codes for a created by PLINK.
The statistical model for EPISNP1 analysis was:

y =Xpb+ Xjb; + Xg + e,

where the matrices have the same definitions as in the
previous two models. Significance tests for additive and
dominance SNP effects by EPISNP1 and EPISNP2 were
implemented by ¢ tests for the additive and dominance
contrasts of the estimated SNP genotypic values [11, 12,
15].

Genomic heritability and accuracy of genomic prediction
Genomic heritability and genomic prediction were esti-
mated by using a mixed model with additive and domi-
nance effects as described previously [16—18]. Briefly, the
mixed model for heritability estimation and genomic pre-
diction was:

y=Xbb+Za—|—Zd+e,

with Var(y) = V = ZA,Z/02 + ZD,Z'6? + Io2, where Z
is an incidence matrix allocating phenotypic observations
to each individual, a is the vector of genomic additive
(breeding) values, d is the vector of genomic dominance
values or dominance deviations, A, is a genomic addi-
tive relationship matrix calculated from the SNPs, Dg is a
genomic dominance relationship matrix calculated from
the SNPs, o2 is the additive variance, o? is the dominance
variance, and o? is the residual variance. The Ag and Dy
matrices were calculated using Definition II of genomic
relationships implemented by the GVCBLUP pack-
age, and variance components of additive, dominance
and random residual values were estimated by genomic
restricted maximum likelihood estimation (GREML)
using the GREML_CE program in the GVCBLUP pack-
age [18]. The genomic heritability was defined as:
hé = 03/ 03, i.e. the narrow-sense heritability, hg = O‘g / 03,
i.e. the dominance heritability, and h? = h2/hZ ie. the
broad-sense heritability, where 03 =02 + 02 +0?is the
phenotypic variance. The genomic best linear unbiased
prediction (GBLUP) of additive, dominance and genetic
values of individuals in the training and validation sam-
ples were calculated at the last iteration of the GREML.
A tenfold validation study was conducted to evalu-
ate the prediction accuracy. The 2936 Duroc boars
were randomly divided into 10 validation datasets of
293 individuals except the 10th sample, which included
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299 individuals. For each of the 10 validation analyses,
phenotypic observations in the validation dataset were
omitted in the GBLUP calculation. Three measures of
prediction accuracy were calculated and compared:
Rojp = corr goj, Yo )» which is the observed accuracy of
predicting the phenotypic values in the validation popu-
lation and is calculated as the correlation between the
estimated genetic values (goj) and the phenotypic obser-
vations (y,) of validation individuals, averaged across
all validation datasets; Ro; = corr goj, 8oj ) which is the
expected accuracy of predicting the true genetic val-
ues (ng) of individuals in the validation population and
is calculated as the square root of the reliability esti-
mate for each individual from the GVCBLUP package
[18], where ‘j = o’ indicates additive prediction, j =&
indicates dominance prediction, and ‘j =1t indicates
prediction of total genetic value; and Rpjp = Ry hjz,
which is the expected accuracy of predicting the phe-
notypic values, where hjz is the genomic narrow-sense

(j = o), dominance (j = 3), or broad-sense (j = t) herit-
ability. The accuracy of predicting phenotypic values
was previously termed as ‘predictive ability’ [19] to dis-
tinguish it from ‘expected prediction accuracy’ of pre-
dicting genetic values (R in this study). The formula of
the expected accuracy of predicting phenotypic values,
Rojp = Ry; hjz, is a slightly different form of the rela-
tionship between ‘predictive ability’ and ‘prediction
accuracy’ [19]. The mathematical difference between
Rojp and Rgj is in the denominators of these two meas-
ures: the denominator of Ry, is the phenotypic standard
deviation, whereas the denominator of Ry is the genetic
standard deviation, which is necessarily smaller than the
phenotypic standard deviation in the presence of non-
zero residual variance. Therefore, Ryj is the upper limit
of Ryjp but this upper limit may not hold for the observed
accuracy of predicting phenotypic values (Rojp) due to
unknown variations in the data or genetic mechanisms
that are not explained by the statistical model. The

WORLD TECHNOLOGIES




64

observed accuracy of predicting genetic values can only
be defined when the true genetic values such as simu-
lated genetic values are known [16] but they could not
be defined in this study because the true genetic values
were unknown.

Contribution of significant SNPs and genomic regions

to total heritability and prediction accuracy

The contributions of each SNP to additive, dominance
and total heritability can be estimated [18]. However, as
shown by the results of this study, the contribution of
each SNP is affected by the number of SNPs in the mixed
model: the larger is the number of SNPs, the smaller is
the contribution of each SNP. To avoid this dependency
in the mixed model for GREML and to estimate each
SNP’s independent contribution to genomic heritability
and prediction accuracy, we used the approach of ‘partial
heritability’ and ‘partial accuracy’ based on differences
in heritability and prediction accuracy between a full
model and a reduced model. The full model fits all SNPs
as random effects and the reduced model fits the tar-
get SNP or SNPs as fixed effects to remove their effects
from the phenotypic values. The reduced model was as
follows:

y=Xb+Xs+Za+Zd +e,

where s is a column vector of fixed SNP effects
and X is the incidence matrix of s. The phe-
notypic variance—covariance matrix was
assumed to be the same as in the full model, i.e.,
Var(y) = V = ZA,Z/'c2 + ZD4Z'c} + Io2, but variance
componelilts were estlmated under the reduced model.
Let 1° (h;) be the estimated heritability from the full
(reduced) model, and Ry (Rg;) a measure of prediction
accuracy for the full (reduced) model. Then, the relative
contribution of the ith SNP or the lth set of SI\£PS o the
total heritability was calculated as Ch =1- /h and
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the relative contribution of the ith SNP or the ith set of
SNPs to the prediction accuracy as ¢;i = 1 — Roi/Ro.

Results

Genomic heritability and prediction accuracy

[he estimate of genomic narrow-sense heritability
(h,) was 0.365 £ 0.030, of dominance heritability (hy)
was 0.035 £ 0.019, of broad-sense heritability (hf) was
0.400 £ 0.034, and the estimate of narrow-sense herit-
ability for the mixed model with additive effects only,
was 0.368 =+ 0.030, which is slightly higher than the cor-
responding estimate for the mixed model with additive
and dominance effects (Table 1). The observed accuracy
of predicting phenotypic values from the tenfold valida-
tion study was 0.437 %+ 0.064 for the mixed model with
additive and dominance SNP effects (ﬁOtp, Model 1A in
Table 2), and was 0.435 =+ 0.064 for the mixed model with
additive effects only (Roap, Model 2A in Table 2), which is
only 0.46% lower than that from the mixed model with
additive and dominance effects. These slight differences
in both heritability and accuracy of prediction between
the additive model and the model with additive and dom-
inance effects indicates that additive SNP effects were the
primary genetic effects that affect teat number and that
dominance SNP effects only had a negligible contribution
to the prediction accuracy for teat number.

GWAS results

The GWAS that was done with EPISNP2, which
accounted for the sib intraclass correlation and was
implemented by a GLS analysis [11, 12], identified 73
SNPs on chromosomes 1, 6, 7, 10, 11, 12 and 14 with addi-
tive effects but no SNP with dominance effects reached
genome-wide significance with the Bonferroni multiple
testing correction (p < 107>°1) (Fig. 3a, b; Table 3; Addi-
tional file 1: Table S1). LS analysis of PLINK [13] and
EPISNP1 [11] with stratification correction using the first

Table 1 Estimates of genomic heritabilities for teat number using 41,108 autosomal SNPs on 2936 Duroc boars

Model All SNPs as random effects

85 significant SNPs removed 85 significant SNPs as fixed effects

- ] )
Additive and dominance effects h, = 0365 % 0,030

~2
hs = 0.035£0.019
~2

h, = 0.400 £+ 0.034

Additive effects only R = 0368 + 0,030
o= 0. !

ha = 0.260 % 0030
—2877%

~2
he = 0346 +0.030
ch —5.20% ch

Ry = 0,036 & 0020
—ch = +286%

Ry = 003740022
—ct = +571%

b = 0297 0036
—25.75%

b = 0382 £ 0034

_Cm = —4.50% _Cm =

h =0.350 £ 0.030
—4.89%

h = 0.263 £0.030

- = —cl, = —2853%

hZ = narrow-sense heritability. hZ = dominance heritability. h? = broad-sense heritability = h2 + hZ —c? = decrease in heritability relative to the heritability estimated

by using all SNPs fitted as random effects
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Table 2 Accuracies of genomic prediction for the phenotypic values and true genetic values of teat number using 41,108
autosomal SNPs on 2936 Duroc boars in a tenfold validation study

Model and accuracy change ﬁmp = C°"(§ojr)’o)

Roj = corr(Goj, 9o;)

Rojp = Rojy/hy

Model 1A ﬁow = 0437 £ 0064

Model 1B ﬁom =027940.076

—cyiof 1B relative to 1A —36.16%

Model 2A ﬁow = 0435+ 0.064

Model 2B ﬁOocp =0.275+ 0074

—cy of 2B relative to 2A —36.78%

Model 3A ﬁom = 0426 + 0.066

—252%
Roup = 0424 + 0066

—cyof 3A relative to 1A
Model 4A

—cy of 4A relative to 2A —2.53%

Rotp = 0.460 Ror= 0728 £ 0004

Rotp = 0360 Ror=0.661 % 0007

—21.74% —9.20%

Roup = 0425 Row = 0.700 = 0.007
Roup = 0.320 Row = 0.624 = 0.009
—2470% —10.86%

Rowp = 0446 Rot=0.721 % 0004

—3.04% —0.96%

Roup = 0409 Row = 0.691 + 0007
—3.76% —1.28%

Model 1A has additive and dominance effects and uses all 41,108 autosome SNPs. Model 1B is a modification of Model 1A by using the 85 significant SNPs as fixed
non-genetic effects. Model 2A has additive effects only and uses all 41,108 autosome SNPs. Model 2B is a modification of Model 2A by using the 85 significant SNPs
as fixed non-genetic effects. Model 3A has additive and dominance effects and uses 41,023 autosomal SNPs after removing the 85 significant SNPs. Model 4A has
additive effects only and uses 41,023 autosomal SNPs after removing the 85 significant SNPs. Roj, is the observed accuracy of predicting phenotypic values from
tenfold validations. Roj, is the expected accuracy of predicting phenotypic values. Ro; is the expected accuracy of predicting genetic values calculated by GVCBLUP
from tenfold validations, j =t or a.h? = 0.400 for Model 1A, = 0.297 for Model 1B, = 0.382 for Model 3. h, = 0.368 for Model 2A, 0.263 for Model 2B, = 0.350 for

Model 4. —c;iis the decrease in accuracy

35 dimensions of MDS as fixed covariates, identified 54
and 21 significant SNPs, respectively (Fig. 3c, d; Addi-
tional file 1: Table S1). Twelve SNPs detected by PLINK
and two SNPs detected by EPISNP1 did not overlap with
the SNPs detected by EPISNP2. Eighteen SNPs detected
by EPISNP1 overlapped with those detected by EPISNP2
and PLINK. For this dataset, EPISNP1 was the most
conservative for declaring significance. We report SNPs
detected by EPISNP2 because they all had a substantial
contribution to the broad-sense genomic heritability (see
Additional file 1: Table S1). A graphical view of the GWAS
results obtained by EPISNP2, PLINK and EPISNP1 for all
autosomes is in Additional file 2: Figure S1.

To evaluate the impact of the significant SNPs on
the phenotypic variance, we estimated the decreases in
observed genomic narrow-sense heritability and predic-
tion accuracy when the phenotypic values were adjusted
for the estimated genotypic values of the significant SNPs.
The results showed that the 85 significant SNPs identified
by the three methods, i.e. EPISNP2, PLINK and EPISNP1,
accounted for 28.5 to 28.8% of the genomic narrow-
sense heritability (Table 1) and for 36.2 to 36.8% of the
observed prediction accuracy (Model 1A and Model 2A
in Table 2). These results show that many SNPs that were
deemed insignificant by the GWAS analysis were relevant
for genomic prediction of teat number. Each of the 85
SNPs had a relatively large contribution to the genomic
heritability and prediction accuracy, with the contribu-
tion of each SNP to the observed genomic narrow-sense

heritability ranging from 0.7 to 7.3% and relative contri-
bution of each SNP to the observed prediction accuracy
ranging from 0.5 to 5.6% (see Additional file 1: Table S1).

Analysis of the region between 102.9 and 106.0 Mb

on chromosome 7

A cluster of 14 SNPs within or near the PTGR2, FAM161B,
LIN52, VRTN, FCF1, AREL1 and LRRC74A genes in the
region between 102.9 and 106.0 Mb on chromosome 7 had
the most significant effects on teat number with genome-
wide significance (Fig. 4a). Based on the GLS analysis of
EPISNP2, the two SNPs upstream of PTGR2 had the most
significant additive effects, followed by the three SNPs
within and upstream of AREL1, whereas the LS analysis of
PLINK and EPISNP1 with stratification correction ranked
the three ARELI SNPs as the most significant and the two
SNPs upstream of PTGR?2 in the 6th and 7th positions (see
Additional file 1: Table S1). The six most significant SNPs
in the region between 102.9 and 103.8 Mb on chromosome
7 accounted for 7.4% of the genomic additive heritability
and 7.0% of the observed prediction accuracy in the ten-
fold validation study (Table 3), and all the 14 SNPs in this
region with genome-wide significance accounted for 10.0%
of the genomic narrow-sense heritability and 8.0% of the
observed prediction accuracy. Removal of the genotypic
effects of the 14 SNPs by fitting these SNPs as fixed effects
in the model for EPISNP2 removed all significant effects in
the region between 102.9 and 103.8 Mb on chromosome
7 and also removed the significant effects of seven SNPs
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Fig. 3 Manhattan plots from three methods of genome-wide association analysis. a Manhattan plot of p values for testing additive SNP effects
using the generalized least squares (GLS) analysis of EPISNP2. b Manhattan plot of p values for testing dominance SNP effects using the generalized
least squares (GLS) analysis of EPISNP2. € Manhattan plot of p values for testing additive SNP effects using the least squares (LS) analysis of PLINK
with the first 35 dimensions of multidimensional scaling (MDS) as fixed effects. d Manhattan plot of p values for testing additive SNP effects using
the LS analysis of EPISNP1 with the first 35 MDS dimensions as fixed effects. The horizontal green line indicates the genome-wide significance with
the Bonferroni correction (p < 107>7"). All p values in the figures are in log(1/p) scale

in the region between 116.1 and 117.4 Mb on chromo- and prediction accuracy (Fig. 4c). We did not detect SNPs
some 7 (Fig. 4b). SNPs within or near the ARELI, PTGR2,  within the VRTN gene but a SNP upstream of and near-
FMA161B, LIN52 and LRRC74A genes also had the larg-  est to VRTN (S7_103355294) was highly significant, rank-
est contributions to the genomic narrow-sense heritability  ing 6th based on EPISNP2 and 5th based on PLINK and
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Table 3 Chromosome regions with significant SNP effects on teat number

Chr Region (Mb)  Size (Mb) Most significant SNP Contribution Gene region

Name MAF  pvalue % of h2 % of Ro

1 29.63-30.18 0.55 S1.29635241 0499 268(107%) 2.25 1.51 TNFAIP3, OLIG3

7 102.91-103.80 0.89 S7_102911357 0438 249(107'%) 735 6.98 PTGR2 (U), FAM1618, LIN52, VRTN (U, D), FCF1, ARELT
(16 genes)

7 116.07-11743 1.36 S7_116899295 0342 297 (107%) 307 213 GALC, KCNKT0, SPATA7, PTPN21, ZC3H 14, EML5, TTC8

1 56.56-58.58% 2.21 S11_58558301 0422 7.14(1077) 164 227 SPRY2, SNORA70

11 77.75-79.69 1.94 S11_79009219 0226 9.16(107'% 507 523 FGF14,BIVM (U, D), LOC102167592, LOC102167785 (U)

12 453-6.26* 1.73 $12_5615207 0335 3.16(107%) 259 2.63 MFSD11-KCTD2 (49 genes)

12 5054-51.74 1.20 S12_51574540 0.138 1.06 (107%) 064 1.16 OR3A2, ASPA, TRPV3, TRPV1, CTNS, TAX1BP3, EMC6,
CAMKK1

Chr = chromosome; MAF = minor allele frequency. hé is the additive heritability. Roiis the observed accuracy of prediction. U indicate the significant SNP is located
upstream of the gene. D indicates the significant SNP is located downstream of the gene. Contribution was calculated for the six most significant SNPs in each region.

*This region has three significant SNPs

EPISNPI. Linkage disequilibrium (LD) analysis using Hap-
loview [20] showed that the two SNPs flanking VRTN were
in strong LD (D' = 0.90, Fig. 4d), implying that either of
these two SNPs could also be in strong LD with VRTN.
Therefore, assuming that VRTN is a causal gene, the sig-
nificant effect of S7_103355294 could be a linked effect of
VRTN. The LD analysis showed that the significant effects
of the region between 116.1 and 117.4 Mb on chromo-
some 7 could also be due to LD with the region between
102.9 and 106.0 Mb since three of the seven SNPs in the
former region were in low LD with five significant SNPs in
the latter region (D’ = 0.13 to 0.24, Fig. 4d). This did not
consider the possibility of multilocus LD between the two
regions. The low LD was the only known reason that could
explain the disappearance of the significant QTL effects of
the region between 116.1 and 117.4 Mb when the 14 SNPs
in the region between 102.9 and 106.0 Mb were fitted as
fixed effects.

Other chromosomes with significant SNPs

In addition to chromosome 7, SNPs on chromosomes
1, 6, 10, 11, 12 and 14 also had significant effects with
genome-wide significance (Table 3; Additional file 1:
Table S1). Among these chromosomes, the region
between 77.3 and 79.7 Mb on chromosome 11 had
the most significant additive effects. The top six SNPs
within or near the FGFI14, BIVM, LOCI10216759, and
LOCI102167785 genes accounted for 5.1% of the genomic
narrow-sense heritability and 5.2% of the observed pre-
diction accuracy (Table 3). The remaining regions on
chromosomes 1, 7, 11 and 12 each with at least six SNPs
accounted for 0.6 to 3.1% of the genomic narrow-sense
heritability and accounted for 1.2 to 2.6% of the observed
prediction accuracy (Table 3).

Discussion

Comparison with previous GWAS results

The region between 102.9 and 106.0 Mb on chromo-
some 7 that was identified in the current study was also
reported in several previous GWAS but with varying
lengths, e.g., between 102.1 and 105.2 Mb [2], 102.9 and
105.2 Mb [4], 103.0 and 103.6 Mb [3], the VRTN gene [5],
the VRTN-PROX2-FOS region that is equivalent to the
region between 103.4 and 104.3 Mb based on a micros-
atellite study [21], and the region between 106.7 and
106.9 Mb [7]. Five significant SNPs on chromosome 10
were located close to some previously reported significant
regions on this chromosome [2], and a significant SNP
at 51.6 Mb on chromosome 12 was close to the previ-
ously reported chromosome 12 region between 52.9 and
52.6 Mb [2, 4]. In the current study, the region between
77.7 and 79.7 Mb on chromosome 11 was the second most
significant chromosome region, which, to our knowledge,
has not been reported in previous GWAS. However, the
Animal QTLdb [1] has one entry for pig teat number in
the region between 79.2 and 85.7 Mb on chromosome
11, which partially overlaps the region between 77.7 and
79.7 Mb that we detected in this study, and this Animal
QTLdb result was based on a QTL mapping study using
137 microsatellite markers on 573 F2 females and 530 F2
males from a Meishan x Large White cross [22].

Heritabilities and factors that affect teat number

The genomic narrow-sense heritability estimates
reported in the current study are the only ones available
for teat number. Estimated narrow-sense heritabilities
ranged from 0.346 to 0.350 (Table 1) and were within the
range of recently published heritability estimates based
on pedigree relationships, e.g., 0.39 in a study using
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57,000 Yorkshire pigs [23], and 0.37 in a study using 1550
Landrace pigs [3]. The above genomic and pedigree-
based heritability estimates indicate that swine teat num-
ber has a strong genetic component, and also that a large
portion of the phenotypic variation is not explained by
additive genetic effects. Only one GWAS reported domi-
nance effects on chromosome 4 in Landrace pigs [3].
Our GWAS results differ from the reported dominance
effects on chromosome 4 because we found that many
other chromosomes had more significant dominance
effects than chromosome 4, although none of the domi-
nance effects that we observed reached the genome-wide

significance threshold of p < 107! (Fig. 3b). The esti-
mated dominance heritability was low (0.036) and
inclusion of dominance effects in the prediction model
only had negligible effects on the observed prediction
accuracy. Removing dominance effects from the mixed
model resulted only in a 0.5% reduction in the observed
accuracy of predicting phenotypic values, although the
reductions in the expected accuracy of predicting phe-
notypic values (7.6%) and in the expected accuracy of
predicting genetic values (3.9%) were considerably larger
for unknown reasons (Table 2). Previously, a maternal
effect on teat number was reported [24] but has not been
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studied by GWAS or genomic prediction. Data error is a
source of phenotypic variation, but teat number is easy
to measure and any data errors that might have occurred
would only be minor, given that our GWAS results on
chromosome 7 agreed with those of other studies [2, 3]
and that our genomic heritability estimates are consistent
with those based on pedigree data [3, 23].

SNP contributions to genomic heritability and prediction
accuracy

We analyzed three methods (Methods I, II and III) of
estimating the contribution of a set of SNPs to genomic
heritability and compared Methods II and III for estimat-
ing the contributions of SNPs to both genomic heritabil-
ity and prediction accuracy. Method I for estimating the
contribution of SNPs to genomic heritability consisted of
summing together the heritability estimates of the target
set of SNPs because the narrow-sense, dominance and
broad-sense heritabilities for each SNP can be estimated
individually by the GVCBLUP package [18]. However,
this method was inappropriate for estimating SNP con-
tributions to the phenotypic variance because the herit-
ability estimate for each SNP decreases as the number of
SNPs in the mixed model increases and is approximately
proportional to 1/m, where m is the number of SNPs in
the mixed model (see “Appendix” for an approximate
proof).

The results in Table 4 show the dependency of the size
of the heritability estimate on the number of SNPs fit-
ted as random effects in the mixed model. When drop-
ping every other SNP from the model (i.e. reducing
from 41,108 to 20,554 SNPs), the average h%, (narrow-
sense heritability of the ith SNP) of each SNP for the
same 20,554 SNPs when all_%l,l_()28 SNPs were fitted in
the model nearly doubled (h,;/h,, = 1.960), while the
total narrow-sense  heritability was nearly unaffected
(hy; = 0.360 and h 3 = 0.368), showing that the size of
the heritability estimate for each SNP was approximately
divided by 2 when the model had twice as many SNPs.
Therefore, the heritabilities of the significant SNPs are

not suitable for measuring their contributions to the phe-
notypic variance due to the dependency of the size of the
heritability estimate for each SNP on the number of SNPs
fitted as random effects in the mixed model.

Method II for estimating the contribution of a set of
target SNPs to genomic heritability and prediction accu-
racy consisted in calculating the difference between the
model with all SNPs and the model without the target
SNPs. However, removing the target SNPs from the sta-
tistical model may not completely remove their effects
because some of them could be explained by other SNPs
in LD with the target SNPs. The results in Table 4 sup-
ported this expectation, i.e., the total narrow-sense her-
itability when halving the number of SNPs fitted was
nearly unaffected. Using Method II, the 85 significant
SNPs accounted for 4.5% of the total genomic heritabil-
ity (Table 1) and 2.5% of the observed prediction accu-
racy (Model 3A, Table 2). Due to the partial effects of the
removed SNPs that could have been explained by other
SNPs, the contributions of SNPs to genomic heritability
and observed prediction accuracy using Method II can be
considered as the lower bound of the SNP contributions.

Method III for estimating SNP contribution to genomic
heritability and to prediction accuracy calculated the dif-
ference between the model with all SNPs fitted as ran-
dom effects and the model with the target SNPs fitted
as fixed effects, an approach that we refer to as ‘partial
heritability’ and ‘partial accuracy. The example of the
region between 102.9 and 106.3 Mb on chromosome 7
showed that fitting significant SNPs as fixed effects com-
pletely removed the significant effects of those SNPs and
also removed the effects of the SNPs that are still fitted
in the statistical model as random effects but are in LD
with the SNPs fitted as fixed effects (Fig. 4b). Figure 5 is
a graphical view of a specific chromosome region, show-
ing that the contributions of SNPs to the total narrow-
sense heritability from the two models with 41,108 SNPs
and 20,554 SNPs estimated using Method III were nearly
the same for the region between 102.9 and 106.0 Mb on
chromosome 7, i.e., partial heritability estimates were

Table 4 Estimates of SNP additive heritabilities of teat number when using 41,108 autosomal SNPs or every other

(20,554) of the 41,108 SNPs

SNP set " Ratio 72
Average Nk per SNP Total Nui
=2 c2 -2 ~2
20,554 SNPs Py =175 (107%) A2, /hs, = 1.960 hay = 0360
i i i -2 -2 02 ~2
20,554 SNPs with all 41,108 SNPs in the mixed model hyy = 893 (1076) Ao /oy = 0998 hoy = 0.184
-2 c2 -2 ~2
41,108 SNPs Ros =895 (107°) R /Ry = 1955 hoy = 0368

2 _ L2 ~] T
hy is the heritability of the kth SNP. hii ="M, hy,/miis the average of SNP additive heritability of the ith SNP set, hii =30, hia is the total additive heritability of

all SNPs in the ith SNP set, where m;is the number of SNPs in the ith SNP set
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nearly unaffected by the number of SNPs in the model.
Using this method, the 85 significant SNPs accounted for
28.5 to 28.8% of the genomic narrow-sense heritability
(Table 1) and for 36.2 to 36.8% of the observed prediction
accuracy (Table 2). In general, contributions of SNPs to
genomic heritability and to the observed prediction accu-
racy were consistent, i.e., most SNPs with higher contri-
butions to heritability also had greater contributions to
prediction accuracies. On average, the contributions of
SNPs obtained with Method III were larger than those
with Method II by 24.0% (4.6 to 28.6%) for the genomic
additive heritability and by 33.3% (2.3 to 35.6%) for the
observed prediction accuracy (Table 2). Such large dif-
ferences could be due to two reasons: overestimation by
Method III and underestimation by Method II. Overesti-
mation by Method III is expected since some effects that
do not come from the target SNPs that are fitted as fixed
effects could also be removed, in addition to removing
the effects of the target SNPs. e.g,, fitting the 14 SNPs in
the region between 102.9 and 106.0 Mb on chromosome
7 as fixed effects also removed the significant effects of
SNPs in the region between 116.1 and 117.4 Mb on
chromosome 7 (Fig. 4b). Therefore, the contributions of
SNPs estimated by Method III could be considered as
the upper bound of the true SNP contributions. How-
ever, underestimation of Method II is likely the main rea-
son for the large differences between Methods II and III,
because a large percentage of the effects of the removed
SNPs could have been explained by other SNPs in the
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model. For the sample in Table 4, the effects of half of the
41,108 SNPs were almost completely explained by the
remaining half of the 41,108 SNPs because estimates of
genomic heritabilities from those two sets of SNPs were
almost the same, as we discussed above. Based on this
analysis, we report contributions of SNPs by Method III
in the abstract but also show the results obtained with
Method II in the main body of the article (Tables 1, 2).

Observed and expected prediction accuracies

In the current study, we compared three measures of
prediction accuracy: the observed prediction accuracy
of predicting phenotypic values based on the correlation
between predictions from GBLUP and phenotypic obser-
vations of the validation individuals (Rejp, j = o or t), the
expected accuracy of predicting phenotypic values (Rojp),
and the expected accuracy of predicting genetic values
(Rgj). For the models using all 41,108 SNPs fitted as ran-
dom effects (Model 1A and Model 2A in Table 2), we
found excellent consistency between the observed accu-
racies of predicting phenotypic values (Royp = 0.437
for Model 1A and Rogp = 0.435 for Model 2A) and the
expected accuracies of predicting phenotypic values
(Rotp = 0.460 for Model 1A and Rogp = 0.425 for Model
2A). For the models using the 85 SNPs as fixed effects to
remove the genetic values of those SNPs from the pheno-
typic values (Model 1B and Model 2B in Table 2), some
differences between the observed accuracies of predict-
ing phenotypic values (Royp = 0.279 for Model 1B and
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Fig. 5 SNP partial heritability in the region between 102.9 and 106.0 Mb on chromosome 7 from two models with 20.5 and 41 K SNPs. The results
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ﬁ()up = 0.275 for Model 2B) and between the expected
accuracies of predicting phenotypic values (Royp = 0.360
for Model 1B and Rogp = 0.320 for Model 2B) were larger
(Table 2), but those differences were mostly within one
standard deviation of the observed accuracies and should
be considered as acceptable. As expected, both observed
and expected accuracies of predicting phenotypic values
(Ro)p and Rjp) were lower than the expected accuracies
of predicting genetic values (Rgj).

Conclusions

Swine teat number has a strong genetic component with
narrow-sense heritability estimates of about 0.365. The
GWAS results confirmed the previously reported region
on chromosome 7 and identified several new regions
associated with swine teat number; they also indicated
that the additive effects are the primary genetic effects for
teat number and indicated consistency between statisti-
cal significance of SNP effects and SNP contribution to
the genomic heritability. Most SNPs with higher statistical
significance also had greater contributions to the genomic
broad-sense heritability and prediction accuracy. The 85
significant SNPs accounted for about 28% of the genomic
heritability and 36% of the prediction accuracy.
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Appendix: Approximate proof for the decrease
in SNP heritability as the number of SNPs increases
The heritability estimate for each SNP decreases as the
number of SNPs in the mixed model increases and is
approximately proportional to 1/m, where m is the num-
ber of SNPs in the mixed model. An approximate math-
ematical proof for this result can be derived based on the
invariance property of GBLUP and GREML to duplicat-
ing SNPs. Assuming a set of m SNPs is duplicated r times
in the mixed model, GBLUP of genetic values (additive,
dominance and genotypic values) of individuals and SNP
genetic variance components, as well as the associated
variance estimates by GREML are invariant to the duplica-
tion of SNPs, and GBLUP of SNP additive, dominance and
genotypic effects differ from those without duplicate SNPs
by the square root of r [25]. In the example of additive SNP
effects, a,; = Q;/+/1, where d; is the additive GBLUP esti-
mate of the ith SNP from the mixed model with m SNPs
repeated r times, @ is the additive GBLUP estimate of the
ith SNP from the model with m SNPs. The additive herit-
ability for the ith SNP from the mixed model with m SNPs
(h2) is: h2, = (az/ 32, Az)hz 18] where @; is the addi-
tive GBLUP of the ith SNP and h? is the total additive herit-
ability based on all SNPs. Since ha is unaffected by repeated
SNPs, the additive heritability for the ith SNP from the
mixed model with m SNPs repeated r times (h2,.) is:

= (a2 /St = () / (Soatie v
i=1 i=1

i.e., the heritability for the ith SNP from the model with
r times of the m SNPs is 1/r of the SNP heritability with
m SNPs in the model without repeat. This theoretical
result under the simple assumption of repeated SNPs
was almost the same as the results obtained with the real
data in Table 4, i.e., when the number of SNPs is reduced
by half, the heritability of each SNP as an average of all
SNP heritability estimates nearly doubled.
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On the performance of tests for the
detection of signatures of selection: a case
study with the Spanish autochthonous beef
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Abstract

Background: Procedures for the detection of signatures of selection can be classified according to the source of
information they use to reject the null hypothesis of absence of selection. Three main groups of tests can be identified
that are based on: (1) the analysis of the site frequency spectrum, (2) the study of the extension of the linkage disequi-
librium across the length of the haplotypes that surround the polymorphism, and (3) the differentiation among popu-
lations. The aim of this study was to compare the performance of a subset of these procedures by using a dataset on
seven Spanish autochthonous beef cattle populations.

Results: Analysis of the correlations between the logarithms of the statistics that were obtained by 11 tests for
detecting signatures of selection at each single nucleotide polymorphism confirmed that they can be clustered into
the three main groups mentioned above. A factor analysis summarized the results of the 11 tests into three canoni-
cal axes that were each associated with one of the three groups. Moreover, the signatures of selection identified with
the first and second groups of tests were shared across populations, whereas those with the third group were more
breed-specific. Nevertheless, an enrichment analysis identified the metabolic pathways that were associated with
each group; they coincided with canonical axes and were related to immune response, muscle development, protein
biosynthesis, skin and pigmentation, glucose metabolism, fat metabolism, embryogenesis and morphology, heart
and uterine metabolism, regulation of the hypothalamic—pituitary—thyroid axis, hormonal, cellular cycle, cell signaling
and extracellular receptors.

Conclusions: We show that the results of the procedures used to identify signals of selection differed substantially
between the three groups of tests. However, they can be classified using a factor analysis. Moreover, each canoni-
cal factor that coincided with a group of tests identified different signals of selection, which could be attributed to
processes of selection that occurred at different evolutionary times. Nevertheless, the metabolic pathways that were
associated with each group of tests were similar, which suggests that the selection events that occurred during the
evolutionary history of the populations probably affected the same group of traits.
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Background

The evolutionary history of animal populations involves
both natural and artificial selection. These processes
not only affect the allelic frequencies at causal poly-
morphisms, but also the surrounding genomic regions
due to the so-called “hitchhiking” effect. Thus, they may
leave detectable signals on the structure of the genome
that can be identified by using appropriate procedures
1, 2].

The vast majority of the procedures used to detect
signatures of selection [2] is based on the null hypoth-
esis of absence of selection, which relies on the neutral
model of evolution [3]. In fact, these procedures can be
classified according to the source of information they
use to reject the null hypothesis. Based on the literature
[2], three main groups of tests can be identified: the first
group is based on the analysis of the site frequency spec-
trum [4—6], the second group focuses on the study of the
extension of the linkage disequilibrium across the length
of the haplotypes that surround a polymorphism [7, 8],
and the third group is based on several measures of dif-
ferentiation among populations [9-11]. In addition, the
results of all these tests can be affected to some degree
by demographic events and by the ascertainment bias
caused by the procedure used to select the single nucleo-
tide polymorphisms (SNPs) for the genotyping chip [12].
Thus, the results of each test may not be fully consistent
with each other [13], which has led to propose strategies
for summarizing results into a single statistic that either
does [13] or does not [14, 15] account for the correlations
between the results from different methods.

The aim of our study was to compare the performance
of a subset of these procedures by using a dataset on
seven autochthonous beef cattle populations (Asturiana
de los Valles, Avilefia-Negra Ibérica, Bruna dels Pirineus,
Morucha, Pirenaica, Retinta and Rubia Gallega) which
share close genetic relationships between them [16]. A
second objective was to identify candidate genes and/or
metabolic processes that are associated with the regions
involved in the selection processes that occurred during
the evolution of these populations.

Methods

Animals and sample size

A total of 171 sire/dam/offspring triplets were collected
from seven Spanish beef cattle populations, includ-
ing Asturiana de los Valles (AV, n = 25), Avilena-Negra
Ibérica (ANI, n = 24), Bruna dels Pirineus (BP, n = 25),
Morucha (Mo, n = 24), Pirenaica (Pi, n = 24), Retinta
(Re, n = 24) and Rubia Gallega (RG, n = 24) breeds. The
selected parents were chosen as unrelated as possible to
fully represent the diversity of the populations.
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SNP genotyping and phasing

Genomic DNA was extracted by standard protocols.
High-density SNP genotyping was performed at a com-
mercial laboratory (Xenética Fontao, Lugo, Spain) by
using the BovineHD BeadChip (Illumina Inc, USA)
according to the manufacturer’s protocol; this HD chip is
designed to genotype 777,962 SNPs. The SNPs that were
retained for our study were located on autosomal chro-
mosomes at a single position. Additional requirements
were a Mendelian error rate lower than 0.05, and SNP
and individual call rates higher than 0.95. Quality control
was performed by using PLINK software [17] and finally,
703,707 SNPs that covered 2,510,606 kb were available
for the analyses with on average one SNP per 3.567 kb.
Haplotypes for the parental chromosomes were derived
with Beagle software [18] using the “TRIO” option.

Detection of signatures of selection
The data were analysed using the following procedures
for the detection of signatures of selection.

Tajima

The procedure that was developed by Tajima [4] com-
pares two statistics to estimate the scaled mutation rate.
The first statistic (6;) is based on the number of segre-
gating sites within a genomic region and the second (6)
is the average heterozygosity at segregating sites in the
sample. The standardized difference between these two
values, D =6, — 6, is used to infer departures from
neutrality. Theoretically, if D < 0 either the popula-
tion has suffered expansion after a recent bottleneck or
a recent selective sweep has taken place; on the contrary
if D > 0, the population has either experienced a sudden
population contraction or is under balancing selection.
The analysis was performed over sliding windows of 100
SNPs by using own software.

Fay and Wu

This procedure [6] calculates the following statistic
D = 0; — 0y, where 6y depends on the number of sites at
which a derived allele is present within a genomic region.
In the analysis, the ancestral alleles were extracted from
the study of Rocha et al. [19]. This test was computed
over sliding windows of 100 SNPs by using own software.

FuandLi

This procedure [5] is based on counting the number
of singletons or alleles present in only one phase. The
rationale is that a selection process will extend time to
coalescence so that a larger number of mutations may
take place in new or external branches of the tree and
thus appear only once in the observed sample. As before,
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the analysis was performed over sliding windows of 100
SNPs by using own software.

iHS

This procedure [8] calculates the ratio of the integrated
haplotype score (iHH) for the ancestral allele and the
derived allele at a given SNP. The iHH is the integral
(area) of the observed decay of the EHH (extended hap-
lotype homozygosity) as defined by Sabeti et al. [7]. As
in the previous test, ancestral alleles were extracted from
Rocha et al. [19]. The iHS was calculated with the selscan
software [20] using the parameters recommended by the
authors. For further calculations, we used the |iHS|.

nSL

This procedure was recently presented by Ferrer-
Admetlla et al. [21]. The procedure of calculation is simi-
lar to iHS, but replaces I[HH by an alternative statistic
(SL) that measures the length of a segment of haplotype
homozygosity in terms of segregating sites. The main
advantage of #nSL over iHS is that it uses segregating sites
as a measure of distance, while iHS needs the recombina-
tion distance. Thus, the iHS is more sensitive to recombi-
nation rate [21]. The analysis used the same parameters
as in the iHS test and own software. As before, we used
[nSL|.

H12
This method was recently proposed [22] with the H12
statistic being defined as:

H12= (1 + 2P + Y1

j>2
where pj is the frequency of the jth most common haplo-
type in the population. Here, the frequencies of the first
and second most common haplotypes were combined
into a single frequency. The calculation was performed
over sliding windows of 100 SNPs by using own software.

Fixation index (F¢y)

This procedure was described by Wright [9] and is the
most classical approach to study the pattern of differen-
tiation between populations. The fixation index Fgr is cal-
culated for each SNP and for each pair of populations as
Fst = (Ho — Hg)/HEg, where Hp and HF are the observed
and expected heterozygosities, respectively. Estimates for
Fst were averaged over sliding windows of 100 SNPs and
assigned to the central SNP in each window. The proce-
dure was computed with own software. Finally, the results
for each population were computed by averaging the
paired FsT estimates with the other six populations.

Selestim

This procedure [10] assumes a hierarchical Bayesian
model to distinguish selected polymorphisms from the
background of neutral (or almost neutral) polymor-
phisms and also to estimate the intensity of selection in
each population. The model assumes a binomial distribu-
tion of the allele counts at each locus and for each popu-
lation, and the prior distribution of allelic frequencies is
modeled under the assumption of a stationary density
of the diffusion process [10]. The model is implemented
by using a Markov chain Monte Carlo method. SelEstim
software  (http://wwwl.montpellier.inra.fr/CBGP/soft-
ware/selestim/) was used for this purpose with the stand-
ard parameters that are recommended by the authors.
Among the outputs provided by the Selestim approach,
we extracted the oj; parameter [10], which represents the
coefficient of selection for the ith subpopulation and the
jth locus.

XP-CLR

This approach [23] assumes that the allele frequen-
cies of two populations that diverge from an ancestral
population follow a Gaussian distribution for which
the variance contains information on the history of
the populations since they split. Under the assump-
tion that the evolutionary process is reversible, the
procedure defines the distribution of allelic frequen-
cies in the first population (reference) given the allele
frequencies in the second population (objective). We
calculated XP-CLR by taking each pair of populations
as objective and reference with the software XPCLR
(http://genetics.med.harvard.edu/reich/Reich_Lab/
Software.html). Then, we averaged the six available
tests for each population that was treated as an objec-
tive population, to infer the signatures of selection for
each breed.

XP-EHH

This approach [7] is also computed for each pair of pop-
ulations. For each population, as in the iHS test, it cal-
culates the EHH between a core SNP and a set of SNPs
within a predefined genomic interval and integrates it
with respect to genetic distance to calculate the integrated
haplotype score (IHH) for populations A and B. Then, the
statistic is computed as XPEHH4p = In (IHH4 /IHHB).
As previously, we computed this statistic for each SNP
and each pair of populations and the results were aver-
aged over the six comparisons to generate a unique
result for each population. We used the software selscan
[20] with the parameters that are recommended by the
authors.
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VarLD

This procedure [24] evaluates the magnitude of the dif-
ferences in linkage disequilibrium between a pair of
populations. It calculates the linkage disequilibrium as
the correlation coefficient between pairs of SNPs within
a genomic region and creates a matrix of those correla-
tions for each population. Then, it evaluates the differ-
ences between the matrices of both populations as the
difference between its eigenvalues. The procedure was
computed using the software VarLD [25] over sliding
windows of 100 SNPs.

For all the above-described methods, we used the
empirical distribution of the results generated along the
genome as the null distribution of the test, in order to
reduce the possible effects of the demographic history
or the ascertainment bias. The underlying hypothesis is
that, on average, both demographic events and ascertain-
ment bias affect all the genome in a similar way, and thus,
deviations or extreme values of the empirical distribution
could be understood as signals of selection events.

Summary of signals of selection

In order to detect communalities and summarize the
results of the 11 procedures for ease of interpretation, we
normalized these results for each SNP using a logarithm
transformation to make the scale of the different results
comparable and, then, we calculated the correlation
between the logarithms (or the negative of logarithms for
the Tajima, Fu and Li and Fay and Wu procedures) for the
703,707 SNPs. In a confirmatory analysis, provided that
the methods used to detect signatures of selection were
classified into three groups, we performed a factor analy-
sis restricted to a subspace of three axes using a varimax
rotation [26]. The analysis was done with R [27] by using
the function principal() included in the package psych.

Selection of candidate genes

First, we identified candidate genes based on the empiri-
cal distribution of the output of the three canonical
axes of the factor analysis. Thus, we defined a very strict
threshold by selecting the genomic 1-Mb regions with at
least 25 SNPs that were in the top 0.1% of the results for
each axis. Then, we used the Ensembl-Biomart database
to identify the genes that were present in those genomic
regions and compared our results with those in the litera-
ture to identify potential candidate genes for selection in
the bovine populations.

Enrichment analysis

Finally, in order to obtain a clearer picture of the meta-
bolic pathways that were affected by the selection pro-
cesses, we identified the genomic regions that were
above the top 5% of each canonical axis. The objective of
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the relaxation of the empirical threshold was to capture
softer signals of selection. With these selected genomic
regions for each canonical axis, we used the software
WebGestalt [28] (http://bioinfo.vanderbilt.edu/webge-
stalt/) by setting the Homo sapiens genome as the refer-
ence genome. In addition, we used a hypergeometric p
value to correct for multiple-testing. The results included
the top 10 pathways (WikiPathways).

Results and discussion

Summarizing footprints of selection detected by 11
procedures

A large set of procedures is available for the identification
of footprints of selection across the genome [2]. Most of
these procedures are based on the rejection of the null
hypothesis of absence of selection based on the neutral
theory of evolution [3]. However, each of these methods
calculates a different statistic to test this hypothesis. In
addition, they are influenced to varying degrees by demo-
graphic history and ascertainment bias caused by the
selection of SNPs [12]. Thus, it is expected that each test
provides a different output as confirmed by the correla-
tions between the results obtained by the 11 procedures
used in this study (Fig. 1) and by the Manhattan plots
generated with the results for each test and population
(see Additional file 1: Figure S1, Additional file 2: Figure
S2, Additional file 3: Figure S3, Additional file 4: Figure
S4, Additional file 5: Figure S5, Additional file 6: Figure
S6, Additional file 7: Figure S7, Additional file 8: Figure
S8, Additional file 9: Figure S9, Additional file 10: Figure
S10, Additional file 11: Figure S11).

In order to summarize the signals of selection that were
detected by the 11 tests, there are procedures to con-
dense such results into a single statistic by using Bayes
factors [14] or a combination of p values [13, 15]. How-
ever, these strategies imply that the signals of selection
that are captured by the different methods are compara-
ble. Nevertheless, as the definition of the null hypothesis
varies between tests, the signals of selection identified
by each procedure may correspond to different types of
selection events. In fact, some authors [29] pointed out
that within-population haplotype length methods [8, 21]
can detect only very recent selection processes, because
they become ineffective when the selected alleles reach
fixation or are very close to fixation. The same authors
[29] indicated that signals of selection that are based on
a reduction of genetic diversity [4, 5] persist for a longer
period of time and these methods can detect older sig-
nals of selection, while tests that are based on population
differentiation [9, 10] occupy an intermediate position.

In this study, the correlations of the absolute loga-
rithm of the results between the 11 methods used were
low or even negative (Fig. 1). However, there are some
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Fig. 1 Heatmap of the correlations between logarithms of the results of the 11 tests applied for the detection of signatures of selection and their
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remarkable exceptions such as the correlations between
Tajima and Fu and Li, and iHS and nSL tests, that were
remarkably high. It should be noted that the Tajima and
Fu and Li tests are both based on the analysis of the
site frequency spectrum, and that the nSL test is just a
modification of iHS where the map distance is replaced
by the number of segregating sites [21]. A more detailed
analysis of the structure of these correlations allows to
identify three main groups of tests, one group based on
the site frequency spectrum (Tajima, Fu and Li, Fay and
Wu); a second group based on the haplotype length (iHS
and nSL), and a third group that focuses on the differen-
tiation between populations (Fgp, SelEstim and XP-CLR).
The remaining tests (VarLD, H12 and XP-EHH) are in an
intermediate position between the latter two, although
slightly closer to tests based on population differentiation.

Such a structure of the correlations between the results of
these methods indicates that the implementation of a fac-
tor analysis, as suggested by Simianer et al. [30], could be
appropriate to summarize the results into a few canonical
axes. In addition, as described below, each axis was asso-
ciated with signatures of selection of a different kind. In
particular, we applied a factor analysis restricted to three
canonical axes using a varimax approximation [26] that
explains up to the 56% of variation.

Table 1 shows the loadings for the canonical axes that
resulted from the factor analysis for each of the 11 tests
used to detect selection signatures. Moreover, Table 1
presents the correlations between the canonical axes
and each specific test, which are fully consistent with
the results of the correlations presented in Fig. 1. The
first axis explains 20% of the variation and shows a high
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Table 1 Weights in the factor analysis with, between
parentheses, the correlation between the results of each
test and the canonical axis, and percentage of variance
explained by the three axes

Method  First axis Second axis  Third axis % variance
Tajima —0.07 (0.07) 042 (0.85) —0.01 (0.06) 73
Fu-Li —0.08 (—0.02) 0.35(0.68) —0.05(—0.04) 47
Fay-Wu —0.05 (0.09) 0.38(0.77) —0.00(0.07) 61
Selestim 0.28 (0.58) —0.10 (—0.05) 0.02 (0.13) 36
XPCLR 0.22 (0.51) 0.06 (0.24) —0.02 (0.06) 32
H12 0.29 (0.67) 0.08(0.32) —0.04 (0.06) 55
IHS —0.06 (0.07) —0.04 (0.03) 0.53(0.95) 90
NSL —0.04(0.11) —0.02 (0.07) 0.52 (0.94) 89
Fer 0.38 (0.77) —0.10(=0.02) —0.03 (0.08) 60
XP-EHH 0.17 (0.47) 0.14 (0.40) 0.01(0.13) 40
VarlLD 0.31(0.59) —0.11(=0.09) —0.10(-0.08) 36

correlation with the procedures based on the analysis
of population differentiation (Fgp, SelEstim, XP-EHH,
XP-CLR and VarLD) and H12; the second axis explains
19% of the variation and is correlated with the methods
based on the site frequency spectrum (Tajima, Fu and Li,
and Fay and Wu); and, finally, the third axis is strongly
correlated with methods based on the extension of link-
age disequilibrium or haplotype length (iHS and nSL)
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and explains 17% of the total variation. For each test, the
three axes explain between 32 (XP-CLR) and 90% (iHS)
of the variation. The Manhattan plots of the results that
relate to the three canonical axes are in Figs. 2, 3 and 4.
The first two axes presented a higher level of shared sig-
nals between populations (see Figs. 2, 3) whereas the
results of the third axis were, in general, breed-specific.
This statement is supported by the results in Fig. 5, which
shows the correlations of the results obtained for the
first, second and third canonical axes between popula-
tions. An average correlation of 0.50 was found for the
first axis [ranging from 0.39 (BP and Re) to 0.71 (AV and
RG)]. Furthermore, the second axis also showed high
correlations between populations that ranged from 0.37
(Re and Pi) to 0.60 (AV and RG) with an average of 0.49.
On the contrary, the correlations for the third axis were
lower with an average value of 0.08 and ranged from 0.05
(Piand Re) to 0.16 (AV and BP). In addition, the structure
of the correlations (Fig. 5) confirmed the classification of
the populations into two main clusters, one composed by
the ANI, Mo and Re populations and the other by the Pi,
BP, RG and ANI populations, as previously reported by
Canas-Alvarez et al. [16] based on distance measures and
admixture analysis.

As in the study of Sabeti et al. [29], our results may
indicate that old selection or adaptation processes
that occurred before breed differentiation or during
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Fig. 5 Correlations of the results from the first, second and third canonical axes between populations

speciation were only detected by the site frequency spec-
trum methods that are associated with the second canon-
ical axis. The signals of selection that were generated
by later isolation and recent selection events within the
populations are identified by the differentiation meth-
ods, which are linked to the first canonical axis. Finally,
the haplotype length methods, summarized in the third
canonical axis, identified more recent and, in general, less
intense selection events that are mostly specific to each
population. The absence of regions with strong recent
signals of selection agrees with the postulate that artifi-
cial selection processes do not leave relevant signatures
of selection [31]. The main reason of this absence can be
due to the polygenic nature of most of the traits associ-
ated with current selection processes [32—34] or to the
effect of epistasis [35].

In fact, the most remarkable signal of selection from
this third axis was identified on chromosome 2 around
the myostatin (MTSN) gene (between 6,213,566 and
6,220,196 bp) in the AV population, where double-mus-
cling is included as a criterion of selection in its breed-
ing program. This specific genomic region can be used
to illustrate the timing of the signatures of selection that
were detected by each group of methods. In the AV pop-
ulation, two large signatures of selection were detected
with the first and third canonical axes, respectively. The
first axis is related to processes that were involved in the
creation of the breed and the third axis to recent selec-
tion. In addition, a large signature of selection associ-
ated with the first canonical axis in the RG population
was observed. However, in this population, there is no
relevant signature in the results of the third axis. This
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result is consistent with several previous studies [36]
that reported the presence of haplotypes associated with
double-muscling also in the RG population. This may
indicate that some degree of selection around this gene
may have occurred during the process of breed forma-
tion, but the current breeding program does no longer
put any selection pressure on double-muscling. Finally,
the results from the second canonical axis are less rele-
vant (AV) or even absent (RG), which indicates that, for
this group of tests, the selection effects may be diluted
because a larger number of generations without selection
is considered.

Candidate genes and metabolic paths

The results of the first axis (Fig. 2) allowed us to highlight
seven relevant genomic regions on Bos taurus chromo-
some (BTA) 2 (between 1,047,347 and 11,899,039 bp),
BTA5 (between 15,920,995 and 20,321,882 bp), BTA6
(between 37,853,912 and 41,160,000 bp), BTA7 (between
47,276,124 and 47,745,164 bp), BTAll (between
65,077,840 and 72,203,248 bp), BTA13 (between
57,430,392 and 57,754,760 bp) and BTA18 (between
12,675,262 and 16,202,289 bp). In some cases, these
genomic regions were extremely large, because of strong
signatures of selection such as those on BTA2 for the
AV and RG populations or on BTA5, BTA6 and BTA11
for the BP population. Such huge signatures of selection
imply that large genomic regions included SNPs that
were associated with results above the top 0.1% of the
empirical distribution along the genome. However, the
localization of the strongest signals within each genomic
region and for each population allowed us to narrow
down the genomic regions (Fig. 2b), which are similar to
those reported in a previous study on the differentiation
between populations [37]. These regions included well-
known genes that were previously reported as potential
candidates of selection signatures in cattle [38], such as
MTSN (myostatin) on BTA2, suggested in several beef
cattle populations [39-41], KIT-LG (kit-ligand) on BTA5
with a very large peak in the BP population, MCIR (mel-
anocortin 1 receptor) on BTA18, which controls the
production of eumelanin (black) or pheomelanin (red)
pigments [42] and appears to be relevant in populations
with black (AV and Mo) or red (Re) coat color. Moreo-
ver, it should be also highlighted that the region on BTA6
that includes LAP3 (leucine aminopeptidase3), LCORL
(ligand dependent nuclear receptor corepressor-like) and
NCAPG (non-SMC condensing 1 complex, subunit G)
and was identified in two meta-analyses [38, 43] as one
the genomic regions that is most frequently identified
with signatures of selection in the bovine genome. The
genomic region identified on BTA7 includes the CAMLG
(calcium modulating ligand) and TCF (transcription

factor 7) genes, which are close to a strong signature of
selection that was reported by Gautier [44] and is associ-
ated with the VDACI (voltage-dependent anion-selective
channel protein 1) gene. A strong signature of selection
was observed for the genomic region on BTA13, in the
Re population, where is located the END3 (endothelin 3)
gene that plays a role in melanocyte development [45]
and was recently associated with piebald pattern [44].
Finally, there is a very strong signature of selection on
BTA11 for the BP population, where the closest gene to
the maximum signal is BMP10 (bone morphogenetic pro-
tein 10). Within this genomic region on BTA1l, some
authors [46, 47] identified signatures of selection and sev-
eral genes that could be associated with fertility: PROKRI
(prokineticin receptor 1), GFPT1 (glutamine-fructose-
6-phosphate transaminase 1), GMCL1 (germ cell-less
spermatogenesis associated 1), PCBPI (poly(rC) binding
protein 1) and EHD3 (EH-domain containing 3).

The results of the second canonical axis (Fig. 3)
confirmed some of the signals of selection that were
detected in the first axis, but also revealed several new
ones that are shared by several populations and located
on five chromosomes: BTA2 (between 61,684,232 and
62,199,344 and between 72,158,144 and 73,356,296 bp),
BTA7 (between 20,612,988 and 21,163,812 bp), BTA13
(between 11,860,881 and 12,062,522 bp), BTAl6
(between 44,612,592 and 45,846,144 bp) and BTA21
(between 32,207,264 and 32,414,316 bp). Previously, two
meta-analyses [38, 43] showed that these regions were
also associated with signatures of selection in other popu-
lations. Among the genes included in these regions, some
of them may be good candidates for being affected by
selection i.e.: (1) genes that are related to energy balance
and homeostasis: R3HGM1 (R3H domain containing 1)
on BTA2 [48]; CAMKID (calcium/calmodulin-dependent
protein kinase ID) on BTA13 [49]; and SLC25A33 (solute
carrier family 25 (pyrimidine nucleotide carrier), member
33) and SLC2AS (solute carrier family 2 (facilitated glu-
cose/fructose transporter), member 5) on BTA16 [49, 50];
(2) PLINS (perilipin 5) on BTA7, which is involved in the
regulation of lipid metabolism in rat and pigs [51, 52]; (3)
SCAPER (s-phase cyclin A-associated protein in the endo-
plasmic reticulum) on BTA21, which regulates cell cycle
progression [53]; and (4) there are two other signatures
of selection that are worth noting i.e. one detected for
the RG population on BTA19 (between 27,941,270 and
28,571,032 bp) where ALOX15B (arachidonate 15-lipoxy-
genase, type B) and ALOXI12B (arachidonate 12-lipoxyge-
nase, 12R type) are located and are involved in immune
response [54], and one for the ANI population on BTA20
(between 40,854,136 and 40,996,384 bp) where the NPR3
(natriuretic peptide receptor 3) gene is located, which is
related with cattle stature [55].
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Although less relevant, the results of the third canoni-
cal axis (Fig. 4) confirm the signatures of selection
around the MTSN gene for the AV, RG and Pi popula-
tions, and around the complex LAP-LCORL-NCAG for
the BP population. There are several other interesting
signatures of selection such as those located on BTA27
(between 36,466,580 and 40,862,444 bp) and BTA28
(between 41,643,416 and 45,215,488 bp) for the ANI and
Mo populations, respectively. The first genomic region
includes the IKBKB (inhibitor of kappa light polypep-
tide gene enhancer in B-cells, kinase beta), DKK4 (dick-
kopf WNT signaling pathway inhibitor 4) and VDAC3
(voltage-dependent anion-selective channel protein 3)
genes that are associated with immune response to
trypanosoma infection in African populations [56], and
the second region contains the ALOXS (arachidonate
S-lipoxygenase) and RASSF4 (ras association (RalGDS/
AF-6) domain family member 4) genes, that are related
with growth [57] and feed conversion [58], respectively.

Finally, we performed a pathway enrichment analysis
[59] for the identified genomic regions by applying a less
restrictive criterion (top 5%). The objective of this anal-
ysis was to identify a larger number of genomic regions
associated with signatures of selection although with less
strong signals. The results of the top 10 pathways that
were identified by the enrichment analysis are in Table 2.
In general, the pathways associated with each canonical
axis are coincident, which indicates that the metabolic
pathways that were involved in old and recent selection
events are similar, although probably with variable inten-
sities and directions [60]. The enrichment analysis iden-
tified pathways that are related with immune response
(lymphocyte TarBase), muscle development (muscle cell
TarBase), protein biosynthesis (translation factors, cyto-
plasmic ribosomal proteins), skin and pigmentation (epi-
thelium TarBase), glucose metabolism (insulin signaling,
integrated pancreatic cancer pathway), fat metabolism
(adipogenesis), embryogenesis and morphology (focal
adhesion), heart (calcium regulation in the cardiac cell)
and uterine metabolism (myometrial relaxation and
contraction pathways), regulation of the hypothalamic—
pituitary—thyroid axis (TSH signalling pathway), hor-
monal, cellular cycle (MAPK-signaling pathway, G1 to
S cell cycle control, eukaryotic transcription initiation),
cell signaling (notch signaling pathway) and extracellular
receptors (GPCR, class A rhodopsin-like). Among these,
10 pathways (focal adhesion, integrated pancreatic cancer
pathway, adipogenesis, myometrial relaxation and con-
traction pathways, adipogenesis, lymphocyte TarBase,
insulin signaling, MAPK signaling pathway, focal adhe-
sion, epithelium TarBase) had been previously identified
in a meta-analysis based on a very large number of stud-
ies on selection signatures in cattle [38], which confirmed
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Table 2 Top 10 enriched pathways for the three axes

Pathway Ngenes®  Total®
First axis
Focal adhesion 48 185
Integrated pancreatic cancer pathway 46 181
MAPK signalling pathway 43 163
Lymphocite TarBase 96 533
Epithelium TarBase 69 340
TSH signalling pathway 25 70
Adipogenesis 36 130
Cytoplasmic ribosomal proteins 27 88
Muscle cell TarBase 77 424
GPCRs, class A rhodopsin-like 53 259
Second axis
Epithelium TarBase 51 340
Lymphocyte TarBase 62 533
Translation factors 15 51
Focal adhesion 27 185
Adipogenesis 21 130
Muscle cell TarBase 44 424
Notch signalling pathway 11 45
Integrated pancreatic cancer pathway 23 181
G1to S cell cycle control 14 77
Eukaryotic transcription initiation 10 41
Third axis
Lymphocyte TarBase 304 533
MAPK signalling pathway 124 165
Insulin signalling 123 163
Muscle cell TarBase 240 424
Calcium regulation in the cardiac cell 116 151
Focal adhesion 132 185
Integrated pancreatic cancer pathway 130 181
Myometrial relaxation and contraction pathways 116 162
Adipogenesis 99 130
Epithelium TarBase 191 340

? Ngenes: number of genes present in the genomic regions
b Total: number genes in the pathway

that the metabolic pathways involved in old and recent
processes of selection are similar to those detected by
using equivalent approaches in other cattle populations.

Conclusions

In this study, we confirm that the results of various proce-
dures used to identify signatures of selection varied largely
among groups of tests depending on the source of infor-
mation they use to reject the null hypothesis of absence
of selection. However, we observed some correlations
between the results of each test. Accordingly, these tests
could be clustered into three groups that matched with
the three canonical axes of a factor analysis. Moreover,
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each canonical factor (or group of tests) identified differ-
ent signals of selection, which were assigned to selection
events that occurred at different evolutionary times. In
fact, older selection events generated signatures of selec-
tion that presented communalities between populations,
whereas more recent selection events were detected spe-
cifically for each population. Nevertheless, the enriched
metabolic pathways associated to each group of tests
showed an important degree of agreement which suggests
that the traits involved in the selection events were similar
during the evolutionary history of the populations.
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Novel optimum contribution selection
methods accounting for conflicting objectives
in breeding programs for livestock breeds
with historical migration

YuWang ®, J6rn Bennewitz and Robin Wellmann

Abstract

Background: Optimum contribution selection (OCS) is effective for increasing genetic gain, controlling the rate of
inbreeding and enables maintenance of genetic diversity. However, this diversity may be caused by high migrant
contributions (MC) in the population due to introgression of genetic material from other breeds, which can threaten
the conservation of small local populations. Therefore, breeding objectives should not only focus on increasing
genetic gains but also on maintaining genetic originality and diversity of native alleles. This study aimed at investi-
gating whether OCS was improved by including MC and modified kinships that account for breed origin of alleles.
Three objective functions were considered for minimizing kinship, minimizing MC and maximizing genetic gain in the
offspring generation, and we investigated their effects on German Angler and Vorderwald cattle.

Results: In most scenarios, the results were similar for Angler and Vorderwald cattle. A significant positive correlation
between MC and estimated breeding values of the selection candidates was observed for both breeds, thus tradi-
tional OCS would increase MC. Optimization was performed under the condition that the rate of inbreeding did not
exceed 1% and at least 30% of the maximum progress was achieved for all other criteria. Although traditional OCS
provided the highest breeding values under restriction of classical kinship, the magnitude of MC in the progeny gen-
eration was not controlled. When MC were constrained or minimized, the kinship at native alleles increased compared
to the reference scenario. Thus, in addition to constraining MC, constraining kinship at native alleles is required to
ensure that native genetic diversity is maintained. When kinship at native alleles was constrained, the classical kinship
was automatically lowered in most cases and more sires were selected. However, the average breeding value in the
next generation was also lower than that obtained with traditional OCS.

Conclusions: For local breeds with historical introgressions, current breeding programs should focus on increasing
genetic gain and controlling inbreeding, as well as maintaining the genetic originality of the breeds and the diversity
of native alleles via the inclusion of MC and kinship at native alleles in the OCS process.

Background

In recent decades, the widespread use of artificial insemi-
nation and other reproductive technologies has resulted
in substantial genetic gains in livestock populations.
However, another consequence is that only a limited
number of animals with high estimated breeding values

*Correspondence: yuwang@uni-hohenheim.de
Institute of Animal Science, University of Hohenheim, 70593 Stuttgart,
Germany

(EBV) have been intensively used in breeding programs,
which can result in increasing rates of inbreeding to
undesired levels. A high rate of inbreeding not only leads
to considerable reduction in genetic variation but also
more deleterious recessive alleles become homozygous,
which may threaten the entire future of the population
[1]. Thus, there is a conflict between maximizing genetic
gain and managing the rate of inbreeding.
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Crossbreeding has been demonstrated to be an effi-
cient method to reduce the threat of inbreeding depres-
sion and increase the level of genetic diversity [2]. In
addition, local breeds are often crossed with breeds of
high economic value to improve performance. However,
such introgressions of genetic material can be a threat
for maintaining local breeds. Amador et al. [3] confirmed
that, after several generations without management, even
a small introduction of foreign genetic material will rap-
idly disperse throughout the original population, and that
this material is difficult to remove. Therefore, foreign
introgressions present a large risk for the conservation of
local breeds, which leads to a conflict in current breeding
programs between increasing the contribution of foreign
genetic material and conserving local breeds.

Optimum contribution selection (OCS) is a selection
method that is effective at achieving a balance between
rate of inbreeding and genetic gain. This selection pro-
cess maximizes genetic gain in the next generation
while constraining the rate of inbreeding via restriction
of relatedness among offspring [4—6]. The superior-
ity of OCS has been demonstrated with both simulated
[7, 8] and real data [9-11]. The objective function for
OCS has been optimized using Lagrange multipliers
[4, 8, 12], evolutionary algorithms [7, 13, 14], and sem-
idefinite programming algorithms [9, 15, 16]. A similar
related optimization problem was expressed as a mixed-
integer quadratically constrained optimization problem
and solved with branch-and-bound algorithms [17]. In
this paper, we applied the algorithm described in [18] for
solving cone-constrained convex problems by using R
package optiSel.

OCS is efficient for controlling the level of kinship
among progeny and the rate of inbreeding in future gen-
erations and can ultimately maintain genetic diversity [12,
16, 19, 20]. However, a high level of genetic diversity can
be achieved by a large genetic contribution from migrant
breeds, which is undesirable for the conservation of local
breeds, because it reduces their genetic uniqueness, as
well as the genetic diversity between breeds [21]. Thus,
conflicting objectives are observed with regards to main-
taining genetic diversity and conserving genetic unique-
ness of local small breeds with historical migrations.

Instead of focusing on genetic gain and rate of inbreed-
ing only, a reasonable breeding objective would be to
also include recovery of genetic originality by reduc-
ing migrant contributions (MC). The diversity of native
alleles may also be important for conservation. Thus, to
conserve breeds with historical migrations, Wellmann
et al. [22] recommended that approaches should not only
constrain MC, but also aim at increasing the probability
that alleles originating from native founders are not iden-
tical by descent (IBD).

Current Progress in Animal Breeding

Our aim was to investigate whether including MC
and modified kinship matrices that account for breed
origin of alleles as additional constraints in OCS can
improve breeding programs in local breeds. Both con-
servation progress and genetic gain were evaluated.
The following scenarios based on different objective
functions were considered: (1) maximizing the diversity
of native alleles while restricting MC and/or the aver-
age breeding value of the progeny generation at desired
levels; (2) minimizing MC while restricting the loss of
diversity of native alleles and/or the average breeding
value of the progeny generation at desired levels; and
(3) maximizing the average breeding value of the prog-
eny generation while restricting MC and/or the loss
of diversity of native alleles at desired levels. The tra-
ditional pedigree-based kinship was constrained in all
optimization scenarios.

Methods

Data

Data from two local German cattle breeds, Angler
and Vorderwald, were analyzed. The Angler breed is
mainly located in the northern part of Germany and
represents a dual-purpose breed, although the pri-
mary emphasis is on milk production. With the intro-
duction of other breeds to improve milk yield, the
Angler breed has experienced a considerable amount
of migrant breed introgressions [23]. The Angler data-
set was provided by the VIT (Vereinigte Information-
ssysteme Tierhaltung w.V., Verden), Germany. The
Vorderwald breed is a dual-purpose breed located in
the black forest region of southwest Germany. Simi-
larly, due to their frequent crossing with high-yield
breeds, the genetic originality of Vorderwald cattle has
decreased dramatically [24, 25]. The Vorderwald data-
set was provided by the Institute for Animal Breed-
ing, Bavarian State Research Center for Agriculture
in Grub, Germany. Both datasets consist of pedigrees
with information on sex, breed, birth year and esti-
mated breeding values for milk production obtained
from routine genetic evaluations. Animals with an
unknown pedigree born before 1970 were classified
as purebred. Animals from other breeds and animals
with an unknown pedigree born after 1970 were con-
sidered as migrants, although some may have pure-
bred ancestors. The Angler dataset included 109,109
animals born between 1906 and 2015, of which 86,269
(79.1%) were classified as Angler. The Vorderwald
dataset included 200,468 animals born between 1906
and 2010, of which 180,646 (90.1%) were classified as
Vorderwald. MC for each animal was calculated and
expressed as the proportion of migrant breed alleles
based on pedigree information.
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Selection candidates

Selection candidates were chosen among animals that
were classified as purebred in the herdbook in order to
compute their optimum contributions with different
approaches. Sires that had progeny born in 2005 and 2006
were set as male selection candidates and selected males
were mated to 1000 randomly chosen dams, which are
called female selection candidates. For the Angler breed,
1199 selection candidates were available and 15,370
animals were involved in the pedigree that included all
selection candidates and their ancestors. For the Vorder-
wald breed, 1123 selection candidates were available and
12,934 animals were involved in the pedigree. For a better
comparison of results between the two breeds, EBV were
normalized across all selection candidates of each breed,
with a mean of 0 and a standard deviation of 1.

Optimum contribution selection strategies

The output of the optimum contribution selection proce-
dure is a vector ¢ with individual genetic contributions. The
genetic contribution c; of animal i is the fraction of genes
in the next generation that originate from this individual.
Genetic contributions cannot be negative, i.e. c¢i >0,
which is denoted as constraint (a) in the following. The
total genetic contribution of each sex must be equal to 0.5
for diploid species, i.e. ¢s = 0.5 and c¢/d = 0.5 (constraint
b), where s and d are vectors of the indicators (0/1) of a
candidate’s sex. Because cows can produce only a limited
number of calves, all female selection candidates were used
for breeding and the genetic contributions were forced to
be equal, ie. cq, =cq, =--- = cq, (constraint c). Thus,
optimization was only performed for bulls. For male selec-
tion candidates, the number of offspring is not limited, thus
the maximum genetic contribution is 0.5, i.e. c5, < 0.5. To
calculate the proportion of sires with non-zero genetic con-
tributions, a sire i is considered to have a non-zero genetic
contribution only if c¢;; > 0.00025 to account for possible
numerical inaccuracies of the algorithm.

Four kinships that are involved in the calculation of
the OCS procedure were applied. The diversity param-
eters described in [22] are complementary to the kinships
used here, i.e. these kinship values are equal to 1 minus
the corresponding diversity denoted as ¢4, . . ., ¢p in [22].
The relevant derivations of the formulas for calculating
the diversity parameters are provided in detail in [22].

The classic kinship fs between individuals i and
j (element of matrix fa), which describes the prob-
ability that two alleles, X; and Xj, at a locus that are
randomly selected from individuals i and j are IBD

(ie. fu(i,)) = P<Xi = X; )), was restricted in all sce-
IED
narios. For breeds with historical migrations and

foreign introgressions, Wellmann et al. [22] proposed
that the breed origin of the alleles should be considered
to preserve the local breed. Thus, we considered different
approaches that account for the origin of alleles, denoted
as fp, fc and fp. Kinship matrix fg contains the probabili-
ties that two alleles randomly chosen from two individu-
als at a locus are IBD or that at least one allele is from a
migrant breed (M):

fg(i,j) = P<XL- = Xjor X; € M or X eM),
IBD

Note that this is equal to the probability that both
alleles are IBD and native plus the probability that at least
one allele is from a migrant.

Kinship matrix fc contains the probabilities that two
alleles randomly chosen from two individuals at a locus
are IBD or both alleles are from migrant breeds:

fc(l,]) = P(XL 3 X/ or XilXj € M)
IBD

This is equal to fg(i,j) = fc(i,j) + P(eitherX; € M
or X; € M) The probability that at least one of the two
randomly chosen alleles is from a migrant breed is higher
than the probability that both are from migrant breeds.
Thus, fp is greater than fc. In general, fs < fc < fp (ele-
ment-wise). The kinship at native alleles fp is defined as
the conditional probability that two alleles X and Y at a
locus that are randomly chosen from the offspring pop-
ulation are IBD, given that both descended from native
founders (F):

fD(c)=P<X =y |X,YGT>.
IEJD

Note that this value says nothing about the kinship at
loci that originate from migrants or about the MC. The
mean kinships for the offspring generation are c'fac,
c'fgc and c'fcc, respectively. Mean kinship fp in the off-

1—c'fgc
c'fne

where fy is a matrix containing the probabilities that
both randomly chosen alleles at a locus originated from
native founders.

Our aim was to identify the best method of account-
ing for the conflicting objectives of a breeding program,
which are to increase breeding values, to maintain
genetic diversity, and to maintain genetic originality of

the breed. Since 1 — fp(c) = P(X # Y|X,Y € F) is the
IBD

spring population was calculated as fp(c) =1 —
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genetic diversity at native alleles, the constraint on fp is
used to maintain or increase genetic diversity at native
alleles and is a parameter of interest. Kinship fg and fc
were considered because minimizing or constraining fp is
in general not a convex problem, so minimizing fg and fc
could result in lower fp values than minimizing fp itself.

In the different scenarios, an upper bound for MC
(ub.MC) and/or a lower bound for the average EBV
(Ib.EBV) were set as additional constraints. The expecta-
tion of the average EBV in the next generation is ¢'EBV,
where EBV is a vector of the EBV of each selection candi-
date. The expectation of the average MC of the next gen-
eration is ¢’ MC, where MC is a vector of the MC of each
selection candidate.

For all optimization problems, constraints a, b, and c
were applied to limit the solution for ¢; to within a rea-
sonable range. Solver “cccp” [18], which was called from
the R package optiSel [26], was used to solve the optimi-
zation problems. This solver contains routines for solving
cone constrained convex problems using interior-point
methods that are partially ported from Python’s CVX-
OPT and based on Nesterov-Todd scaling [27]. The
solver uses a primal-dual path following algorithms for
linear and quadratic cone constrained programming.

Scenarios were categorized based on three main objec-
tive functions: minimizing kinships, minimizing MC and
maximizing genetic gain in the next generation. For min-
imizing kinships, three sub-scenarios were considered,
which involved minimizing fp, fc and fp, respectively.
Parameters ub.fy, ub.fgub.fc, ub.fp and ub.MC were
defined as the upper bound values of the corresponding
parameters in the next generation, whereas Ib.EBV was
set as the lower bound of the mean EBV for the next gen-
eration. One or several of the following constraints were
used to define the optimization problems for each breed:

cfac < ubfy,

C/fBC ub.fB,

A

cfcc < ub.fc,
fp(c) < ub.fp,
¢'MC < ub.MC,

cEBV > Ib.EBV.

The OCS scenarios considered are listed in Table 1. The
name of each optimization scenario consists of a prefix
that indicates the objective function and a suffix that
indicates the constraint settings. For example, scenario
maxEBV.A.B.MC indicates a scenario that maximizes the
average EBV in the next generation, while constraining
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Table 1 Names of the OCS scenarios based on different
objective functions

Objective function Name of the scenario®

Minimizing fg minfB.A; minfBAMGC minfBAMCEBV
Minimizing fc minfC.A; minfCAMC; minfCAMC.EBV
Minimizing fp minfD.A; minfD.AMC: minfD.AMC.EBV
Minimizing MC minMC.A; minMC.A.EBV; minMC.A.B.EBV;

minMCA.C.EBV; minMCA.D.EBV

maxEBV.A; maxeBV.AMC; maxEBV.A.BMC;
maxEBV.A.CMC; maxEBV.A.D.MC

Maximizing EBV

@ The name of each optimization scenario consists of a prefix that indicates
the objective function and a suffix that indicates the constraint settings. For
example, scenario minfB.A indicates that the objective function is to minimize
the average fg value in the following generation with a constraint on fa

fa, fp, and MC. The vector of genetic contributions for
this scenario is denoted as CaxEBV A B.MC-

Criteria for comparing scenarios included not only the
result of the objective function, but also the other param-
eters obtained in the scenario, in particular EBV, MC,
classic kinship, and kinship at native alleles. To evaluate
the effectiveness of the OCS scenarios, the results were
compared with the output from a reference scenario
(REF) and the output from a truncation selection sce-
nario (7'S). In scenario REF all selection candidates were
used as parents and had equal contributions to the off-
spring generation. For endangered breeds, an effective
population size (N) of 50 is often considered as sufficient

[28]. Based on the equation in [1], N% = ﬁ W,

the 13 sires with the highest EBV were selected as male
selection candidates in the T'S scenario, and mated to the
1000 dams. All parents had equal contributions to the
offspring generation in this scenario.

To ensure that optimal solutions exist in all scenarios
for each breed, feasible threshold values must be set
for the constraints. To restrict the rate of inbreeding,
the upper bound (ub.fs) was defined as follows. When
Ne is equal to 50, the rate of inbreeding AF, which can
be calculated from AF = 271116’ is 1% per generation.
Based on this, the threshold for f5 was calculated as
ub.fy = fa + (1 — a) AF, where fy is the average kin-
ship of the selection candidates.

To calculate the constraint setting for the other param-
eters, we used the results from the scenario that opti-
mizes the corresponding parameter with restriction
only on f, and the REF scenario, using the following
calculations:

ub.fg = Al AfBCmin.A + (1 — A)crppfBCREF,
ub.fc = hep e afcCmintca + (1 — L) cpprfcerEr,

ub.fp = Mp(Cminm.a) + (1 — Mfp(creF),
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ub.MC = Ac; e aAMC + (1 — M epeeMC,

Ib.EBV = Acl,, ppy AEBV + (1 — A)CperEBY,

where A is a parameter that indicates the proportion of
progress to be accomplished for each constrained param-
eter relative to the scenario with a restriction only on fa.
The value of A can be determined by the breeding organi-
zation. A higher X value indicates a stricter setting for all
constraints. We set A at 0.3 to ensure that optimized solu-
tions were found for all scenarios and for both breeds.
The specific values used for all constraints for each breed
are in Additional file 1: Table S1.

Results

Results of the basic statistical analyses for average kin-
ship, MC and EBV of the parent generation are in Table 2
for both breeds. Average kinship fo was lower for the
Angler population than for the Vorderwald population
(0.020 vs. 0.025) but fg (0.910 vs. 0.853) and fc levels
(0.488 vs. 0.381) were higher. On average, 69.5 and 60.7%
of the genetic material of the Angler and Vorderwald cat-
tle, respectively, originated from migrant breeds. Native
effective population sizes of 86 and 49 were estimated
from six previous generations for Angler and Vorder-
wald cattle, respectively. Native effective population size
is a parameter that quantifies the decrease in native allele
diversity and is defined in [22]. If the native effective
size is high, then native allele diversity decreases slowly.
Thus, the diversity of native alleles decreased more rap-
idly in Vorderwald cattle than in Angler cattle, whereas
MC were higher in Angler cattle. Average EBV for both
breeds were below the current population mean, which
is 100 for Angler and 0 for Vorderwald because selection
candidates were sampled from old age cohorts. A posi-
tive correlation between EBV and MC was found for both
breeds (Figs. 1, 2).

Minimizing average kinship
Genetic contributions of the selection candidates were
optimized to minimize fg, fc and fp with restrictions on

Table 2 Descriptive statistics for the active breeding pop-
ulation in the Angler and Vorderwald breeds

Angler (N=1199) Vorderwald (N = 1123)

Mean SD Mean sD
fa 0.020 0.027 0.025 0.027
fs 0910 0.055 0.853 0.084
fc 0.488 0.123 0.381 0.128
MC 0.695 0.126 0.607 0.153
EBV 86.868 13.901 —512.020 502465

MC and/or average EBV in the offspring generation for
each breed, (see Tables 3, 4, 5, respectively). Compared
to the REF scenario, all OCS scenarios showed superior
results for the optimized criteria as expected.

Table 3 shows the results obtained when minimiz-
ing fp in the offspring generation under the different
constraints for each breed. The lowest fg for Angler
cattle was 0.827 when the upper bound for fs in the
next generation was set to 0.030. MC was lower than
the constraint value setting (0.570 vs. 0.677). Thus,
the minimum fp did not change after adding the con-
straint on MC (minfB.A.MC). When the restriction on
average EBV was set to 0.516, the average kinship fg
increased to 0.866, which was still lower than the fg
obtained in the REF scenario (0.926). Similar results
were obtained for Vorderwald cattle. When the upper
bound for fy in the progeny generation was set to
0.035, the minimum fg level in the progeny genera-
tion was 0.789. Again, fg did not change after adding
an upper bound for MC (0.528 vs. 0.582). fg increased
to 0.813 when the EBV constraint was set to 0.550,
although it was lower than the fg obtained in the REF
scenario (0.852).

Results when minimizing fc were similar to minimiz-
ing fg (see Table 4). The fc of the progeny generation
decreased to 0.345 for Angler cattle when the upper
bound for f, was set to 0.030. When fc was minimized,
MC decreased to a value lower than the constraint level
setting (0.570 vs. 0.677). Thus, minimizing fc gave the
same results for scenarios minfC.A and minfC.A.MC.
After adding an EBV constraint of 0.516, fc increased to
0.404 but was lower than the fc obtained in the REF sce-
nario (0.527). For Vorderwald cattle, the minimum aver-
age fc in the progeny generation was 0.300 when f, was
restricted to 0.035, even after adding a higher constraint
on MC (0.582 vs. 0.528). In scenario minfC.A.MC.EBV,
fc reached 0.327 after adding an EBV constraint of 0.550,
although this was lower than the fc obtained in the REF
scenario (0.380).

When the kinship at native alleles, fp, was minimized,
the average kinship f, was automatically lowered in most
cases (Table 5); in Angler cattle, f5 reached 0.020, which
was lower than the constraint level (0.030). In this case,
the minimum fp was 0.040. When MC was restricted to
0.677, the minimum fp increased to 0.044. When an EBV
constraint of 0.516 was added, the minimum fp increased
to 0.047, which was still lower than the fp obtained in the
REF scenario (0.049). For Vorderwald cattle, when f5 was
restricted to 0.035 in the progeny generation, the lowest
fp was 0.057. When the maximum MC was set to 0.582,
fp increased to 0.058. When adding an EBV constraint of
0.550, the lowest fp was 0.064, which was still lower than
the fp obtained in the REF scenario (0.072).
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Fig. 1 Relationship between migrant contribution and the estimated breeding value of selection candidates in the Angler cattle population. The
correlation between the EBV and MC is 0.328 and the regression coefficient between the EBV and MCis 2.614

Minimizing migrant contribution

Table 6 shows the results of minimizing MC under vari-
ous constraints. When f, was restricted to 0.030 in the
progeny generation for Angler cattle, MC was equal to
0.570. When constraining the EBV to at least 0.516, MC
in scenario minMC.A.EBV increased to 0.622 and fg and
fc were lower than their constraint settings (0.866 vs.
0.896 and 0.404 vs. 0.472, respectively). Thus, adding
constraints for fg or fc did not change the results. When
the upper bound for fp was set to 0.046, MC increased to
0.683, which was less than that achieved in the REF sce-
nario (0.722). Results were similar for Vorderwald cattle.
The minimum MC achieved in the next generation was
0.527 when the upper bound for fs was 0.035. When the
lower bound for EBV was set to 0.550, the minimal MC
increased to 0.555. Adding a lower constraint for fg (0.813
vs. 0.833) or fc (0.327 vs. 0.356) did not change results.
When the upper bound for fp was set to 0.067 as an addi-
tional constraint, the minimum MC was 0.571, which
was less than that obtained in the REF scenario (0.605).

Maximizing the average EBV
Results for maximizing the average EBV in the prog-
eny generation under various constraints are in Table 7.

For both breeds, the REF scenario achieved the low-
est average EBV in the offspring generation. This value
was not zero because male and female selection can-
didates had different mean EBV. For Angler cattle,
scenario maxEBV.A achieved a higher EBV (1.226 vs.
1.184) than the TS scenario, although the average kin-
ship fa was restricted (0.030 vs. 0.031). The average EBV
decreased when adding the MC restriction, and fg and fc
decreased to a level lower than their upper bound set-
tings. Restricting fp also lowered fa. The EBV dropped to
its lowest value of 0.449 when restricting fs, fp and MC,
although this was still around twice that obtained in the
REF scenario (0.211). Similar results were observed for
the Vorderwald cattle population. Scenario maxEBV.A
achieved a similar EBV as the TS scenario (1.164 vs.
1.161) but the average kinship f5 was much lower (0.035
vs. 0.043). When adding restrictions on fp and MC, the
maximum EBV decreased to 0.636, which was more than
twice that obtained in the REF scenario (0.287).

The number of selected sires with non-zero genetic
contributions was calculated in each scenario, as well
as the standard deviation of the genetic contribution of
all male selection candidates. Among all scenarios, TS
selected the smallest number of sires. Adding a constraint
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Fig. 2 Relationship between migrant contribution and the estimated breeding value of selection candidates in the Vorderwald cattle population.
The correlation between the EBV and MC is 0.232 and the regression coefficient between the EBV and MCis 1.517

Table 3 Optimization of the genetic contributions when minimizing kinship fg with a restriction on migrant contribution
and/or mean estimated breeding values

Scenario® Parameter®
fa fi fc fo MC EBV Selected SD of ¢
Angler
REF 0.022 0.926 0527 0.049 0.722 0211 - -
s 0.031 0.939 0.565 0.067 0.722 1.184 0.065 0
minfB.A 0.030 0.827 0.345 0.082 0.570 —0.295 0.106 0.012
minfBAMC 0.030 0.827 0.345 0.082 0.570 —0.295 0111 0.012
minfBAMCEBV 0.030 0.866 0.404 0.083 0.623 0.516 0.081 0.012
Vorderwald
REF 0.030 0.852 0.380 0.072 0.605 0.287 - -
I 0.043 0.882 0432 0.093 0.645 1.161 0.106 0
minfB.A 0.035 0.789 0.300 0.074 0.528 —0.11 0.260 0.011
minfB.AMC 0.035 0.789 0.300 0.074 0.528 —0.111 0.260 0.011
minfBAMCEBV 0.035 0813 0327 0.075 0.555 0.550 0.228 0.010

@ The name of each optimization scenario consists of a prefix that indicates the objective function and a suffix that indicates the constraint settings

b The parameter used as a constraint is marked in italics in the scenario. Bold italic values indicate that the actual value obtained does not reach the limit of the
corresponding constraint (value higher than the lower limit or lower than the upper limit)

¢ Objective function
d Proportion of selected sires with non-zero genetic contributions; a cs; value lower than 0.00025 is treated as zero
¢ Standard deviation of the genetic contributions of all male selection candidates
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Table 4 Optimization of the genetic contribution when minimizing kinship f¢ with a restriction on migrant contribution
and/or mean estimated breeding values

Scenario® Parameter®
fa fg fc© fo MC EBV Selected? SD of c®
Angler
REF 0.022 0.926 0.527 0.049 0.722 0.211 - -
I 0.031 0.939 0.565 0.067 0.722 1.184 0.065 0
minfC.A 0.030 0.827 0.345 0.082 0.570 —0.299 0111 0.012
minfCAMC 0.030 0.827 0.345 0.082 0.570 —0.299 0.111 0.012
minfCAMCEBY 0.030 0.866 0404 0.083 0.623 0516 0.091 0.012
Vorderwald
REF 0.030 0.852 0.380 0.072 0.605 0.287 -
IS 0.043 0.882 0432 0.093 0.645 1.161 0.106 0
minfCA 0.035 0.789 0.300 0.074 0.528 —0.109 0.276 0.010
minfCAMC 0.035 0.789 0.300 0.074 0.528 —0.109 0.276 0.010
minfCAMCEBV 0.035 0.813 0327 0.075 0.555 0.550 0.228 0.010

@ The name of each optimization scenario consists of a prefix indicating the objective function and a suffix indicating the constraint settings

b The parameter used as a constraint is marked in italic in the scenario. Bold italic values show that the actual value obtained does not reach the limit of the
corresponding constraint in this scenario (value higher than the lower limit or lower than the upper limit)

¢ Objective function
94 Proportion of selected sires with non-zero genetic contributions; a s value lower than 0.00025 is treated as zero

¢ Standard deviation of the genetic contributions of all male selection candidates

Table 5 Optimization of genetic contribution when minimizing kinship fp with restriction on migrant contribution and/
or mean estimated breeding values

Scenario® Parameter®
fa fg fc fp MC EBV Selected? SDof c®
Angler
REF 0.022 0.926 0.527 0.049 0.722 0211 - -
TS 0.031 0.939 0.565 0.067 0.722 1.184 0.065 0
minfD.A 0.020 0.954 0614 0.040 0.782 0.078 0434 0.009
minfD.AMC 0.019 0.899 0.464 0.044 0677 0.090 0414 0.004
minfD.AMCEBYV 0.020 0.899 0.464 0.047 0677 0516 0.333 0.005
Vorderwald
REF 0.030 0.852 0.380 0.072 0.605 0.287 - -
7S 0.043 0.882 0432 0.093 0.645 1.161 0.106 0
minfD.A 0.035 0.895 0.456 0.057 0.669 0.759 0.398 0.015
minfD.AMC 0.027 0.833 0352 0.058 0.582 0.145 0472 0.006
minfDAMCEBV 0.029 0.833 0353 0.064 0.582 0.550 0.358 0.007

@ The name of each optimization scenario consists of a prefix indicating the objective function and a suffix indicating the constraint settings

b The parameter used as a constraint is marked in italic in the scenario. Bold italic values show that the actual value obtained does not reach the limit of the
corresponding constraint in this scenario (value higher than the lower limit or lower than the upper limit)

¢ Objective function
94 Proportion of selected sires with non-zero genetic contributions; a 5, value lower than 0.00025 is treated as zero

¢ Standard deviation of the genetic contributions of all male selection candidates
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Table 6 Optimization of the genetic contribution when minimizing the migrant contribution with restricted kinship and/

or mean estimated breeding values

Scenario® Parameter®
fa fg fc fo MC¢ EBV Selected? SD of c®
Angler
REF 0.022 0.926 0.527 0.049 0.722 0.211 - -
I 0.031 0.939 0.565 0.067 0.722 1.184 0.065 0
minMCA 0.030 0.827 0.345 0.083 0.570 —0.289 0.106 0.012
minMCA.EBV 0.030 0.866 0.404 0.084 0.622 0.516 0.091 0.012
minMC.A.B.EBV 0.030 0.866 0404 0.084 0622 0516 0.091 0.012
minMCA.C.EBV 0.030 0.866 0.404 0.084 0.622 0516 0.091 0.012
minMCA.D.EBV 0.020 0.903 0472 0.046 0.683 0.516 0.342 0.005
Vorderwald
REF 0.030 0.852 0.380 0.072 0.605 0.287 - -
IS 0.043 0.882 0432 0.093 0.645 1.161 0.106 0
minMC.A 0.035 0.789 0.300 0.074 0.527 —0.11 0.276 0.011
minMCA.EBV 0.035 0.813 0.327 0.075 0.555 0.550 0.220 0.010
minMCA.B.EBV 0.035 0.813 0327 0.075 0.555 0.550 0.220 0.010
minMCA.CEBV 0.035 0.813 0.327 0.075 0.555 0.550 0.211 0.010
minMC.A.D.EBV 0.031 0.825 0.342 0.067 0.571 0.550 0317 0.008

@ The name of each optimization scenario consists of a prefix indicating the objective function and a suffix indicating the constraint settings

b The parameter used as a constraint is marked in italic in the scenario. Bold italic values show that the actual value obtained does not reach the limit of the
corresponding constraint in this scenario (value higher than the lower limit or lower than the upper limit)

¢ Objective function

94 Proportion of selected sires with non-zero genetic contributions; a s, value lower than 0.00025 is treated as zero

¢ Standard deviation of the genetic contributions of all male selection candidates

on fp resulted in all cases in more selected sires and a
lower standard deviation.

Discussion

For the breeding schemes of the two breeds considered
in this study, two conflicts must be addressed: (1) the
conflict between increasing genetic gain while manag-
ing inbreeding and (2) the conflict between maintaining
genetic diversity while controlling loss of genetic unique-
ness. The purpose of this study was to determine whether
OCS with additional constraints that involve modified
kinship matrices and MC was more efficient at conserv-
ing genetic diversity and originality while also ensur-
ing genetic improvement than traditional OCS. Using
data on German Angler and Vorderwald cattle, various
scenarios were compared. Both breeds have been fre-
quently crossed with high-yielding breeds to improve
performance. We found that diversity of native alleles
decreased more rapidly in Vorderwald cattle than in
Angler cattle, whereas MC was higher in Angler cattle.
The consequences of the scenarios were similar for both
breeds. Compared to traditional OCS, constraining kin-
ship fp and MC promoted recovery of genetic originality

in the breeds and diversity of native alleles but reduced
response to selection.

Traditional OCS achieved the highest average EBV
in the progeny generation among all scenarios with a
restriction on rate of inbreeding, which, in our study, is
represented by scenario maxEBV.A. Compared to the TS
scenario, average EBV was higher in the traditional OCS
scenario for both breeds, while the average relatedness
was lower. Probably, the average EBV in TS was smaller
because the TS scenario assumed equal contributions for
selected sires, whereas OCS optimizes their contribu-
tions. Because MC and EBV were positively correlated,
traditional OCS increased the average MC, which is
undesirable when the aim is to conserve the genetic orig-
inality of local breeds.

Different kinship estimates

Both fp and f¢ take probabilities of IBD and probabilities
of alleles originating from migrant breeds into account,
i.e. they account for both level of inbreeding and level of
genetic originality. Although theoretically, MC affects
fg more than fc, results from minimizing fg and fc were
almost identical for the two breeds considered. Wellmann
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Table 7 Optimization of the genetic contribution when maximizing the breeding value with restricted kinship and/or
mean estimated migrant contributions

Scenario® Parameter®
fa fg fc fo MC EBV© Selected? SD of c®
Angler
REF 0.022 0.926 0.527 0.049 0.722 0.211 - -
I 0.031 0.939 0.565 0.067 0.722 1.184 0.065 0
maxEBV.A 0.030 0937 0.560 0.082 0.743 1.226 0.085 0.012
maxEBV.AMC 0.030 0.901 0471 0.082 0.677 0.979 0.070 0.012
maxEBV.A.B.MC 0.030 0.893 0454 0.082 0.664 0.884 0.075 0.012
maxEBV.A.CMC 0.030 0.901 0.471 0.082 0677 0.979 0.070 0.012
maxEBV.A.D.MC 0.020 0.899 0.464 0.046 0.677 0.449 0.347 0.005
Vorderwald
REF 0.030 0.852 0.380 0.072 0.605 0.287 - -
I 0.043 0.882 0432 0.093 0.645 1.161 0.106 0
maxEBV.A 0.035 0.895 0456 0.077 0.666 1.164 0.203 0.013
maxEBV.AMC 0.035 0.835 0357 0.079 0.582 0.812 0.220 0.011
maxEBV.ABMC 0.035 0.832 0.353 0.078 0.579 0.787 0.220 0011
maxEBV.A.CMC 0.035 0.835 0.356 0.078 0.581 0.808 0.220 0.011
maxEBV.AD.MC 0.031 0.834 0.354 0.067 0582 0.636 0317 0.008

@ The name of each optimization scenario consists of a prefix indicating the objective function and a suffix indicating the constraint settings

b The parameter used as a constraint is marked in italic in the scenario. Bold italic values show that the actual value obtained does not reach the limit of the
corresponding constraint in this scenario (value higher than the lower limit or lower than the upper limit)

¢ Objective function

94 Proportion of selected sires with non-zero genetic contributions; a s, value lower than 0.00025 is treated as zero

¢ Standard deviation of the genetic contributions of all male selection candidates

et al. [22] reported a larger difference between these two
methods, which is probably because contributions of both
sexes were optimized in their work. Minimizing neither fg
nor fc reduced the kinship at native alleles, fp, thus these
two criteria are not an alternative for controlling the kin-
ship at native alleles directly. Results from minimizing fg
and fc were very similar to the results from minimizing
MC. Hence, instead of minimizing or constraining fg or
fc, it is recommended to control MC. To control the diver-
sity at native alleles, fp must be constrained or minimized
directly, although this optimization problem may be not
convex. However, because minimizing fp did not reduce
MC, a constraint on MC is needed for all optimizations
that involve fp. Minimizing fp is different from minimiz-
ing fo with an additional constraint on MC because mini-
mizing fu resulted in a larger fp than minimizing fp when
MC is constrained to the same level (results not shown).
Similarly, when including kinship fp as an additional con-
straint in the OCS, the level of kinship f5 decreased in all
scenarios. Thus, if fp is constrained, then MC must be con-
strained as well and the constraint for f4 can be omitted.
Among all the scenarios, TS used the smallest num-
ber of sires and resulted in the highest average genetic
contribution of selected sires. Including kinship fp as an

additional constraint in the OCS scenarios resulted in a
larger number of selected sires than including fg or fc.
Therefore, including fp is an efficient method to avoid
overuse of sires with high EBV and limits the rate of
inbreeding in the long run. Compared with the inclusion
of fp or fc, inclusion of fp resulted in a lower average EBV
in the progeny generation, depending on the constraint
level setting. In most cases, OC was negatively correlated
with MC and positively correlated with the average EBV,
as illustrated in Additional file 2: Table S2, which repre-
sents a desirable result for future selection and breeding
programs.

Scenarios with optimizations of both male and female
contributions were also evaluated (results not shown),
using the same calculation methods to obtain the con-
straint value settings. For all scenarios and both breeds,
the constraint settings were stricter than in the scenarios
that optimized male contributions. The performance of
all scenarios improved when both male and female selec-
tion were optimized, which is consistent with Sanchez-
Molano et al. [8], who used OCS to improve fitness and
productivity traits. To achieve these improvements, how-
ever, additional reproductive techniques must be applied
due to the limited reproduction rate of female animals.
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Considering the migrant contribution
Previous OCS approaches for maximizing genetic gain
while limiting rate of inbreeding did not consider MC.
Introgression of migrant breed alleles must be man-
aged to maintain genetic uniqueness and conserve local
breeds. As expected, the average EBV obtained with
and without MC as a constraint showed that controlling
MC restricts increases in genetic gain. Interestingly, kin-
ship at native alleles increased compared to the REF sce-
nario when MC was constrained or minimized. Hence,
the individuals with the lowest MC may not carry some
native alleles that are still present in individuals with
higher MC. Thus, in this case, constraining fp is required
to ensure that native genetic diversity is maintained.
However, maximum genetic gains can only be achieved
by allowing for the introgression of foreign genetic
material. Therefore, the two main purposes in a breed-
ing program, i.e. conserving local breeds and improving
genetic gain, are contradictory and must be balanced by
the breeding organization. In this study, we set the pro-
portion of breeding progress to be achieved at A = 0.3
to determine the constraint level required for achieving
optimal solutions for both breeds. Depending on the situ-
ation, the breeding organization could select an appropri-
ate value of A to emphasize conservation of local breeds
or genetic improvement, thus facilitating both purposes.

Future improvements

Because of advances in molecular genetics, genome-wide
dense marker genotype data are increasingly available,
even for some endangered breeds and have shown promise
in capturing genetic variation due to Mendelian sampling
[29]. The application of genomic data provides a more
accurate method of calculating relationships between
individuals compared with the use of estimates from
pedigree data [30]. Breeding values estimated by genomic
approaches are also more accurate and show more within-
family variation compared with breeding values estimated
via traditional approaches [31]. Furthermore, compared
to the use of pedigree kinship, the use of genomic kin-
ship is substantially more efficient in maintaining genetic
diversity when optimizing genetic contributions [8, 12, 16,
32]. Moreover, new methods to estimate kinship at native
alleles, i.e. fp, can be developed based on genomic data and
the use of genomic data may enable estimation of MC for
selection candidates without using pedigree data.

Conclusions

Maintaining genetic originality is essential for conserving
local breeds. It was shown that using an OCS approach
as developed in this study can effectively maintain the
diversity of native alleles and genetic originality, while
ensuring genetic improvement. The most promising

approach involved the inclusion of additional constraints
for migrant contributions and kinship at native alleles
fp. When a constraint for fp was included, the classical
kinship f in the offspring was lower than the constraint
level, so the constraint on fs could be removed. More
sires were selected when fp was constrained than when
fp was not constrained and the standard deviation of the
contributions was lower, i.e., the optimum contributions
of the selected sires were more similar.
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Estimation of breeding values

for uniformity of growth in Atlantic salmon
(Salmo salar) using pedigree relationships or
single-step genomic evaluation

Panya Sae-Lim'", Antti Kause?, Marie Lillehammer' and Han A. Mulder®

Abstract

Background: In farmed Atlantic salmon, heritability for uniformity of body weight is low, indicating that the accuracy
of estimated breeding values (EBV) may be low. The use of genomic information could be one way to increase accu-
racy and, hence, obtain greater response to selection. Genomic information can be merged with pedigree informa-
tion to construct a combined relationship matrix (H matrix) for a single-step genomic evaluation (ssGBLUP), allowing
realized relationships of the genotyped animals to be exploited, in addition to numerator pedigree relationships (A
matrix). We compared the predictive ability of EBV for uniformity of body weight in Atlantic salmon, when implement-
ing either the A or H matrix in the genetic evaluation. We used double hierarchical generalized linear models (DHGLM)
based either on a sire-dam (sire-dam DHGLM) or an animal model (animal DHGLM) for both body weight and its
uniformity.

Results: With the animal DHGLM, the use of Hinstead of A significantly increased the correlation between the pre-
dicted EBV and adjusted phenotypes, which is a measure of predictive ability, for both body weight and its uniformity
(41.1 to 78.1%). When log-transformed body weights were used to account for a scale effect, the use of Hinstead of
A produced a small and non-significant increase (1.3 to 13.9%) in predictive ability. The sire-dam DHGLM had lower
predictive ability for uniformity compared to the animal DHGLM.

Conclusions: Use of the combined numerator and genomic relationship matrix (H) significantly increased the
predictive ability of EBV for uniformity when using the animal DHGLM for untransformed body weight. The increase
was only minor when using log-transformed body weights, which may be due to the lower heritability of scaled
uniformity, the lower genetic correlation of transformed body weight with its uniformity compared to the untrans-
formed traits, and the small number of genotyped animals in the reference population. This study shows that ssGB-
LUP increases the accuracy of EBV for uniformity of body weight and is expected to increase response to selection in
uniformity.

Background growth allows a more uniform product, harvest of a

In aquaculture, selection to increase economically impor-
tant traits such as growth is one of the main breeding
goals. However, fish producers show interest to improve
not only the mean but also the variance of traits [1]. Uni-
formity of growth is preferable because more uniform

*Correspondence: panya.sae-lim@nofima.no
! Nofima As, Osloveien 1, PO. Box 210, 1431 As, Norway
Full list of author information is available at the end of the article

larger proportion of the population at market size, and
reduction of size grading and multiple harvests [2—4].
More uniform growth may also reduce competitive inter-
actions between animals, which contributes to reduce
feed monopolization and dominant behaviour, and thus
improve well-being of fish [5]. Uniformity is also impor-
tant for traits that have an intermediate optimal trait
value [6], such as fillet lipid%, body shape, and condition
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factor in the aquaculture industry. A fish whose growth
is sensitive to non-measurable environmental factors,
known as micro-environments, shows micro-environ-
mental sensitivity, which results in high environmen-
tal variance and consequently contributes to increased
phenotypic variation, leading to increased size variation
within a group of fish. A number of empirical studies
in terrestrial and aquatic species show that uniformity
is partly determined by genetic factors [4, 7-16]. Thus,
selective breeding can open up one avenue to improve
uniformity of fish traits.

Atlantic salmon (Salmo salar L.) is a farmed fish that
is of major economic importance. Heritability for uni-
formity of body weight has been estimated in Atlantic
salmon [14], rainbow trout (Oncorhynchus mykiss Wal-
baum) [4, 8], and Nile tilapia (Oreochromis niloticus)
[15, 16]. In general, heritability for uniformity (h%) is low
in livestock and aquaculture species (42 < 0.05), indi-
cating that the prediction accuracy of breeding values
for uniformity may be low [17, 18]. However, the coef-
ficient of genetic variation (GCV) of uniformity of body
weight is high in fish species (median GCV. = 34.0%:
min = 17.4% and max = 64.0%), which indicates high
potential for response to selection [4, 8, 14, 16, 19]. One
way to increase response to selection for uniformity is to
increase the accuracy of estimated breeding values (EBV)
for uniformity [20].

In aquaculture, full- and half-sib family sizes are usu-
ally large and thus the accuracy of EBV based on full-
sibs, half-sibs and own performance is high for body
weight, but not for uniformity due to its low heritability
[8]. One approach to increase the accuracy of EBV is
to use genomic information [21]. With genomic selec-
tion, genomic estimated breeding values (GEBV) can
be obtained for the selection candidates that are geno-
typed, even when they have no phenotype records. One
reason why genomic selection results in higher accuracy
of selection is the more accurate estimation of the Men-
delian sampling genetic effects through realized additive
genetic relationships among animals [22]. Consequently,
individual squared residuals, which is the phenotype for
uniformity in a double hierarchical generalized linear
model (DHGLM), may also be more accurately estimated
when using genomic information.

In many cases, combining numerator pedigree and
genomic information in genomic evaluations is imple-
mented in multiple steps, which may introduce bias and
need some calculations to combine with pedigree-based
EBV [23, 24]. Single step genomic best linear unbiased
prediction (ssGBLUP) avoids this, and genomic and pedi-
gree information are combined in one step [23], which
may lead to less bias and is less prone to double counting
of information compared to genomic evaluation methods
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that are performed in multiple steps. The ssGBLUP aug-
ments the numerator relationship (A) matrix by the
genomic relationship (G) matrix in conventional genetic
evaluation using BLUP [24]. This combined numera-
tor and genomic relationship matrix is known as the H
matrix [25]. In fish breeding, combining pedigree and
genomic information allows exploiting the large full- and
half-sib families and the more accurate relationships of
the genotyped animals, and may yield a higher accuracy
of selection for uniformity than the use of the A matrix.

To date, the use of ssGBLUP for uniformity has not
been studied. Furthermore, according to a previous
study, the sire-dam model, but not the animal model,
implemented within the framework of DHGLM provided
unbiased (co)variance component estimates [14]. How-
ever, an animal DHGLM is expected to perform better
than a sire-dam DHGLM for genetic evaluation because
the animal DHGLM uses full relationships between ani-
mals rather than only among sires and dams. This is par-
ticularly important for uniformity, which is quantified by
the residuals of individuals, which in the animal model
do not contain the Mendelian sampling term. Moreover,
for genetic evaluation, the animal DHGLM uses all phe-
notypic information and, for most breeding programs,
at least part of the selection candidates, e.g. females for
sex-linked traits, have phenotypes available at the time of
selection. Use of the animal DHGLM with ssGBLUP for
uniformity has not been tested.

In this study, we implemented ssGBLUP for predicting
GEBYV for uniformity in Atlantic salmon. Specifically, our
aim was to compare the predictive ability of EBV for uni-
formity of body weight when implementing either BLUP
with the A matrix or ssGBLUP with the H matrix. The
(co)variance components were estimated from the sire-
dam DHGLM with either A or H and compared prior to
genetic evaluation.

Methods

Data

The data used in this study originated from the experi-
ment conducted by Nofima AS and the breeding com-
pany SalmoBreed in Norway. The experiment followed
all the regulations of animal ethical practice and was
approved by the Norwegian Research Animal Committee
(ID 6489). In 2013, 234 full-sib families were established
from the mating of 131 sires to 234 dams (Table 1) dur-
ing four weeks. Forty-seven percent of the parents were
from year class 2009 and the rest from year class 2010.
After hatching, fingerlings from each family were held
in a 180-L family tank until tagging size (at mean body
weight of 50 g). Each animal was tagged using passive
integrated transponder (PIT) tags (Satpos AS, Norway).
During tagging, a fin sample for genotyping was collected
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Table 1 Population structure of Atlantic salmon

Population structure

Sires, dams 131,234
Sires per dam, mean (range) 1.0(1.0)
Dams per sire, mean (range) 1.78 (1-3)
Full-sib families 234

Fish per full-sib family, mean (range) 154 (4-54)
Number of fish with records 3595
Genotyped animals

Full-sib families 50

Fish per full-sib family, mean (range) 28.3(21-38)
Number of fish with records 1416

from 21 to 38 sibs of each of 50 full-sib families. Thereaf-
ter, all fish were randomly allocated to three experiment
tanks and grown for 11 months. At the average age of
16 months, all fish were challenged with sea lice using a
co-habitat challenge, and ‘at the end of the challenge test,
final body weight (g) was measured for all 3595 fish with
an electronic balance. A total of 1416 offspring (39% of
all offspring) and the 131 sires and 234 dams were geno-
typed using the 31 K Affymetrix single nucleotide poly-
morphism (SNP) chip for Atlantic salmon developed
by Nofima. Quality control of SNPs was performed in
PLINK v1.9 [26] based on the following criteria: SNPs
were removed if (1) their call rate was lower than 90%, (2)
they deviated from Hardy—Weinberg equilibrium with
a P value cut-off of 107>, and (3) their minor allele fre-
quency (MAF) was lower than 0.01. After quality control,
921 of 31,013 SNPs were removed (2.9%) and, thus 30,092
SNPs remained to create the genomic relationship.

Relationship matrix

The numerator relationship (A) matrix with 814 ances-
tors in four generations was prepared based on pedigree
information using ASReml [27]. The combined numera-
tor and genomic relationship (H) matrix was defined as
[23]:

(A + AR +ALNG - Ap)AL Ay AAL'G

- GAL; Ay G ’
where Aj; is the pedigree relationship matrix between
non-genotyped animals, Ao and Ay are pedigree rela-
tionship matrices between genotyped and non-geno-
typed animals, Ay is the pedigree relationship matrix
between genotyped animals, and G is the genomic rela-
tionship matrix between genotyped animals. The G
matrix was computed as [28]: G = w, where W is the
matrix of the scaled SNP genotypes for all loci and N is
the total number of SNPs (30,092). The elements of W
were calculated as:

H

wy = 552 2)

2pi(1 - py)

where x;; is the SNP genotype (coded 0, 1, or 2) for the i
th individual at SNP j and pj is the allele frequency of the
homozygous genotype coded as 2.

However, Aguilar et al. [29] and Christensen and Lund
[30] showed that the inverse of the H matrix can be com-
puted as:

~1 -1 0 0
Ho=at G )
which is less computational demanding and more simple
than preparing and subsequently inverting the H matrix.
The H~! was prepared by using the Calc_grm computer
software [31], which prepares both A~! and G™! inter-
nally before computing H™1.

Statistical analysis
Analysis of residuals
Uniformity can be quantified by squared residuals from
a BLUP mixed model equation [32]. The use of genomic
information to construct realised relationships between
animals, especially for full-sibs, is expected to increase
the accuracy of residual estimates due to a greater accu-
racy of EBV for body weight. Therefore, we investigated
the effect of ssGBLUP and traditional BLUP on individual
residual estimation. Furthermore, we investigated sire-
dam and animal models because residual estimates from
a sire-dam model contain not only the unexplained envi-
ronmental effects but also Mendelian sampling genetic
effects. Residual estimates from an animal model do not
contain the latter when EBV are estimated with an accu-
racy of 1. In total, residuals from four models were com-
pared, i.e. the sire-dam or animal model with either A or
H.

The animal mixed model was:

Yikimn = 1 + Bagex + b + yem + ai + ¢n + ikimn, (1)

where Yy, is the observation (body weight) of the ith
individual, p is the overall mean, age is the fixed covariate
effect due to different levels of age of the fish, calculated
from the start feeding date until the date of measurement
(day), B is the fixed linear regression coefficient on age, ¢
is the /th fixed communal tank effect, yc is the mth fixed
effect of year class of the parents, a; is the random addi-
tive genetic effect, @ ~ [0, Ac?], where A is the numera-
tor relationship matrix, ora ~ N [O, Hoﬂ, where H is the
combined genomic and pedigree relationship matrix, N
is the normal distribution, and o2 is the additive genetic
variance for body weight, ¢, is the random common
effect for full-sibs, ¢ ~ N[0,15?], where I is the identity
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matrix and o2 is the common environmental variance
of body weight, and e, is the random residual effect,
e ~ N[0,I02], where 6 is the residual variance of body
weight assumed to be homogeneous. For the sire-dam
model, the term ¢; in Eq. (1) was replaced by the random
sire-dam (u;) effect, u ~ N[0,A0?] or u ~ N[0,Ho?2]
The same A and H matrices were used for the sire-dam
and the animal models.

Estimation of genetic parameters for uniformity
To estimate genetic parameters for body weight and
its uniformity, the sire-dam DHGLM was used [33, 34]
because it is expected to provide unbiased (co)variance
components for uniformity [14]. Body weight records
were treated in two different ways. First, observed body
weight was standardized to a mean of 0 and variance of
1, which facilitates convergence of the DHGLM. Sec-
ond, we used either the natural log or the Box—Cox
transformation to account for possible scale effects,
because variances typically increase with increasing
trait means [35, 36]. For the Box-Cox transformation,
each observation was computed as "';1, where 1 is the
transformation parameter, which was estimated based
on Eq. (1) without the random effects [37] by maxi-
mum likelihood using the MASS package in R software
[38]. The estimate of A was close to 0 (0.076), indicat-
ing that the Box—Cox transformation is very similar to
log-transformation, which sets 4 equal to 0. Therefore,
the Box—Cox transformed body weight was not used
further. The standardized body weight and natural loga-
rithm body weight are abbreviated as stdWT and InWT,
respectively.

To estimate genetic parameters, standardized and
transformed body weights were modelled using sire-dam
DHGLM in ASReml [32]:

y|_|X0]||b (Zs + Z4) 0
v =|lox,||b | T 0 (Zs+Zy),

u Qo C e
JallBallellel e
where vy is the vector of stdWT or InWT records for the i
th individual; W is the vector of response valj%ables for the

€ A2

52
residual variance, where v; = log (&ezl,) + 1_2 5 % which
was linearized using a Taylor series approxilmation in
ASReml [34], &2 is the squared residual of the ith body
weight record, /; is the diagonal element in the hat-matrix
of y [39], and 6621, is the estimated residual variance of the i
th observation in the previous iteration of ASReml; X and
X, are incidence matrices of the fixed effects described in
Eq. (1) for the trait mean and its uniformity, respectively;

b (b,) is the solution vector for the corresponding fixed
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effects; Zs and Z, are incidence matrices for the random
sire (s) and dam (d) effects; u (u,) is the vector of addi-
tive genetic effects of sire-dam on the weight (uniform-
ity), which was assumed to follow a normal distribution
for the A matrix:

uly 0 ,1 03 Ua,zawexp QA ),
u, 01" 4| 04a,exp Oa,exp

and for the H matrix:

u ~N 0 ,1 03 Uﬂgwexp ®QH)],
u, 01" 4| 04a,exp Oa,exp

where the % accounts for the fact that the sire and dam
each explain only a quarter of the additive genetic vari-
ance; Q (Q,) is the incidence matrix for the random com-
mon effects to full-sibs; ¢ (c,) is the vector of common
effects to full-sibs:

C ~N 0 , (762 Uc,zcv,exp Q1.
Cy 0 Oc,cvexp. Oc,exp

The residuals of y (e) and ¥ (e,) were assumed to be
independently normally distributed as follows:

N 0] [wW1l2 0
e of [ 0wz, |)

where W = diag(\il_l) and W, = diag(%), ando? (02)
is a scaled variance that was expected to be 1. The sire-

dam DHGLM was fitted iteratively to update ¥, diag(W)
and diag(W,) until the log-likelihood converged [34].

Calculation of genetic parameters

In the sire-dam DHGLM, the estimated variance for sires
was set equal to the estimated genetic variance for dams
and equal to one quarter of the additive genetic variance.
Hence, the additive genetic variance for body weight (c2)
and its uniformity (agwexp) were equal to 402 and 4a,fv,exp,
respectively. Estimates for auzwexp and GCZV exp for uniform-
ity of body weight were on the exponential scale (exp) and
were converted to an additive scale (ofv and oczv) using the
extension of the equations of Mulder et al. [17], as derived
by Sae-Lim et al. [8]. The additive genetic variance for uni-
formity of body weight on the additive scale was equal to
4031,. Phenotypic variance (07) of body weight was equal
to 202 + 02 + o2 where o is the variance component
for the effect common to full-sibs and o2 is the residual
variance of body weight. Heritability for body weight (42
was calculated as 02/o3. Heritability for uniformity of
body weight (h‘z,) on the additive scale was calculated as
W% [8, 40]. Similarly, the common environmen-
tal effect was calculated as ¢
O'CV

2 =02 /03 for body weight

2 _ 0y . . .
and as ¢, = 2085302 702 for uniformity of body weight
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[8]. The genetic coefficient of variation for uniformity of

02 Standard

ay.exp’

body weight (GCV) was calculated as

errors of 12 and GCV were approximated using the equa-
tions presented by Mulder et al. [41].

Genetic evaluation and cross-validation
Two genetic evaluations, i.e., BLUP with A and ssGBLUP
with H, were performed in a 10-fold cross-validation
using the genetic parameters estimated based on the sire-
dam DHGLM and !BLUP option in ASReml. In total, four
models were used in the 10-fold cross-validation, i.e. ani-
mal DHGLM with either A or H on stdWT and InWT.
The 10-fold cross-validation was performed on stand-
ardized and transformed body weight data as follows:

1. Adjusted phenotypes for body weight (y}) and its
uniformity (/) were calculated as yf = a; +¢; + &;
and ¥} = a,, + ¢, + &y, using the solutions from the
analysis with Eq. (2) on the full dataset.

2. In a modified dataset, approximately 10% of observed
phenotypes (y;) of animals from each family were
masked (=10% of the full dataset). All phenotypes
had an equal chance to be masked, but the animals
that were masked in the previous fold were not
masked again in the next fold.

3. The genetic analysis with Eq. (2) was run on the mod-
ified dataset using the A and H matrices and EBV for
body weight and its uniformity were predicted for the
masked animals.

4. For each fold, two measurements were computed:

(a) The predictive ability of EBV was calculated as
the Pearson correlation of adjusted phenotypes
(step 1) with the corresponding EBV (a*) (step 3)
for the masked animals that were genotyped, i.e.,
cor(y}, aj) for body weight and cor(y, a;) for
uniformity. Kendall and Spearman correlations
were also calculated for uniformity because 1/
was exponentially rather than normally distrib-
uted.

(b) To measure the degree of bias and accuracy of
EBV or GEBV of the masked records, the mean
square error prediction (MSEP) was calculated

2
PR (G

as w for body weight and w

for uniformity of body weight, where n is the

number of masked records in each fold. The

MSEP was scaled by the variance of the adjusted
phenotypes of the corresponding trait.

5. Steps (1) to (4) were repeated for each of the 10 folds.

Finally, average Pearson, Kendall, and Spearman corre-
lations, MSEP and their standard error (SE) over the 10

folds were calculated. A 95% confidence interval of the dif-
ference (d) in the predictive ability from different models
with either A or H was constructed using d &+ 1.96 x SE,,

SDZnimal DHGLM +SD§ire-dam DHGLM

number of folds - When 0
was not within the 95% confidence interval, the predic-
tive abilities of two models were considered statistically

different (P < 0.05).

where the SE; = \/

Results

Residual estimates

Individual residuals estimated from using the A (BLUP)
and H matrices (ssGBLUP) were plotted against each
other to examine their relationship. As expected, the
range of residual estimates from the animal models was
lower than that from the sire-dam model since residual
estimates from the sire-dam model included the entire
Mendelian sampling term (Fig. 1).

For the sire-dam model, the use of H instead of A did
not affect estimated residuals of genotyped animals
since the regression coefficient of the estimated residu-
als using H on the estimated residuals using A and the
Pearson correlation between the two were equal to 0.999,
which was very similar to the regression coefficient of
non-genotyped animals (0.998). The Pearson correla-
tions between estimated residuals using H and A were
the same as regression coefficients of estimated residu-
als using A on estimated residuals using H for genotyped
animals (0.999) and non-genotyped animals (0.998).

In contrast, the use of H in the animal model affected
residual estimates of genotyped animals since their dis-
tribution was much more scattered (Fig. 1). The slope of
estimated residuals using A on estimated residuals using
H was lower than 1 and slightly steeper for genotyped
animals (regression coefficient = 0.7025) than for non-
genotyped animals (regression coefficient = 0.6798). The
Pearson correlations between estimated residuals using
H and A were equal to 0.922 for genotyped animals and
0.966 for non-genotyped animals.

When using the sire-dam model, the difference in esti-
mated residuals with H and A was small and ranged from
—10.8 to 10.0. When using the animal model, this differ-
ence was larger and ranged from —95.3 to 104.5.

Genetic parameters of body weight and its uniformity
For body weight, estimates of additive genetic variances
from the sire-dam DHGLM with either A or H were simi-
lar (Table 2). Likewise, estimates of 4% were similar with
A and H for both traits: 0.266 and 0.296, respectively for
stdW'T and 0.325 and 0.346, respectively for InWT.
When using A, the estimate of 42 was higher for uni-
formity of stdWT (0.036) than for uniformity of InW'T
(0.015), while the use of H did not affect the magnitude
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Fig. 1 Scatter plot of residuals of body weight from the univariate analysis with A matrix (x-axis) or H matrix (y-axis). Two models were performed;
sire-dam univariate model (feft) and animal univariate model (right). Red dots are genotyped animals and grey dots are non-genotyped animals

animal model
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of k2 for uniformity. Standard errors of /2 estimates were,
however, high (Table 2).

Although the estimates of 42 were low, estimates of
GCV were high for uniformity of stdWT (48.0% for A
and 52.3% for H), which indicates substantial genetic
potential for response to selection. After accounting for
scale effects, estimates of GCV for uniformity of InW'T
were reduced to 30% (for both A and H), which supports
the existence of genetic variation for uniformity beyond
the scale effects.

Estimates of ¢? for stdWT and InWT were moderate
and similar for A (0.103 to 0.117) and H (0.103 to 0.111),
which suggests that part of the phenotypic variation was
explained by non-genetic effects that are common to full-
sibs. Instead, the estimates of c2 for uniformity of stdW'T
and InWT were very low and ranged from 0.001 to 0.022
for A and 0.002 to 0.019 for H (Table 2).

The estimate of the genetic correlation between
stdWT and its uniformity was close to 1, using either
A (0.952) or H (0.951), which shows the high depend-
ency between mean and variance of body weight. How-
ever, the estimate of the genetic correlation between

InWT and its uniformity was reduced to —0.093 with A
and to 0.024 with H, which suggests that after account-
ing for the scale effects, the mean and variance became
independent.

Cross-validation

The use of H instead of A with the animal DHGLM
resulted in more variation of the within-family GEBV
for stdWT and its uniformity, compared to within-fam-
ily EBV (Fig. 2; Additional file 1: Figure S1), for sire-dam
DHGLM).

The average correlation of adjusted phenotypes with
predicted breeding values for stdWT and its uniformity
was significantly higher with H (stdWT = 0.443; uni-
formity = 0.217 to 0.317) than with A (stdWT = 0.372;
uniformity = 0.128 to 0.192). However, after accounting
for scale effects using log-transformation, the average
Pearson, Kendall and Spearman correlations of adjusted
phenotypes with predicted breeding values for InWT and
their uniformity were only slightly higher with H than
with A, and not significantly different from each other
(P> 0.05).
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Table 2 Estimates of variance components and genetic
parameters of body weight and its uniformity based
on the sire-dam double hierarchical generalized linear
model when using pedigree (A) or combined pedigree
and genomic relationships (H) and standard or log-trans-
formed phenotypes

Trait/parameter  Standardization Logarithm
A H A H
Body weight
o? 0.843 0.856 0.131 0.132
02 0216 0.243 0.043 0.046
o2 0.095 0.091 0013 0014
hz 0,2660'095 0'2960102 0'3250 102 0.3460.107
c 01170037 0111003 0103003 (,10300%8
Uniformity of body weight
o 02303%1%* 02732012 0.0896°%%  0.0885"%°
al 0.0612 0.0677 0.0005 0.0005
ol 0.0360 0.0306 0.0000 0.0001
GCV 048001 05230116 0299009 (9g01e0
hz 0_0360.019 0.0380020 001 50 014 001 40.013
v
2 0.022 0019 0.001 0.002

14

A = pedigree based relationship matrix; H= combined genotyped and non-
genotyped relationship matrix; o = phenotypic variance 262 + 02 + o2

), where 62 is the residual variance for body weight; o2 and o2 = additive

genetic variance for body weight and its uniformity, respectively; 02 = common
environmental variance; GCV = coefficient of additive genetic variance

for uniformity (/02 ,); h? = heritability for body weight; c2 = common
environmental effect due to full-sib tanks; h2 = heritability for uniformity;

¢2 = same as c? but for uniformity of body weight. Superscripts are SE of the
estimates

The average MSEP for uniformity from the animal
DHGLM (0.608 to 0.944) were lower than those from
the sire-dam DHGLM (0.973 to 1.112), suggesting that
the use of an animal DHGLM increases the accuracy and
may reduce bias in predicting breeding values for uni-
formity (Table 3; Additional file 2: Table S1). However,
the average MSEP for uniformity of stdWT and InWT
obtained with H (0.608 to 0.944) were not notably differ-
ent from those obtained with A (0.625 to 0.936).

The predictive ability of EBV of uniformity was sensi-
tive to the type of correlation used, i.e. Pearson, Kend-
all and Spearman (Table 3). Spearman correlations were
39.1 to 49.0% higher than Kendall correlations. Predictive
abilities of EBV and GEBV for uniformity of InWT dif-
fered more from each other based on Kendall and Spear-
man correlations, albeit not significant at P < 0.05, than
based on Pearson correlations. However, the SE of Kendall
correlations were approximately 50% lower than the SE of
Pearson and Spearman correlations, suggesting that Ken-
dall correlations provide a more reliable estimate of pre-
dictive ability than Pearson and Spearman correlations.

Discussion

To the best of our knowledge, this is the first study that
compares the use of the numerator relationship (A) and
a combined genomics and numerator relationship (H)
matrix for estimating genetic parameters and predicting
breeding values for body weight and its uniformity. The
use of the animal DHGLM with H significantly improved
the predictive ability of GEBV for uniformity of body
weight (stdWT) but not for scale-adjusted uniformity.

Genetic parameters

The estimate of heritability for uniformity of stdW'T
from sire-dam DHGLM with A was low (hlz, = 0.036)
but higher than estimates of 42 obtained in previous
studies on rainbow trout [4, 8] and Nile tilapia [15, 16]
(h2 = 0.016: min = 0.010: max = 0.024). However, after
accounting for scale effects by logarithm transformations,
the estimate of 42 decreased to 0.014 to 0.015, which is in
line with the previous reports that also used transforma-
tions [4, 8, 14—16].

Estimates of 42 for stdWT and InWT using the sire-
dam DHGLM with H did not differ from those with A,
which is in line with estimates of 42 for uniformity of
piglet birth weight obtained using either A or only the
genomic relationship matrix (G) [42], while lower esti-
mates were reported for environmental variance of
somatic cell score in dairy cattle when using G compared
to A [43]. The similarity of the estimates of /42 obtained
by using A or H in this study can be explained by the very
similar estimated residuals (proxy of uniformity) between
non-genotyped and genotyped animals when using
the sire-dam model with A and H. The sire-dam model
only exploits relationships between sires and dams and
does not exploit the full potential of the genotype-based
relationships between animals, and especially between
full-sibs. In contrast, residuals of genotyped animals
estimated by using the animal model were more differ-
entiated when either A or H was used, and likely more
accurate than estimates of residuals for non-genotyped
animals. However, in a DHGLM analysis, the sire-dam
model provides less biased (co)variance components
than the animal model [14], likely because of the depend-
ence between estimates of the breeding value and resid-
ual of an individual, which are obtained from the same
phenotype of body weight. The use of genomic relation-
ships combined with numerator relationships is expected
to reduce the dependency between EBV and estimated
residuals because the EBV are more accurate. There-
fore, we performed the animal DHGLM with H but the
model did not converge when the variance components
were estimated, which may be due to (1) the dependency
between EBV and estimated residuals for body weight
remaining high, or (2) the difficulty to disentangle genetic
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Fig. 2 Boxplots of estimated breeding values for standardized body weight (stdWT) and its uniformity from genotyped animals by family. The
breeding values were estimated using the animal double hierarchical generalized linear model. Green boxplots are estimated breeding values (EBV)
using the A matrix and red boxplots are genomic estimated breeding values (GEBV) using the H matrix. The x-axis represents family identification

Table 3 Average Pearson, Kendall and Spearman correlations and mean square error prediction from a 10-fold cross-val-
idation based on the sire-dam double hierarchical generalized linear model® when using pedigree (A) or combined pedi-
gree and genomic relationships (H) and standard or log-transformed phenotypes

Transformation Relationship Body weight Uniformity of body weight
Pearson MSEP Pearson Kendall Spearman MSEP
Standardized A matrix 03720013 0.7240%021 0.1920033 0.1280021 0.17800%0 0.6250086
H matrix 0.4430017 06820071 0.2710018 0217007 0317002 0.608°%82
Logarithm A matrix 0.396%01° 0.82300% 0.378003? 0.1820010 0263002 0.936%08
Hmatrix 0440001 081300 038300 020300 0294000 0.94400%

@ The variance components from the sire-dam double hierarchical generalized linear model were converted to the animal double hierarchical generalized linear
model and were used in the 10-fold cross-validation. Relationship = relationship matrix, where A refers to pedigree-based relationship matrix and H refers to
combined genotyped and non-genotyped relationship matrix. The predictability was calculated as the Pearson, Kendall and Spearman correlations between marked
phenotype and predicted breeding value. MSEP was scaled by the phenotypic variance of corresponding traits

effects from the common environmental effects for uni-
formity of body weight.

The standard errors of 42 estimates were high, which
may be due to the large variation in family size (4 to 54).
According to Hill and Mulder [30], large family sizes or
repeated measurements are recommended for estimating
the genetic heteroscedasticity of traits. The optimal full-
sib family size is 39 with a GCV of 39% and an 42 of 0.36
[18]. The use of H did not affect the standard errors of the
h2 estimates, which does not agree with previous studies,
for example Veerkamp et al. [44] reported lower standard

errors of h?% estimates for dry matter intake, milk yield,
and body weight of heifers when using genomic relation-
ships with an animal model. One possible explanation
could be that the benefit of using the genomic relation-
ship matrix may be limited when the sire-dam DHGLM
is applied, since the variance of genomic relationships
between sires (0.02) was very similar to the variance of
numerator relationships between sires (0.01). In contrast,
the variance in genomic relationships between animals
(0.01) was much larger than the variance of numera-
tor relationships between animals (0.004). Hence, the
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SE of /2 estimates may be lower when using an animal
DHGLM with a genomic relationship matrix, compared
to the numerator relationship matrix. Nevertheless, in
our study, it was not possible to investigate this phenom-
enon since the log-likelihood did not converge for the
animal DHGLM with H.

The GCV of uniformity for stdWT was substantial
(48.0%), which indicates high potential for response to
selection. This result is in the upper range of previous
findings in fish species (17.4 to 64.0%) [4, 8, 1416, 19]
and in terrestrial animals (10.0 to 58.0%) [6, 9-13, 42].
After accounting for scale effects by logarithm trans-
formations, the GCV for uniformity was reduced but
still substantial (29.5 to 29.9%), which was also reported
in previous studies on Atlantic salmon [14], rainbow
trout [8], rabbit, and pig [45]. Thus, scale effects affect
estimates of genetic parameters for uniformity of body
weight considerably, but there is genetic variation for
uniformity beyond the scale effect.

Genomic information slightly increased the GCV of
uniformity of stdWT (from 48.0 to 52.3%). In contrast,
genomic information did not influence the GCV for uni-
formity of InW'T (29.8%). Since estimates of genetic param-
eters obtained with A and H were similar, the GCV for body
weight remained similar, which is in agreement with the
previous comparison between A (GCV = 11.0 to 12.0%)
and G (GCV = 10.0 to 11.0%) for uniformity of birth weight
of piglets using a dam model [42].

Genetic and genomic predictions

In this study, we used the Pearson correlation of EBV
and GEBV with adjusted phenotype as the measure of
predictive ability. The use of H instead of A in the ani-
mal DHGLM significantly improved the ability to pre-
dict breeding values for stdWT (19%) and its uniformity
(41.1 to 78.1%). Furthermore, the use of the animal
DHGLM instead of the sire-dam DHGLM significantly
increased the predictive ability of EBV and GEBV for uni-
formity (see Additional file 2: Table S1), as expected.

Our findings indicate that ssGBLUP with an animal
DHGLM can increase the accuracy of EBV for uniform-
ity substantially compared to pedigree-based BLUP.
However, after accounting for scaling effects by using
log transformations, the use of H compared to A only
slightly improved the correlation (1.6 to 13.9%) and
MSEP between GEBV and adjusted phenotypes, and the
improvement was not significant. There are two main
reasons why these results differed between uniformity
of stdWT and InWT. First, log-transformation substan-
tially reduced the genetic correlation of stdWT with its
uniformity. As a result, any increases in predictive abil-
ity of GEBV of InWT when using H instead of A (15.7%)
did not positively influence the predictive ability of GEBV

of its uniformity. Second, the lower additive genetic
variance and 42 for uniformity after accounting for scale
effects reduces the accuracy of EBV for uniformity. Con-
sequently, MSEP increased from 0.63 (stdWT) to 0.94
(InWT) with A and from 0.61 (stdWT) to 0.94 (InWT)
with H in the animal DHGLM.

The accuracy of genomic selection is expected to
increase when the number of genotyped animals in the
reference population increases for any trait [46] but in
particular for lowly heritable traits, such as uniformity as
shown by Sell-Kubiak et al. [42] and somatic cell score by
Mulder et al. [43]. In this study, uniformity of InWT had
an even lower /2 than uniformity of stdWT. The number
of genotyped animals in the reference population used
for cross-validation was on average equal to 1274, which
may have limited the benefit of using genomic informa-
tion in ssGBLUP. A future empirical study should inves-
tigate the effect of the number of genotyped animals in
the reference population on the ability to predict breed-
ing values for uniformity to validate our findings and
conclusions.

Pearson or rank correlations?
Squared residuals or adjusted phenotype for uniformity
(/) are exponentially rather than normally distributed,
which may not justify quantifying predictive ability using
a Pearson correlation. Thus, we also calculated distribu-
tion-free rank correlations (Kendall and Spearman) and
indeed found estimation of the predictive ability for uni-
formity to be sensitive to the type of correlation used.
Although not significantly different, Kendall and Spear-
man correlations explained differences in predictive ability
of EBV and GEBYV for uniformity of InWT slightly better
than the Pearson correlation. Hence, the conclusion that
the benefit of using genomic relationship for computing
EBV for uniformity of logarithm transformations is lim-
ited remained the same when using Kendall and Spear-
man correlations. Colwel and Gillett [47] showed that, in
general, estimates of Kendall correlations are similar to
estimates of Spearman correlations, but in some cases, the
magnitude of Spearman correlations can be 50% greater
than the magnitude of Kendall correlations [47]. This is in
line with our findings since Spearman correlations were
42.2 to 49.0% and 39.1 to 46.1% greater than Kendall cor-
relations for the sire-dam DHGLM (see Additional file 2:
Table S1) and the animal DHGLM, respectively. Neverthe-
less, the SE of Kendall correlations were notably lower by
approximately 50% than the SE of Pearson and Spearman
correlations, which indicates that the Kendall correlation
may be a more reliable estimate of predictive ability than
the Pearson and Spearman correlations. Hence, it is rec-
ommended to use Kendall instead of Pearson correlations
when studying predictive ability for uniformity.
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Selection for uniformity

For fish breeding, major goals are to increase mean body
weight and reduce variability (more uniformity) of body
weight. Nevertheless, definitions of uniformity of stdWT
and InWT are not the same. From a biological point of
view, genetic variation for environmental canalization
can be quantified after the scale effect is accounted for.
However, from an animal breeding point of view, uni-
formity on the observed scale explains the actual range
of fish sizes that are processed by aquaculture industries.

Selection for body weight and uniformity may be
challenging because the genetic correlation between
body weight and its variability is high and positive, and
sometimes approaches 1. A general observation is that
the genetic correlation between log-transformed body
weight and its variability is zero or even negative, allow-
ing selection to simultaneously increase transformed
body weight and reduce variability. Therefore log-trans-
formed body weight and its variability could be included
in a selection index. This would require knowledge of the
genetic correlation between variability of stdWT and var-
iability of InWT, which is not available. Hence, we used
the sire-EBV and sire-GEBYV, obtained from BLUP and
ssGBLUP with the animal DHGLM, to calculate the Pear-
son correlations between EBV for the trait and its vari-
ability. Pearson correlations between EBV for variability
of stdWT and EBV for variability of InW'T were positively
moderate with BLUP (0.48) and ssGBLUP (0.68). The
Pearson correlation between EBV for stdWT and EBV for
its variability was close to 1 with either BLUP (0.96) or
ssGBLUP (0.97), while the Pearson correlation between
EBV of InWT and its variability was —0.24 for BLUP and
-0.005 for ssGBLUP. Not surprisingly, the Pearson corre-
lation between EBV for InWT and EBV for stdWT was
highly positive (0.82). These Pearson correlations suggest
that variability of InWT should be included in the selec-
tion index because the GEBV for variability of InWT are
positively correlated with GEBV for variability of stdWT,
which indicates that selection against variability of InW'T
will indirectly reduce variability on the observed scale.
Furthermore, GEBV for variability of InWT are not cor-
related to GEBV for InWT and thus selection against var-
iability of InWT will not indirectly reduce InWT.

To elucidate responses to selection for body weight and
its variability, we performed truncation selection on sires
based on their GEBV from the animal DHGLM with ssG-
BLUP. The breeding goal could include body weight and
variability on the observed scale and their economic val-
ues (v): viBVgawt — V2BVyariability, 4+ While, based on
the Pearson correlations discussed above, the selection
index (I) could include InWT and its variability with their
relative weighting factors (b):

I = b1GEBViqnwt — b2GEBVyariability, 1 -
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Selecting the 10% best sires on an index with b; of
0.3, i.e., I1=03% GEBV]nWT — 0.7 % GEBVvariabilityanT
provides almost no genetic gain in variabil-
ity of stdWT (—0.001) but positive genetic gain in
stdWT (3.62% of mean body weight in g). In con-
trast, a selection index, based on breeding goal
traits:I = 0.52 % GEBVstdWT — 0.48 % GEvaariabﬂitYstd\X/T’
provides zero genetic gains for both stdWT and its vari-
ability, showing no possibility to achieve genetic gain
on body weight while maintaining stable phenotypic
variability. Nevertheless, the genetic gain in stdWT was
much greater (17.32% of mean body weight in g) when
variability was not included in the selection index. There-
fore, although it is possible to increase body weight
while keeping variability constant, there is a trade-off in
genetic gain for body weight when selecting for reduced
variability.

Conclusions

The use of the animal DHGLM instead of the sire-dam
DHGLM substantially increased the predictive ability
for breeding values of uniformity, because the animal
DHGLM fully exploits the relationships between full-
and half-sibs. When using the animal DHGLM, the use of
a combined numerator and genomic relationship matrix
significantly increased the predictive ability for breeding
values of uniformity of body weight, but only a slight and
non-significant increase was observed after accounting
for the scale effects by using transformed body weights.
The small increase in predictive ability with transformed
body weights may be due to lower heritability for uni-
formity of transformed body weight, a lower genetic cor-
relation between transformed body weights and their
uniformities, and/or a small number of genotyped ani-
mals in the reference population. The use of a Kendall
correlation provided the lowest SE of predictive ability
for uniformity and provided a more accurate estimate of
predictive ability for uniformity over Pearson and Spear-
man correlations. In conclusion, the use of ssGBLUP
increases the accuracy of breeding values for uniformity
of harvest weight, which is expected to increase response
to selection in uniformity.

Additional files

Additional file 1: Figure S1. Estimated breeding values for standard-
ized body weight and its uniformity based on sire-dam DHGLM. The data
provided represent the boxplot of estimated (genomic) breeding values
of genotyped animals based on sire-dam DHGLM when using pedigree
(A) or combined pedigree and genomic relationships (H).

Additional file 2: Table S1. Cross-validation based on sire-dam DHGLM.
The data provided represent the results from 10-fold cross-validations
based on sire-dam DHGLM.
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Selection for environmental variance

of litter size in rabbits

Agustin Blasco ®, Marina Martinez-Alvaro', Maria-Luz Garcia?, Noelia Ibafiez-Escriche’

and Marfa-José Argente?

Abstract

Background: In recent years, there has been an increasing interest in the genetic determination of environmental
variance. In the case of litter size, environmental variance can be related to the capacity of animals to adapt to new
environmental conditions, which can improve animal welfare.

Results: We developed a ten-generation divergent selection experiment on environmental variance. We selected
one line of rabbits for litter size homogeneity and one line for litter size heterogeneity by measuring intra-doe phe-
notypic variance. We proved that environmental variance of litter size is genetically determined and can be modified
by selection. Response to selection was 4.5% of the original environmental variance per generation. Litter size was
consistently higher in the Low line than in the High line during the entire experiment.

Conclusions: We conclude that environmental variance of litter size is genetically determined based on the results of
our divergent selection experiment. This has implications for animal welfare, since animals that cope better with their
environment have better welfare than more sensitive animals. We also conclude that selection for reduced environ-

mental variance of litter size does not depress litter size.

Background

In recent years, there has been increasing interest in
the genetic determination of environmental variance.
The reasons are summarized by Morgante et al. [1] and
Sorensen et al. [2]. In evolutionary genetics, how phe-
notypic variance is maintained under several models
of selection is a key issue. For example, Zhang and Hill
[3] examined models for maintenance of environmental
variance under stabilizing selection, in which pheno-
types near the optimum are selected and, consequently,
less variable genotypes are favored. In medical genetics,
there are several foci of interest, such as differences in the
penetrance of risk alleles [1] or the evolution of health
indicators over time [2]. In animal and plant genetics,
selection to reduce environmental variance can lead to
more uniform products without compromising future
genetic progress, since genetic variance of the trait is not

*Correspondence: ablasco@dca.upv.es

! Institute for Animal Science and Technology, Universitat Politécnica de
Valéncia, Valencia, Spain

Full list of author information is available at the end of the article

affected [4]. In addition, genetic uniformity can be useful
for production traits; for example, homogeneity of birth
weight within litters in rabbits is related to higher viabil-
ity of the kits [5].

In the case of litter size, which is a trait directly related
to fitness, environmental variance can be related to
the capacity of animals to cope with new environmen-
tal conditions. Females with less adaptable genotypes
are more sensitive to diseases and to stress and show a
higher degree of variability in litter size [6—8]. Selection
to reduce environmental variance would produce animals
that cope better with their environment, which is a defi-
nition of animal welfare [9].

There is evidence that environmental variance is under
genetic control in several species. Most of this evidence
is indirect, because it comes from analyses of databases
and not from experiments designed to assess the genetic
determination of environmental variance (litter size in
sheep [10] and pigs [11], birth weight and stillbirth in
pigs [12], weight in snails [13], birth weight in mice [14],
uterine capacity in rabbits [15], weight in poultry [16]
and beef cattle [17], milk yield of dairy cattle [18], and
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weight in trout [19] and salmon [20]). Other evidence of
the existence of a genetic component for environmental
variance comes from a few experiments on inbred lines
of Drosophila melanogaster [1] and from only two selec-
tion experiments on birth weight, in rabbits [21] and
mice [22]. Models used to analyze environmental vari-
ance were reviewed by Hill and Mulder [23]. They are
highly parametrized and not robust; for example, Yang
et al. [24] showed that small deviations from normal-
ity in the residuals can substantially change estimates of
genetic parameters.

In the experiment reported in this paper, we avoided
the use of complex models of environmental variance by
directly selecting for this trait as an observed trait. Envi-
ronmental variance of litter size can be directly recorded
by computing the intra-doe variance of litter size. Since
the genetic determination of litter size is approximately
the same for all parities of a rabbit doe and permanent
effects are the same along parities [25], the intra-doe phe-
notypic variance represents the environmental variance if
no other systematic environmental effects are acting. We
developed a divergent selection experiment on intra-doe
phenotypic variance as a measure of environmental vari-
ance of litter size.

Methods

Animals

The rabbits used in this study came from a maternal syn-
thetic line created from commercial crossbred animals
[26]. The rabbits were bred at the farm of the Universidad
Miguel Herndndez of Elche. Reproduction was organized
in discrete generations. Does were first mated at 18 weeks
of age and thereafter 10 days after parturition. They were
under a constant photoperiod of 16:8 h and controlled
ventilation. The animals were fed a standard commercial
diet. All experimental procedures were approved by the
Committee of Ethics and Animal Welfare of the Miguel
Hernandez University, according to Council Directives
98/58/EC and 2010/63/EU.

Selection for environmental variance

A divergent selection experiment on environmental vari-
ance of litter size was carried out across 10 generations.
Each divergent line had approximately 125 females and
25 males per generation. Data from 12,174 litters from
2769 does were used in the experiment. The average
number of litters per doe was 4.5, ranging from 2 to 9
(Fig. 1).

Selection was based on environmental variance of litter
size, V,, which was calculated as the within-doe variance
of litter size after litter size was pre-corrected for year-
season and three levels of parity-lactation status: first
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parity, other parities for lactating females, and other pari-
ties for non-lactating females, to avoid systematic effects
that could affect the variance. The intra-doe phenotypic
variance represents the environmental variance for litter
size under the assumption that the genetic determination
is approximately the same for all parities of a rabbit doe
and the permanent effects are the same across parities
[25]. Variance V, for each doe was calculated using the
minimum quadratic risk estimator:

1 n
> i -
n+1 ;

where x; is the pre-corrected litter size of a doe’s par-
ity i, and # is the total number of parities of the doe (n
varying from 2 to 9). This estimator has lower risk (lower
expected mean square error) than that of maximum like-
lihood (ML) or restricted maximum likelihood (REML)
[27]. The environmental variance of litter size without
pre-correction was also calculated.

All dams were ranked based on their estimate of
intra-doe variance of litter size, without using pedi-
gree information for genetic evaluation. Only dams
with four or more parities were considered for selec-
tion. Selection candidates came from females that had
four or five parities, with some exceptions. The best
20% dams were used to breed the next generation. Each
sire was mated with five dams and one male progeny
from the best dam that a sire was mated to was selected
to breed the next generation. This within-male family
selection was performed in order to reduce inbreeding.
Selection was based on the individual record of each
female.

Ve =
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Statistical analysis

Response to selection was estimated as the difference
between lines in each generation. These differences
between lines were analyzed using a simple linear model
with a line-generation effect:

y=Xb +¢,

where vy is a vector with one record per doe, i.e. its envi-
ronmental variance V,, and b is a vector of the line-
generation effect. This linear model has heterogeneous
variances, because not all does had the same number
of litter size records, so V. is calculated based on differ-
ent numbers of parities. The weights for taking this into
account were calculated as [28]:

2n—-1) ,
=1 o
(n+1)?*°

where 7 is the number of parities of each doe and o2 the
residual variance. To check the robustness of the model,
the same analysis was performed with homogeneous
variances, which led to the same results with small varia-
tions in the confidence intervals.

Response to selection was also estimated as the average
of the genetic values in each generation by using a mixed
model with generation as a fixed effect and the breed-
ing value of each doe as a random effect. Breeding values
were assumed normally distributed with variance Aa,f,
where A is the pedigree-based relationship matrix and o2
is the variance of the breeding values. In this model, the
generation effect captures systematic changes in environ-
ment over generations.

Correlated response in litter size was estimated as the
differences in litter size between lines in each generation.
It was analyzed using a standard mixed model with fixed
effects of line-generation, parity-lactation status (first
parity, and lactating or not at mating in other parities)
and year-season, along with a random permanent envi-
ronmental effect across parities for each doe, which was
assumed normally distributed.

Bayesian analyses were performed to fit the above mod-
els, with bounded flat priors for all unknowns. Features of
the marginal posterior distributions were estimated using
Gibbs sampling. After some exploratory analyses, we
used a chain of 60,000 samples for differences between
lines with a burn-in period of 10,000; only one of every 10
samples was saved for inferences. For the genetic analy-
ses, we used a chain of 1,000,000 samples, with a burn-in
of 500,000; only one of every 100 samples was saved for
inferences. Convergence was tested using the Z criterion
of Geweke [29], and Monte Carlo sampling errors were
computed using time-series procedures, as described
in [30]. In all Bayesian analyses, the Monte Carlo stand-
ard errors were small and lack of convergence was not
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detected by the Geweke test. Special software code was
developed for analyses of differences between lines and
the program TM was used for the genetic analyses [31].

Results

Descriptive results

Table 1 summarizes the descriptive features of the traits
in the base population. We estimated intra-doe phe-
notypic variance by pre-correcting for the effects of
year-season and parity-lactation status (first parity, and
lactating or not at mating in all subsequent parities).
Pre-correction had little effect with environmental vari-
ance before (V;) and after pre-correction (V,) being prac-
tically the same. In both cases, environmental variances
were highly variable, with a large standard deviation and
high coefficient of variation, which helps explain the large
response to selection, which will be presented below. The
median of the environmental variance differs from its
mean, showing that its distribution is asymmetrical, as
expected (Fig. 2a). Although normality is not required
for comparison of means when the sample size is mod-
erate or large, we applied a normalizing transformation
to the environmental variance. We chose the square root
because it has a biological interpretation, i.e. environ-
mental standard deviation (SD,). For this trait, the mean
and median were similar (Table 1; Fig. 2b). The distribu-
tion of the number of parities per doe is in Fig. 1.

Response to selection

Response to selection was high and equal to approxi-
mately 4.5% of the mean of the environmental variance
per generation. In generation 10, response to selection
was 1.67 kits?, which is 45% of the original mean, with
a 95% confidence interval of [0.85, 2.53]. In a Bayesian
context, several confidence intervals can be easily esti-
mated. We can provide intervals [k, +00), where k can
be interpreted as a guaranteed value with a determined
probability [32]. The guaranteed value of the environ-
mental variance at 80% probability was 1.32 kits?, which
means that the response was at least 1.32 kits? with 80%

Table 1 Descriptive statistics of the evaluated traits in the
base population

Mean Median SD cv
Ve 3.73 2.72 3.36 0.90
vV, 396 313 3.55 0.90
SD, 1.74 1.65 0.84 048
LS 8.71 9.00 3.01 035

SD, standard deviation; CV, coefficient of variation; Ve, environmental variance of
litter size based on pre-corrected data; V,, environmental variance of litter size
based on uncorrected data; SD,, environmental standard deviation of litter size
based on pre-corrected data; LS, litter size
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Fig. 2 Distribution of environmental variance and standard deviation
of litter size. a Distribution of the litter size environmental variance, Ve
(kits?), b distribution of the litter size environmental standard devia-
tion, SD, (Kits). Both are calculated with pre-corrected data

probability. When the environmental variance was taken
without pre-correcting data, the response in genera-
tion 10 was 1.74 kits?, with a 95% confidence interval of
[0.88, 2.61], and a guaranteed value at 80% probability of
1.36 kits?, showing that pre-correction had a small effect.
The average standard deviation (SD,) had a response of
0.46 kits in generation 10, with a guaranteed value of
0.36 kits at 80% probability.

For each generation, the mean and standard deviation
of the marginal posterior distributions of the differences
between the High and Low lines are plotted in Fig. 3.
Response to selection was higher in the first genera-
tion, likely due to the higher selection pressure applied
(Table 2). In divergent selection experiments, the num-
ber of animals in the base generation is twice the size of
each divergent line, and greater selection pressures can
be applied. Response to selection in each line, which is
derived from the estimated genetic means in each gener-
ation, is shown in Fig. 4, with the corresponding standard
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Fig. 3 Response to selection for environmental variance of litter size.
Differences between the High and Low lines for environmental vari-
ance of litter size calculated with pre-corrected data, V. The means
and standard deviations of the marginal posterior distributions of
the difference between lines are plotted for each generation. Bars
represent the standard deviation of the posterior distribution of the
differences

deviations of the posterior distributions. Selection
appeared to be more successful in increasing environ-
mental variance than in decreasing it, which agrees with
the lower selection differentials that could be applied in
the Low line (Table 2). The differences in genetic means
between lines are consistent with the phenotypic differ-
ences found in Fig. 3, which corroborates the model used.

Correlated response in litter size

Litter size was consistently larger in the Low line than in
the High line throughout the experiment (Fig. 5). In the
last generation of selection, the difference in litter size
between the Low and High lines was 0.80 kits, with a
95% confidence interval of [0.34, 1.26] and a guaranteed
value of 0.60 kits at 80% probability and 0.41 kits at 95%
probability.

Genetic parameters

Heritabilities and genetic correlations of V, and LS
with V; are in Table 3. The heritability of LS was low, as
expected, but the heritability of V, was also low; thus, the
response to selection in V, that was obtained should be
attributed to its large variability (Table 1). The genetic
correlation between litter size variance before and after
pre-correction was near 1, which indicates that the
impact of pre-correction on the genetic determination of
this trait was small. The genetic correlation between V,
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Table 2 Weighted selection differentials for V. (kits?)
by generation

High line Low line
Base population 30 1.5
Generation 1 1.5 0.2
Generation 2 1.7 0.3
Generation 3 29 0.6
Generation 4 1.8 0.2
Generation 5 20 0.9
Generation 6 24 1.0
Generation 7 29 0.8
Generation 8 1.7 0.2
Generation 9 24 04

~@-High line

= =Low line

Genetic trends, Ve (Kits?)

-0.20 l\ \[ [ {
1 e e ~ A
-0.40 J l = l
-0.60 l ‘
0.80
o 1 2 3 4 5 6 71 8 9 10
Generation

Fig. 4 Response to selection for environmental variance of litter size
in the High and Low lines. Genetic means per generation of the litter
size environmental variance calculated with pre-corrected data, Ve.
Bars represent the standard deviation of the posterior distribution of
the genetic means

and LS was almost null, which indicates that selection for
homogeneity does not reduce litter size.

Discussion

There is some evidence in several species that environ-
mental variance can be under genetic control, although
only two selection experiments to investigate this have
been performed, both using selection for birth weight, in
mice [22] and rabbits [21]. A major problem in analyz-
ing environmental variance comes from the complexity
of the models that are often used, which are highly para-
metrized and have nested effects and parameters. Double
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in litter size between the High and Low lines. Means and standard
deviations of the marginal posterior distributions of the difference
between lines are plotted for each generation. Bars represent the
standard deviation of the posterior distribution of the differences
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hierarchical generalized linear models [18, 33, 34] using
residual maximum likelihood and Bayesian nested mod-
els [11, 15] have been proposed to analyze this problem.
These models are not robust, as shown by Yang et al.
[24], who compared genetic parameters after a Box—Cox
transformation to normalize the residuals in litter size
in pigs and uterine capacity in rabbits. These authors
showed that the coefficient of correlation between the
trait and its residual variance changed dramatically as a
result of transformation, when compared to the results
on the untransformed scale, even changing sign in the
case of pig litter size. Here, we used a more straightfor-
ward and robust criterion for selection, the intra-doe
phenotypic variance for litter size, which was consid-
ered as the observed environmental variance for litter
size. Models as simple as those currently used for other
observed traits can then be used to analyze response to
selection.

Environmental variance of litter size was estimated as
intra-doe phenotypic variance for litter size after pre-
correction for season and parity-lactation status. This
pre-correction was made under the hypothesis that sys-
tematic effects can affect environmental litter size vari-
ance of does; for example, a doe that has more parities
during one season could have a smaller environmental
variance than a doe that has parities across several sea-
sons. The same could occur with the parity-lactation
effect; it is well known that there is an effect of first parity
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Table 3 Genetic parameters
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h? HPD95% rg HPD95% o HPD95%
Ve 008 0.05,0.11
7z 0.09 005,0.13 0.99 0.97,1.00 097 0.967,0.972
LS 0.10 008,0.13 —006 —031,021 —009 —0.14,-003

h?, heritability; HPD95%, high posterior density interval at 95%; rq, genetic correlation with V,; r, phenotypic correlation with Ve; Ve, environmental variance of litter size
based on pre-corrected data; V,, environmental variance of litter size based on uncorrected data; LS, litter size

on litter size when compared with other parities (Fig. 6);
failing to consider this would cause overestimation of the
environmental variance of females that have few pari-
ties. Nevertheless, in our data, these effects were so small
that we would have obtained almost the same genetic
response if these corrections had not been considered,
since the genetic correlation between environmental var-
iance with and without pre-corrected data was almost 1
(Table 3). Since the number of parities per doe was not
large, variance estimators did not give the same result.
We decided to estimate intra-doe variance using the best
quadratic estimator; i.e. the one with the smallest risk.
Response to selection was estimated in two ways: as
phenotypic differences between lines in each generation
and as genetic trends from the estimated genetic means.
All methods that are based on genetic means (best lin-
ear unbiased prediction—restricted maximum likeli-
hood or Bayesian methods) are model-dependent, and
the genetic trends depend directly on the genetic param-
eters used [35, 36]; for example, if the narrow-sense her-
itability is overestimated because dominant and epistatic
components are not considered in the model, a higher
genetic trend and a decreasing environmental trend will

Litter size

o 1 2 3 4 s & 7 8 8
Parity Number
Fig. 6 Average litter size by parity (kits)

be observed. The advantage of the simple phenotypic
difference between the High and Low lines is that they
are independent of any model; whether there are major
genes, dominance or other effects, the difference between
lines is only due to genetic causes, since they were bred
and raised in the same environment. When the pheno-
typic differences are coincident with the estimates based
on a genetic model, the genetic model is corroborated
(in the Popper sense [37], i.e. the model has more sup-
port for the results obtained). Conversely, the advantage
of using genetic means is that we can observe the evolu-
tion of the genetic means in each line separately. Result-
ing responses to selection by line (Fig. 4) indicated some
asymmetry in responses, with selection appearing less
successful in the Low line than in the High line. There
are many reasons that can explain asymmetrical response
to selection (for example, Falconer and MacKay [38] list
eight different reasons); here, the trend towards more
homogeneity in litter size tends to reduce the possibility
of high selective pressure.

The line selected for low environmental variance of
litter size resulted in larger litter size in all generations
than the High line. Estimating the correlation between
the mean and the variance of a trait has been the goal of
several studies, with various results. A negative relation-
ship between the mean of a trait and its environmental
variance was detected for litter size in pigs [11, 34], for
litter size and litter weight at birth in mice [14, 39], for
weight gain in mice [40], for uterine capacity in rabbits
[15], and for body weight in broiler chickens [41]. By con-
trast, no relationship between mean and environmental
variance was found for slaughter weight in pigs [42] or for
birth weight in rabbits [21, 43], and a positive correlation
between mean and environmental variance was found for
body weight in snails [13] and broiler chickens [16] and
for body conformation in broiler chickens [16]. There has
been some controversy about the validity of the analyses
of genetic parameters when environmental variance is
estimated with highly parametrized models, such as the
model of San Cristobal et al. [44]. Yang et al. [24] showed
that the negative genetic correlation between uterine
capacity in rabbits and its residual variance reported by
Ibanez-Escriche et al. [15] became almost null when the
residuals were normalized. In our case, the estimate of
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the genetic correlation between V. and LS was almost
null, which agrees with the results of Yang et al. [24] for
uterine capacity in rabbits, a trait that is closely related to
litter size [45]. However, as we have seen, litter size was
consistently larger in the Low line than in the High line
throughout the experiment, which is compatible with a
low negative genetic correlation within the limits of the
high posterior density interval at 95% (HPD95%). The
important result is that selection for homogeneity does
not seem to reduce litter size of does.

The line selected for litter size homogeneity also tol-
erated external stressors more effectively than the line
selected for litter size heterogeneity. The High line had
a higher subclinical immune response, which is related
to a greater sensitivity to diseases or to less tolerance to
common microorganisms in the farm microenvironment
[46], and after vaccination, the Low line had a quicker
and higher response to invading agents [6, 7]. Response
to stress was also better in the Low line; after injection
of the stressing agent adrenocorticotropic hormone, the
High line had a higher cortisol level, thus a higher level
of stress than the Low line. The High line also showed
higher hepatic activity [8]. Thus, in general, the High line
was more sensitive to stress and had a lower immune
response to infections. This has consequences on disease
resistance but also on animal welfare, since animals that
cope more effectively with their environment have better
welfare than animals that are more sensitive.

Conclusions

This is the first experiment of selection on the environ-
mental variance of litter size and the first experiment in
which selection has been directly performed on envi-
ronmental variance as an observed trait. We conclude
that the environmental variance of litter size is geneti-
cally determined, based on the result of our divergent
selection experiment. This has consequences on animal
welfare, since animals that cope better with their envi-
ronment have better welfare than more sensitive animals.
We also conclude that selection for reduced litter size
variability does not depress litter size.
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Abstract

Background: Understanding the history of cattle breeds is important because it provides the basis for developing
appropriate selection and breed improvement programs. In this study, patterns of ancestry and admixture in Afri-
kaner, Nguni, Drakensberger and Bonsmara cattle of South Africa were investigated. We used 50 K single nucleotide
polymorphism genotypes that were previously generated for the Afrikaner (n = 36), Nguni (n = 50), Drakensberger
(n =47) and Bonsmara (n = 44) breeds, and for 394 reference animals representing European taurine, African taurine,

African zebu and Bos indicus.

Results and discussion: Our findings support previous conclusions that Sanga cattle breeds are composites
between African taurine and Bos indicus. Among these breeds, the Afrikaner breed has significantly diverged from its
ancestral forebears, probably due to genetic drift and selection to meet breeding objectives of the breed society that
enable registration. The Nguni, Drakensberger and Bonsmara breeds are admixed, perhaps unintentionally in the case
of Nguni and Drakensberger, but certainly by design in the case of Bonsmara, which was developed through cross-
breeding between the Afrikaner, Hereford and Shorthorn breeds.

Conclusions: We established patterns of admixture and ancestry for South African Sanga cattle breeds, which pro-
vide a basis for developing appropriate strategies for their genetic improvement.

Background

South Africa is richly endowed with indigenous cattle
breeds, among which are the Afrikaner, Nguni and Drak-
ensberger breeds. These breeds played important roles
in the social, cultural and economic development of the
country [1]. Previously, Makina et al. [2] described these
breeds as being genetically distinct from the European
Bos taurus breeds (Angus and Holstein) and as hav-
ing genomic regions associated with tropical adaptation
[3]. Therefore, they may hold potential for production in
harsh and fluctuating South African environments based
on their adaptation to the nutritional, parasitic, and

*Correspondence: somakina@gmail.com

! Agricultural Research Council-Animal Production Institute, Private Bag X
2, Irene 0062, South Africa

Full list of author information is available at the end of the article

pathogenic challenges they are faced with. These breeds
are not endangered and have reasonable effective popu-
lation sizes [4—6]. Given their adaptive characteristics,
they are potentially valuable to breeding programs in
other regions that face biological stresses such as famine,
drought or disease epidemics [7]. Furthermore, there is a
worldwide drive for the effective management of indig-
enous genetic resources, which includes these breeds [7].

Afrikaner and Nguni cattle were brought to Southern
Africa by the Khoi-Khoi people who migrated south-
wards from the African Great Lakes region between 600
and 700 AD [1]. Summers [8] postulated that ancestors
of Afrikaner cattle migrated very quickly along the east-
ern side of Southern Africa to the current Western Cape
and western parts of the Northern Cape. Ancestors of
Nguni cattle are believed to have moved southward in the
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African continent at a much slower pace [8]. Afrikaner,
Nguni and Drakensberger are classified as Sanga cattle
and are thought to result from crossbreeding between
thoracic-humped Lateral Horned zebu and humpless
Egyptian Longhorn cattle [9-11]. The initial admixture
probably occurred when African taurine cattle migrated
south from Egypt and the Sudan, and indicine cattle
migrated to the eastern seaboard of Africa from Arabia
and India [9, 11]. However, Bisschop [12] suggested that
Sanga cattle originated from crosses between humpless
Egyptian Longhorn and short-horned B. taurus brachy-
ceros. The cross-section of the horns of Egyptian Long-
horn are oval, which is similar to those of Afrikaner
cattle, while those of B. taurus brachyceros are round as
in Nguni cattle [12].

Based on analyses with microsatellite markers, Hanotte
et al. [11] and Freeman et al. [13] predicted that Sanga
cattle resulted from the crossbreeding of African taurine
and zebu cattle around 700 AD, which was confirmed
by studies based on single nucleotide polymorphisms
(SNPs) [14-18]. However, in spite of these studies,
the genetic composition of South African Sanga cattle
remains uncertain [19]. The genetic distance between
cattle breeds appears, at least in part, inversely related
to the geographic proximity of their origin [20]. Hanotte
et al. [11] and Freeman et al. [13] also found that the
extent of genetic introgression of zebu cattle across
the African continent decreases from eastern to west-
ern Africa. MacHugh et al. [21] reported that the cattle
breeds from the tsetse-infested areas of West and Central
Africa had limited or no zebu ancestry, which concurs
with their susceptibility to trypanosomiasis [21].

Genomic characterisation of South African Sanga cat-
tle is a first step towards the development of appropri-
ate breeding and selection strategies for these breeds.
Makina et al. [2] characterized the relationships between
the Afrikaner, Nguni, Drakensberger and Bonsmara
breeds using Angus and Holstein as reference breeds,
without including any other indicine or African taurine
cattle. The limited number of breeds analyzed precluded
detection of patterns of co-ancestry or admixture in the
South African Sanga breeds. Thus, the aim of our study
was to provide a more precise analysis of patterns of
admixture and ancestry in the Afrikaner, Nguni, Drak-
ensberger and Bonsmara cattle of South Africa using
a subset of data that were generated for cattle breeds
worldwide [14-17].

Methods

Description of samples and quality control

Genotypes for four South African Sanga cattle breeds
[Afrikaner—AFR (n = 36), Nguni—NGU (n = 50),
Drakensberger—DRA (n = 47) and Bonsmara—BON
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(n = 44)] originated from previous studies [2, 3, 6]. They
were generated using the Illumina BovineSNP50 Bead-
Chip v2, which features 54,609 SNPs distributed across
the bovine genome with an average spacing of 49.9 kb
[16]. These data were combined with genotypes from an
additional 394 reference animals representing European
taurine cattle i.e. Shorthorn (SH), Hereford (HFD), Sim-
mental (SM), Limousin (LM), Angus (AN) and Holstein
(HOL), African taurines i.e. N'Dama (NDAM), Somba
(SOM), Kuri (KUR), Lagune (LAG) and Baoule (BAO),
African zebu i.e. Ankole-Watusi (ANKW), Boran (BOR)
and Sheko (SHK), East African zebu i.e. short-horned
zebu (ZEB) and zebu Bororo (ZBO), and Bos indicus i.e.
Brahman (BR), Nelore (NEL), Bhagnari (BAG) and Gir
(GIR). Samples from these reference individuals were
obtained with permission (see [22]) and were selected
based on their land of origin and previous characteriza-
tion. These samples originated from the following stud-
ies: Gautier et al. [14]; The Bovine HapMap Consortium
[15]; Matukumalli et al. [16]; Decker et al. [17]; Gautier
et al. [23]; and Decker et al. [24]. Additional file 1: Table
S1 provides breed names and acronyms, number of indi-
viduals per breed, sampling area, land of origin and ref-
erences to the original studies from which the samples
came from.

These data were merged in PLINK [25] and autosomal
SNPs that were common to all datasets were retained.
This resulted in 35,155 SNPs and 548 individuals after
removing SNPs with a MAF lower than 0.005, a call rate
lower than 0.98 and individuals with more than 5% miss-
ing genotypes.

Genetic relationships and population structure

Patterns of admixture and relationships among South
African Sanga cattle in relation to the 20 reference
breeds were determined using principal component
analysis [26] implemented in the SNP Variation suite
(SVS 8.1; Golden Helix Inc., Bozeman, Montana) and
variational Bayesian inference as implemented in fast-
STRUCTURE [27]. The data were evaluated for K values
ranging from 2 to 20 to evaluate ancestry proportions
from K ancestral populations assuming a simple non-
informative prior. The K} and Kjyc* metrics from fast-
STRUCTURE were used to determine the appropriate
values of K for the population structure explained by
the dataset. The K metric is the value of K, which maxi-
mizes the log marginal likelihood lower bound and the
Kyc* metric is the minimum value of K that explains
almost all of the ancestry in the dataset. Outputs from
fastSTRUCTURE [27] were plotted using the GENESIS
software [28]. To further test for evidence of admixture
in South African Sanga cattle, ancestry graph [29], three-
population (f3) [30, 31] and four-population (fi) tests
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[30, 32] implemented in TreeMix [29] were also used.
The maximum likelihood tree (ancestry graph) [29] was
first built for all 24 populations (see Additional file 2: Fig-
ure S1), after which, migration events were sequentially
added to the tree until no more meaningful increases in
the proportion of variance explained were observed (see
Additional file 3: Table S2).

Results

Principal component analysis

The principal component assessment agreed with previ-
ous findings, which partitioned bovine breeds into three
distinct groups representing European taurines, African
taurines and indicines [14—18, 23, 24] (Fig. 1). Afrikaner
and Nguni cattle were situated on the gradient between
the indicine and African taurine breeds, but more
towards the latter. The Bonsmara and Drakensberger
breeds clustered towards the centre of the triangle, which
suggests that they have three ancestries (European tau-
rine, African taurine and indicine).

Population structure analysis

Allowing for three ancestral populations (K = 3) (Fig. 2)
supported the classification of bovine populations into
three distinct groups i.e. European taurine, African tau-
rine and Bos indicus. This analysis predicted that the
composition of Afrikaner cattle was approximately
70% African taurine and 28%, indicine, while that of
Nguni was 60% African taurine, 30% indicine, and 10%

European taurine. Predicted compositions of Bonsmara
and Drakensberger were 41 and 46% European taurine,
42 and 38% African taurine, and 16 and 15% indicine,
respectively.

Increasing K from 3 to 5 assigned Afrikaner individu-
als into a single cluster and suggested that 97% of the
Afrikaner genome was not shared with any of the refer-
ence breeds. The remaining 3% ancestral portion of the
Afrikaner genome was shared with the African zebu
breeds (1.6%) and with the African taurine and indicine
reference breeds (<1%). Also at K = 5, Nguni, Drakens-
berger and Bonsmara remained admixed with a distinct
genome component that was shared with African zebus
(ZBO, ZEB, ANKW, SHK and BOR) and Kuri (a hybrid
between African taurine and indicine populations [14]),
but absent from indicines (BR, NEL, GIR, with the excep-
tion of BAG < 1%) and African taurines (NDAM, LAG,
SOM and BAO). We note that the distinct component in
BAG was only observed in a few individuals, which sug-
gests that it may have been introduced through unsuper-
vised crossbreeding.

Increasing K to 7 separated European taurines into
breed clusters and confirmed that the genetic composi-
tion of Bonsmara included Afrikaner (40%), Shorthorn
(33%), African zebu (19%) and Hereford (5%). Drakens-
berger shared ancestry with African zebu (31%), Holstein
(32%), Afrikaner (20%), and Shorthorn, (13%). Nguni was
predicted to be a hybrid between African zebu (60%) and
Afrikaner (30%), with traces of indicine (3%), European
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Fig. 1 Principal component analysis incorporating South African Sanga breeds into a set of 20 worldwide cattle breeds. For full definitions of
breeds (see Additional file 1 Table S1). EV explained variance
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taurine (3%) and African taurine (2%) ancestry. Increas-
ing K further towards the number of populations studied
assigned Drakensberger (K = 9) and Nguni (K = 11) to
discrete clusters.

Ancestry graph

The ancestry graph with 10 migration edges as devel-
oped using TreeMix [29] is in Fig. 3. This graph revealed
the introduction of NDAM or NDAM relatives into the
Nguni and Afrikaner cattle. This finding agrees with the
results from the cluster analyses (K = 3), which indicated
that the Afrikaner and Nguni cattle received approxi-
mately 60 to 70% of their ancestry from African taurine
cattle (Fig. 2). In addition, we observed an admixture
edge between Shorthorn and Bonsmara that was consist-
ent with the history of the development of this breed. The
eight other admixture processes modelled by network
edges were previously characterized by Gautier et al. [14];
The Bovine HapMap Consortium [15]; Matukumalli et al.
[16]; Decker et al. [17]; Gautier et al. [23]; and Decker
et al. [24].

Formal tests of admixture

The three-population statistic f3(A;B,C) [30, 31] tests
for bifurcating tree-like relationships in the evolution of
populations and significant negative values of the f;3 sta-
tistic imply that population A is admixed and is a mixture
of populations related to B and C [30, 31]. In agree-
ment with results from the cluster analyses, we detected
strong evidence of admixture in Drakensberger, Bons-
mara and Nguni cattle. Examining Nguni in conjunction
with any of the populations related to African taurines,
indicines, African zebus, European taurines or Afrikaner
yielded significant tests, for example, f3[NGU;NEL,LAG]
(Z-score = —18.00); f3INGU;BOR,LAG]
(Z-score = —7.15); f3[NGU;AN;AFR] (Z-score = —2.81)
and f3[NGU;SIM,AFR] (Z-score = —2.11). Similarly,
significant negative values were detected for f; statistics
for trios of f3[BON;AFR,SH] (Z-score = —26.89) and f3
[BON;HFD,AFR] (Z-score = —14.93). The three popula-
tion test for Drakensberger revealed that the most signifi-
cant Z-scores were f3[DRA;AFR,SH] (Z-score = —15.28);
f[IDRA;HOL,AFR] (Z-score = —1298) and f3
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Fig. 3 Graph of the inferred relationships between 20 cattle breeds
from the worldwide subset and the South African Sanga cattle
allowing for 10 migration edges. For full definition of breeds (see
Additional file 1: Table S1]

[DRA;ANG,AFR] (Z-score = —12.02). The f3 statistic
failed to detect admixture within the Afrikaner cattle and
agreed with the cluster analyses at K =5 as described
above.

The four population test fi(A,B;C,D) [30, 32] tests
whether (A, B) and (D, C) represent distinct clades in a
population tree. In this test, significant non-zero values
indicate the presence of gene flow between the (A, B) and
(C, D) groups in the tree [30, 32]. In this test, combining
Afrikaner and any of the African zebu or African taurine
breeds yielded the most significant values (see Additional
file 4: Table S3), which suggested gene flow from African
zebu breeds or African taurines into the Afrikaner cattle.
For Nguni, Bonsmara and Drakensberger, the most sig-
nificant non-zero values were obtained when they were
combined with any of the indicine, European taurine,
African taurine and African zebu breeds (see Additional
file 4: Table S3), which indicates the presence of gene
flow between these breeds.

Discussion

This study aimed at unravelling patterns of ancestry and
admixture in South African Sanga cattle. Cluster analy-
sis (K = 3) and the principal component analysis were
mutually supportive and highlighted the presence of
three genetic backgrounds for the populations studied.
The classification of the bovine populations into a trian-
gle-like structure is well-established [14-18, 23, 24]. As
already mentioned, the Nguni and Afrikaner cattle were

observed on the gradient between the indicines and Afri-
can taurines, but more towards the African taurines,
which indicates that the genomes of these breeds include
more African taurine genetic background than indicine
genetic background. This was supported by the propor-
tions inferred by the admixture analysis at K = 3, which
indicated that about 70 and 60% of the Afrikaner and
Nguni ancestries were derived from African taurines. The
detection of a migration edge from NDAM or NDAM
relatives into Nguni and Afrikaner cattle in the TreeMix
analysis provided further support. This larger propor-
tion of ancestry shared between African taurines and
South African Sanga (Afrikaner and Nguni) at K = 3 was
consistent with the hypothesis of selection against sus-
ceptibility to trypanosomiasis, which may have led to a
reduction in the extent of indicine ancestry in the surviv-
ing cattle, since indicine cattle are susceptible to trypano-
somiasis [21, 33, 34].

As expected, Bonsmara and Drakensberger clustered
towards the centre of the triangle in the principal com-
ponent analysis, which suggests that these breeds have
three ancestries (European taurine, African taurine and
indicine). This was supported by the results of the clus-
ter analysis at K = 3, which indicated that the Bonsmara
and Drakensberger breeds were 41 and 46% European
taurine, 42 and 38% African taurine, and 16 and 15%
indicine, respectively. This was further confirmed by the
detection of strong evidence for admixture by the three
and four population tests (f3 [30, 31] and fi [30, 32])
when these breeds were examined in conjunction with
European taurines, African taurines and indicines. These
results are consistent with the histories of the develop-
ment of these breeds. The Bonsmara breed was devel-
oped at the Mara and Messina research stations between
1937 and 1963 under the guidance of the late Professor
Jan C. Bonsma [35]. The aim was to produce a local breed
that was well adapted to sub-tropical environments and
had superior production compared to Afrikaner cattle.
Five types of crosses were tested with Afrikaner cattle
that included Red Aberdeen Angus, Hereford, Red Poll,
Shorthorn and Sussex breeds. Pilot trials revealed that
breed compositions including 5/8 Afrikaner and 3/8 Her-
eford or Shorthorn ancestries resulted in increased calv-
ing percentages and weaning weights with reduced calf
mortalities relative to the purebreds [36]. Introgression
of European taurine into the Drakensberger breed could
have occurred due to the association of this breed with
European settlers [1]. In 1837, several “Voortrekker” fam-
ilies (settlers) left Cape Province and traveled north with
herds of similar black oxen that were then called “Vad-
erland” cattle. Most of these trekkers settled along the
Drakensberg Mountain range and among them, the Uys
family is believed to have played a significant role in the
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development of the “Uys-cattle” through strong selec-
tion within their closed herd; the “Uys-cattle” was later
referred to as the Drakensberger breed by the Depart-
ment of Agriculture owing to their prevalence in the pas-
tures of the Drakensberg Mountains [36].

Allowing for five ancestral populations partitioned the
African taurine and indicine admixture ancestry that was
observed in the Nguni, Drakensberger and Bonsmara
breeds (K = 3). With the exception of the African zebus
(ZBO, ZEB, ANKW, SHK and BOR) and the Kuri (hybrid
between African taurine and indicine populations [14]),
this component was unique to the Nguni, Drakensberger
and Bonsmara breeds and absent in indicine (BR, NEL,
GIR) and African taurine (NDAM, LAG, SOM and BAO)
cattle. Thus, the indicine component of African zebu
and Sanga cattle seems to differ from that observed in
other modern indicine cattle (NEL, BR and GIR). We
hypothesize that strong selection within the African con-
text caused the significant divergence between the indi-
cine genome present in African admixed cattle and the
genome of other modern indicine cattle. Alternatively,
the founders of indicine cattle that migrated into Africa
may have differed from those of the modern indicines
used in the analysis.

Afrikaner cattle appear to have diverged from their
ancestral populations and are recognized as a distinct
breed (K > 5), which is likely due to the effects of genetic
drift after admixture and strong selection of animals to
conform to the standards and breeding objectives of the
breed society. Afrikaner is the oldest indigenous cattle
breed in South Africa and was the first indigenous breed
to form a breed society in 1902 [1]. These results are con-
sistent with the higher levels of inbreeding postulated
by Coetzer and Van Marle [37] and detected by Makina
etal. [2].

In agreement with the f3 statistics, the Nguni cat-
tle were predicted to be admixed (K =5 and 7), their
genetic makeup being predominantly African zebu with
traces of indicines, African taurines and European tau-
rines ancestries. The higher proportion of African zebu
ancestry within the Nguni cattle is in agreement with
the previous report by Makina et al. [3], who detected
shared signatures of selection between Nguni and Afri-
can zebu cattle. Historically, Nguni cattle were reared in
extensive communal grazing systems in the presence of
numerous other cattle representing various breeds and
their crosses [38], which may also explain their admix-
ture. The production potential of Nguni was only rec-
ognized in the early 1980s after the introduction of beef
cattle recording schemes and the publication of results
on the characterization of their productivity [39]. The
Nguni breed society was established in 1986 and prior
to this date, Nguni cattle were bred for various practical
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purposes and mated at random, which potentially led to
admixture due to their close association with the indig-
enous people of South Africa and the communal hus-
bandry they practiced [38].

In summary, our analyses support the view that Sanga
cattle are composites of African taurine and Bos indi-
cus [9, 11]. The Afrikaner breed clearly diverged from
its ancestral forebears, probably due to genetic drift and
alternative breeding objectives. The Nguni, Drakens-
berger and Bonsmara breeds are admixed, which was
perhaps unintentional for Nguni and Drakensberger, but
was certainly done by design in the case of Bonsmara that
was developed through crossbreeding of Afrikaner, Her-
eford and Shorthorn.

Conclusions

This study presents a comprehensive genome-wide char-
acterization of South African Sanga cattle and confirms
that South African Sanga cattle originated from African
taurine and Bos indicus. The hybrid origin of Bonsmara
cattle was confirmed and is consistent with the history of
its development. Thus, genome-wide characterization of
these populations has accurately recapitulated the history
of the breeds’ formation [16]. These results improve our
understanding of the composition and origins of South
African Sanga cattle.

Additional files

Additional file 1: Table S1. Description of samples included in the
analyses. This table provides information about the samples used in this
study such as the sample size, samples origin, land of origin and the refer-
ences where the sample were previously characterized.

Additional file 2: Figure S1 Graph of the inferred relationships between
24 cattle breeds without adding migration edges. For full definition of
breeds see Additional file 1: Table S1.This graph shows the genetic rela-
tionship of South African cattle breeds in relation to the cattle breeds of
the world before migration edges were sequentially added.

Additional file 3: Table S2. Explained covariance between populations
for the ancestral graph with 10 migration edges. This data shows the
changes in explained covariance between the populations as the number
of migration edges added to the ancentral graph increases. It shows that
after adding 10 migration edges, no significant changes were oberved in
explained covariance.

Additional file 4: Table S3. Some significant f4 statistics for South African
Sanga cattle. This data shows some of the significant 4 statistics and
indicates the presence of gene flow between these breeds.
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The 1.78-kb insertion in the
3’-untranslated region of RXFP2 does not
segregate with horn status in sheep breeds

with variable horn status

Gesine Liihken', Stefan Krebs?, Sophie Rothammer?, Julia Kiipper', Boro Mio¢?, Ingolf Russ®

and Ivica Medugorac®”

Abstract

Background: The mode of inheritance of horn status in sheep is far more complex than a superficial analysis might
suggest. Observations, which were mostly based on crossbreeding experiments, indicated that the allele that results
in horns is dominant in males and recessive in females, and some authors even speculated about the involvement

of more than two alleles. However, all recent genome-wide association analyses point towards a very strong effect

of a single autosomal locus on ovine chromosome 10, which was narrowed down to a putatively causal insertion
polymorphism in the 3’-untranslated region of the relaxin/insulin-like family peptide receptor 2 gene (RXFP2). The main
objective of this study was to test this insertion polymorphism as the causal mutation in diverse sheep breeds, includ-
ing breeds with a variable and/or sex-dependent horn status.

Results: After re-sequencing a region of about 246 kb that covered the RFXP2 gene and its flanking regions for 24
sheep from six completely horned and six completely polled breeds, we identified the same insertion polymorphism
that was previously published as segregating with horn status in these breeds. Multiplex PCR genotyping of 489
sheep from 34 breeds and some crosses between sheep breeds showed a nearly perfect segregation of the inser-
tion polymorphism with horn status in sheep breeds of Central and Western European origin. In these breeds and
their crossings, heterozygous males were horned and heterozygous females were polled. However, this segregation
pattern was not, or at least not completely, reproducible in breeds with sex-dependent and/or variable horn status,
especially in sheep that originated from even more southern European regions and from Africa. In such breeds, we
observed almost all possible combinations of genotype, sex and horn status phenotype.

Conclusions: The 1.78-kb insertion polymorphism in the 3’-untranslated region of RXFP2 and SNPs in the 3’-UTR,
exon 14 and intron 11 of this gene that we analyzed in this study cannot be considered as the only cause of polled-
ness in sheep and are not useful as a universal marker to define the genetic horn status in sheep.

Background

In sheep, horn status is influenced by sex and varies
between breeds. Castle [1] categorized sheep breeds into
three types, i.e. (1) both sexes carry horns but those of

*Correspondence: ivica.medjugorac@gen.vetmed.uni-muenchen.de

3 Chair of Animal Genetics and Husbandry, LMU Munich, Veterinaerstrasse
13, 80539 Munich, Germany

Full list of author information is available at the end of the article

the females are much smaller (similar to the horn status
of wild sheep in Central Asia); (2) males have well-devel-
oped horns, females are polled (similar to the horn status
of most mouflons that originate from Sardinia [2]); and
(3) both sexes are polled (this is the case for the majority
of domestic sheep breeds). However, regarding the horn
status, many sheep breeds do not fall into these three
categories. For example, in several breeds such as Soay,
Biindner Oberland and Sakiz, and also in the mouflons
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that originate from Corsica [2, 3], males are strictly
horned and females may or may not be horned, while
the reverse is observed in other breeds, e.g. Altamurana
and Red Karaman, with females being strictly polled and
males having or not having horns. Finally, there are some
breeds in which the occurrence of horns varies both in
males and females, for example in some strains of Stein-
schaf and of Pramenka such as Travnicka Pramenka [4].

Another important and complicating feature of the
horn phenotype in some breeds of sheep is the develop-
ment of knobs and scurs, which is sex-dependent and
breed-dependent. Warwick and Dunkle [5] describe
knobs as protrusions from the scull that resemble horn
cores, except that they are usually less than 2.5 cm (1 in.)
high and covered with skin. Scurs have a horn-like cov-
ering but are smaller than normal horns and irregular in
shape. According to these authors, knobs and scurs are
observed in females of Merino-type breeds (including
the Rambouillet breed) in which males are horned and
females are polled. In contrast, in breeds in which both
sexes are polled (e.g. Shropshire, Southdown, and Suf-
folk), depressions in the skull instead of horn cores are
observed in both males and females. It should be men-
tioned at this point that, in some publications, animals
with knobs or scurs are referred to as “horned’, whereas
in others, they are referred to as “polled”

The mode of inheritance of the horn phenotype in
sheep is far more complex than a superficial analysis
might suggest. Already more than 100 years ago, several
studies showed that in crosses between Dorset Horn (a
breed in which both sexes are strictly horned) and com-
pletely hornless (polled) breeds [6-8], only the male off-
spring inherited the horned phenotype. Based on these
observations, Wood [7] stated that horns are dominant in
male sheep and recessive in female sheep. Results from
subsequent studies in the same and other breeds also
suggested that the effects of the horned and polled alleles
differed between male and female sheep, e.g. [9-13].
More recently, Johnston et al. [14] concluded that in the
Soay breed, the mode of inheritance of horns was addi-
tive in ewes and dominant in rams.

In 1912, Arkell and Davenport [15] suggested the
existence of a sex chromosome-linked inhibitor of
horn development, but this hypothesis did not gain
common acceptance. In a back-cross between one F;
Dorset x Rambouillet ram and Merino and Rambouil-
let ewes that carried knobs, Warwick and Dunkle [5]
observed eight individuals with horns and 14 with knobs
among the female progeny, but no individual showed
depressions in the skull instead of horn cores. Because of
this absence of polled sheep with depressions, they con-
cluded that the three genes responsible for the absence
of horns or polledness i.e. H, for Dorset horns ie. H’

(responsible for horns in strictly horned breeds), and for
Merino (and Rambouillet) horns i.e. % (responsible for
sex-dependent horns), are not independent genes but
three alleles at one locus. In the Merino breed, polled-
ness was observed to be produced by an incompletely
dominant gene, P. Polled Merinos were supposed to be
PP or Pp, while Merino rams with horns and ewes with
knobs or short scurs were supposed to be pp [15]. Doll-
ing [16] suggested that a third gene, P/, either an allele of
P/p or closely linked to P and p, was also involved in the
horn phenotype since Peppin Merino ewes carry horns
although in Merino breeds ewes are polled. Based on the
results from a series of crosses between Boder Leicester
and Australian Merino sheep, Dolling [9] concluded that
the genes that cause polledness in these two breeds were
either closely-linked alleles of two loci or were identical
and favored the last interpretation.

In 1996, Montgomery et al. [17] showed that the horn
status in sheep is controlled by a locus on the proximal end
of sheep chromosome OAR10 (OAR for Ovis aries chro-
mosome), and since then several mapping studies have
confirmed and gradually narrowed down the location of
the responsible region [18-20]. As a preliminary result,
Pickering et al. [20] reported that an approximately 3-kb
retrotransposed insertion in the 3’ untranslated region
(UTR) of an unnamed candidate gene was present only in
polled animals. Several whole-genome association analyses
using the Illumina ovine 50K SNP (single nucleotide poly-
morphism) chip to genotype different sheep breeds identi-
fied several SNPs that were strongly associated with horn
status and located between positions 29.36 and 29.51 Mb
on OARI1O0 (the positions refer to the sheep genome assem-
bly Oar_v3.1 and correspond with a region on chromo-
some 10 (NC_019467.2) between 29.34 and 29.49 Mb of
the sheep genome assembly Oar_v4.0); some of these SNPs
were immediately adjacent to or even located within the
relaxin/insulin-like family peptide receptor 2 gene (RXFP2)
(14, 21, 22]. SNP OAR10_29511510.1 was the third most
strongly associated SNP in the study of Johnston et al. [14]
and is located in intron 11 of RXFP2.

Sequence analyses of the promoter region and of all the
exons and their boundaries of the RXFP2 gene on DNA
samples from male and female Tan sheep (that include
horned males and horned, scurred or polled females)
and from males and females of the strictly polled Suffolk
breed allowed the detection of several additional novel
SNPs [23]. Four of these SNPs were located in the coding
sequence of RXFP2 and two of these caused amino acid
substitutions. None of the SNPs segregated with horn
status through a Mendelian mode of inheritance in either
of these breeds. However, one synonymous SNP in exon
14 (c.1125A>@G) was found to be a potential indicator of
the presence or absence of horns in Tan sheep [23].
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Initially, the objective of our study was to test the asso-
ciation between horn status in sheep and the 3-kb inser-
tion polymorphism that was previously identified by
Pickering et al. [20] but not described in more detail and
to prove the need for developing a mapping design across
a wide range of sheep breeds. In order to retrieve the
‘Pickering’ insertion and to test for its postulated mode
of inheritance and the possible existence of additional
polymorphisms in the target region, we re-sequenced
a 246-kb region that included the RFXP2 gene and its
flanking regions in sheep from strictly horned and strictly
polled breeds. During the course of our work, Wiedemar
and Drogemiiller [24] in a study on several Swiss sheep
breeds rediscovered most possibly the same insertion
and showed that it was associated with horn status. Once
our sequencing results had confirmed the results of Pick-
ering et al. [20] and of Wiedemar and Drogemiiller [24],
our primary aim was to test the segregation of this inser-
tion polymorphism in several sheep breeds and in crosses
between breeds with different horn statuses, in particular
breeds with a variable and/or sex-dependent horn status.
Additional SNPs within and near the RXFP2 gene were
tested on a reduced animal dataset to demonstrate the
absence of any direct causal relationship of this gene with
polledness in a wide range of sheep breeds.

Methods

Animal samples and DNA extraction

Collection of the blood samples used in this study was
performed exclusively by local veterinarians during regu-
lar quality control of breeding records (e.g. paternity test-
ing) on the farms, thus no authorization from the ethics
committee was required.

Extraction of genomic DNA from peripheral blood was
done by using either a modified high salt method [25]
or a commercial spin column kit (QIAamp DNA blood
mini, Qiagen, Hilden). DNA was obtained from 489
pure and crossbred sheep, which were sampled in Ger-
many except for three breeds or strains that originated
from Croatia (Cres sheep, Krk sheep and Travnicka Pra-
menka). However, many of the sheep bred and sampled
in Germany have their genetic origin in various regions
of Europe. Figure 1 shows an overview of the sample sets
used and the number of samples per set analyzed with
different molecular genetic methods.

The first sample set included 208 samples from 17
completely polled and 84 samples from eight completely
horned breeds (see details in Table 1). Sample set 2
included samples from 18 sheep that originated either
from one cross between a completely polled breed and
a completely horned breed or from multiple crosses
between completely polled and completely horned
breeds (details in Table 2). The third sample set consisted
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of 179 samples from nine breeds that have heterogene-
ous horn statuses, i.e. that ranged from breeds in which
all males are horned and all females are (usually) polled
to breeds in which both males and females can be polled
or horned (details in Table 3). Some breeds also included
individuals with scurs or horn rudiments. All sheep of
sample sets 2 and 3 were phenotyped for horn status at
an age at which horns are usually developed. In general,
the names of the sheep breeds mentioned in this arti-
cle refer to Mason and Porter [3], except for the breeds
Travnicka Pramenka [4], Alpines Steinschaf and Cam-
eroon sheep (dad.fao.org).

Sequence capture and sequencing of the RXFP2 gene

and its flanking regions

A region of about 246 kb (NC_019467.2:29,331,000-
29,577,000, Oar_v4.0) on OARI10 that included the com-
plete RXFP2 gene (about 60 kb), the region flanking exon
1 and its 3’-UTR (about 185 kb) was sequenced. For this
purpose, 24 DNA samples that included two individu-
als from six completely polled breeds (Bentheimer, East
Friesian, German White Mountain, Pomeranian Coarse-
wool, Rhon, and White Polled Heidschnucke) and six
completely horned breeds (Grey Horned Heidschnucke,
Roux du Valais, Scottish Blackface, Valais Blacknose,
White Horned Heidschnucke, and Wiltshire Horn) were
selected from sample set 1 (Fig. 1).

For the generation of sequencing libraries, 1 pg of
genomic DNA was sonicated (Bioruptor, Diagenode,
Liege) for 25 cycles (30 s on/off at “low” intensity) and
processed with the Accel-DNA 1S kit (Swift Biosciences,
Ann Arbor) according to the manufacturer’s instruc-
tions. The resulting barcoded whole-genome libraries
were pooled in equimolar amounts and hybridized to a
genomic tiling array (Agilent 244 k capture Array, Agi-
lent, Santa Clara; custom designed by e-array, repeat-
masked, 2-bp tiling). Briefly, the libraries were hybridized
for 65 h at 65 °C, washed and eluted with nuclease-free
water for 10 min at 95 °C. The eluted DNA was con-
centrated in a vacuum centrifuge, amplified by PCR (10
cycles at 98 °C for 15 s, 65 °C for 30 s, and 72 °C for 30 s)
and purified on Ampure XP beads. The target-enriched
libraries were sequenced on a Hiseq 1500 instrument
(Ilumina, SanDiego) in paired-end mode with a read
length of 100 nt for each read. Reads were de-multiplexed
and mapped to the reference sheep genome (Oar_v4.0)
using the BWA software package [26]. After removal of
PCR duplicates, variants were called by using the soft-
ware VarScan, which is optimized to detect SNPs and
short indels, and then searched for potential candidate
variants that co-segregated with the horned phenotype
but were absent in polled animals. The insertion poly-
morphism was identified manually using the Integrative
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Total:

34 sheep breeds
489 samples

Sample set 1:

17 completely polled breeds
208 samples

8 completely horned breeds
84 samples

24 samples

Sample set 2:

Single crossing of completely
polled x completely horned breed
8 samples

Multiple crossings of completely

polled x completely horned breeds
10 samples

Sample set 3:

9 variable and/or sex-
limited horned breeds
179 samples

(12 polled,
12 horned)

all samples

all samples l

l all samples 161 samples 161 samples

Capture sequencing
~246 kb including RXFP2

16 samples

Sanger sequencing

Genotyping 1.78 kb
insertion polymorphism
in RXYFP2 3°-UTR
(multiplex PCR)

Genotyping SNP Genotyping SNP
rs421908034 rs414104606
in RXFP2 3‘-UTR in RXFP2 exon 14
(ACRS-RFLP) (RFLP)

~2.3 kb of RXFP2 3°-UTR

Fig. 1 Overview of samples and molecular genetic methods used

Genomics Viewer software (IGV, http://www.software.
broadinstitute.org/software/igv/). Because of the manual
process used for the IGV analyses, they were very time-
consuming, thus we focused mainly on the sequence data
of some previously published regions within the 246-kb
region.

To identify the chromosomal segment that segregates
with polledness in sheep, all informative SNPs [with a
minor allele frequency (MAF) higher than 0.05] were
filtered out from the data obtained in the VarScan pro-
cess. For each SNP, the major allele that was present in
the 12 polled animals, i.e. the case group, was identified
and their average frequencies were estimated separately
for the polled and horned groups using 20-kb sliding
windows. Finally, the Fgr-values were estimated based
on the allele frequencies of the same 20-kb windows and
graphically represented. The identical by descent (IBD)
region was then defined as the region showing F¢-values
higher than 0.3159 (mean Fg-value plus one standard
deviation).

Determination of the exact sequences of the identified
variations in the 3’-UTR of RXFP2 by Sanger sequencing
In order to determine the exact sequence of two vari-
ants that had been identified in the 3’-UTR of RXFP2
by targeted sequencing, primers F1 and R1 (see Addi-
tional file 1: Table S1) and standard PCR conditions were

used to amplify two fragments of about 500 bp from the
DNA of two individuals from completely horned breeds
(Roux du Valais and Valais Blacknose) and of about
2.3 kb from the DNA of two individuals from completely
polled breeds (Bentheimer and Rhon). These PCR prod-
ucts were sequenced (Eurofins Genomics, Ebersberg) on
both strands using the same PCR primers. In order to
obtain the complete sequence of the insertion, additional
sequencing reactions with primers F3 and F4 (see Addi-
tional file 1: Table S1) were performed on PCR products
from polled sheep only. The resulting chromatograms
were analyzed with the software ChromasPro version
1.33 (Technelysium Pty Ltd, Tewantin) and compared
with the GenBank reference sequence of ovine RXFP2,
NC_019467.2 (based on the sheep genome assembly
Oar_v4.0).

To distinguish between ancestral and derived alleles,
we performed multiple sequence alignment of the region
that surrounds the variable site in the 3'-UTR of RXFP2
of whole-genome sequences of seven Bovidae using
NCBI’s blast server (http://www.blast.ncbi.nlm.nih.gov/
Blast.cgi) with default settings (Megablast).

Genotyping of ancestral and derived alleles in the 3’-UTR
of RXFP2 by multiplex PCR

To determine the ancestral and derived alleles of the
3/-UTR of RXFP2 that segregated with horn status
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in the 24 sequenced samples of sample set 1, a multi-
plex PCR was designed and applied to all 489 samples
of sample sets 1, 2 and 3: if the insertion was present,
primer pairs F1/R1, F1/R2 and F2/R1 (see Additional
file 1: Table S1) were expected to produce fragments
of 2286, 389 and 676 bp, respectively, but if the indi-
vidual carried the ancestral allele (without the inser-
tion), primer pair F1/R1 was expected to amplify a
fragment of only 506 bp. PCR amplifications were
carried out according to the manufacturer’s standard
protocol for the Promega Go Taq polymerase (Pro-
mega, Mannheim) in a 15-pL reaction volume that con-
tained the four primers (6 pmol of primer F2, 4 pmol
of each of the other three primers), 1.0 mM MgCl, and
10 to 50 ng of genomic DNA. PCR conditions were as
follows: 2 min at 95 °C followed by 33 cycles at 95 °C for
30 s, 60 °C for 45 s and 72 °C for 1 min, and a final elon-
gation step at 72 °C for 10 min. After electrophoresis in
a 1.5 % agarose gel stained with Midori Green Advance
as recommended by the manufacturer (Biozym Scien-
tific, Hessisch Oldendorf), PCR products were detected
using UV light.

Genotyping of a SNP in the 3’-UTR of RXFP2

by amplification-created restriction site-restriction
fragment length polymorphism (ACRS-RFLP) analysis

A 104-bp fragment that included an A/G substitution in
the 3’-UTR of RXFP2 at position NC_019467.2:29,432,846
(rs421908034) was amplified using the forward primer
5-CAAGCCAAAAAGGTGAATGG-3' and the reverse
primer 5-GTGGAGCAGCAGCTTTGAAAT-3'. The
reverse primer included a mismatch nucleotide (under-
lined) to create a restriction site for the restriction
enzyme Hpyl88I in the presence of allele G. PCR amplifi-
cations were carried out according to the manufacturer’s
standard protocol for the Promega Go Taq polymerase
(Promega, Mannheim) in a 25-uL reaction volume that
included forward and reverse primers (10 pmol of each),
2.0 mM MgCl, and 10-50 ng of genomic DNA. PCR con-
ditions were as follows: 1.5 min at 95 °C followed by 35
cycles at 95 °C for 15 s, 56 °C for 20 s and 72 °C for 30 s,
and a final elongation step at 72 °C for 5 min. After elec-
trophoresis on a 3.0 % agarose gel stained with Midori
Green Advance (as above), PCR products were detected
using UV light. PCR products of 61 samples from sam-
ple set 3 (that comprised the Wallachenschaf, Dorper,
and Cameroon breeds) were incubated with HpyI88I as
recommended by the manufacturer (New England Bio-
labs, Ipswich, MA). Expected sizes of the fragments after
digestion were 104 bp if allele A was present and 82 and
22 bp if allele G was present.
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Genotyping of a SNP in exon 14 of RXFP2 by restriction
fragment length polymorphism (RFLP) analysis

A fragment that included the synonymous SNP
c.1125A>G in exon 14 of RXFP2 was amplified as
described by Wang et al. [23]. However, based on the
ovine genome sequence, the resulting fragment was
expected to include 754 bp instead of the 765 bp that
were indicated by Wang et al. [23]. PCR products of 61
samples from sample set 3 (that included the Walachen-
schaf, Dorper and Cameroon breeds) were incubated
with Hpyl88I (as above). Expected sizes of the fragments
after digestion were 726 and 28 bp if allele A was present
and 429, 297 and 28 bp if allele G was present.

Analysis of genotyping data for SNP OAR10_29511510.1

in breeds with a fixed horn status

The International Sheep Genomics Consortium (ISGC)
[22] produced genotyping data for 49,034 SNPs, includ-
ing SNP OARI10_29511510.1 (rs413264476) that is
located within intron 11 of RXFP2, on 2819 individuals
that represent a diverse collection of 74 sheep breeds.
However, the horn status of each individual is not avail-
able for this data. Thus, among the genotyped breeds, we
selected those with a fixed, breed-specific horn status,
which included breeds that are completely polled or com-
pletely horned as well as breeds with a fixed sex-depend-
ent horn status (all males horned, all females polled). The
horn status of the breeds was retrieved from relevant
publications such as Mason and Porter [3], online breed
databases (e.g. DAD-IS, dad.fao.org) and information
provided by breeding organizations. Breed names were
those indicated by the ISGC.

Results

Sequence capture and Sanger sequencing results
Alignment of sequence data generated from a 246-
kb region that included the RXFP2 gene and part of
the flanking regions from 24 sheep samples of sample
set 1 showed efficient enrichment of the target region
(>100x coverage) and revealed an insertion polymor-
phism of about 2 kb in the 3'-UTR of RXFP2. Besides
this manually-detected insertion polymorphism, only
one SNP (A/G) at position NC_019467.2:29,432,846
(rs421908034) passed the automated filtering process
and remained as a putative causal candidate based on the
VarScan results. This SNP is located 214 bp away from
the insertion polymorphism and Fig. 2 shows that it is
positioned close to the beginning of the estimated IBD
region. The insertion was absent in the 12 sheep from
horned breeds, whereas among the sheep from com-
pletely polled breeds, 11 were homozygous and only a
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single female Pomeranian Coarsewool individual was
heterozygous for the insertion. The nearby 3’-UTR SNP
rs421908034 showed exactly the same genotype distribu-
tion (12 horned sheep GG, 11 polled sheep AA, and one
polled Pomeranian Coarsewool sheep AG). Sequence
data of all 24 samples were deposited in the SRA archive
(http://www.ncbi.nlm.nih.gov/Traces/sra/; accession
number SRP057491).

Sanger sequencing of a 2286-bp PCR fragment
obtained with primer pair F1/R1 and DNA from com-
pletely horned and completely polled breeds revealed
that the exact size of the insertion segregating with
polledness is 1780 bp (Fig. 3a). This insertion is between
positions 29, 433, 060 and 29, 434, 923 bp in the refer-
ence sequence NC_019467.2 (Oar_v4.0). This part of
the ovine RXFP2 reference sequence includes a stretch
of 83 bp (NC_019467.2:29,434,159-29,434,241) that was
absent from the sequence of all polled sheep analyzed in
this study. In addition, all sequenced polled sheep were
homozygous for 13 single nucleotide substitutions and
one single nucleotide deletion compared to the reference
sequence. Another homozygous nucleotide substitu-
tion that was located upstream of the 1.78-kb insertion
was identified in all sequenced sheep. Both the 83- and
the 1-bp deletion were also observed in polled sheep by
Wiedemar and Drogemiiller [24]. Sequences with and
without the 1.78-kb insertion including all substitutions
and deletions not present in the NC_019467.2 (Oar_v4.0)
reference sequence were submitted to GenBank (http://
www.ncbi.nlm.nih.gov/nucleotide; accession numbers
KX084522 and KX084523).

Multiple sequence alignment of the region that sur-
rounds the variable site in the 3’-UTR of RXFP2 to
whole-genome sequences of seven Bovidae showed that
the 1.78-kb insertion is detected only in the sheep ref-
erence genome (which originates from a polled Texel
sheep) and not in any of the reference genomes of horned
Bovidae (see Additional file 2: Figure S1). This clearly
confirmed that the 1.78-kb insertion is a derived allele.
In the following sections and tables, we refer to the two
alleles of the 3’-UTR of RXFP2 as derived (der, with the
1.78-kb insertion) and ancestral (anc, without the inser-
tion) alleles.

Genotyping results of the 1.78-kb insertion polymorphism
in the 3’-UTR RXFP2

The established multiplex PCR proved to be a useful
tool to determine the three possible genotypes anc/anc,
anc/der and der/der (Figs. 3b, c) and was used to geno-
type all individuals of the three sample sets. In sample
set 1, 204 sheep from completely polled breeds were
homozygous der/der, whereas one Pomeranian Coarse-
wool female and three Barbados Black Belly females

were heterozygous anc/der. In contrast, all 84 sheep
from completely horned breeds were homozygous
anc/anc. There was no disagreement between the mul-
tiplex PCR genotypes and the 24 sequencing results
(Table 1).

In sample set 2 (Table 2), the eight single crossbred
sheep were the progeny of der/der sires from completely
polled breeds (East Friesian or Merinolandschaf) mated
with anc/anc females from the completely horned breed

Table 1 Genotypes at the insertion polymorphism
in the 3’-UTR of RXFP2 for sheep from completely polled
and completely horned breeds (sample set 1)

Horn status Breed Genotypes (n)
of breeds
anc/anc anc/der der/der
Completely polled  Barbados Black Belly 3?
Bentheimer® 4
Charollais
Coburger 18
East Friesian 20
(White)®
German Black- 20
headed Mutton
German Brown 4
Mountain
German White 20
Mountain®
lle de France 3
Merinolandschaf 20
Pomeranian Coarse- 18 18
wool®
RhonP 20
Rouge du Roussil- 4
lon
Shropshire 4
Suffolk 17
Texel 20
White Polled 2
Heidschnucke®
Completely horned  Grey Horned 26

Heidschnucke®
Racka
Roux du Valais®
Scottish Blackface® 18
Soay*©
Valais Blacknose® 18

White Horned
Heidschnucke®

Wiltshire Horn® 2

anc ancestral allele, der derived allele (with the 1.78-kb insertion), n number
2 Female(s)

5 Two animals of this breed were also used for sequencing

¢ Originating from a completely horned population
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Table 2 Genotypes at the insertion polymorphism in the 3’-UTR of RXFP2 for crossbreds between completely polled

and completely horned sheep breeds (sample set 2)

Cross Crossed breeds Horn status of the animals  Sex Genotypes (n)
anc/anc  anc/der  der/der
Single cross East Friesian (white) x Grey Horned Heidschnucke Horned Male 3
Polled Female 3
Merinolandschaf x Grey Horned Heidschnucke Horned Male 2
Multi cross Completely polled breeds x completely horned breeds ~ Horned Female 3
Polled Female 4 2
Horned? Female 1

anc ancestral allele, der = derived allele (with the 1.78-kb insertion), n number

@ Horn rudiments

Grey Horned Heidschnucke. As expected, all single
crossbred sheep were heterozygous anc/der. All males
were horned and all females were polled. Among the 10
female progenies from multiple crosses between com-
pletely polled breeds and completely horned breeds
(Table 2), all three possible genotypes were observed.
Horns were observed only in sheep with the genotype
anc/anc, whereas polled sheep had genotypes der/der
or anc/der. However, horn rudiments were detected in a
single heterozygous anc/der individual.

In contrast to our observations for completely polled
and completely horned breeds and their crosses, the
ancestral and derived alleles of the 3'UTR of RXFP2
did not segregate with horn status in most of the sheep
breeds of sample set 3 with sex-dependent or variable
horn status (Table 3). Although all nine horned Cam-
eroon rams were homozygous anc/anc, all 11 polled
ewes of this breed were also anc/anc. Similarly, 13 polled
Travnicka Pramenka ewes and one polled Cres ewe were
homozygous anc/anc. However, all 47 genotyped sheep of
the breeds Dorper and Bovec-like were monomorphic for
the derived allele, although 18 individuals (males as well
as Bovec-like females) were horned and 12 additional
sheep of both sexes had scurs or horn rudiments. In the
Walachenschaf, Alpines Steinschaf and Bavarian Forest
breeds, discrepancies regarding the segregation of ances-
tral and derived alleles with horn status were not as obvi-
ous as in Cameroon, Travnicka Pramenka, Dorper and
Bovec-like sheep. The discrepancies mostly concerned
heterozygous individuals and/or the occurrence of scurs
or horn rudiments in males and females (Table 3).

Genotyping results of the SNP in the 3’-UTR RXFP2

Besides the 24 sheep for which sequence capture and
sequencing were available, 61 sheep from sample set 3
from a breed with sex-dependent horns (Cameroon) and
from two breeds with variable horn status (Walachen-
schaf and Dorper) were also genotyped for the SNP in the

3’-UTR of RXFP2 (rs421908034) (see Additional file 3:
Table S2). In most (59) of the 61 analyzed sheep, allele A
segregated with the derived allele and allele G with the
ancestral allele. Only two Cameroon sheep (one polled
female and one horned male) that were heterozygous
(AG) for this SNP but homozygous anc/anc were in con-
tradiction with perfect LD between both mutations in the
3/-UTR of RXFP2. The presence of all three genotypes at
the rs421908034 SNP in horned male sheep excluded a
direct causal relationship with polledness in the over-
all sheep population. Therefore, genotyping of the SNP
in the 3’-UTR of RXFP2 was not pursued further in this
study.

Genotyping results for the SNP in exon 14 of RXFP2

The 61 sheep of the same sample set 3 were also geno-
typed for the SNP in exon 14 of RXFP2 (rs414104606).
As for the insertion polymorphism and the SNP in the
3'-UTR of RXFP2, all 24 Dorper sheep were homozygous
AA for this SNP, although this group contained horned,
polled and scurred male sheep as well as scurred female
sheep (see Additional file 3: Table S2). In the Cameroon
breed, the most common genotype was AA with some
heterozygous AG sheep. These two genotypes were
found in horned males as well as in polled females. In
13 horned Walachenschaf individuals, all three possible
genotypes (AA, GG and AG) at SNP rs414104606 were
observed. For the 24 sheep for which sequence capture
and sequencing were performed, all polled animals were
homozygous AA, 11 horned sheep were homozygous GG,
and one horned female was heterozygous AG. Therefore,
as for the SNP in the 3/-UTR of RXFP2, genotyping of the
SNP in exon 14 was not pursued further.

Genotype distribution of SNP OAR10_29511510.1 in intron
11 of RXFP2

Among the 74 international sheep breeds that were gen-
otyped for the SNP OAR10_29511510.1 in intron 11 of
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Table 3 Genotypes at the insertion polymorphism in the 3’-UTR of RXFP2 for sheep from breeds with variable horn status

(sample set 3)

Horn status of breed

Breed

Sheep (n) Horn status of animals Sex

Genotypes (n)

anc/anc anc/der der/der

Variable horn status of males and
females

Variable horn status of males and
females

Males horned, females variable

Males horned, females usually polled
Males horned, females usually polled

Variable horn status of males and
females

Variable horn status of males and
females

Variable horn status of males and
females

Males horned, females polled

Bavarian forest

Alpines Steinschaf

Walachenschaf

Cres sheep
Krk sheep
Travnicka Pramenka

Bovec-like (Krainer Steinschaf)

Dorper

Cameroon sheep

W — OV N W Oy 0 — 00 W — U1 L1 NV L1 U1 NI DD DD W N W ULt — 00— N OO W N D — = W O

Horned Male 6 3

Horned Female 1 2

Horned? Female 1

Polled Male 1
Polled Female 3 1
Scurred Male 2

Scurred Female 3

Horned Male

Horned Female

Horned" Male 2

Polled Male 1

Polled Female 7 1
Scurred Male 1
Horned Male 4 1

Horned Female 5

Horned"® Female 2 1

Polled Female 1 1

Polled Female 3
Horned Male 2

Horned Female 12

Horned" Female 6 1

Polled Male 4 1
Polled Female 13

Scurred Female 2

Horned Male 5
Horned Female 5
Horned® Male 1
Polled Male 3
Polled Female 8
Scurred Female 1
Horned Male 8
Polled Male 6
Scurred Male 3
Scurred Female 7
Horned Male M

Polled Male 1

Polled Female 10 2

anc ancestral allele, der = derived allele (with 1780 bp-insertion), n number

@ Right horned, left scurred
5 Horn rudiments

RXFP2, reliable information about the horn status was
available for 38 breeds (28 breeds completely polled, 5
breeds with horned males and polled females, 5 breeds
completely horned). Figure 4 shows the assignment to
one of the three horn status groups, the number of geno-
typed sheep and genotype frequencies for each breed.

Among the 28 completely polled breeds, all except seven
breeds were monomorphic for genotype GG. For the
seven non-monomorphic breeds, we estimated frequen-
cies of genotype AG that ranged from 0.01 (Australian
Suffolk) to 0.08 (Scottish Texel), but no homozygous
AA sheep were detected. The distribution of SNP
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1.0

0.6

Polled major allele frequency/FST
0.4

29350000 29400000 29450000 29500000 29550000 29600000
Position on chromosome 10

Fig. 2 Fg-values and frequencies of the major allele of the sequence of the captured region. In order to define the chromosomal segment that
segregates with the polled phenotype within the sequenced region obtained by sequence capture, frequencies of the polled major allele were esti-
mated in both groups (polled vs. horned) separately and averaged over 20-kb sliding windows (black: polled and gray: horned). Fs-values (red curve)
were estimated based on the allele frequencies of the same 20-kb windows. The gray box outlines F-values that are higher than 0.3159 (mean
Fsvalue plus one standard deviation). In addition, the position of the RXFP2 gene is indicated as a black line below the curves (thin line: introns and
thick line: exons). The insertion polymorphism is indicated as a red line on the edge of RXFP2. From left to right, the positions of SNPs rs421908034
(3-UTR), rs414104606 (exon14) and OAR_29511510.1/rs413264476 (intron 11) are indicated with arrows

a insertion (1780 bp)
A

2286 bp
(not produced under PCR conditions applied)

r

506 bp

D

389 bp

Fig. 3 Genotyping of the ancestral (anc) and derived (der) alleles in the 3/-UTR of RXFP2 by multiplex PCR. a Nucleotides at the start and end posi-
tions of the 1.78-kb insertion (derived allele) in the 3’-UTR of RXFP2. Arrows indicate the locations of the forward (F1, F2) and reverse (R1, R2) primers.
b Regions and sizes of PCR products expected from multiplex PCR with primers F1, F2, R1 and R2. € Agarose gel of the PCR products obtained with
primers F1, F2, RT and R2 and DNA samples from sheep with genotypes der/der (lane 1), anc/der (lane 2) and anc/anc (lane 3). Lane 4 = DNA size
marker GeneRuler™ 100 bp Plus DNA Ladder (ThermoFisher Scientific, Schwerte)

OAR10_29511510.1 genotypes was similar for breeds and 0.12 were estimated in the Rambouillet and Ethio-
with horned males and polled females with three breeds  pian Menz breeds, respectively). In contrast, three of the
having genotype GG and two breeds that included some five completely horned breeds were homozygous AA and
individuals with genotype AG (AG frequencies of 0.01 no homozygous GG sheep were detected (Fig. 4). In the
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Fig. 4 Genotype frequencies at SNP OAR10_29511510.1 for 38 international sheep breeds belonging to different horn status categories. In order
g ype freq p ging g
to compare the genotype frequencies at SNP OAR10_29511510.1 in intron 11 of RXFP2, 38 breeds with reliable information about their horn status
were chosen from the 74 international sheep breeds genotyped by the International Sheep Genome Consortium [22]. Assignment to one of the
three horn status categories (‘completely polled’, "horned rams and polled ewes” and ‘completely horned”), numbers of genotyped sheep (after the
breed name, in brackets) and genotype frequencies (%) are provided for each breed

Tibetan and the Dorset Horn breeds, the frequencies of
genotype AG were 0.11 and 0.29, respectively.

Table 4 provides the sex of the sheep that were geno-
typed for SNP OAR10_29511510.1 from completely
polled and completely horned breeds that were not
monomorphic and from all five breeds with horned males
and polled females. Animals with genotype AG occurred
in both sexes and 17 males from completely polled breeds
and six females from completely horned breeds were also
heterozygous AG. Moreover, Table 4 shows that nearly
all males from breeds with horned rams and polled ewes
were homozygous GG.

Discussion

Segregation of the 1.78-kb insertion polymorphism in the
3’-UTR of RXFP2 with horn status

Targeted sequencing of the RXFP2 gene and its flanking
regions in 24 sheep from 12 different either completely
polled or completely horned breeds allowed us to iden-
tify the same insertion polymorphism within the 3’-UTR
of RXFP2 that was recently shown to segregate with
horn status in Swiss breeds by Wiedemar and Drogemiil-
ler [24]. Sequence comparisons with other horned Bovi-
dae confirmed this insertion as the derived allele. In
both studies, completely horned breeds were shown to
be fixed for the ancestral allele without the insertion
in the 3/-UTR of RXFP2. In contrast to the Swiss study

in which all sheep from completely polled breeds were
monomorphic for the insertion, we detected four ewes
from completely polled breeds (Barbados Black Belly
and Pomeranian Coarsewool) that carried the insertion
on only one chromosome. However, under the hypoth-
esis that horns are dominant in the male and recessive
in the female [7], heterozygous ewes are expected to be
polled and hence in agreement with the breed’s standard
horn status. The relative high proportion of heterozy-
gous sheep (3 out of 10) among the Barbados Black Belly
sheep may not be representative since all investigated
samples of this breed originated from a single small
breeding flock and thus the ewes were related to each
other.

A sex-limited effect of the derived allele became even
clearer after genotyping sheep that originated from
single or multiple crosses between completely polled
breeds and completely horned breeds: male sheep with
the genotype anc/der were horned, whereas female
sheep with this genotype were polled. This is in agree-
ment with previous studies on crossed sheep [6-8].
However, the fact that we identified a single female
sheep with horn rudiments, which originated from mul-
tiple crosses between polled and horned breeds, and a
polled Cameroon ram (atypical for this breed) that both
had the genotype anc/der disputed complete association
(Tables 2, 3).
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Table 4 Genotypes at SNP OAR10_29511510.1 for sheep
from completely polled, sex-dependent horned, and com-
pletely horned sheep breeds

Horn status of breed  Breed Sex Genotypes
(n)
AA AG GG
Completely polled Australian Poll Merino  Male 0 5 93
Australian Suffolk Male 0 1 108
Comisana Female 0 5 93
East Friesian Brown Male 0 0 15
Female 0 1 23
Irish Suffolk Male 0 1 38
Female 0 0 16
Rasa Aragonesa Male 0 1 3
Female 0 1 17
Scottish Texel Male 0 9 31
Female 0 4 36
Males horned, females  Ethiopian Menz Male 0 1 17
polled Female 0 3 13
Bangladeshi Garole Male 0 0 6
Female 0 O 18
Garut Male 0 0 8
Female 0 0 14
Indian Garole Male 0 0 4
Female 0 0 22
Rambouillet Male 0 1 75
Female 0 O 26
Completely horned Dorset horn Male 31 0
Female 12 5 0
Tibetan Male 19 3 0
Female 14 1 0

n number

Similarly, two sheep breeds that originated from South-
ern Germany (Alpines Steinschaf and Bavarian Forest)
further challenged the segregation of the insertion in the
3’-UTR of RXFP2 with the polled phenotype (Table 3). In
summary, for these breeds both the effect of the anc/der
genotype on the one hand and the scurs/horn rudiments
phenotype on the other hand showed no regular pat-
tern. In addition, we observed one male Alpines Stein-
schaf with scurs that was homozygous for the der/der
genotype.

Among our samples, those that originated from even
more southern European regions (Bovec-like sheep, Cres
sheep, Travnicka Pramenka and Walachenschaf) as well
as from Africa (Dorper and Cameroon sheep) provided
additional evidence that challenged a causal relationship or
segregation of the insertion polymorphism in the 3’-UTR
of RXFP2 with horn status. In these breeds, we observed
almost all possible combinations of genotypes, sex and
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horn status phenotypes (Table 3). Only polled males with
the anc/anc genotype were not observed, which could be
due to the lower proportion of sampled polled males (10 %)
in the three relevant Southern European sheep breeds.

Based on our results, the insertion polymorphism in
the 3’-UTR of RXFP2 appears to segregate with horn sta-
tus only in certain sheep breeds, such as the completely
polled and completely horned breeds, and (up to a cer-
tain degree) in some breeds with variable horn status.
In other breeds with variable horn status in both sexes
or with a sex-dependent horn status, this segregation is
not observed. Furthermore, our results suggest that the
perfect LD between the insertion polymorphism and
the horn phenotype is gradually eroded in the Southeast
European and African breeds as the spatial distance to
the North and Central European breeds with fixed horn
status increases. However, the absence of anc/anc polled
males should not be considered as trivial because with-
out this combination, we cannot definitely exclude the
1.78-kb insertion as one of maybe several causal contrib-
utors to the complex polled phenotype in sheep.

Segregation of the SNPs in the 3/-UTR and exon 14

of RXFP2 with horn status

In addition to the genotypes that were obtained by
sequence capture and sequencing of 24 sheep, both
candidate SNPs (rs421908034 and rs414104606) were
also genotyped in 61 sheep from breeds with variable
and sex-dependent horn statuses. As shown in Table S2
(see Additional file 3: Table S2), LD between these two
SNPs and the 1.78-kb insertion is nearly perfect. Allele
G of SNP rs421908034 in the 3'-UTR of RXFP2 forms
a haplotype with the ancestral allele (without the inser-
tion), whereas allele A is linked with the derived allele
(with the insertion). Results for only two Cameroon
sheep disagree with a perfect LD between these two
closely located (214 bp) mutations. The synonymous SNP
(rs414104606) in exon 14 of RXFP2 is located further
away (11.1 kb) from the insertion in the 3’'UTR of this
gene. Consequently, genotyping results suggest an addi-
tional deviation from perfect LD between both candidate
mutations. Genotyping results showed that Dorper sheep
were monomorphic for genotype AA, although horned,
scurred and polled phenotypes were involved. Moreover,
segregation of SNP rs414104606 with horn status was not
observed in the two other genotyped breeds with variable
(Walachenschaf) and sex-dependent (Cameroon sheep)
horn statuses. In addition, the alleles of SNP rs414104606
and the insertion polymorphism in the 3’-UTR of RXFP2
segregated predominantly in opposite phases in these
two breeds (see Additional file 3: Table S2). In accord-
ance with our results, Wang et al. [23] also observed that
sheep from a completely polled breed (Suffolk) carried
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genotype AA at SNP rs414104606. They also identified a
polled female Han sheep with genotype GG, which adds
another sheep breed with variable horn status to the
group of breeds in which this SNP does not segregate
with horn status.

Segregation of SNP OAR10_29511510.1 with horn status
By re-analyzing SNP genotyping data provided by
the ISGC, we made the same observations for SNP
OAR10_29511510.1 in the intron of RXFP2. On the one
hand, this SNP segregated perfectly with horn status in
21 completely polled and in three completely horned
breeds (polled: GG, horned: AA). According to our obser-
vation that horn status is sex-dependent in polled and
completely horned sheep breeds that are heterozygous
for the insertion polymorphism in the 3'-UTR of RXFP2,
sheep that are heterozygous for SNP OAR10_29511510.1
would fit their breed’s standard horn status only if all het-
erozygous animals were either female (polled breeds) or
male (horned breeds). However, among the completely
polled breeds, five breeds included males with genotype
AG and two completely horned breeds included females
with genotype AG (Table 4). Even more significant
was the identification of 110 male sheep with genotype
GG at SNP OAR10_29511510.1 from five breeds with
horned males and polled females (Table 4). If the geno-
type GG segregates with polledness, those males would
be expected to be polled. This clearly contrasts with their
breed standard that defines males as consistently horned.
Admittedly, the individual horn status of these sheep was
not known. Thus, it is possible that some of the sheep
included in the data that we used did not comply with
the standard horn status of their respective breeds (e.g.
it is known that in polled breeds, sheep with knobs, scurs
or even normal horns occasionally occur). However, this
would not explain the large number of cases for which
the genotype at OAR10_29511510.1 and the breed-spe-
cific horn status did not segregate, e.g. as observed for
75 (98.7 %) males from the sex-dependent horned Ram-
bouillet breed (Table 4).

In order to analyze LD  between SNP
OAR10_29511510.1 and the insertion polymorphism
in the 3’-UTR of RXFP2, we genotyped 75 sheep from
six completely polled and six completely horned breeds
(n = 32) and from four breeds with variable horn status
(n = 43) using available capture sequencing data from
this study or Sanger sequencing, and the multiplex PCR
developed in this study (details on the breeds included
and genotyping data not shown). Although the resulting
estimated LD (R package GENETICS) was relatively low
over all 75 sheep (r* = 0.369), it was 3.27 times higher
in the 32 sheep from completely polled and completely
horned breeds (r? = 0.635) than in the 43 sheep from

breeds with variable horn status (r* = 0.194), which sug-
gests a strong association of this SNP in mapping designs
that include completely polled and completely horned
breeds and a weak association in designs that include
sheep from breeds with variable horn status.

Possible reasons for breed differences in the segregation
of variants within RXFP2 with horn status

Wiedemar and Drogemiiller [24] postulated that the
insertion in the 3’-UTR of the RXFP2 gene had an effect
on the processing and translation of this gene and there-
fore inhibited normal horn growth. Interestingly, the
insertion was predicted to be a complete protein cod-
ing gene (LOCI101110773) by automated computational
analysis using Gnomon (http://www.ncbi.nlm.nih.gov/
nuccore/NC_019467.2?report=genbank&from=2943
3047&t0=29434884), which agrees with the results of
Pickering et al. [20] that indicated a retrotransposition
of a complete functional mRNA during the insertion
event. The LOC101110773 gene is predicted to encode
an elongation factor 1-alpha 1-like protein, which may
modify the tissue-specific transcription of RXFP2 or
other loci. Quite different from the prediction based
on the reference sheep genome Oar_v3.1, only a short
3'UTR (without an insertion) is predicted for RXFP2
based on Oar_v4.0, and thus, the complete 1.78-kb
insertion is assigned to the next neighboring gene, i.e.
LOCI101110773. Taking this fact into account, there are
different important questions that need to be answered:
(1) are the 3’'UTR of the RXFP2 mRNA in polled and
horned sheep with der/der and anc/anc genotypes dif-
ferent?, (2) assuming that there are no differences in the
mRNA, can differential expression of the LOC101110773
gene be involved?, and (3) could SNP rs421908034,
which is positioned 214 bp away from LOCI101110773,
influence its expression and thus indirectly modify the
transcription of RXFP2? The design used in our study is
not suitable for answering these and other similar ques-
tions but provides information for an improved future
mapping design, differential expression and gene edit-
ing studies. However, according to our observations, to
explain an effect of the 1.78-kb insertion, it would be
necessary to involve complementary causality of one or
more other, currently unknown, variants in the sheep
genome. This complementary causality of more alleles
or genes has been speculated since the 1940s (see e.g.
[5]). Nonetheless, all recent designs for genome-wide
association analyses pointed towards a very strong effect
of a single locus that is near or within RXFP2 [14]. Our
results (Fig. 2) also strongly suggest a signature of posi-
tive selection in the completely polled breeds of Central
and Western European origin. This selection signature
is most prominent in an interval of ~40 kb (between
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29,436,000 and 29,476,000 bp). Therefore, it is reason-
able to expect some causal relationships between polled-
ness and the observed genetic variation within this
region. However, although considerable efforts were
made in this study to ensure comprehensive informa-
tion and results, we still cannot exclude the presence of
some other variants or combinations of variants within
RXFP2 that might trigger alternative splicing or simi-
lar mechanisms thus contributing to the polled phe-
notype. Therefore, there is still the possibility that the
1.78-kb insertion polymorphism has no causal effect on
horn status and is only in strong LD with one or more
unknown causal variants. In this context, the differences
in segregation of the 1.78-kb insertion with horn status
in various breeds could be due to allelic heterogeneity
and to the presence of some currently unknown, breed-
specific causal alleles with different levels of LD with
the 1.78-kb insertion polymorphism and other poly-
morphisms near or within RXFP2. It is very likely that
at least one of the complementary causal variants is in
interaction with or located on the sex chromosomes. In
this context, it should be mentioned that RXFP2 codes
for the receptor of the insulin-like peptide 3 (INSL3) that
is a major secretory product of the testicular Leydig cells
of male mammals [27] and seems, among others, to play
an important role in the fetal abdominal descensus testis
and in maintaining spermatogenesis [28].

Conclusions

Based on our findings, we conclude that the insertion
polymorphism in the 3’-UTR of RXFP2 and the SNPs in
the 3’-UTR, exon 14 and intron 11 of this gene (some of
these previously shown to be associated with horn status
in several sheep breeds) are, at least in breeds with a vari-
able and/or sex-dependent horn status, not in population-
wide LD with the horn status and thus cannot be used as
universal markers to define the genetic horn status in the
global sheep population. Moreover, the 1.78-kb insertion
can be excluded as the only cause of polledness in sheep.
Our results suggest that future studies aimed at solving
this question should focus on breeds with variable and
sex-dependent horn status. To exploit historical recombi-
nations, emphasis should be placed on collecting samples
and precise phenotypes from breeds with larger spatial
and genetic distance to breeds that originate from North-
ern and Central Europe. Moreover, the procedures should
be able to fulfill the requirements for mapping under the
hypothesis of a heterogeneous and/or polygenic mode of
inheritance. Similarly, in order to increase the probabil-
ity of success, the design of future differential expression,
alternative splicing and gene editing studies should con-
sider various combinations of neighboring variants such
as the SNPs and the insertion in the 3’-UTR of RXFP2.
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Additional files

Additional file 1: Table S1. Primers used for Sanger sequencing and
genotyping the insertion in the 3'-UTR of RXFP2.

Additional file 2: Figure S1. Multiple sequence alignment of the region
surrounding the insertion in the 3'-UTR of RXFP2. The 506-bp sequence
amplified in sheep from horned breeds with primers F1/R1 was searched
in the whole genome sequence of seven Bovidae using NCBI's blast
server (https://blast.ncbi.nim.nih.gov/Blast.cgi. Accessed 11 April 2016)
with default settings (Megablast). The results are schematically shown by
plotting the obtained alignments as grey rectangles and by highlighting
SNPs and small indels with white vertical bars. The 1.78-kb insertion is only
found in the sheep reference genome (that originates from a polled Texel
sheep) but not in any of the reference genomes of horned Bovidae. The
sequence is highly conserved in bovids (93 to 99 % sequence identity), in
contrast to other mammals that only show a maximum of 78 % sequence
identity (not shown).

Additional file 3: Table S2. Genotypes at the insertion polymorphism

in the 3-UTR of RXFP2, at SNP rs421908034 in the 3-UTR and SNP
15414104606 in exon 14 of RXFP2 for 61 sheep from three breeds with vari-
able and sex-dependent horn status.
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The potential of shifting recombination
hotspots to increase genetic gain in livestock
breeding

Serap Gonen', Mara Battagin', Susan E. Johnston?, Gregor Gorjanc' and John M. Hickey'"

Abstract

Background: This study uses simulation to explore and quantify the potential effect of shifting recombination hot-
spots on genetic gain in livestock breeding programs.

Methods: We simulated three scenarios that differed in the locations of quantitative trait nucleotides (QTN) and
recombination hotspots in the genome. In scenario 1, QTN were randomly distributed along the chromosomes and
recombination was restricted to occur within specific genomic regions (i.e. recombination hotspots). In the other
two scenarios, both QTN and recombination hotspots were located in specific regions, but differed in whether the
QTN occurred outside of (scenario 2) or inside (scenario 3) recombination hotspots. We split each chromosome into
250, 500 or 1000 regions per chromosome of which 10% were recombination hotspots and/or contained QTN. The
breeding program was run for 21 generations of selection, after which recombination hotspot regions were kept the
same or were shifted to adjacent regions for a further 80 generations of selection. We evaluated the effect of shifting
recombination hotspots on genetic gain, genetic variance and genic variance.

Results: Our results show that shifting recombination hotspots reduced the decline of genetic and genic variance
by releasing standing allelic variation in the form of new allele combinations. This in turn resulted in larger increases in
genetic gain. However, the benefit of shifting recombination hotspots for increased genetic gain was only observed
when QTN were initially outside recombination hotspots. If QTN were initially inside recombination hotspots then
shifting them decreased genetic gain.

Discussion: Shifting recombination hotspots to regions of the genome where recombination had not occurred for
21 generations of selection (i.e. recombination deserts) released more of the standing allelic variation available in each
generation and thus increased genetic gain. However, whether and how much increase in genetic gain was achieved
by shifting recombination hotspots depended on the distribution of QTN in the genome, the number of recombina-
tion hotspots and whether QTN were initially inside or outside recombination hotspots.

Conclusions: Our findings show future scope for targeted modification of recombination hotspots e.g. through
changes in zinc-finger motifs of the PRDM9 protein to increase genetic gain in production species.

Background

This study uses simulation to explore the potential
of shifting recombination hotspots in the genome to
increase genetic gain in livestock breeding. Genetic gain
is influenced by four factors: (1) the accuracy of selection;
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(2) the generation interval; (3) the intensity of selection;
and (4) the additive genetic standard deviation. Advances
in reproductive technologies, genotyping, sequenc-
ing and genomic selection in the last few decades have
enabled the manipulation of the first three factors to
deliver higher rates of genetic gain in many closed live-
stock breeding programs (e.g. [1-3]). The implementa-
tion of these new technologies has required substantial
investment, and without continued investment and
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advancements in technology, the rate of genetic gain may
decline in the future if only the first three of the above
factors are addressed. Another possibility is to target the
genetic variation that is available for selection in each
generation. Large genetic variance enables large response
to selection in the short-term, whereas careful mainte-
nance and exploitation of genetic variance across genera-
tions enables large response to selection in the long-term.

While the ultimate origin of genetic variation is muta-
tion, recombination through crossing-over can create
new combinations of existing alleles, i.e. by releasing
standing allelic (genic) variation, which in turn deter-
mines genotypic (genetic) variation. Recombination is
advantageous if it uncouples favourable alleles that are
tightly linked to unfavourable alleles and, which provides
more opportunities for selection. Recombination is dis-
advantageous if it breaks favourable allele combinations
[4, 5]. The amount of variation released by recombination
depends on the rate of recombination and the locations
of recombination events (i.e. crossovers) relative to the
causal variants that underlie the trait(s) under selection.

A recent simulation study showed that increasing the
rate of recombination could increase genetic gain [6],
but achieving a twofold increase in genetic gain required
a 20-fold increase in the rate of recombination. In live-
stock species, average genome lengths are generally
constrained to between 20 and 40 Morgan (M) (i.e. on
average one to two recombinations per chromosome
per meiosis) [7-11]. In most species, recombinations
are unevenly distributed along the genome and tend to
be clustered in narrow (1 to 2 kb) regions of the genome
known as “recombination hotspots” (e.g. [12, 13]). A
strategy that changes the locations of these recombi-
nation hotspots rather than the rate of recombination
within hotspots might be a more effective and feasible
way of increasing genetic gain through the manipulation
of recombination.

The mechanisms that underlie the locations of recom-
bination events have and are being investigated in several
model and non-model organisms. In most eukaryotic
species, hotspots are temporally stable and occur pri-
marily at transcription start sites and promoter regions,
where the chromatin is more open [14—16]. In contrast,
hotspot positions in most mammals (including humans,
apes, mice and cattle [17-20]) evolve rapidly, and are
determined by a DNA-binding zinc-finger domain in
the protein PRDM9. The protein product of the PRDM9
gene has three functional domains: an N-terminal KRAB
domain involved in protein—protein binding and inter-
actions, a PR/SET domain involved in histone meth-
ylation, and a zinc finger domain involved in DNA
sequence recognition and binding. The PR/SET and
zinc finger domains are the primary determinants for

the specification and initiation of recombination events.
Upon binding to a zinc finger DNA recognition site, the
PR/SET domain trimethylates lysine 4 of histone H3.
This initiates chromatin remodelling to create active
chromatin and the formation of a double-stranded DNA
break, where the process of repair could involve a recom-
bination event [17, 21-30]. The number of zinc finger
domains influences the locations of recombination hot-
spots and the rate of recombination within a hotspot, and
mutations in the zinc-finger domain can change the DNA
sequence motifs to which it binds [26, 30]. The number of
zinc finger domains is highly variable within and across
species, therefore the locations of recombination hot-
spots are rarely conserved even between closely-related
species such as humans and chimpanzees that otherwise
share ~99% identity at the sequence level [28, 31]. In
some species (including livestock species such as cattle),
multiple paralogs of the PRDM9 gene have been identi-
fied, which further increases the variability in the loca-
tion and number of recombination hotspots [28].

In livestock breeding programs that have been on-going
for many generations, small changes in the recombination
landscape could have occurred [32]. However, the num-
ber of generations in the majority of livestock species is
unlikely to be large enough to see drastic changes in the
distribution of recombination hotspots along the genome.
Selection over many generations with a largely constant
recombination landscape could have resulted in the accu-
mulation of a large amount of standing allelic variation
in recombination deserts, which has been largely inac-
cessible to selection due to quantitative trait nucleotides
(QTN) alleles being linked in repulsion. This rich resource
of available standing allelic variation could be released and
used if the locations of recombination hotspots could be
changed. For example, this may become possible by modi-
fication of the PRDM9 gene using new technologies such
as genome editing. This has already been demonstrated in
mice [33], and the benefit of such an approach in livestock
could be estimated by simulation.

The increase in genetic gain that may be achieved by
shifting recombination hotspots would depend on the
distribution of causal QTN in relation to each other
and to existing recombination hotspots. Currently, the
distribution of QTN for traits of interest in livestock
is largely unknown. QTN may be randomly distrib-
uted or clustered, and may be located inside or outside
recombination hotspots. If QTN are partially or fully
located in regions where very few recombination events
occur, shifting recombination hotspots could yield large
increases in genetic gain. The aim of this study was to
quantify the potential of shifting recombination hotspots
to increase genetic gain for quantitative traits in livestock
breeding. Our results show that shifting recombination
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hotspots could release greater amounts of standing allelic
variation and, through this, increase genetic gain.

Methods

Simulation was used to evaluate the potential of shifting
recombination hotspots to increase genetic gain for quan-
titative traits in livestock breeding. We tested a number
of scenarios using different strategies for shifting recom-
bination hotspots and different distributions of QTN and
recombination hotspots across the genome. All scenarios
followed a common overall structure, where the simula-
tion scheme was divided into historical and future compo-
nents. The historical component was split into two parts:
(1) evolution under the assumption that livestock popula-
tions have been evolving neutrally for tens of thousands
of years prior to domestication, and (2) 21 recent genera-
tions of modern animal breeding with selection based on
true breeding values (TBV). In the historical component,
recombination events were constrained to recombination
hotspots. The future component consisted of a further
80 generations of modern animal breeding with selec-
tion based on TBV with the option to shift recombination
hotspots to adjacent regions. In the rest of the paper, his-
torical generations are denoted —20 to 0 and future gen-
erations are denoted 1 to 80.

The simulations were designed to: (1) generate whole-
genome sequence data; (2) generate QTN that affect
phenotypes; (3) generate pedigree structures for a typi-
cal livestock population; and (4) perform selection. For
each scenario, genetic gain, genetic variance (0%) and
genic variance (02) were evaluated. Results are presented
as the mean of ten replicates for each scenario on a per
generation and/or cumulative basis (information on the
standardised values for the replicate mean and between
replicate variation is in Additional file 1).

Whole-genome sequence data and historical evolution
Sequence data was generated using the Markovian
Coalescent Simulator (MaCS) [34] and AlphaSim [35,
36] for 1000 base haplotypes for each of 10 chromo-
somes. Chromosomes each comprised 10® bp and were
simulated using a per site mutation rate of 2.5 x 1078,
All chromosomes were assumed 1 M long, i.e., with an
expectation of one recombination per meiosis. We con-
strained recombination to defined hotspots. The effec-
tive population size (N,) varied over time in accordance
with estimates for the Holstein cattle population. N, was
set to 500 in the final generation of the coalescent simu-
lation, 1256 individuals 1000 years ago, 4350 individuals
10,000 years ago and 43,500 individuals 100,000 years
ago, with linear changes in between these time-points.
The resulting sequence had approximately 3,000,000 bi-
allelic segregating sites in total.
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Quantitative trait variants

A quantitative trait influenced by 10,000 QTN was simu-
lated by sampling QTN from the segregating sequence
sites in the base population, with the restriction that 1000
QTN were sampled from each of the 10 chromosomes.
We simulated different locations of QTN in the genome
depending on the scenario (Fig. 1). In scenario 1, QTN
were randomly distributed along the genome (Fig. 1a).
In scenarios 2 and 3, QTN were clustered into defined
chromosome regions (Fig. 1b, ¢). QTN had their allele
substitution effects (a) sampled from a normal distribu-
tion with a mean of zero and standard deviation of 0.01
(1.0 divided by the square root of the number of QTN).
QTN additive effects were used to compute the TBV of
an individual.

Pedigree structure, gamete inheritance and selection
strategies

A pedigree of 101 generations of 1000 individuals in
equal sex ratio in each generation was simulated. In gen-
eration —20, individuals had their chromosomes sampled
from the 1000 base chromosomes. In each subsequent
generation (—19 to 80), the chromosomes of each indi-
vidual were sampled from parental chromosomes with
recombination. A recombination rate of 1 M per chro-
mosome was assumed, resulting in a 10 M genome.
Recombination locations were simulated by ignoring
interference and within defined hotspots. In each genera-
tion, 25 males were selected to be sires of the next gen-
eration using truncation selection on TBV. No selection
was performed on females, and all 500 individuals were
used as dams. Mating was at random.

Chromosome regions

To investigate the effect of co-located QTN and recom-
bination hotspots, each chromosome was split into 250,
500 or 1000 regions per chromosome, each of equal
length (Table 1). In each case, 90% of the regions were not
QTN clusters (if QTN clusters were simulated) or recom-
bination hotspots (i.e. recombination never occurred in
these regions). The remaining 10% of the regions were
either QTN clusters, recombination hotspots (i.e. recom-
bination could occur in these regions), or both QTN
clusters and recombination hotspots. QTN clusters and
recombination hotspots were evenly spaced across the
genome.

Recombination hotspots

Recombination events were simulated to occur within
defined regions (see “Chromosome regions” section
and Table 1). Each region had an equal probability for a
recombination event to occur and probabilities remained
constant across all generations. The probability for a
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Chromosome Position
Fig. 1 Scematic for the three scenarios for locations of recombination hotspots relative to QTN. In scenario 1 (@) QTN (red) were randomly dis-
tributed along the genome. Recombination hotspots were in predefined windows for the first 21 generations of selection (green) and could be
shifted to adjacent regions for the future 80 generations of selection (blue). In scenarios 2 and 3 (b, € respectively), QTN were clustered into defined
chromosome regions (red). In scenario 2 (b), recombination hotspots were adjacent to QTN clusters for the first 21 generations of selection (green)
and could be shifted to be collocated with QTN clusters for the future 80 generations of selection (blue). In scenario 3 (c), recombination hotspots
were co-located with QTN clusters for the first 21 generations of selection (green) and could be shifted to be adjacent to QTN clusters for the future

Table 1 Chromosome regions and locations of QTN

and recombination hotspots

Number of chro- Number Number Probability

mosome regions of active of inactive  for recombination
regions® regions® or QTN per region

250 25 225 0.04

500 50 450 0.02

1000 100 900 0.01

@ Active region—is a recombination hotspot and/or a QTN cluster

b Inactive region—is never a recombination hotspot or a QTN cluster

recombination event to occur within a region depended
on the number of regions simulated. For example, with
250 regions per chromosome, 25 were recombination
hotspots and each had a probability of 0.04 for the occur-
rence of a recombination (i.e. 1/25 assuming a 1 M chro-
mosome) in any given individual (Table 1).

Genetic gain

Genetic gain was calculated in units of the standard
deviation of TBV in the base generation (generation 1) as
(TBVewrr — TBVpase) /0 1BY, .y Where TBV ,y, is the mean
TBV of the current generation and TBVj, and o718y,
are the mean and standard deviation of TBV in the base
generation, respectively. The base generation represents
the start of the breeding program whereas the current
generation represents the number of generations since
the breeding program started. These would be equal when
the current generation is the base generation. The genetic
variance (i.e. realised additive variance) in each genera-
tion was calculated as: oj =d'a/(n — 1), where a is a zero
mean vector of TBV of the # individuals in that genera-
tion. The genic variance (i.e. expected additive variance if
all QTN were independent and in Hardy—Weinberg equi-
librium) was calculated as: 62 = 2 Z:’ZQIT v piqitxl.z, where p;
and g; are the allele frequencies in the current generation
and a; is the allele substitution effect of QTN i.
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Scenarios

For each of the three numbers of regions (i.e. 250, 500
or 1000), three scenarios were simulated. In scenario 1
(Fig. 1a), QTN were randomly distributed across each
chromosome (red) and recombination hotspots were in
equally spaced regions for generations —20 to 0 (green).
In generation O (i.e., the start of future breeding), there
was an option to shift recombination hotspots to adja-
cent regions (blue) for the future 80 generations of
selection.

In scenarios 2 and 3, the structure for choosing and
shifting the recombination hotspot regions was as
described above for scenario 1, but QTN were clustered.
In scenario 2 (Fig. 1b), QTN (red) were outside recom-
bination hotspots (green) in generations —20 to 0. In
generation 0, there was an option to shift recombination
hotspots so that QTN were inside recombination hot-
spots for the future 80 generations of selection (blue).
In scenario 3 (Fig. 1c), QTN (red) were inside recombi-
nation hotspots (green). In generation 0, there was an
option to shift recombination hotspots so that QTN were
outside the recombination hotspots for the future 80
generations of selection (blue).

Results

Our results show that shifting recombination hotspots
could release more of the standing allelic variation in
each generation and, through this, increase genetic
gain. However, the benefit of shifting recombination
hotspots was only observed when QTN were initially
outside recombination hotspots, and genetic gain
decreased if QTN were initially inside recombination
hotspots.

The default scenario for the results is 500 regions per
chromosome with randomly distributed QTN. Within
each simulation replicate, each scenario had the same first
21 generations (i.e. generations —20 to 0), thus these initial
generations are omitted from the figures included in this
paper. All results are standardised to generation O and are
presented for generations 0 to 80 only. All figures represent
the average of the 10 replicates of each scenario (informa-
tion on the standardised values for the replicate mean and
between replicate variation is in Additional file 1). In all the
figures, the red lines indicate results for when recombina-
tion hotspots were kept constant and the blue lines indi-
cate results for when recombination hotspots were shifted
in generation 0. The results are split into four sections: (1)
effect of shifting recombination hotspots; (2) effect of the
distribution of QTN; (3) effect of collocated QTN and
recombination hotspots; and (4) effect of the number of
regions per chromosome. Within each of these sections,
we evaluated the genetic gain achieved and the change in
genetic and genic variance.
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Effect of shifting recombination hotspots

Shifting recombination hotspots reduced the rate of
decline in the genetic and genic variance. This in turn
resulted in an increase in genetic gain compared to when
recombination hotspots were not shifted. This is shown
in Fig. 2, which plots the standardised (a) genetic vari-
ance, (b) genic variance and (c) genetic gain against time
when QTN were randomly distributed (i.e. scenario 1).
Figure 2 shows that the benefit was most apparent in
the long term and that very little extra genetic gain was
achieved with shifting in the short term.

Effect of the distribution of QTN

Figure 3 is a comparison of the effect of shifting recombi-
nation hotspots on (a) genetic variance, (b) genic variance
and (c) genetic gain when QTN were randomly distributed
(solid lines, scenario 1) versus when QTN were clustered
(dashed lines, scenario 2). Figure 3 shows that shifting
recombination hotspots reduced the decline in genetic
and genic variance more when QTN were clustered than
when they were randomly distributed. This in turn meant
that shifting recombination hotspots increased genetic
gain more when QTN were clustered than when they
were randomly distributed. Figure 3 also shows that shift-
ing recombination hotspots has a smaller effect on genetic
variance, genic variance and genetic gain when QTN were
randomly distributed compared to when QTN were clus-
tered. This is due to the higher chance of recombination
(with or without shifting) between a pair of randomly dis-
tributed QTN than between a pair of clustered QTN. This
result also suggests that even in the absence of shifting,
more genetic gain is likely to be achieved for traits that
are influenced by randomly distributed QTN compared to
traits influenced by clustered QTN.

Effect of co-located QTN and recombination hotspots
Figure 4 shows the comparison of the effect of shifting
recombination hotspots on (a) genetic variance, (b) genic
variance and (c) genetic gain when QTN were clustered and
were initially outside recombination hotspots (solid lines,
scenario 2) or were initially inside recombination hotspots
(dashed lines, scenario 3). Figure 4 shows that the decline
in genetic and genic variance was greater when recombina-
tion hotspots were shifted out of QTN clusters (scenario 3),
which was reflected as a decrease in genetic gain.

Effect of the number of regions per chromosome

Figures 5 and 6 demonstrate the effect of the number of
recombination hotspots (25, 50 or 100) on genetic vari-
ance (panels a, b, c), genic variance (panels d, e, f) and
genetic gain (Fig. 6, panels a, b, ¢) when QTN were ran-
domly distributed (scenario 1). Figures 5 and 6 show that
shifting recombination hotspots reduced the decline of
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Fig. 2 Genetic variance (a), genic variance (b) and genetic gain (c)
against time when QTN were randomly distributed. The figure shows
the scenario where QTN were randomly distributed and each chro-
mosome was split into 500 regions of which 50 were recombination
hotspots. The red line shows when recombination hotspots were kept
constant and the blue line shows when they were shifted

genetic and genic variance more and provided greater
genetic gain when the number of recombination hotspots
was small compared to when it was large. The benefit of
shifting recombination hotspots was also observed much
more quickly when the number of recombination hot-
spots was small. In summary, these results suggest that
shifting recombination hotspots would have a larger and
faster effect when there are long regions of the genome
without recombination and where the number of recom-
bination events per chromosome is small.

Discussion

We have split the discussion into two parts. The first part
addresses the possible advantages and disadvantages of shift-
ing recombination hotspots in livestock breeding. The sec-
ond part addresses the assumptions of our analyses and the
feasibility of shifting recombination hotspots in livestock.

Possible advantages and disadvantages of shifting
recombination hotspots in livestock breeding

Our results show that shifting recombination hotspots
to regions that have not recombined for 21 generations
of selection released more standing allelic variation and
increased genetic gain. However, the benefit of shifting
recombination hotspots depended on the distribution
of QTN and the number and location of recombination
hotspots. We observed the largest benefit when QTN
were clustered and the number of recombination hot-
spots was small. When the number of recombination
hotspots was large, QTN alleles in different genomic
regions recombined more often. This meant that a larger
amount of variance was already available for selection
without shifting recombination hotspots and so the ben-
efit of shifting recombination hotspots for increasing
genetic gain was smaller. When QTN were initially out-
side recombination hotspots, shifting recombination hot-
spots increased genetic gain. However, when QTN were
initially in recombination hotspots, shifting decreased
genetic gain compared to what would be achieved if
recombination hotspot locations were kept constant.
Although this result is not unexpected, it highlights
the crucial point that care should be taken in selecting
the genomic locations where recombination hotspots
should be added or removed. Therefore, for a recombina-
tion hotspot shifting strategy to be effective in practice,
knowledge on the locations of QTN and recombination
hotspots along the genome would be useful. The abil-
ity to discover QTN underlying traits of interest, to map
recombination hotspots, and the feasibility of manipulat-
ing recombination hotspot locations in the genome are
further discussed below.
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Assumptions in our analyses and feasibility of shifting
recombination hotspots in livestock

The benefit of shifting recombination hotspots to
increase genetic gain that was observed in this study must
be interpreted in the context that some of the assump-
tions made are patently oversimplified and currently not
all technologically possible. We group these assumptions
into the following two categories and expand on each
assumption below: (1) genetic architecture of the trait,
and (2) current state of technologies and the feasibility of
shifting recombination hotspots in livestock.

Genetic architecture of the trait

We assumed a quantitative trait influenced by 10,000
QTN with known genomic locations, effect sizes and
allele frequencies. When evaluating the value of shift-
ing recombination hotspots in the various scenarios, we
considered only additive effects of QTN (i.e. no epistasis
and no dominance) and assumed independence between
QTN. We also only evaluated a subset of all possible sce-
narios for the distribution of QTN and recombination
hotspots in the genome. Specifically, we assumed that
QTN were either clustered or randomly distributed and
did not evaluate an intermediate scenario whereby some
QTN would be clustered and some would be randomly
distributed. We also assumed that recombinations always
occurred within hotspots and never outside hotspots. We
made these assumptions in order to minimise noise in the
simulation and to help in the elucidation of the underly-
ing mechanisms and effects of shifting recombination
hotspots in different scenarios. We address the validity
of these assumptions below and provide some discussion
around the pitfalls should these assumptions not be fully
met within real breeding programs.

We assumed that all QTN locations underlying the
trait of interest were known. At present, knowledge of
this information is sparse but it would be helpful for the
practical implementation in order to know the genomic
regions to where recombination hotspots should be
shifted. Without this information, extra care would be
required to prevent the introduction of recombination
hotspots in regions where QTN alleles are in coupling
phase (i.e. are favourably linked) or where QTN exist in
permutations that have positive epistatic interactions.
Although information of QTN at the nucleotide level is
largely unknown, cruder measures derived from clas-
sical quantitative trait locus (QTL) mapping, regional
heritability mapping (e.g. [37-42]) or functional genome
annotation [43] are available and could be used to
crudely identify regions of the genome that may be suit-
able for introducing recombination hotspots. We believe
that much of the benefit of shifting recombination hot-
spots would likely be obtained with crude knowledge of
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were in recombination hotspots in generations —20 to 0

regions of the genome that harbour QTN rather than
very refined knowledge of the precise location and effect
of each QTN. That said, with the advances in genome
science that have been and are likely to be made in the
next few decades and the shift in livestock breeding pro-
grams towards the routine collection of sequence data,
knowledge of the precise location and effect of QTN that
underlie quantitative traits is likely to increase.

We assumed that the inheritance of the simulated quan-
titative trait was fully additive and did not simulate the
effects of dominance or epistasis. In our view, dominance
would just scale the benefits of shifting recombination up
or down. It would not alter the general trends that were
observed from a purely additive model because domi-
nance, as with additivity, acts at each QTN independently
of actions at other QTN. However, epistasis could greatly
alter the general trends. If large epistatic effects exist, they
could particularly affect the scenarios where QTN are
clustered by function. For example, clustering of QTN
could be caused by selection for specific combinations
of favourable alleles or could be due to sharing of com-
mon regulatory elements, and introducing a recombina-
tion hotspot to within these clusters would break up these
favourable allele combinations. This would reduce genetic
gain but could also have fitness consequences. However,
the properties of epistasis are largely unknown and thus
difficult to simulate, the impact (if any) of epistasis is not
well understood, and the data and theory suggest that
epistasis has a minor contribution to the total variation
for quantitative traits in livestock populations [44].

We assumed that QTN were either randomly distrib-
uted or were clustered in specific regions in the genome.
There is some evidence that QTN may be distributed
in clusters along the genome. For example, Wood et al.
[45] found 697 significant hits from genome-wide asso-
ciation studies (GWAS) that together explained one-fifth
of the heritability for human height in a large dataset.
These 697 hits were distributed along the human genome
in 423 distinct clusters that were enriched for genes.
Regional heritability mapping suggests that other traits
in other species are similarly distributed [46]. Such clus-
tering may well be common in livestock populations and
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knowledge of this clustering, combined with knowledge
of the distribution of recombination hotspots, could be
used to determine the potential extra genetic gain that
could be achieved by shifting recombination hotspots.
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In the present study, we chose two extremes of cluster-
ing (clustered or randomly distributed) for the purposes
of simplicity and to demonstrate the effect of shifting
recombination hotspots in these scenarios. Any benefit
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accrued from shifting recombination hotspots in real
breeding programs where QTN are both clustered
and randomly distributed will be between these two
extremes.

We assumed that recombination events only occurred
inside and never outside hotspots. This extreme scenario was
chosen again with the aim of minimising potential sources of
noise that would confound the effects due to shifting recom-
bination hotspots alone. Furthermore, empirical studies
across a number of species that aim to map recombination
events have shown that most, if not all, recombination tends
to occur in hotspots [47-49]. Further evidence from empiri-
cal studies in humans [12, 50] and livestock species such as
cattle [19], pigs [9] and chicken [10] have shown that, in gen-
eral, recombination tends to occur within defined regions
of the genome. If recombination events outside of hotspots
were more common and were more randomly distributed
across the chromosome then shifting recombination hot-
spots in livestock would have small benefit.

Feasibility of shifting recombination hotspots

The biggest assumption in our study is that shifting
recombination hotspots in livestock breeding programs
is biologically, technologically and economically feasible.
To effectively shift recombination hotspots, the biological
mechanisms controling their exact locations and that ini-
tiate and complete a recombination need to be well char-
acterised. As described above, this has been extensively
done in model unicellular organisms including many bac-
terial species and yeast [47-49].

In many species including many livestock species, the
mechanisms that underlie recombination are only partially
understood. The major gene that determines the posi-
tions of recombination events in most mammal species is
PRDMO [7, 28, 51]. The number of zinc finger domains in
PRDM?9 is highly variable within and across species and
even between individuals in the same population, which
results in a high diversity in the regions of the genome
where the PRDM9 protein will bind and thus the exact
locations of recombination events in the genome [7, 28, 31,
52]. Using such knowledge, shifting recombination hot-
spots in mammalian livestock species could be achieved
by (1) introducing a new PRDM?9 paralog, (2) changing the
number of zinc finger domains in a single PRDM?9 gene,
(3) changing the number of zinc finger recognition sites in
a region of the genome where PRDM9 already binds, and/
or (4) adding or removing new PRDM9 zinc finger recog-
nition sites in the genome in mammals. All of these could
potentially be achieved using genome editing technologies
such as CRISPR-Cas9 [33], provided that these technolo-
gies are approved for use and could be shown to cost-effec-
tively increase genetic gain in livestock.

Conclusions

Recombination is an important biological process for
the release of standing allelic variation and could ena-
ble a longer sustained response to selection in breeding
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programs. In this study, we used simulation to show that
shifting recombination hotspots to regions of the genome
where recombination had not occurred for 21 generations
of selection increased genetic gain. However, the ben-
efit of shifting these depended on the locations of QTN
and recombination hotspots in the genome. The great-
est increase in genetic gain was achieved when QTN were
clustered, the number of recombination hotspots was
small, and QTN were initially located outside of recombi-
nation hotspots. If QTN were initially inside recombination
hotspots, shifting them decreased genetic gain. Although
currently not technologically possible, advances in genomic
technologies such as large-scale sequencing and genome
editing over the next decades could make the shifting of
recombination hotspots feasible, beneficial and cost-effec-
tive for increasing genetic gain in breeding programs.
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Abstract

Background: In recent years, several bovine genome sequencing projects were carried out with the aim of develop-
ing genomic tools to improve dairy and beef production efficiency and sustainability.

Results: In this study, we describe the first French cattle genome variation dataset obtained by sequencing 274
whole genomes representing several major dairy and beef breeds. This dataset contains over 28 million single nucleo-
tide polymorphisms (SNPs) and small insertions and deletions. Comparisons between sequencing results and SNP
array genotypes revealed a very high genotype concordance rate, which indicates the good quality of our data.

Conclusions: To our knowledge, this is the first large-scale catalog of small genomic variations in French dairy and
beef cattle. This resource will contribute to the study of gene functions and population structure and also help to

improve traits through genotype-guided selection.

Background
In recent years, advances in high-throughput sequenc-
ing technologies have offered the opportunity to par-
tially or completely re-sequence genomes, in a relatively
cost-effective manner. The availability of whole-genome
sequence (WGS) data for an increasing number of indi-
viduals offers new opportunities to study genetic varia-
tions at the genomic level with unprecedented accuracy.
In the past few years, several whole-genome sequenc-
ing studies have been carried out in different dairy and
beef cattle breeds and identified a huge number of sin-
gle nucleotide polymorphisms (SNPs) and small inser-
tions and deletions (InDels) [1-5]. To date, the Ensembl
(http://www.ensembl.org) short variation database
contains over 99 million SNPs and InDels identified in
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France

Full list of author information is available at the end of the article

several cattle breeds. During the first phase of the 1000
bull genomes project, the genomes of 234 bulls were
sequenced, which has enabled the identification of over
28 million reliable SNPs and InDels [5]. Only 13 French
bulls were included in this phase.

In this work, we performed a large-scale study to inves-
tigate both SNPs and small InDels in whole-genome
sequencing data for 274 animals from several major
French dairy and beef breeds. The collection of genome
variations reported in this study will be useful to study
their potential links with the genetic variability of eco-
nomically important traits.

Methods

Animal ethics

No animal experimentation was used in this study,
since no new tissue samples were collected. All whole-
genome sequence data used in this study were already
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available in our laboratory and were produced as previ-
ously described [1].

Whole-genome sequencing and sequence alignment
to the reference
The whole genome of 274 animals corresponding to
both French dairy and beef breeds (Table 1) were used
for 2 x 100 bp paired-end sequencing on an Illumina
HiSeq 2000 with a TruSeq SBS v3-HS Kit (Illumina).
Sequence alignments were carried out using the Bur-
rows-Wheeler Alignment tool (BWA-v0.6.1-r104) [6]
with the aln option with default parameters for map-
ping reads to the UMD3.1 bovine reference genome [7].
Potential PCR duplicates, which can adversely affect the
variant calls, were removed using the MarkDuplicates
tools from the Picard package version 1.4.0 [8]. Only
properly paired reads with a mapping quality of at least
30 (—q = 30) were retained. The resulting BAM files were
then used for all subsequent analyses.

Identification of small insertions and deletions

Small genomic variations were detected using the
Genome Analysis Tool Kit 2.4-9 (GATK) version and
GATK-UnifiedGenotyper as SNP caller [9]. Prior to vari-
ant discovery, reads were subjected to local realignment,
coordinate sorting, quality recalibration, and removal of
PCR duplicates. In the GATK analysis, we used a mini-
mum confidence score threshold of Q30 with default
parameters. We also used multi-sample variant calling
in order to distinguish between a homozygous refer-
ence genotype and a missing genotype in the analyzed
samples.

Table 1 Number of animals used per breed

Breed Number of animals
Abondance 1
Aubrac 8
Brown Swiss 3
Salers 3
Tarentaise 1
Limousine 20
Simmental 1
Charolaise 34
Rouge des Prés 5
Montbéliarde 59
Normande 43
Vosgienne 4
Holstein 63
Parthenaise 2
Blonde d’Aquitaine 26

Cross-breed 1

This table lists the distribution in each breed of the 274 sequenced animals

Variant annotation

All variants were annotated with the Ensembl variant
effect predictor (VEP) pipeline v81 [10] based on the
Ensembl version 81 transcript set and using dbSNP build
143. The effect of the amino acid changes was predicted
using SIFT [11, 12], a sequence homology-based tool that
can determine whether an amino acid substitution in a
protein is deleterious or tolerant.

Functional characterization of protein-coding genes

with LoF variants

A set of 8337 gene products was used for gene ontology
(GO) enrichment and functional analyses, using the GO
[13] and the KEGG (Kyoto Encyclopedia of Genes and
Genomes) [14] database resources. The Cytoscape [15]
ClueGO plugin [16] was used to identify the biological
functions to which genes contribute. The enrichment of
biological terms and groups were set as follows. First, we
used the enrichment tests based on the hyper-geometric
distribution. Second, we set the statistical significance to
0.05 (p < 0.05), and we used the Benjamini-Hochberg
adjustment to correct the p value for the terms and the
groups created by ClueGO. Third, we used fusion criteria
to reduce the redundancy of related terms that have simi-
lar associated genes. Finally, we set the Kappa-statistics
score threshold to 0.6.

Gene Ontology (GO) enrichment was also performed
using the MouseMine analysis tools available at the MGI
international database resources (http://www.mousem-
ine.org/mousemine/begin.do).

Validation of LoF variants by high-throughput genotyping
The efficiency of our calling approach and the relevance
of the resulting variants were assessed by genotyping
a selected panel containing 304 heterozygous deleteri-
ous missense and loss-of-function SNPs for which no
homozygous individual for the alternative allele was
observed in our population. Genotyping was performed
using the already available Illumina BovineLD custom
BeadChip [17] and a panel of 172,416 beef and dairy cat-
tle animals (Table 2).

Results and discussion

Whole-genome sequencing and read mapping

Two hundred and seventy four animals correspond-
ing to both French dairy and beef breeds were selected
for whole-genome sequencing (Table 1), of which 62
whole-genome sequences were already published [1];
the Ilumina short reads are available at the European
Nucleotide Archive (ENA) with study accession num-
ber PRJEB9343 (http://www.ebi.ac.uk/ena/data/view/
PRJEB9343). Overall, 103 billion raw paired-end reads
100-bases long were generated, which resulted in over
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Table 2 Total number of animals genotyped using the Illu-
mina Bovine low density BeadChip

Breed Number of animals
Abondance 39
Brown Swiss 627
Tarentaise 49
Limousine 2084
Simmental 2
Montbéliarde 55,382
Normande 20,697
Holstein 90,970
Blonde d’Aquitaine 2566

This table summarizes the number and the distribution in each breed of the
animals genotyped using the lllumina bovine low density BeadChip

ten thousand gigabases of data. On average, 95% (from
56 to 99%) of the paired-end reads were properly aligned
on the UMD3.1 bovine reference genome (see Additional
file 1), which is in agreement with previous studies [1,
18]. The average genome-wide sequence coverage from
the mapped reads was 13.8x and ranged from almost 5x
to around 36x across the different genomes, with 236
samples sequenced at least at 10-fold average coverage
(see Additional file 1).

Identification of SNPs and small InDels

A search for small genome variations with the GATK-
UnifiedGenotyper software resulted in the identification
of 28,164,518 variants, of which 25,210,883 were SNPs,
1769,413 small deletions and 1184,222 small insertions.
Almost 87% of the deletions and 93% of the insertions
identified in our study were 1 to 3 bp long (see Additional
file 2). The largest deletions and insertions identified were
respectively 58 and 29 bp long (see Additional file 2).
Overall, 73% of the identified variants (20,647,361) were
known in the Ensembl variation 83 database (build 143).
The remaining 27% were considered as novel variants and
should contribute to better highlight the genetic variabil-
ity in cattle.

A total of 146,944 genome variants were identified as
bi-allelic in our dataset but contained more than two
alleles in the Ensembl variation 83 database. Of these
146,944 genome variants, only 95 positions that displayed
a single variant type in our dataset overlapped with mul-
tiple variant types in the Ensembl variation 83 database.
For the remaining 146,849 positions, a single variant
type was observed in both databases, of which 129,356
(88.1%) SNPs and 17,493 (11.9%) InDels were identi-
fied in our dataset. Among the 129,356 discrepant SNPs,
99.3% (128,407) were reported to be tri-allelic SNPs and
only 0.7% (949) corresponded to InDels in the Ensembl
variation 83 database. Of the 17,493 discrepant InDels,
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67.3% (11,770) corresponded to tri-allelic SNPs and
32.7% (5723) were also InDels but with multiple alleles in
the Ensembl variation 83 database. In addition, we iden-
tified 88,289 positions that displayed one type of variant
(i.e. SNP or InDel but not both) in our dataset but which
overlapped with multiple variant types in the Ensembl
variation 83 database. We also identified 517,417 variants
for which the alleles differed between our dataset and
the Ensembl 83 variation database. These inconsistencies
could be partly explained by the use of different variant
calling algorithms. Indeed, a previous study in Danish
Holstein dairy cattle also reported similar inconsistencies
[3]. In that study, genotype accuracy was assessed for 15
variants for which samtools-derived genotypes differed
from those predicted by GATK. Their results revealed
that GATK provided more accurate genotype calls than
samtools.

Evaluation of sequencing genotypes

To evaluate the quality of our sequencing data-derived
genotypes, we performed three different analyses. First,
we used the ratio of transitions over transversions (Ts/
Tv) as a diagnostic measure to assess the quality of our
sequencing data. The average Ts/Tv ratio observed in
our whole-genome sequencing data was 2.12 and ranged
from 2.05 on BTA6 to 2.35 on BTA25 (Fig. 1). This aver-
age rate is within the same range as those observed in
other species. For example, in human whole-genome
sequence data, the genome-wide Ts/Tv ratio ranged from
2.0 to 2.2 [19, 20]. In mouse and pig, similar ratios were
reported i.e. about 2.0 [21] and 2.04 + 0.28 [22], respec-
tively. DePristo et al. [19] indicated that the Ts/Tv ratio
should be around 2.1 for whole-genome sequencing and
that lower ratios may indicate that the sequencing data
includes false positives caused by random sequencing
errors. Therefore, the Ts/Tv ratio estimated in our study
is indicative of good sequencing data quality.

Second, we measured the call rate by estimating the
percentage of samples presenting a known genotype for
each variant. On average, 95% of the variants were called
in more than 90% of the samples with 13% (3,655,506) of
the variants being genotyped in all 274 samples (Fig. 2).

Third, we compared our sequencing data-derived gen-
otypes to SNP array-derived genotypes using the Illu-
mina High-Density (HD) Bovine SNP BeadChip® which
includes 777,962 SNPs [23]. Overall, both genotyping
data sources were available for 152 samples. The aver-
age genotype concordance rate was around 99.1% and
ranged from 91.7 to 99.8% (see Additional file 3). We
also observed a dependency of chip genotype concord-
ance on sequencing depth (see Additional file 3; Fig. 3).
Lower accuracy rates were found for samples with a low
depth of coverage (less than 10x). For 21 samples, the
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concordance rate was less than 98% but their depth of
coverage was higher than 11x. Of these 21 samples, 20
had a concordance rate between 95 and 97% and were
considered as acceptable. The observed lower concord-
ance rates could be partly due to lower sequence data
quality compared to the rest of our sample set.

The low missing rate and high concordance rate
observed in our study can be explained by the good
average genome-wide sequence coverage of the mapped
reads in our data. Indeed, more than 86% of our samples
were sequenced at least at an average 10-fold coverage.
Another reason is the efficiency of our variation calling
strategy.

Functional annotation of small genome variants

Functional annotation of the identified small genome
variants was carried out using the Ensembl VEP annota-
tion software [10]. Overall, 66% of the annotated variants
were located in intergenic regions and almost 30% were
identified within gene intronic sequences (Table 3). The
remaining 4% were located within gene-coding, upstream
and downstream regions. Of these, 85,038 variants were
located within the 5 or 3’ untranslated regions (UTR),
171 were located within genes coding for micro RNAs

(miRNAs), 96,711 missense mutations were identified
within gene coding regions, 358 InDels were predicted to
cause inframe insertions and 814 InDels were predicted
to cause inframe deletions.

Overall, we identified 2120 variants that affected splice
sites. These included 1471 splice donor and 649 splice
acceptor site variants. In addition, 1159 variants were
predicted to create a premature stop codon and 68 to dis-
rupt a termination codon. Around 2287 InDels were pre-
dicted to cause a frameshift in coding sequences which
were considered as loss-of-function (LOF) variants and
may result in reduced or complete inactivation of protein
functions by disrupting either the protein-coding gene
itself or genetic regulatory elements. These LOF vari-
ant candidates are of particular interest since they might
have effects on economically important traits.

Among the annotated deleterious missense and LOF
variants, we identified several mutations that were pre-
viously reported to be associated with dairy and beef
traits in cattle. For example, the amino acid change of
phenylalanine to leucine at position 94 (F94L) of the
myostatin (MSTN) protein was identified in 31 sam-
ples, among which six animals were heterozygous (three
Charolaise, two Aubrac and one Rouge-des-Prés) and 25
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were homozygous (19 Limousine and six Aubrac) for this
locus. We also observed the MSTN pQ204* mutation in
eight samples, all of which corresponded to the Charo-
laise breed and all animals were heterozygous. Both F94L
and Q204* substitutions are associated with double mus-
cling phenotypes in Limousine [24] and Charolaise [25]
cattle, respectively.

The F279Y mutation within the growth hormone recep-
tor (GHR) gene was observed in 35 samples correspond-
ing to 29 dairy and six beef cattle animals (four Blonde
d’Aquitaine, one Brown Swiss, one Charolaise, two
Montbéliarde, five Normande and 22 Holstein) with the
highest frequency observed in the Holstein breed (19
heterozygous and three homozygous individuals for the
alternative allele). This SNP is located on BTA20 and has
been shown to be associated with milk yield and compo-
sition [26, 27], feed intake, feed conversion efficiency and
body energy traits [28].

Missense and LOF variants for which no homozygous
individuals for the alternative allele are observed

Further analysis of the annotated variants revealed the
presence of 14,469 missense and LOF variants with a sig-
nificant biological impact based on SIFT predictions and
for which no homozygous animal carrying the alternative

allele was observed among the 274 WGS (see Additional
file 4). These were subsequently considered as our study
panel in the rest of this paper.

This study panel contains 772 frameshift variants,
12,008 missense mutations with a deleterious effect pre-
dicted by SIFT with a score between 0 and 0.05, 67 start-
lost variants, 583 stop variants (25 stop-lost and 558
stop-gained) and 1039 splice variants (264 splice-accep-
tor and 775 splice-donor variants).

The genotype distribution of our study panel revealed
that seven frameshift variants were breed-specific
(Table 4). Integrated Genome Viewer (IGV) visualization
and inspections of BAM files for animals carrying these
mutations revealed that four of the seven frameshift
mutations were spurious variant calls (results not
shown). The three remaining frameshift variants could be
visualized and confirmed by IGV and were therefore con-
sidered as true variants. First, a five nucleotide insertion
(-/CACGT) at position 66,552,044 on BTA1 was identi-
fied in two Blonde d’Aquitaine animals. This frameshift
mutation was absent in both the Ensembl database and
in the most recent 1000 bull genomes project dataset
which contains small genomic variations for 1577 ani-
mals corresponding to 48 different breeds (Daetwyler
HD, personal communication). This mutation affects the
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Table 3 Results of functional annotation by VEP

Functional class All SNP InDels

3" UTR variant 70,139 61,080 9059
5" UTR variant 14,899 13,696 1203
Frameshift variant 2287 0 2287
Inframe deletion 814 0 814
Inframe insertion 358 0 358
Splice acceptor variant 649 510 139
Splice donor variant 1471 1378 93
Start lost 169 169 0
Stop gained 1159 1139 20
Stop lost 68 67 1
Mature miRNA variant 171 135 36
Intron variant 8,446,403 7,513,594 932,809
Downstream gene variant 1,335,987 1,179,502 156,485
Intergenic variant 18,568,837 16,664,272 1,904,565

This table summarizes the functional classification of all variants reported in this
study

sequences of A-family polymerase theta (POLQ) gene by
producing a frameshift insertion between amino acids
number 2728 and 2729 just before the termination site.
It induces a frameshift in the open reading frame which

results in the addition of ten new amino acids followed
by a new downstream termination site. The POLQ gene
has been identified in several other species and was
reported to play a major role in the DNA repair mecha-
nism of double strand breaks (DSB) by alternative end-
joining (alt-EJ; also called alternative non homologous
end-joining (alt-NHE]) or microhomology-mediated end
joining)) [29-33]. Unlike the classical non homologous
end-joining (c-NHEJ) mechanism, alt-E] depends on
resection of DNA ends to find microhomologies, which
results in larger deletions and insertions [34, 35]. Inhi-
bition of POLQ functions in mice were reported to be
associated with chromosome instability phenotypes [36].
In mammalian cells, POLQ promotes the formation of
chromosomal translocations and is essential for survival
when the homology-directed repair (HDR) mechanism
is impaired [31], which suggests that this mutation may
cause embryonic lethality in cattle.

The two other frameshift mutations were identified
in the Charolaise breed. The first one is a GACC inser-
tion at position 149,472 on BTA19 and is located within
an olfactory receptor gene coding sequence (ENS-
BTAG00000045560). This variant was identified in three
samples in our dataset and is also present in the Ensembl
database. It leads to a frameshift mutation within the
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Table 4 Distribution of LoF and deleterious variants
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Stop lost Splice acceptor Start lost Frameshift Missense deleterious Stop gained Splice donor
Holstein 1 15 10 0 1 5 18
Abondance 1 0 1 0 43 1 0
Cross-breed 0 0 0 1 10 1 0
Brown Swiss 0 6 1 0 4 3 3
Salers 0 1 0 0 47 1 2
Montbéliarde 1 1 3 0 705 34 18
Vosgienne 0 4 0 0 4 9 3
Normande 0 11 3 0 626 1 1
Simmental 0 2 0 0 33 3 1
Limousine 0 1 1 0 18 1 14
Charolaise 1 15 6 5 17 35 21
Parthenaise 0 0 0 0 1 9 2
Rouge des Prés 1 1 0 0 37 3 1
Tarentaise 0 1 0 0 54 0 0
Blonde d’Aquitaine 2 13 3 1 572 31 16
Aubrac 0 8 1 0 193 10 2

This table summarizes the distribution of LoF and deleterious variants in each breed and for each functional annotation class

7tm_1 (PFO00001) pfam domain at amino acids 81 and
82 and creates 39 new amino acids followed by a termi-
nation site, thus producing a truncated protein, which
contains only 26% (82 of 311 amino acids) of the wild
type protein. The second frameshift mutation is a four
nucleotide (-/AGTT) insertion identified at position
21,913,213 on BTA18. It was identified in two samples in
our panel but it is absent in the Ensembl database. It is
located within the retinoblastoma-like 2 (RBL2) coding
gene region and leads to a frameshift mutation within the
RB_B box (PF01857 pfam domain) at amino acids 890—
891, thus introducing 26 new amino acids before creating
a premature termination site. Thus, a truncated protein
representing only 78% (890/1140 amino acids) of the wild
type protein is produced. RBL2, also called pRb2/p130, is
a member of the retinoblastoma family of tumor suppres-
sors [37] and its expression was reported to be altered
in several cancer types [38—40]. RBL2 interacts with the
E2F4 and E2F5 transcription factors and results in neg-
ative regulation of the cell cycle [41]. It is also involved
in many other cellular processes, such as regulation of
apoptosis and differentiation [37] and control of the
length of telomeres [42].

Finally, we identified the p.Q579* mutation within the
APAFI gene (HH1: Holstein Haplotype 1), the p.N290T
deleterious missense mutation within the GART gene
(HH4), the p.V180F deleterious missense mutation

within the SLC35A3 gene (CVM: complex vertebral
malformation), the p.Q52* stop-gained variant within
the SHBG gene (MH1: Montbéliarde Haplotypel) and
the R12* stop-gained variant within the SLC37A2 gene
(MH2). All these substitutions are specific to the Hol-
stein (HH1, HH4 and CVM) and Montbéliarde (MH1
and MH2) breeds, respectively and are considered to be
strong candidate mutations for embryonic lethal defects
[43].

Gene ontology and pathway analysis

In order to gain additional insight into the biologi-
cal pathways and molecular functions that are affected
by these variants, we performed a gene ontology (GO)
enrichment and functional analysis using 8337 known
Ensembl ID-associated genes retrieved from our vari-
ant annotation study (see Additional file 5). Several GO
terms were significantly over-represented. For exam-
ple, the six most enriched GO categories corresponding
to biological processes were related to the regulation of
GTPase-, Ras-, and Rho-mediated signal transduction.
The three most enriched GO categories corresponding
to cellular components were related to cytoskeleton and
myosin complex and the five most enriched GO catego-
ries corresponding to molecular functions were related to
ATP binding, adenine nucleotide binding, ATPase activ-
ity, motor activity and ribonucleotide binding.
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Experimental validation of the study panel

by high-throughput genotyping

Previous studies reported a significant rate of false posi-
tive calls among deleterious missense and loss-of-func-
tion variants [3, 44]. Thus, the efficiency of our calling
approach and the relevance of the resulting variants were
assessed by genotyping a selected panel containing 304
heterozygous deleterious missense and loss-of-function
mutations for which no homozygous individual for the
alternative allele was observed in our population. They
were also selected based on their mapping quality (above
50) and their calling quality (above 30) scores. Genotyp-
ing was performed using the already available Illumina
BovineLD custom BeadChip [17] and a panel of 172,416
animals corresponding to both beef and dairy cattle
breeds (Table 2).

Overall, 276 (~91%) SNPs were polymorphic in all
genotyped animals and were considered as true vari-
ants (see Additional file 6). Among these, 61 SNPs were
private and were polymorphic only in one breed. Thus,
they were considered as breed-specific variants i.e. two
in Brown Swiss, three in Limousine, 12 in Montbéliarde,
27 in Normande, 16 in Holstein and one in Blonde
d’Aquitaine. For 51 polymorphic SNPs, we observed only
two genotypes. No homozygous individual for the alter-
native allele was observed among all genotyped samples.
For these 51 variants, we determined the expected pro-
portions of homozygous individuals for the alternative
allele in each breed and then calculated the significance
probability (p value) from the binomial distribution, with
event probability equal to zero (which corresponded to
the proportion of observed homozygous individuals for
the alternative allele), and the number of observations
was equal to the number of animals in each breed. For
41 of the 51 variants, there was no significant difference
between the expected and the observed proportions (see
Additional file 6). However, for the other 10 variants, the
expected proportion was significantly different from the
observed proportion in at least one breed (see Additional
file 6). These corresponded to nine missense deleteri-
ous mutations and one LOF variant. This latter one cor-
responded to the p.Q579* mutation within the APAFI
gene (HH1: Holstein Haplotype 1) which was previously
reported as a strong candidate mutation for embryonic
lethal defects [43]. As expected, significant differences
between the observed and estimated proportions of
homozygous individuals for the alternative allele were
only observed in the Holstein breed. Two other deleteri-
ous missense mutations were also located within CBX3
(chromobox protein homolog 3) and RBBPS (RB binding

protein 5, histone lysine methyltransferase complex subu-
nit) genes which are known to be associated with male
germ cell survival and spermatogenesis [45] and sterility
[46], respectively.

The 51 SNPs for which only two genotypes were
observed were located within 42 known gene cod-
ing regions. Thus, these genes were used to carry out
gene ontology (GO) and mammalian phenotype ontol-
ogy (MPO) enrichment analyses using the MouseMine
analysis tools (see Additional file 7). The most signifi-
cant enriched MPO categories were related to abnormal
nervous system morphology and phenotype, preweaning
lethality, and abnormal brain development (see Addi-
tional file 7, sheetl). However, no significant GO category
enrichment was obtained (see Additional file 7, sheet 2).
It will be very interesting to study the effect of these vari-
ants on phenotypes of interest in cattle.

Conclusions

In this study, we performed a pan-genome assessment of
small genome variations in cattle using whole-genome
sequence data. Analysis of WGS data of 274 animals from
both dairy and beef cattle breeds allowed the identifica-
tion of over 28 millions small variations, among which
we identified more than 25 million SNPs and around 3
million small insertions and deletions. To assess the qual-
ity of both our sequencing data and calling approach,
we analyzed the transition to transversion ratio and the
call rate, and we also compared the sequence-derived
genotypes with array-derived ones. Results from all
these analyses confirmed the efficiency of our sequenc-
ing data as well as the good quality of our variant calling
procedure. Annotation of these variants revealed sev-
eral deleterious missense and loss-of-function variants,
among which we identified several mutations that were
previously reported to be associated with either dairy or
beef traits. Genotypic and allelic frequency distributions
revealed the presence of more than 14,000 heterozygous
candidate deleterious and LOF variants that segregated in
the absence of individuals homozygous for the alternative
allele in our population. Of these, we genotyped 172,416
animals from dairy and beef breeds with a panel of 304
SNPs, using the already available Illumina BovineLD cus-
tom BeadChip. Two hundred and seventy-six of these
variants (~91%) were polymorphic in at least one breed
and, thus, were considered as true variants. For 51 of
the 276 polymorphic variants, we did not observe any
homozygous individual for the alternative allele. These
51 variants will be useful to study their link with genetic
variability of economically-important traits in cattle.
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Additional files

Additional file 1. Summary of sequence coverage and sequence align-
ment to the reference genome. Total and mapped reads, as well as total
and percent of correctly mapped reads are indicated for each sample. The
estimated sequence coverage was also obtained for each sample.

Additional file 2. Size distribution of small insertions and deletions iden-
tified by GATK. Total number of small insertions and deletions and their
distribution by size are indicated.

Additional file 3. Results of genotype accuracy analyses. Genotype
accuracy analyses were performed by comparing sequence-derived
genotypes and those obtained using the high-density SNP bead chip for
152 samples (39 Holstein, 49 Montbéliarde, 41 Normande and 23 Blonde
d’Aquitaine).

Additional file 4. List of LoF and deleterious missense variants for which
no homozygous individual for the alternative allele was observed in our
samples. For each variant, overall and per breed genotype (0/0, 0/1 and
1/1) distribution as well as the frequency for the alternative allele are
indicated. The functional annotation results and SIFT predictions are also
indicated.

Additional file 5. GO enrichment analysis using the Cytoscape ClueGO
plugin. The results of GO enrichment analyses were obtained using the
overall list of LoF and deleterious missense variants for which no homozy-
gous individual for the alternative allele was observed in our samples.
The results for biological processes (BP), cellular components (CP) and
molecular functions (MF) are in sheets 1, 2 and 3, respectively.

Additional file 6. Frequency of the alternative allele of SNPs in our vali-
dation panel. (Sheet 1) Frequency of the alternative allele was calculated
using the genotyping data obtained by genotyping all variants of our
validation panel with the custom lllumina Bovine low-density BeadChip.
Monomorphic variants (homozygous for the reference allele) in each
breed are indicated by “0". Missing genotyping data are indicated by ‘ng".
The numbers of observed types of genotype are in column 3 and coded
as follows: (1) monomorphic variants; (2) and (3) correspond to the 276
polymorphic variants with (2) corresponding to the 51 variants for which
no homozygous individual for the alternative allele was observed and (3)
corresponding to variants for which we observed the three genotypes.
(Sheet 2) Results of the exact binomial distribution test with event prob-
ability being set to zero (which corresponds to the number of observed
homozygous individuals for the alternative allele), and n was equal to
the number of animals in each breed (indicated between parenthesis). For
the Simmental breed, we had only two genotyped animals and therefore
we did not do the binomial distribution test.

Additional file 7. Results of GO enrichment. GO enrichment analyses
were performed using the MouseMine analysis tools and the results are
summarized in sheets 1 and 2. Mammalian phenotype enrichment results
are in sheet 1 and GO enrichment results in sheet 2.
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Sequence variants selected from a
multi-breed GWAS can improve the reliability
of genomic predictions in dairy cattle

Irene van den Berg'?"®, Didier Boichard? and Mogens S. Lund'

Abstract

Background: Sequence data can potentially increase the reliability of genomic predictions, because such data
include causative mutations instead of relying on linkage disequilibrium (LD) between causative mutations and
prediction variants. However, the location of the causative mutations is not known, and the presence of many variants
that are in low LD with the causative mutations may reduce prediction reliability. Our objective was to investigate
whether the use of variants at quantitative trait loci (QTL) that are identified in a multi-breed genome-wide associa-
tion study (GWAS) for milk, fat and protein yield would increase the reliability of within- and multi-breed genomic
predictions in Holstein, Jersey and Danish Red cattle. A wide range of scenarios that test different strategies to select
prediction markers, for both within-breed and multi-breed prediction, were compared.

Results: For all breeds and traits, the use of variants selected from a multi-breed GWAS resulted in substantial
increases in prediction reliabilities compared to within-breed prediction using a 50 K SNP array. Reliabilities depended
highly on the choice of the prediction markers, and the scenario that led to the highest reliability varied between
breeds and traits. While genomic correlations across breeds were low for genome-wide sequence variants, the effects
of the QTL variants that yielded the highest reliabilities were highly correlated across breeds.

Conclusions: Our results show that the use of sequence variants, which are located near peaks of QTL that are
detected in a multi-breed GWAS, can increase reliability of genomic predictions.

Background

Accuracy of genomic predictions is highly influenced by
the size of the reference population used [1-3]. In cat-
tle, for breeds such as the Holstein breed, this is not a
problem since large reference populations are available
at both the national and international levels [4], but for
breeds with a smaller reference populations, accura-
cies of genomic prediction may not be sufficiently high.
Using a large multi-breed reference population could
potentially increase the accuracy of genomic predictions,
by allowing breeds that have a small reference popula-
tion to use information from other breeds. However, in
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practice, large increases in accuracy of genomic predic-
tions are obtained only when the breeds included in the
multi-breed reference population are closely related [5,
6]. When more distant breeds are combined together,
increases in accuracies of genomic predictions are gen-
erally small or zero compared to within-breed predic-
tions [7—11]. One reason for this could be that linkage
disequilibrium (LD) is conserved over much shorter dis-
tances across breeds than within breeds [12]. With the
availability of high-density single nucleotide polymor-
phism (SNP) chips, de Roos et al. [12] showed that the
LD between single nucleotide polymorphisms (SNPs) on
the high-density SNP chip across dairy cattle breeds is
sufficiently high to make across-breed prediction feasible
and it was then assumed that increasing marker density
furthermore to the whole-genome sequence level would
improve multi-breed prediction. However, reliabilities of
genomic predictions that are obtained with the bovine

WORLD TECHNOLOGIES



http://orcid.org/0000-0002-9292-8636
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12711-016-0259-0&domain=pdf

Sequence variants selected from a multi-breed GWAS can improve the reliability of genomic predictions... 161

high-density SNP chip (HD) are not much higher than
those with the 50 K SNP chip [9, 10]. Increasing marker
density to the HD or the sequence level adds a large
number of genome-wide variants but only a few of these
variants are close to the causative mutations. Unless only
variants in perfect LD with the causative mutations are
used, the variants in imperfect LD with the causative
mutations will limit the reliability of genomic predic-
tions [13]. While whole-genome sequence data contain
causative mutations and variants in high LD with some
causative mutations, most of the variants are in low LD
with the causative mutations. Thus, it is not surprising,
that the use of whole-genome sequence data for genomic
prediction does not necessarily increase reliabilities of
genomic predictions compared to the use of genome-
wide SNPs [14, 15], especially if the models used do not
allow for sufficiently different within-breed variances and
across-breed covariances for different SNPs.

In a simulation study, Pérez-Enciso et al. [16] obtained
very high reliabilities by including the causative muta-
tions in the model, while either addition of non-caus-
ative variants or removal of some causative mutations
decreased reliabilities. Studies in cattle [17, 18] and
Drosophila melanogaster [19] showed that selecting
prediction variants based on the results of genome-
wide association studies (GWAS) can yield substantial
increases in the reliability of genomic predictions.

Because LD is conserved over much shorter distances
across than within breeds [12], increasing the distance
between causative mutations and prediction variants
had a stronger effect on across-breed prediction than on
within-breed prediction. In a simulation study [20], reli-
ability of genomic predictions decreased faster across
breeds than within breeds as the distance between pre-
diction variants and causative mutations increased.
Therefore, in order to infer information across breeds, it
is important to use variants that are in high LD with the
causative mutations. Although the true causative muta-
tions are unknown, with a few exceptions [21], a large
number of quantitative trait loci (QTL) regions have been
detected in dairy cattle [22-27], and this information
could be used to select sequence variants for genomic
prediction. However, variants that are linked to a QTL in
one breed but not in another breed can introduce noise,
and reduce accuracy of genomic prediction for the other
breed. Thus, careful selection of QTL variants is likely
to be relevant for multi-breed prediction. Because LD
is conserved over shorter distances across breeds, fewer
variants are associated with the same causative muta-
tions across breeds. Consequently, multi-breed GWAS
results in more precise QTL mapping for variants that
are shared across breeds [11, 28, 29].

Another potential difficulty in multi-breed prediction
is that variant effects differ across breeds, which can be
due to dominance or epistasis. However, even for genes
with additive effects, differences in effects could be due
to allele frequencies differing among breeds, or sim-
ply to the LD between prediction variants and causative
mutations differing among breeds [6]. Thus, considering
that SNP effects can be correlated across breeds rather
than assuming that they are the same in each breed may
be important to take advantage of sequence data for
genomic prediction.

When within-breed genomic predictions are used, they
rely heavily on the structure of the relationships within
the breed that create LD in relatively large regions. Such
structures are disrupted when populations from different
breeds are combined, which results in LD being persis-
tent over shorter regions across breeds. In addition, SNP
effects can be easily dominated by the SNP effects in the
breed with the largest population, which may lead to the
prediction of a non-existing effect in the other breeds. As
a consequence, the SNP may lose its predictive ability for
the other breeds or even introduce noise from the breed
with the largest reference population. Thus, in order to
allow for private genetic variation and efficient use of
within-breed family relationships, it could be useful to
include a genomic component that models the genomic
covariances within a given breed in the model.

Our objective was to investigate whether the use of var-
iants at QTL that are selected from a multi-breed GWAS
for milk, fat and protein yields would increase the reli-
ability of within- and multi-breed genomic predictions
in three dairy cattle breeds that range from very related
populations to unrelated breeds. We used a model with a
50 K SNP genomic component and a QTL genomic com-
ponent that includes sequence variants. We assumed that
reliability of genomic predictions would increase when
QTL variants were included in the model compared to
models using only 50 K SNPs and that if too many were
included, this advantage would decrease. More precisely,
we expected that:

1. single-trait models that assume equal variant effects
across breeds would be efficient for closely related
populations;

2. including a QTL component with sequence variants
would increase the reliability of genomic predic-
tions and increase the correlations of variant effects
between breeds compared to the 50 K SNP compo-
nent;

3. a restricted number of prediction markers per QTL
interval would improve the reliability of genomic pre-
dictions, especially for distantly related breeds;
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4. a multi-breed GWAS would select sequence variants
more accurately than a within-breed GWAS, espe-
cially for multi-breed prediction.

We used different models to test these assumptions.

Methods
Data
All genotype and phenotype data used in this study
were obtained from pre-existing routine genetic evalu-
ation data for the dairy cattle populations and required
no ethical approval. Data from 5852 French Holstein
(HOLFR), 5411 Danish Holstein (HOLDK), 1203 Dan-
ish Jersey (JER) and 937 Danish Red (RDC) bulls were
included in the analyses. Although the HOLFR and
HOLDK populations belong to the same breed, they
were considered as different breeds. Holstein and RDC
breeds are weakly related, while the JER breed is much
more distantly related from either the RDC or Hol-
stein breeds [6]. For all the bulls, deregressed proofs
(DRP) were available for milk, fat and protein yields.
Since the French and Danish scales differ, it was neces-
sary to standardize the DRP within each breed, so that
they were comparable between countries. All individu-
als were genotyped with the 50 K SNP chip and a sub-
set of the individuals was also genotyped with the HD
SNP chip, or sequenced. Individuals that were geno-
typed with the 50 K SNP chip were first imputed to HD,
and then to the whole-genome sequence level, so that
full genome sequence information was available for all
the individuals. Imputation of Danish bulls from 50 K
to HD and imputation of both French and Danish bulls
from HD to whole-genome sequence level were done by
using IMPUTE2 [30], while imputation of French bulls
from 50 K to HD was performed by using Beagle [31].
For the Danish bulls, imputation from HD to whole-
genome sequence level was based on a multi-breed ref-
erence population that included 1228 individuals from
the fourth run of the 1000 Bull Genomes project [32]
and 80 bulls from other projects carried out at Aarhus
University. The HOLFR bulls were imputed by using a
joint multi-breed French-Danish reference population
that included 122 Holstein, 27 Jersey, 28 Montbéliarde,
23 Normande and 45 Danish Red bulls. More details on
the imputation of the Danish bulls are in Brendum et al.
[17] and for the imputation of the French bulls from
50 K to HD in Hozé et al. [33].

For each population, individuals were divided into
a training and a validation population. The validation
populations consisted of the youngest individuals of
each breed, and their sires were excluded from the train-
ing population. The training populations included 4911
HOLDK, 5335 HOLFR, 957 JER and 745 RDC bulls, and
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the validation populations consisted of 500 HOLDK, 517
HOLFR, 246 JER and 192 RDC bulls.

Selection of prediction markers included in the QTL
component
Several scenarios with different sets of prediction mark-
ers and different models were investigated. All sets
of prediction markers included only variants with a
minor allele frequency (MAF) higher than 0.01 and an
IMPUTE2 INFO score of at least 0.9, which resulted in
the basic set (50 K) comprising 37,856 SNPs from the
50 K SNP chip. For the other sets, variants were selected
based on their associations with milk, fat or protein yield
that had been identified in previously performed GWAS.
The dataset used for the multi-breed GWAS included
all the bulls of the four populations (HOLFR, HOLDK,
JER and RDC) in the training populations, their sires, and
an additional 1935 Montbéliarde and 1725 Normande
bulls. First, a GWAS was performed within each of the
six populations, using whole-genome sequence data.
After filtering out variants with a MAF lower than 0.005
and an IMPUTE2 INFO score less than 0.60, 24,550,115
SNPs and indels remained in the dataset. A single-marker
model was run for each of these polymorphisms, within
each of the six populations:

Yik = 1+ Sik + Bgi + eiks

where y; is the DRP of milk yield, fat yield or protein
yield for individual i with sire k, s;; the random effect of
sire k, S the effect of the variant, g; the allele dose (rang-
ing from O to 2) for individual i and ej; a random residual.

Subsequently, a multi-breed GWAS was performed
combining all six populations. To reduce computing
time, the multi-breed GWAS was only run for variants
with a p value <10~° for the HOLDK or HOLER bulls, or
<1072 for one of the other breeds for at least one of the
traits. A breed effect was added to the model to account
for between-breed differences:

Yijk = I+ ik + bij + Bk + eijic
where b;; is the effect of breed j of individual i. A full
description of the GWAS is in [29].

Within breeds, variants were selected based on their
associations with milk, fat or protein yield, which had
been identified in either the within-breed or multi-
breed GWAS, while for multi-breed analyses, variants
were selected based on their associations with milk, fat
or protein yield, which were detected in the multi-breed
GWAS. Thresholds for within-breed p values were equal
to 1077, with ¢ equal to 10, 12 or 14 for Holstein popula-
tions and 4, 6 or 8 for Jersey and Danish Red populations.
For the multi-breed models, ¢ was equal to 10, 14 or 20.
Due to the large differences in number of individuals per
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breed, the power of the GWAS varied strongly between
breeds. Therefore, different thresholds were used for
each breed, i.e. the thresholds for the JER and RDC
breeds were chosen so that the range of the number of
selected variants included the number of variants used
for the HOLDK and HOLFR populations. An overview
of all scenarios can be found in Table 1. Within breeds
(WB-50 K + QTLt scenario), all variants that passed
these thresholds were selected. Subsequently, LD prun-
ing was performed on the selected variants using PLINK
[34], with a R? threshold of 0.95. Selection of variants
was the same for the multi-breed and within-breed
analyses in the MB-50 K + QTLt scenarios. In scenarios
MB-50 K + QTLt-n/w, the number of variants per inter-
val (1) was, after LD pruning, limited to the 1, 10 or 25
variants with the lowest p values, per window (w) of 1, 2
or 10 Mb. Intervals were defined starting from the high-
est peak, until there were no more variants with a p value
below t. The number of QTL variants selected from the
within- and multi-breed GWAS are in Tables 2 and 3,
respectively. If a variant was included in the QTL compo-
nent of one scenario, it was excluded from the 50 K com-
ponent for that scenario.

Statistical models

Genomic estimated breeding values (GEBV) were esti-
mated using a Bayesian SNP best linear unbiased predic-
tion (BLUP) model as implemented in the Bayz software

Table 1 Descriptions of the scenarios used in the paper

Scenario® Model QTL component®

WB-50 K WB -

WB-50 K+ WBQTLt WB All variants with a p value below
10~%in a within breed GWAS

WB-50 K+ MBQTLt WB All variants with a p value below

107" in a multi breed GWAS

Maximum n variants with a p value
below 10~ per interval of i Mb in a
multi breed GWAS

MB-50 K MB -
MB-50 K + MBQTLt MB

WB-50 K + MBQTLt-n/w  WB

All variants with a p value below
10~"in a multi breed GWAS

Maximum n variants with a p value
below 10~ per interval of i Mb in a
multi breed GWAS

MT-50 K MT -
MT-50 K + MBQTLt MT

MB-50 K + MBQTLt-n/w  MB

All variants with a p value below
107"in a multi breed GWAS

Maximum n variants with a p value
below 10~ per interval of i Mb in a
multi breed GWAS

MT-50 K + MBQTLt-n/w  MT

WB within-breed, MB multi-breed, MT multi-trait model
@ Acronym of the scenario

b Describes how the variants in the QTL component were selected

Table 2 Different sets of markers selected

from within-breed GWAS

QTL

Set Selection Number of selected variants

threshold

Milk yield Fatyield Protein yield

Danish Holstein

WBQTL10 10710 2595 2523 1491
WBQTL12 10712 1868 1719 612
WBQTL14 10714 1511 1220 298
French Holstein

WBQTL10 10710 2249 1924 921
WBQTL12 10712 1382 1108 330
WBQTL14 107 958 782 168
Jersey

WBQTL4 10-% 14,101 6632 3219
WBQTL6 1070 2464 578 345
WBQTL8 10708 677 51 22
Danish Red

WBQTL4 107% 9548 4925 5330
WBQTL6 107% 873 648 383
WBQTL8 107% 80 232 12

[35], using only the 50 K data or the 50 K data and a sec-
ond marker component with QTL marker components.
In the models using only the 50 K data, all SNP effects
were assumed to come from a single normal distribution.
In the models that included a QTL component, QTL
marker effects were assumed to come from a second
normal distribution. Both within- and multi-breed mod-
els were tested and in the multi-breed models, the same
trait in different breeds was considered either as a single
trait, using a fixed breed effect to account for differences
between breeds, or as multiple correlated traits, using a
multi-trait model. For all scenarios, the Markov chain
Monte Carlo (MCMC) was run for 50,000 iterations, dis-
carding the first 10,000 as burn-in.

Within-breed model with a 50 K component
In the basic model (WB-50 K), only the 50 K SNPs were
used for within-breed prediction:

M
Vi= 1+ Y Zimm + €,

m=1

where y; is the deregressed proof (DRP) of individual i,
1 the mean, M is the total number of 50 K SNPs, z;;,, the
genotype of individual i for SNP m, a,, the allele sub-
stitution effect of SNP m and e; a random residual for
individual i. SNP effects and residuals were assumed
to be drawn from normal distributions ~ N (0,0?) and
~ N(0,02), respectively. Additive SNP variance o2 and
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Table 3 Different sets of QTL markers selected from multi-breed GWAS

a

Set Selection threshold  Window size (Mb) n Number of selected variants
Milk yield Fat yield Protein yield

MBQTL10 10 - - 8361 9615 6119
MBQTL10-1/1 10 1 1 375 448 522
MBQTL10-10/1 10 1 10 1954 2612 2773
MBQTL10-25/1 10 1 25 3130 4190 4096
MBQTL10-1/2 10 2 1 269 292 342
MBQTL10-10/2 10 2 10 1457 1856 2080
MBQTL10-25/2 10 2 25 2363 3189 3410
MBQTL10-1/10 10 10 1 AR 109 107
MBQTL10-10/10 10 10 10 709 775 9N
MBQTL10-25/10 10 10 25 1230 1454 1808
MBQTL14 14 - - 3821 4077 1402
MBQTL14-1/1 14 1 1 102 155 134
MBQTL14-10/1 14 1 10 614 816 633
MBQTL14-25/1 14 1 25 1046 1341 894
MBQTL14-1/2 14 2 1 67 1 95
MBQTL14-10/2 14 2 10 416 635 534
MBQTL14-25/2 14 2 25 762 1065 801
MBQTL14-1/10 14 10 1 27 40 41
MBQTL14-10/10 14 10 10 194 279 295
MBQTL14-25/10 14 10 25 352 534 517
MBQTL20 20 - - 2225 2252 299
MBQTL20-1/1 20 1 1 30 45 23
MBQTL20-10/1 20 1 10 203 251 130
MBQTL20-25/1 20 1 25 384 424 205
MBQTL20-1/2 20 2 1 18 35 19
MBQTL20-10/2 20 2 10 138 192 104
MBQTL20-25/2 20 2 25 257 314 162
MBQTL20-1/10 20 10 1 7 15 12
MBQTL20-10/10 20 10 10 48 94 57
MBQTL20-25/10 20 10 25 115 173 85

2 Maximum number of variants per interval (n), and the number of selected variants for milk, fat and protein yields

residual variance o2 were assigned uniform non-inform-
ative priors.

Within-breed models with 50 K and QTL genomic
components

In scenarios WB-50 K + WBQTL and WB-50 K + MBQTL,
a second genetic component was added to the model, using
WBQTLt, MBQTLt or MBQTLt-n/w variants:

M N
yi=p+ Z ZimOm ~+ Zzinqn + e,
m=1 n

where N is the total number of QTL markers, z;, the gen-
otype of individual i for marker 7, and g, the allele substi-
tution effect of marker n. QTL marker effects were drawn

from a normal distribution ~ N ( 0, qu , and additive QTL
variance qu was assigned a uniform non-informative prior.
Multi-breed models

MB-50 K was a single-trait multi-breed model that
assumed that the same trait measured in different breeds
was a single trait, with a breed effect to account for the
difference in means between breeds:

M
Yi=pAbj+ Y Zimm + e,

m=1

where b;; is the effect of breed j of individual i. A uniform
non-informative prior was assigned to b;.
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Model MB-50 K + MBQTL was similar to the
MB-50 K model, with the addition of one of the MBQTLt
or MBQTLt-n/w sets as a multi-breed QTL component:

M N
yi=u+bj+ Z ZimAm + Zzinqn +éi.
m=1 n

Multi-trait models

In the basic multi-trait model (MT-50 K), the same trait
measured in different breeds was considered as multiple
traits by assuming a correlation between allele substitu-
tion effects in the 50 K component across breeds:

M
Vi = Mj + Z ZimAjm + €ij,
m=1
where y;; is the DRP of individual i from breed j, u; the
mean of breed j, and aj, the allele substitution effect
of marker m in breed j. Additive marker effects were
assumed to be normally distributed ~ N (0, 031. with
additive marker variance cf‘f. Uniform non-informa-
tive priors were assigned to 0'3« and to covariance o 4k
between the additive marker effects on the DRP in
breed j and on the DRP in breed k. Residual covariances
between DRP for individuals of different traits were 0.
Model MT-50 K + MBQTL was similar to the MT-50 K
model, except for the addition of one of the MBQTLt or
MBQTLt-n/w sets as a multi-breed QTL component:

M N
Vi = 15+ D Zimjm + Y Zinjn + €5
m=1 n

where gj, is the additive QTL marker effect of marker # in
breed j. Additive marker effects are assumed to be nor-
mally distributed ~ N (O, quj . Both aqzj and covariance
04j.qk between the additive QTL marker effects on the
DRP in breed j and on the DRP in breed k were assigned
uniform, non-informative priors.

Genomic correlations between 50 K SNP effects on the
DRP in different breeds were estimated with the MT-50 K
and MT-50 K + MBQTL models, and genomic correla-
tions between QTL marker effects on the DRP in differ-
ent breeds were estimated with the MT-50 K + MBQTL
model. Genomic correlations were considered significant
if they were greater than twice the standard error.

Evaluation of scenarios

Reliabilities were estimated as the squared correlation
between DRP and GEBYV, divided by the mean reliability
of DRP in the test population. Bias was assessed by regres-
sion of DRP on GEBV. In the WB-50 K + MBQTL14-
10/2 scenario for milk yield, five MCMC chains were
run to assess convergence. Correlations between GEBV

obtained by different runs were above 0.9999 for all
breeds.

In the scenarios with a QTL component, the propor-
tion of variants explained by the QTL component was
estimated as:

2
oQT1L
2 2 2’
O50x T OQTL T %

2
hor =

where 05201< and O'(%TL are the variances of the 50 K and
QTL components, respectively. These variances were
estimated using the Gbayz programme that is part of the
Bayz software [35]. For each MCMC iteration, var(Za)
and var(Zq) were estimated, where Z is a design matrix
and a and q are vectors of the regression coefficients of
50 K and QTL marker effects, respectively. Subsequently,
posterior estimates of ‘75201< and oéTL were obtained by
averaging var(Za) and var(Zq) over all MCMC cycles.

Results

Comparison between different scenarios and prediction
models

Reliabilities of genomic predictions obtained by using the
50 K SNPs and the scenarios that led to the highest relia-
bilities for each breed and trait are in Table 4. The highest
reliabilities of genomic predictions for the HOLDK and
HOLER populations and the JER and RDC populations
were obtained in scenarios MB-50 K-MBQTLt-n/w and
WB-50 K-MBQTLt-n/w, respectively. Averaged across
traits, the increase in reliability of the best scenario com-
pared to model WB-50 K was equal to 0.08, 0.08, 0.06
and 0.06 for HOLDK, HOLFR, JER and RDC, respec-
tively. The set of QTL markers that resulted in the highest
reliability and the number of QTL variants in that set var-
ied between breeds and traits. Averaged across traits, the
numbers of QTL markers that yielded the highest reli-
ability were equal to 1359, 662, 265 and 561 for HOLDK,
HOLEFR, JER and RDC, respectively. The number of QTL
variants that led to the highest reliability was much larger
for milk yield than for fat and protein yields, with, aver-
aged across breeds, 1080 variants for milk yield, 564 for
fat yield and 490 for protein yield.

Increases in reliability of genomic predictions varied
greatly depending on the set of QTL markers used com-
pared with model WB-50 K. Figure 1 shows this variation
among the scenarios investigated for milk yield, while
the results for fat and protein yield are in Figure S1 (see
Additional file 1: Figure S1).

Tables 5 and 6 compare reliabilities of genomic pre-
diction between model WB-50 K and the other sce-
narios. Scenario WB-50 K-WBQTLt resulted in small
increases up to 0.05 for the HOLDK and HOLFR popu-
lations, except for protein yield for HOLDK, which had
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Table 4 Scenarios with best reliability (r?) for each breed and trait
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Breed Trait 50 K? Best scenario nP r? A
HOLDK Milk yield 044 MB-50 K 4+ MBQTL10-25/1 3130 0.53 0.09
Fat yield 048 MB-50 K 4+ MBQTL20-25/1 424 0.58 0.10
Protein yield 0.39 MB-50 K + MBQTL10-1/1 522 044 0.06
HOLFR Milk yield 033 MB-50 K 4+ MBQTL14-25/1 1046 041 0.08
Fat yield 037 MB-50 K 4+ MBQTL20-25/1 424 0.46 0.10
Protein yield 037 MB-50 K+ MBQTL14-25/10 517 044 0.06
JER Milk yield 0.30 WB-50 K + MBQTL20-1/10 7 0.40 0.10
Fat yield 0.16 MB-50 K + MBQTL10-10/10 775 0.20 0.04
Protein yield 0.22 WB-50 K + MBQTL20-1/10 12 0.27 0.05
RDC Milk yield 0.14 WB-50 K + MBQTL20-10/2 138 0.20 0.06
Fat yield 0.11 WB-50 K+ MBQTL14-10/2 635 0.19 0.07
Protein yield 0.09 WB-50 K+ MBQTL10-10/10 91 0.14 0.05

HOLDK Danish Holstein, HOLFR French Holstein, JER Jersey, RDC Danish Red
@ Reliabilities when using 50 K SNPs
b Number of QTL variants included in the scenario

¢ Difference in reliability between the best scenario and that obtained with 50 K SNPs

a reliability that decreased by 0.01. For JER, reliabilities
increased for milk and fat yield by 0.04 and 0.02, respec-
tively, but no difference was found for protein yield. For
RDC, only small differences were found, with decreases
of 0.01 for fat and protein yield, and no difference for milk
yield. The scenarios using QTL variants selected from the
multi-breed GWAS showed increased reliabilities for all
breeds. Larger increases were obtained when the number
of variants per QTL region was limited. Averaged across
breeds and traits, the differences in reliability between
model WB-50 K and the other models using the QTL set
that yielded the highest reliability (A,,,) were equal to
0.02, 0.03 and 0.05 for scenarios WB-50 K + WBQTLEt,
WB-50 K + MBQTLt, and WB-50 K + MBQTLt-n/w,
respectively.

Model MB-50 K led to substantial increases in reli-
ability for HOLDK and HOLFR, only small differences
for RDC, and a small decrease up to 0.03 for JER. For
all breeds and traits, reliabilities were higher when
variants selected from a multi-breed GWAS were used
than when only 50 K SNPs were used. The best advan-
tage was found when using the QTL variants for JER
and RDC, while for HOLDK and HOLFR, the largest
increases were obtained by combining the four popu-
lations. For most breeds and traits, reliabilities were
higher when the number of QTL variants was limited
than when all QTL variants were used. The largest dif-
ference between scenarios MB-50 K + MBQTLt and
MB-50 K + MBQTLt-n/w was observed for JER for
fat yield, with a A_,, of —0.01 for the first and 0.04 for
the latter model. Averaged across breeds and traits,
A« Was equal to 0.03, 0.05 and 0.06 for the MB-50 K,

MB-50 K + MBQTLt and MB-50 K + MBQTLt-n/w
models, respectively.

Bias

Regression coefficients of DRP on GEBV for all breeds
and traits are in Table 7. In all scenarios, GEBV were
overestimated, the bias being larger for JER and RDC
than for HOLDK and HOLFR. Overall, using QTL vari-
ants for prediction had only a limited influence on the
bias, with either an increase or a decrease in some sce-
narios compared to WB-50 K (see Table 7).

Influence of the number of QTL markers on reliability

of genomic prediction and on the variance explained

by QTL markers

The number of selected QTL markers varied mark-
edly between scenarios. Figure 2 shows reliabilities of
genomic predictions according to number of QTL mark-
ers used for the WB-50 K-MBQTLt-n/w scenarios for
milk yield. Results for fat and protein yield are in Figure
S2 (see Additional file 2: Figure S2). Although reliability
of genomic prediction depended on the number of QTL
variants used, there were no clear peaks, but overall reli-
abilities were highest when a relatively small number of
QTL variants was used.

The proportion of variance explained by the QTL
component (héTL) varied greatly between scenarios, as
shown in Fig. 3 for milk yield, and Figure S3 (see Addi-
tional file 3: Figure S3) for fat and protein yield. The
héTL obtained in the WB-50 K + WBQTLLt scenarios
was much larger for the JER and RDC breeds than for
the HOLDK and HOLER populations. For HOLDK and
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Table 5 Differences in reliability between the WB-50 K model and other models (A
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max) for within-breed prediction

Breed Trait WB-50 K + WBQTLt WB-50 K + MBQTLt WB-50 K + MBQTLt-n/w
HOLDK Milk yield 0.02 0.03 0.05
Fat yield 0.04 0.05 0.05
Protein yield —0.01 0.01 003
HOLFR Milk yield 0.02 0.03 0.04
Fat yield 0.05 0.05 0.05
Protein yield 0.02 0.03 0.03
JER Milk yield 0.04 0.07 0.10
Fat yield 0.02 0.01 0.02
Protein yield 0.00 0.02 0.05
RDC Milk yield 0.00 0.05 0.06
Fat yield —0.01 0.03 0.07
Protein yield —0.01 0.01 0.05

The table provides only the A

'max’

i.e. the difference (A) obtained with the QTL set that resulted in the highest reliability

The QTL component consisted of all the variants selected with a p value less than a threshold for the within-breed GWAS (WB-50 K + WBQTLt) and the multi-breed
GWAS (WB-50 K + MBQTLt), or of a limited number of SNPs per QTL interval that were selected with p value less than a threshold for the multi-breed GWAS (WB-

50 K + MBQTLt-n/w)
HOLDK Danish Holstein, HOLFR French Holstein, JER Jersey, RDC Danish Red

Table 6 Differences in reliability between the WB-50 K model and other models for multi-breed prediction

Breed? Trait MB-50 K (A) MB-50 K + MBQTLt (Af,,,) MB-50 K + MBQTLt-n/w (Af,,,)
HOLDK Milk 0.07 0.08 0.09
Fat 0.06 0.09 0.10
Protein 0.04 0.05 0.06
HOLFR Milk 0.05 0.08 0.08
Fat 0.06 0.09 0.10
Protein 0.04 0.06 0.06
JER Milk —0.03 0.02 0.06
Fat 0.01 —0.01 0.04
Protein —0.02 0.02 0.03
RDC Milk 0.01 0.05 0.06
Fat 0.02 0.06 0.05
Protein 0.00 0.02 0.04

The model included one genetic component with all 50 K SNPs (MB-50 K), or an additional component that included either all SNPs selected with a p value less than
a threshold for the multi-breed GWAS (MB-50 K + MBQTLt) or a limited number of variants per QTL interval selected with a p value less than a threshold for the multi-

breed GWAS (MB-50 K + MBQTLt-n/w)
@ HOLDK: Danish Holstein, HOLFR: French Holstein, JER: Jersey, RDC: Danish Red

b Differences in reliability between the reliability obtained with WB-50 K and the other models (A)

¢ For the models with a QTL component, the table provides only the A

max’

HOLER, regardless of the scenarios using a QTL com-
ponent selected from the multi-breed GWAS, héTL
was either larger or smaller than that obtained in sce-
nario WB-50 K + WBQTLt, depending on the criteria
that were applied for QTL selection, while for JER and
RDC, hZQTL was almost always substantially larger in
scenarios WB-50 K + WBQTLt.

For all breeds, héTL was influenced by the number of
QTL variants used in the QTL component, as shown in
Fig. 4 for the WB-50 K + MBQTLt-n/w scenarios for milk

i.e. the A obtained with the QTL set that resulted in the highest reliability

yield, and Figure S4 (see Additional file 4: Figure S4) for
fat and protein yield. In scenarios WB-50 K + MBQTLt,
the number of selected QTL variants depended solely
on the threshold applied for QTL selection, and héTL
increased approximately linearly with the number of
QTL variants (results not shown). In the sets used for
scenarios WB-50 K + MBQTLt-n/w, hén was larger for
the sets with a lower selection threshold and thus a larger
number of QTL. For scenarios WB-50 K + MBQTLt-n/w
in which the same threshold was applied, hZQTL fluctuated
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Table 7 Regression coefficients of DRP on GEBV for milk,
fat and protein yield

Scenario HOLDK HOLFR  JER RDC
Milk yield

WB-50 K 0.83 0.72 067 071
WB-50 K+ WBQTLt 0.82-0.83 0.72-0.72 0.62-0.71 0.46-0.56
WB-50 K+ MBQTLt 0.83-0.84 0.70-0.73 0.70-0.70 0.67-0.70
WB-50K + MBQTLE-n/w  0.83-0.86 068-074 068-0.78 0.61-0.72

MB-50 K 0.89 0.73 0.69 0.53

MB-50 K-MBQTLt 0.88-0.89 0.74-0.75 0.67-0.69 0.55-0.57
MB-50 K-MBQTLt-n/w 0.87-090 0.72-0.75 0.69-0.80 0.51-0.59
Fat yield

WB-50 K 0.83 0.78 0.55 0.58
WB-50 K + WBQTLt 0.82-0.82 0.79-0.81 0.49-0.58 0.45-0.49
WB-50 K + MBQTLt 0.82-0.82 0.80-0.80 0.59-0.59 0.52-0.54
WB-50 K+ MBQTLt-n/w  0.79-0.82 0.78-0.82 0.50-0.61 049-0.62

MB-50 K 0.81 0.87 0.57 0.40

MB-50 K-MBQTLt 0.81-081 087-0.88 0.52-0.56 043-0.46
MB-50 K-MBQTLt-n/w 0.80-0.82 0.87-090 04/-0.62 0.38-0.46
Protein yield

WB-50 K 0.75 0.74 0.61 0.57
WB-50 K + WBQTLt 0.72-0.74 0.74-0.75 047-0.60 041-0.50
WB-50 K+ MBQTLt 0.73-0.75 0.75-0.76 = 0.60-0.61 0.55-0.59
WB-50 K + MBQTLt-n/w 0.73-0.77  0.72-0.76. 0.57-0.64 0.55-0.72

MB-50 K 0.80 0.77 0.60 043
MB-50 K-MBQTLt 0.78-0.80 0.78-0.78 0.63-0.64 0.44-0.49
MB-50 K-MBQTLt-n/w 0.79-082 0.76-0.79 0.62-068 0.36-0.54

HOLDK Danish Holstein, HOLFR French Holstein, JER Jersey, RDC Danish Red

a lot without necessarily increasing if a larger number of
QTL variants was used. Sets used in scenarios MBQTLt-
n/w and MBQTLL led to similar /), while MBQTLt-
n/w included much fewer QTL variants than MBQTLt
(results not shown).

Genomic correlations between breeds

For the multi-trait models, genomic correlations between
the same traits in different breeds were estimated. Fig-
ure 5 shows the genomic correlations using the 50 K
component in the MT-50 K, MT-50 K + MBQTLt and
MT-50 K + MBQTLt-n/w models. Genomic correlations
of the 50 K component ranged from 0.43 to 0.76 between
HOLDK and HOLFR, from 0.03 to 0.28 between HOLDK
or HOLFR and RDC, and from —0.12 to 0.05 between
JER and any other breed.

Genomic correlations that were computed by using
the QTL component and the MT-50 K + MBQTLt and
MT-50 K + MBQTLt-n/w scenarios are in Fig. 6. All
genomic correlations were larger when the QTL com-
ponent was used than when the 50 K component was
used. The largest correlations were obtained with the

MT-50 K + MBQTLt-n/w scenarios. Genomic correla-
tions between HOLDK and HOLEFR ranged from 0.73
to 0.86 for MT-50 K + MBQTt-n/w and from 0.79 to
0.97 for MT-50 K + MBQTLt-n/w. Between HOLDK
or HOLFR and RDC, genomic correlations that were
computed by using the QTL component ranged from
0.32 to 0.48 for MT-50 K + MBQTLt, and from 0.26 to
0.94 with the MT-50 K + MBQTLt-n/w and between
JER and the other breeds, the lowest correlations
were found for fat yield (ranging from —0.07 to 0.17
for MT-50 K + MBQTLt and from —0.13 to 0.50 for
MT-50 K + MBQTLt-n/w), while for milk and protein
yield, they were always positive (ranging from 0.19 to
0.46 for MT-50 K + MBQTLLt and from 0.13 to 0.86 for
MT-50 K + MBQTLt-n/w).

Posterior standard deviations of the genomic corre-
lations are in Table S1 (see Additional file 5: Table S1);
they ranged from 0.01 to 0.33 when the QTL compo-
nents were used and from 0.03 to 0.17 when the 50 K
component was used. Standard deviations were smallest
between the two Holstein populations (on average 0.02
for the QTL components and 0.05 for the 50 K compo-
nent), and larger for any other breed combination (on
average 0.16 for the QTL components and 0.11 for the
50 K component).

Discussion

The advantage of whole-genome sequence data is that
they include causative mutations. However, some caus-
ative mutations may be absent, for example because of
partial variant calling that does not consider structural
variants, and because some variants may be filtered
out due to poor sequencing and imputation quality.
Furthermore, the locations of the causative mutations
present in the data are unknown. Thus, we attempted
to identify variants that were in high LD with the
causative mutations based on GWAS data. Using QTL
variants that were selected from a multi-breed GWAS
for within-breed prediction resulted in substantial
increases in the reliability of genomic predictions for
all breeds and traits compared to a 50 K within-breed
model. While the reliability of multi-breed prediction
increased when QTL markers were used rather than
only 50 K SNPs, multi-breed reliabilities were very
similar to within-breed reliabilities when markers in
the QTL component were chosen based on multi-breed
GWAS data.

Increases in reliabilities observed for the two Holstein
populations when within-breed QTL variants were used
were in the range of those reported by Brendum et al.
[17]. In RDC, inclusion of within-breed QTL variants
decreased the reliability of genomic predictions. This can
be explained by the large difference in population size
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Fig. 2 Reliability of genomic predictions according to number of QTL markers for milk yield. HOLDK = Danish Holstein, HOLFR = French Holstein,
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used for the GWAS that was performed to select QTL
variants. For the within-breed GWAS, each Holstein
population included about 5000 individuals, while the
JER and RDC populations each included less than 1000
individuals, which results in much more detection power
for HOLFR and HOLDK than for JER and RDC. Thus,
selection of variants for JER and RDC is likely less reli-
able, and they add noise rather than information on the
causative mutations, which results in a reduced reliabili-
ties of genomic predictions.

We expected that selected variants from the multi-
breed GWAS would be beneficial mainly for multi-breed
prediction, but not necessarily for within-breed predic-
tion for JER and RDC, since the multi-breed GWAS was
dominated by Holstein animals. Within-breed prediction
using variants selected from the multi-breed GWAS did,
however, increase reliabilities of genomic predictions for
all breeds, including JER and RDC. Our findings con-
firm those from other studies [11, 28], which showed
that a multi-breed GWAS results in more accurate QTL
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mapping than a within-breed GWAS. While adding QTL  highly sensitive to the choice of the QTL markers. This
variants selected from the multi-breed GWAS resulted in  is in line with results from a study by Ober et al. [19],
increased reliabilities for all breeds and traits, they were ~ who used variants that were selected from a GWAS for
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Fig. 4 Heritabilities of QTL (h? QTL) according to number of QTL markers for milk yield. HOLDK = Danish Holstein, HOLFR = French Holstein,
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genomic prediction of quantitative traits in Drosophila.
They showed that accuracy of genomic prediction var-
ied strongly with the threshold used to select predic-
tion variants. In our study, the highest reliabilities were
always obtained when the number of QTL variants per
region was limited. This confirms our expectation that a
restricted number of prediction markers per QTL inter-
val leads to higher reliabilities than selecting a larger
number of markers. Although the most significant vari-
ant in a GWAS is not necessarily the causative mutation,
variants near the peak are more likely to be in high LD

with the causative mutation, while variants further away
are likely to be in lower LD and therefore, introduce more
noise in the prediction. Therefore, restricting the num-
ber of variants per QTL interval resulted in higher reli-
abilities than selecting all variants with p values below a
threshold. The optimal filtering, regarding both p value
and restriction of variants per region, depended on breed
and trait. For the JER breed, reliabilities of genomic pre-
dictions were highest with much fewer variants than
for the other breeds. Again, this can be explained by
the short distances over which LD is conserved across
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breeds. The multi-breed GWAS was dominated by Hol-
stein animals, but also used the data from other breeds.
Therefore, the variants that are in LD with the causative
mutations in both Holstein populations and the other
breeds, are likely to be among the variants with the most
significant p values, while variants further away from the
peak, may only be in LD with the causative mutation in
the Holstein populations.

The variance explained by the QTL component var-
ied strongly between breeds, traits and sets of pre-
diction markers. Although for JER and RDC the
WB-50 K + WBQTLLt scenarios led to similar or lower
reliabilities compared to model WB-50 K, the QTL mark-
ers used in those scenarios did explain a substantially
larger part of the total genetic variance than the other

sets of prediction markers. In these scenarios, the QTL
markers may estimate a polygenic effect rather than
accurately estimate the effects of the largest QTL, but are
actually less accurate in capturing the polygenic effect
than WB-50 K, and thereby, reducing the reliability of
genomic predictions. While the QTL markers used in
the WB-50 K + MBQTLt-n/w scenarios only explained a
small part of the total genetic variance, their use resulted
in large increases in the reliability of genomic predictions
for JER and RDC.

The advantage of having a second genetic compo-
nent with QTL variants in the SNP BLUP model could
be due to some variants having a larger effect rather
than to the specific variants being included in the QTL
component. If this is the case, the advantage of the
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QTL component will be smaller with a mixture model.
We tested the WB-50 K, WB-50 K + MBQTLt, and
WB-50 K + MBQTLt-n/w scenarios also with a Bayesian
mixture model that fitted two mixture distributions for
the 50 K SNPs, and two different mixture distributions
for the QTL markers. Reliabilities of genomic predictions
obtained with the Bayesian mixture model and the SNP
BLUP model were similar and increases obtained by add-
ing a multi-breed QTL component were within the same
range (results not shown).

Combining all populations in the multi-breed models
led to higher reliabilities than within-breed prediction
only for HOLDK and HOLFR, which is not surprising,
since the Holstein reference population was approxi-
mately doubled by combining the two HOLDK and
HOLER populations. While the use of a multi-breed
population and sequence information is valuable in
pinpointing the location of variants that are in close
LD with the causative variants, using these variants for
multi-breed prediction 'is, however, straightforward.
Variant effects can differ between breeds and multi-
breed prediction models can carry noise from a large
population to smaller populations. This confirms our
expectation, that when combining data from multiple
breeds, the single-trait models are suitable for closely
related populations, but not for more distantly related
breeds, because they assume equal variant effects across
populations.

The multi-trait models allow the estimation of genomic
correlations of marker effects across traits. The correla-
tions obtained with the 50 K SNPs confirmed the relat-
edness between the different populations: while the
Holstein populations are highly related and the RDC and
Holstein populations are moderately related, genomic
correlations between the JER breed and either of the
other breeds are approximately 0. With such correlations,
it is not surprising that with model MB-50 K, which
assumes similar marker effects for all breeds, reliability
of genomic predictions did not increase for RDC and
decreased for JER. However, genomic correlations esti-
mated for the multi-breed QTL components were mod-
erate to high, even between JER and the other breeds,
indicating that the multi-breed QTL components did
contain variants that were associated with QTL segre-
gating across breeds. The fact that higher genomic cor-
relations were obtained in the MT-50 K + MBQTLt-n/w
scenarios than in the MT-50 K + MBQTLt scenarios
confirms that stricter selection criteria result in the selec-
tion of variants that are closely located to the causative
mutations. However with such high across-breed correla-
tions, it is surprising that the use of a multi-breed refer-
ence population yielded no advantage for JER and RDC.
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This is probably due to the low across-breed correlations
of the 50 K SNPs.

Although the multi-trait model allowed the 50 KK SNPs
and the QTL markers to have different genomic corre-
lations, reliabilities of genomic predictions were simi-
lar to those obtained in the WB-50 K + MBQTLt and
WB-50 K + MBQTLt-n/i scenarios (results not shown).

To take advantage of the highly correlated multi-breed
QTL effects, without having to overcome the noise
introduced by the 50 K SNPs, a model that includes a
multi-breed QTL component but only within-breed
50 K components may result in increased reliabilities
compared to within-breed prediction. Porto-Neto et al.
[18] showed that to improve across-breed prediction, it
is important to select variants that are highly correlated
across breeds. In their study, variants were selected from
a GWAS within Brahman and Tropical composite cattle.
Variants with effects in the same direction in both breeds
resulted in increased across-breed reliabilities of genomic
predictions and high genomic correlations, while variants
with opposite effects decreased reliabilities and resulted
in negative genomic correlations. By fitting separate
within- and multi-breed genomic relationship matrices,
Khansefid et al. [36] reported increases in accuracy for
some traits compared to a model using only within-breed
relationships.

None of the sets of prediction markers used here
yielded the highest reliability for all breeds. Although
such a set would be ideal, it might not be realistic. Vari-
ants that play an important role in one breed, could actu-
ally introduce noise in another breed. Furthermore, QTL
properties such as allele frequencies influence accuracy
[37], and can differ between breeds and traits. Rather
than testing a large number of prediction sets to find the
optimal set for each breed and trait, as was done in this
study, a multi-trait Bayesian variable selection model as
described by Janss [38] could potentially select the most
adequate variants for each breed.

Several studies have shown that, using full sequence
data directly for genomic prediction, rather than pre-
selecting variants, does not improve prediction reli-
ability [14, 15]. Our results show that both prediction
reliability and genomic correlations across populations
and breeds are highly sensitive to the choice of the pre-
diction markers. Full sequence data is likely to result
in similar genomic relationships and correlations as
genome-wide SNPs, and is therefore unlikely to improve
prediction reliability. Bayesian variable selection mod-
els allow for heterogeneous variances and could poten-
tially exploit the presence of causative mutations in the
sequence data by assigning non-zero effects to vari-
ants that are close to the causative mutations, and zero
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effects to all other variants. However, in practice Van
Binsbergen et al. [15] found no increase in prediction
reliability using full sequence data compared to SNPs,
even with a Bayesian variable selection model. A poten-
tial explanation for the lack of improvement in pre-
diction reliability could be that the number of SNPs is
much larger than the number of individuals. The num-
ber of SNPs can be significantly reduced by preselecting
SNPs based on their functional annotations, for exam-
ple by using only SNPs located within genes. By doing
this, Hayes et al. [39] reported a 2% increase in predic-
tion accuracy in Holstein cattle, averaged over produc-
tion traits. Erbe et al. [9] showed that the use of variants
from the transcribed regions of the genome resulted
in higher accuracy for across-breed prediction com-
pared to prediction based on 50 K genotypes. Selection
of variants based on functional annotations could also
be used to refine the selection of variants per interval
by giving preference to variants located in genes rather
than only selecting variants based on their statistical
association detected in a GWAS.

Selecting prediction variants based on their associa-
tion with a trait could result in prediction bias. While
there was bias in all our results, the inclusion of QTL
markers did not consistently increase the bias, ie. it
increased or decreased depending on the set of QTL
markers used. Regression coefficients were always less
than 1, which indicates that the GEBV were overesti-
mated for the test animals. This may be due to inflated
GEBV and strong selection of individuals in the test pop-
ulation for the traits in the analyses. Furthermore, this
effect of selection was increased by the fact that the sires
used for prediction were removed from the reference
population.

While some sets of QTL markers resulted in substan-
tial increases in prediction reliability for the populations
that were tested in our study, this may not be true for
other populations. The optimal set of prediction markers
differed between populations, and the sets that we iden-
tified are not necessarily the best sets for other popula-
tions. Furthermore, we studied milk traits for which few
QTL are known to have large effects. Increasing predic-
tion reliability by adding sequence variants is likely to be
more challenging for more polygenic traits. Brendum
et al. [17] found smaller increases in prediction reliability
for mastitis and fertility than for production traits. Our
results do not provide a list of markers that increase pre-
diction, but they do demonstrate that sequence variants
can potentially increase prediction reliability. In our anal-
yses, we tested a large number of prediction sets, which is
not practical for routine genomic evaluation. An alterna-
tive could be to make a less stringent selection of predic-
tion markers, but subsequently use a more sophisticated

prediction model, that allows marker effects to differ
between breeds and traits. Further research is required to
develop a more practical way to exploit sequence data for
genomic prediction.

Conclusions

Prediction reliability increased substantially for all breeds
and traits when sequence variants selected from a GWAS
were used for genomic prediction. Even for within-breed
prediction, a multi-breed GWAS was more efficient in
identifying variants that increase prediction reliability
than within-breed GWAS. Prediction reliabilities were
highly sensitive to the choice of prediction markers, and
limiting the number of variants per QTL region led to
higher prediction reliabilities than selecting them on the
basis of a p value threshold. While the highest prediction
reliabilities were obtained within breed, multi-breed pre-
diction reliabilities were higher than multi-breed predic-
tion reliabilities when using only 50 K SNPs, and across
breed genomic correlations of QTL variants were much
higher than those obtained at 50 K SNPs. Our results
show that sequence data can potentially increase reli-
abilities of genomic predictions, if the proper variants
are used, which is more likely if they are selected from a
multi-breed GWAS.

Additional files

Additional file 1: Figure S1. Reliabilities of genomic predictions

in different scenarios for fat and protein yield. HOLDK = Danish

Holstein, HOLFR = French Holstein, JER = Jersey, RDC = Dan-

ish Red, WB-50 K = within-breed prediction using only 50 K SNPs,

WB-50 K 4+ WBQTLt = within-breed prediction using 50 K SNPs and a QTL
component that contains variants selected with a p value below a thresh-
old in a within-breed GWAS, WB-50 K 4+ MBQTLt = within-breed predic-
tion using 50 K SNPs and a QTL component that contains variants with

a p value below a threshold in a multi-breed GWAS, WB-50 K 4+ MBQTLt-
n/w = within-breed prediction using 50 K SNPs and a QTL component
that contains a limited number of variants within a QTL interval with

a p value below a threshold in a multi-breed GWAS, MB-50 K = multi-
breed prediction using 50 K SNPs, MB-50 K + MBQTLt = multi-breed
prediction using 50 K SNPs and a QTL component that contains variants
selected with a p value below a threshold in a multi-breed GWAS,

MB-50 K+ MBQTLt-n/w = multi-breed prediction using 50 K SNPs and

a QTL component that contains a limited number of SNPs within a QTL
interval with a p value below a threshold in a multi-breed GWAS.

Additional file 2: Figure S2. Reliabilities of genomic predictions accord-
ing to number of QTL markers for fat and protein yield. HOLDK = Danish
Holstein, HOLFR = French Holstein, JER = Jersey and RDC = Danish Red.
Reliabilities are shown for within breed prediction using 50 K.and QTL
components containing a restricted number of markers in a QTL interval
with a p value below a threshold of 107'° (closed circles), 107'* (open
circles) or 107 (triangles) in a multi breed GWAS.

Additional file 3: Figure S3. Heritabilities of the QTL component

(h? QTL) in different scenarios for fat and protein yield. HOLDK = Dan-
ish Holstein, HOLFR = French Holstein, JER = Jersey, RDC = Danish
Red, WB-50 K = within-breed prediction using only 50 K markers,
WB-50 K 4+ WBQTLt = within breed prediction using 50 K markers and
a QTL component containing markers with a p value below a threshold
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in a within breed GWAS, WB-50 K + MBQTLt = within breed prediction
using 50 K markers and a QTL component containing markers with a

p value below a threshold in a multi breed GWAS, WB-50 K + MBQTLt-
n/w = within breed prediction using 50 K markers and a QTL component
containing a restricted number of markers in a QTL interval with a p value
below a threshold in a multi breed GWAS, MB-50 K = multi breed predic-
tion using 50 K'markers, MB-50 K + MBQTLt = multi breed prediction
using 50 K markers and a QTL component containing markers with a p
value below a threshold in a multi breed GWAS, MB-50 K 4+ MBQTLt-

n/w = multi breed prediction using 50 K markers and a QTL component
containing a restricted number of markers in a QTL interval with a p value
below a threshold in a multi breed GWAS.

Additional file 4: Figure S4. Heritabilities of QTL (h? QTL) according

to number of QTL markers for fat and protein yield. HOLDK = Danish
Holstein, HOLFR = French Holstein, JER = Jersey and RDC = Danish Red.
Reliabilities are shown for within-breed prediction using 50 K and QTL
components containing a restricted number of markers in a QTL interval
with a p value below a threshold of 1079 (closed circles), 10~'* (open
circles) or 1072 (triangles) in a multi breed GWAS.

Additional file 5: Table S1. Posterior standard deviations of genomic
followed by minimum and maximum standard deviation, for the 50 K

on their p value (Oygqr) and QTL component where the maximum num-

Holstein, HOLFR = French Holstein, JER = Jersey and RDC = Danish Red.

correlations between breeds. Average standard deviation across scenarios
component (0sq), QTL component where QTL markers are selected based

ber of markers per QTL window is restricted (Oygqr.n/w). HOLDK = Danish
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Prediction of the reliability of genomic
breeding values for crossbred performance

Jérémie Vandenplas ®, Jack J. Windig and Mario P. L. Calus

Abstract

Background: In crossbreeding programs, various genomic prediction models have been proposed for using pheno-
typic records of crossbred animals to increase the selection response for crossbred performance in purebred animals.
A possible model is a model that assumes identical single nucleotide polymorphism (SNP) effects for the crossbred
performance trait across breeds (ASGM). Another model is a genomic model that assumes breed-specific effects of
SNP alleles (BSAM) for crossbred performance. The aim of this study was to derive and validate equations for predict-
ing the reliability of estimated genomic breeding values for crossbred performance in both these models. Prediction
equations were derived for situations when all (phenotyping and) genotyping data have already been collected, i.e.
based on the genetic evaluation model, and for situations when all genotyping data are not yet available, i.e. when
designing breeding programs.

Results: When all genotyping data are available, prediction equations are based on selection index theory. Without
availability of all genotyping data, prediction equations are based on population parameters (e.g., heritability of the
traits involved, genetic correlation between purebred and crossbred performance, effective number of chromo-
some segments). Validation of the equations for predicting the reliability of genomic breeding values without all
genotyping data was performed based on simulated data of a two-way crossbreeding program, using either two
closely-related breeds, or two unrelated breeds, to produce crossbred animals. The proposed equations can be used
for an easy comparison of the reliability of genomic estimated breeding values across many scenarios, especially if all
genotyping data are available. We show that BSAM outperforms ASGM for a specific breed, if the effective number of
chromosome segments that originate from this breed and are shared by selection candidates of this breed and cross-
bred reference animals is less than half the effective number of all chromosome segments that are independently
segregating in the same animals.

Conclusions: The derived equations can be used to predict the reliability of genomic estimated breeding values for

crossbred performance using ASGM or BSAM in many scenarios, and are thus useful to optimize the design of breed-
ing programs. Scenarios can vary in terms of the genetic correlation between purebred and crossbred performances,

heritabilities, number of reference animals, or distance between breeds.

Background

Several livestock production systems are based on cross-
breeding schemes (e.g., [1-3]), and take advantage of the
increased performance of crossbred animals compared
to purebred animals, along with breed complementarity.
For such production systems based on crossbreeding, the
breeding goal for the purebred populations is to optimize

*Correspondence: jeremie.vandenplas@wur.nl
Animal Breeding and Genomics Centre, Wageningen UR Livestock
Research, PO. Box 338, 6700 AH Wageningen, The Netherlands

the performance of crossbred descendants. However, the
selection of purebred animals for crossbred performance
has not been extensively implemented in livestock, partly
due to the difficulty of routine collection of pedigree
information on crossbred animals [4].

With the advent of genomic selection, various genomic
prediction models have been proposed, which use phe-
notypic records of crossbred animals to increase the
selection response for crossbred performance in pure-
bred animals (e.g., [2, 4—6]). These approaches predict
breeding values for crossbred performance of selection

WORLD TECHNOLOGIES



http://orcid.org/0000-0002-2554-072X
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12711-017-0318-1&domain=pdf

Prediction of the reliability of genomic breeding values for crossbred performance 179

candidates using the estimated allele substitution effects
of many single nucleotide polymorphisms (SNPs). The
SNP allele substitution effects are estimated from phe-
notypes of genotyped reference animals. In the context
of crossbreeding, several breeds and their crosses are
involved in genomic prediction, and purebred and cross-
bred performances are often considered to be different
but correlated traits (e.g., [1, 3, 5, 7, 8]). Therefore, esti-
mates of SNP allele substitution effects for purebred and
crossbred performance traits may not be the same for
purebred and crossbred populations, e.g., due to geno-
type by environment interactions. Assuming only addi-
tive gene action, one approach to accommodate this is to
model differences between allele substitution SNP effects
using a multivariate genomic model that assumes a cor-
relation structure between the effects of SNPs across the
purebred and crossbred populations, or equivalently, by
assuming a genetic correlation structure across the trait
measured in purebred and crossbred populations [9, 10].
These multivariate genomic models are referred to here-
after as across-breed SNP genotype models (ASGM),
since the estimates of SNP allele substitution effects for
the crossbred performance trait are also used to predict
breeding values for crossbred performance of purebred
selection candidates, regardless of their breed of origin
[4, 6]. Thus, estimates of SNP effects for the crossbred
performance trait using ASGM are not breed-specific.
However, a number of factors may have an impact on
the effect that can be measured for a SNP for the cross-
bred performance trait. First, the two parental alleles at a
SNP in a crossbred animal may have different effects on
the phenotype due to different levels of linkage disequi-
librium (LD) with a quantitative trait locus (QTL) in the
parental purebred populations. Second, different genetic
backgrounds, such as dominance or epistatic interac-
tions, can result in the effects of the same QTL to be dif-
ferent in purebred versus crossbred animals. And third,
purebred and crossbred animals may be exposed to dif-
ferent environments, leading to genotype by environ-
ment interactions. Because of these reasons, estimated
allele substitution effects at SNPs for the crossbred per-
formance trait may be breed-specific. To accommodate
all these differences, previously an approach was pro-
posed [3-6] that estimates breed-specific allele substitu-
tion effects for the crossbred performance trait (BSAM),
assuming that the breed origin of SNP alleles in crossbred
animals is known. Results from simulations have shown
that BSAM can result in greater accuracy of genomic
estimated breeding values (EBV) of purebreds for cross-
bred performance than ASGM under some conditions [2,
4, 11].

In order to be able to evaluate many different breed-
ing program designs that apply genomic prediction for

crossbreeding performance, it would be useful to be
able to predict the reliability of genomic EBV using, for
example, different genomic models or different breed-
ing schemes. Prediction of reliability should preferably
consider the genotype data of all reference animals and
selection candidates when available, although it is also
desirable to be able to predict the reliability when geno-
type data of, e.g., selection candidates is not available, i.e.
when designing breeding programs. Various equations
have been proposed in the literature to predict the reli-
ability or the accuracy (i.e., the square root of reliability)
of genomic EBV for (groups of) animals. The investigated
genomic predictions rely on single-population genomic
models [12, 13], and on ASGM [10, 14]. When geno-
types are available for both reference animals and selec-
tion candidates, prediction equations are derived using
selection index (SI) theory, while before availability of
all genotyping data, they are derived using population
parameters (e.g., heritability, number of reference ani-
mals) [10, 13, 15]. However, to our knowledge, equations
for predicting the reliability of genomic EBV for cross-
breeding performance for (groups of) animals have not
yet been reported.

The primary aim of this study was to derive equations
for predicting the reliability of genomic EBV for cross-
bred performance based on ASGM or BSAM. Prediction
equations were derived for situations when all genotyp-
ing data are available for both reference animals and
selection candidates (referred to as “with availability of
genotyping data”), and for situations when the genotyp-
ing data are not available (referred to as “without avail-
ability of genotyping data”). The second aim was to
compare the predictions of the reliability of genomic EBV
without availability of genotyping data to the predictions
obtained from the equations with availability of genotyp-
ing data, because the former are an approximation of the
latter. Both reliabilities have the same expectation, since
they both rely on prediction error variances (PEV) and
assume absence of selection. Finally, the equation for pre-
dicting reliability without availability of genotyping data
was used to investigate the expected ranges of reliabilities
of genomic EBV using BSAM for a pig breeding program.

Methods

The first part of this section describes equations for pre-
dicting the reliability of genomic EBV for crossbred per-
formance using ASGM or BSAM. For the derivations of
these equations, we assumed a crossbreeding program
with two breeds, A and B, with their F1 being crossbred
AB animals. In order to simplify the derivation of the
equations, we assumed that phenotypes are corrected for
all fixed and random effects, other than additive genetic
effects. Furthermore, reference animals are defined as
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animals with genotypes and phenotypes, and selec-
tion candidates are defined as animals with genotypes
but without their own phenotype. The assumption that
all reference animals have genotypes is likely to be cor-
rect in the near future, as genotyping costs continue to
decrease. The aim is to predict the reliability of genomic
EBV for crossbred performance for selection candidates
of breed A. For the reference population, three scenarios
were investigated: (1) the reference population includes
only breed A animals (PB—PB), i.e. purebred (PB) phe-
notypes are used to predict EBV for crossbred (CB) per-
formance of PB selection candidates; (2) the reference
population includes only crossbred AB animals (CB-PB),
i.e. CB phenotypes are used to predict EBV for CB per-
formance of PB selection candidates; and (iii) the refer-
ence population includes both crossbred AB and breed
A animals (CB + PB-PB), i.e. CB and PB phenotypes are
used to predict EBV for CB performance of PB selection
candidates. These scenarios represent situations where
crossbred animals are terminal animals in commercial
herds of pigs and chickens. The second part of this sec-
tion describes simulations of the three scenarios used to
validate the prediction equations without availability of
genotyping data. In the equations below, reference ani-
mals are indicated by uppercase letters, while selection
candidates are indicated by lowercase letters.

Across-breed SNP genotype models

Equations for predicting the reliability of genomic EBV
for crossbred performance using ASGM were developed
for the three scenarios. As ASGM is assumed, breed A
and crossbred AB animals can be considered as belong-
ing to different populations, assuming the genetic cor-
relation between the PB and CB performance traits (rpc)
to be the genetic correlation between these breed A and
crossbred AB populations. Therefore, equations for pre-
dicting the reliability of genomic EBV for crossbred per-
formance for the three scenarios using ASGM can be
derived from previous studies by, for example, Daetwyler
et al. [12] and Wientjes et al. [10], without availability of
genotyping data, and by VanRaden [15] with availability
of genotyping data.

PB-PB scenario
The PB-PB scenario considers breed A animals for both
reference animals and selection candidates. Pheno-
types are therefore associated with the purebred perfor-
mance trait, while the trait of interest is the crossbred
performance trait. Indeed, selection candidates must
be selected to optimize crossbred performance of their
crossbred descendants.

Wientjes et al. [10] developed equations for predicting
the accuracy of across-population genomic EBV values
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without and with availability of genotyping data. Assum-
ing additive gene action, differences in allele substitution
effects that underlie the population-specific trait of inter-
est were modelled by the genetic correlation between
traits, which implies a multivariate genomic model. Simi-
larly, for the PB—PB scenario, differences in allele substi-
tution effects that underlie the purebred and crossbred
performance traits can be considered in terms of the
genetic correlation between the purebred and crossbred
performance traits (rpc) [10, 16]. Therefore, following
Wientjes et al. [10], with availability of genotyping data,
the average predicted reliability of genomic EBV for
crossbred performance across-breed A selection candi-
dates using breed A reference animals can be computed
as follows, based on SI theory:

1
2 _ 2
"D ASGM_with = N, § :r P_ASGM_with;
a .
L

1-p2\ 1
G a (GAA + 17“) G

)

=%Z’”12>c
i

Gairﬂi
(D
where N, is the number of breed A selection candidates;
2
h2 = o}iaUEA is the heritability of the purebred perfor-

mance trait, with o> being the genetic variance of the
purebred performance trait, and anA the residual vari-

Z";GZ with
04, being the genetic covariance between the Sucrebred
and crossbred performance trait and o2 the genetic vari-
ance of the crossbred performance trait; matrix G4 4 is
the N4 x N4 genomic relationship matrix for the Ny
reference animals of breed A; vector Gg; 4 is the row cor-
responding to the ith selection candidate of breed A of
the N, x N4 genomic relationship matrix G, 4 between
selection candidates of breed A and reference animals
of breed A; G, 4, is the diagonal element corresponding
to the ith selection candidate of breed A of the N, x N,
genomic relationship matrix G, , between selection can-
didates of breed A; and matrix I is the identity matrix.
Matrices Ga 4, Ga and G, 4 are parts of the genomic

relationship matrix among all reference animals and
G4 GA,a:|

ance of purebred performance trait; rpc =

Ga,A Ga,a

Without loss of generality, and similar to Wientjes et al.
[10], matrix G is computed following the second method
of VanRaden [15], i.e.,, G = 272/ where m is the number
of SNP genotypes, and matrix Z contains the standard-

selection candidates of breed A, i.e. G = {

. My —2
ized genotypes as Zy, = W_‘Z‘w

SNP genotype (coded as 0 for one homozygous genotype,
1 for the heterozygous genotype, or 2 for the alternate

, with My being the
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homozygous genotype) of the /th animal of breed A for
the kth locus, and py is the allele frequency at the kth
locus.

Without availability of genotyping data, the predicted
reliability of genomic EBV for crossbred performance of
breed A selection candidates and using breed A reference
animals can be computed as [10]:

Nuh?
Yo ASGM _without =T %cm’ 2

where Me, 4 is the effective number of chromosome seg-
ments that are shared between selection candidates and
reference animals of breed A. If the term rIZ)C is ignored,
or equal to 1, Eq. (2) has the same form as the equation
proposed by Daetwyler et al. [12]. One of the assump-
tions in the derivation of this equation was that the error
variance was approximately equal to the phenotypic vari-
ance, because only one locus was taken into account at a
time and each locus explains only a small part of the addi-
tive genetic variance [10, 12, 14]. However, as explained
by Daetwyler et al. [12] in the Appendix of their paper,
this approximation results in slight underestimation of
the predicted reliabilities, because the error variance
decreases when multiple loci are used. In Additional
file 1 of the current study, we proposed a derivation of
Eq. (2) based on the mixed model theory and ignoring
the term rIZ)C. We assumed that a single population was
used and that effects of all independent loci are estimated
simultaneously. Our derivation leads to the same equa-
tion as proposed by Daetwyler et al. [12] in the Appendix
of their paper, which corrects for the fact that the error
variance decreases when multiple loci are used. This deri-
vation using the mixed model theory can be extended for
deriving prediction equations using ASGM, and it will
be also the basis for deriving prediction equations using
BSAM.

CB-PB scenario

The reference population for the CB-PB scenario
includes genotyped crossbred AB animals that have phe-
notypes for the crossbred performance trait. The selec-
tion candidates are breed A animals that are related to
the reference population and that must be selected to
optimize crossbred performance of their crossbred AB
descendants. Because the trait of interest is the cross-
bred performance trait and because allele substitution
SNP effects are estimated from crossbred data, the aver-
age predicted reliability of genomic EBV for crossbred
performance across breed A selection candidates using
a crossbred AB reference population can be computed
with availability of genotyping data as follows [10]:

P _ 1§
C_ASGM_with = 3y C_ASGM_with;
a

1-72\ 71
Gy, 4B (GAB,AB + Ith) GaBa;

1
:E;

Gﬂirﬂi
3)
2
where 12 = 02(:5(:2 is the heritability of the crossbred

performance trait, with oezc being the residual variance;
matrix Gapap is the Ngap x Ny genomic relationship
matrix between the Njp crossbred AB reference ani-
mals; and vector Gg, ap is the row corresponding to
the ith selection candidate of breed A of the N, x Nyp
genomic relationship matrix Ggap between breed A
selection candidates and crossbred AB reference ani-
mals. Similarly to Wientjes et al. [10], the genomic rela-
tionship matrix between breed A selection candidates
and crossbred AB reference animals, G, is computed fol-
lowing the second method of VanRaden [15] but taking
into account that the selection candidates and reference
animals belong to two different populations. It then fol-

GAB,a
Gﬂ,ﬂ

number of SNPs and matrix Z contains the standardized

lows that G = [GAB AB

77/ :
= 2% where m is the
Ga,aB } m

genotypes as Zj; = - M 2P

20k (1-pjk)
genotype (coded as previously) of the /th individual from
the jth population (i.e., purebred or crossbred) for the kth
locus, and pjy is the allele frequency of the jth population
at the kth locus.

Without availability of data, an equation that predicts
the reliability of genomic EBV for crossbred performance
of breed A selection candidates using Nyp crossbred AB
reference animals can be simply written as follows:

Nagh?
NABhg + Meg aB ’

, with My being the SNP

“4)

2 —
rC_ASGM_without -

where Me, 4p is the effective number of chromosome
segments shared by breed A selection candidates and
crossbred AB reference animals [10].

CB + PB-PB scenario

The reference population for the CB + PB-PB scenario
includes animals of breed A with phenotypes for the
purebred performance trait and crossbred AB animals
with phenotypes for the crossbred performance trait.
The selection candidates are animals of breed A that
are related to the reference population. Since the cross-
bred performance trait is the trait of interest, the average
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predicted reliability of genomic EBV across selection can-
didates for crossbred performance of breed A selection
candidates using breed A and crossbred AB reference
animals can be computed with availability of genotyping
data as follows [10]:

2 _ 1 2
T'C+P_ASGM_with = N T'C+P_ASGM_with;
a

l

1

1
=3 rpcGaya Gayap
Na = Gg g : ‘ s 5)
1]
1-112 -1
Gaa + 154 Gu,ABTPC |:rPCGav A }
X a !
1-h? ’
rpcGAB,A Gapap +1-5° Ga;ap

Without availability of genotyping data, the prediction
equation for the reliability of genomic EBV for crossbred
performance of breed A selection candidates using breed
A and crossbred AB reference animals can be written as
follows [14]:

}"2 . = i h%
C+P_ASGM_without rpc Me,a Mea B
- =1
2 1 / hZh?
x Mey 4 + Ny pC Meg aMegAB

H2h2 2 1 6
| "PC Meg,aMegap Meg,ap + Nap (6)
- 7z
rpc Me,n

X .
| _n2
L MegaB

Breed-specific allele substitution models

In crossbred populations, SNP effects may be breed-spe-
cific due to a number of factors [4], including different
extents of LD between SNP and QTL between breeds,
which can be accommodated by using BSAM, which fits
breed-specific allele substitution effects [3, 4]. In this sec-
tion, it is assumed that the breed origin of SNP alleles is
known, as required by BSAM. Moreover, only the CB-PB
and CB + PB-PB scenarios are considered, since the PB—
PB scenario involves data on only one breed. To our knowl-
edge, equations for predicting the reliability of genomic
EBV using BSAM have not previously been developed.

CB-PB scenario

For the CB-PB scenario, assuming that each individual
has one phenotypic record corrected for all effects other
than the additive genetic effects, BSAM for the crossbred
performance trait can be written as follows [3, 4]:

A B
yas = ZigB® + Z3BP + eas,

where y4p is the vector of corrected records of crossbred
performance; ZX)B) (Zﬁﬁ;) contains the standardized breed
A (B) SNP alleles of each crossbred animal; BEA) (BEB))
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is the vector of breed A (B)-specific allele substitution
effects for all SNPs; and e,p is the residual vector. Entries

M;,—
Ik —PAk . where

V2pak(L—pak
element My is set to 0 or 1 when the kth locus of the /th
individual has breed A allele 1 or 2, respectively; and p4x

is the frequency at the kth locus for breed A. Matrix Zﬁg

of matrix ZXE are defined as Zﬁfglk =

is defined similarly. Expectati(zg)s and variances of BEA)

and B®) are assumed to be E BEB) = g and
2 2

TP T 0 1% | T o2,

¢ Be 0 17

where az(A) (02(3)) is the variance of the breed A (B)-spe-
cific allefé subSiitution effect, and O’CZA (O’CZB) is the additive
genetic variance due to alleles from population A (B) in
the crossbred population for the crossbred performance
trait [3, 4].

Equivalently, BSAM for the crossbred performance
trait can be written as [3]:

A B
YAB = Cﬁ;B) + cf”g + e4B,

where cf&,) = ZX};BEA) (CXE = ZI(@BEB)) is the vector
of breed A (B) of origin additive genetic effects for the

crossbred performance trait. It then follows that expec-

tations and variances of cf:g and cf@ are defined as

(A)
cipl| 10
E C(B)l = [O}and
AB
2
(4) (A) (A 9¢
Var | €AB | = Z,8Zsp 0
Cip 0o z®z® 1%
‘AB%AB YT
(A) 2
GipAB0c, 0

(B) 2 |’
0 GpAB0c,

where fog AB (G,(qBB) 4p) is the breed A (B) partial genomic

relationship among the Nyp crossbred AB animals [3].
These assumptions imply that C,(cﬁe) and Cl(ﬁg), as well as g%
and B®), are independent of each other.

Based on SI theory, genomic EBV for crossbred perfor-
mance of selection candidates from breed A (CE;A)) can be
predicted from records of crossbred AB reference ani-

mals as follows:

& = Cov(e, yas ) (Var(yas)) yas.

Using the model description, it can then be shown that
the variance of yap is equal to:
B) 2

(4) 2 2
Var (yAB) = GABABUCA + GABABGCB + IUeAg’
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(A

and that the covariance between c; )and yaB is equal to:

Cov(céA),yAB) Cov( (4) cg‘g + cifg + eAB)
= Cov( ;A),cgg) + Cov( L(zA)’C%))
+COV( ; ),eAB)

A) (A (A)
:Cov(;),CAB) GaAB o

with matrix GZXB = Z(A) (A) being the breed A-spe-

cific partial genomic relatlonshlp matrix between the N,
selection candidates of breed A and the N4p crossbred
AB reference animals.
The reliability of C(A)
breed A is then equal to:

of the ith selection candidate of

(Cov (c(‘?), ch) ) )
Va r( (A)) Var (C(A)) N

2
1 [eps
— (A) (A) (B)
=~ Gaoas | Gagas + Ganas 5 2
Gai,a, Oca

Var <6(A)>

Var (CE‘“)

2
C_BSAM _with; =

2 -1
(A)
i g G
O.CA > AB,a;*

With availability of genotyping data, the average pre-
dicted reliability of genomic EBV across all breed A selec-
tion candidates is equal to:

1 1 1
T (ZT_BSAM_with = N, Zr é_BSAM_with, = N, Z GA 5;,4,343

a;,a;

5N -1
B, 1—gh2 — 1
(A) (B) 2 2 (A)
X <GAB,AB +Gpap h2 +1 ;:; = Gipa
cA

)
o o,
where 12, = A (12 = 5| is the
CA B UCA CB 2
¢AB T2 +geAB

"CA +%B CB )
breed A heritablhty of crossbred
performance.

Since no equation has previously been proposed to
predict the reliability of genomic EBV for BSAM with-
out availability of genotyping data, here, we put forward
a derivation based on mixed model theory [17], assum-
ing that allele substitution effects for breeds A and B
are estimated simultaneously. Equivalence between the
mixed model and SI theories has previously been shown
under certain conditions, including the use of the same
estimates of the fixed effects [15, 17, 18]. Our derivation
of the equation for predicting the reliability of genomic
EBV for BSAM without availability of genotyping data
[i.e., Eq. (8) below] is detailed in Additional file 2, and the
result is briefly described in the following.

Consider N4p unrelated genotyped crossbred AB refer-
ence animals. For s1m])311city, it is assumed that the breed
A-specific effect B of each kth independent locus

(B) spec1ﬁc

explains an equal amount of the breed A-specific additive

2

genetic variance o), ie., o Meﬂ ABUE*(A)' with Me

being the effective number of chromosome segments
underlying the crossbred performance trait for breed A
and segregating in both breed A selection candidates and
crossbred AB reference animals. The same assumption is
made for the breed B-specific effect Bck The genomic
EBV (c ) for the ith selection candidate of breed A can
be predlcted as follows:

A A*(A)
CEzA *(A)B

A
where ZZ,( )

the Mef:;i
date of breed A and ﬁ:(A
of ™. Following mixed model theory [17, 19], the reli-

is a vector of the standardized genotypes for
g independent loci of the ith selection candi-
) is the vector of the predictions
ability of 6(4) can be computed from the prediction error

variance, Var( (A) A )) and is equal to:

) Var( @ _ (4)>
BSAMyyitpout, Var ( Cg?))
A (A
Var( (A)) Var (szA)Bj( ))

Var ( (A)) Var (szA) BZ‘(A))
k(A ,
2 Var (B*( )) 7@

z:;[(A) Var (st(A)) ZZEA)

Assuming that the allele substitution effect BC(A) of each

kth independent locus explains an equal amount of the

breed A-specific additive genetic varlance cr and that

the reliability of the estimated effect, r2, ,, is the same for
Be

each locus, it follows that:

Var (B*(A))

Reliability ré*( 4 can be approximated as follows. Let )Tj;

2

v 2 = r
C_BSAM_without; — B (A)+

be the vector of phenotypes corrected for all other fixed
effects for the breed A- spec1ﬁ% allele substitution effects
other than the kth effect, BC# , as well as for the breed

B-specific allele substitution effects, B The prediction

of BC( ) for the kth locus can then be performed using the
following model:

*(A)

A
Y:ZB Z4B, B*( )+ €AB;»
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where vector ZZ(;) contains the standardized breed A

alleles of crossbred AB reference animals, and g4, is the
residual vector.
The variance of y; is equal to:

Var (yjf‘B) = Var(z:%i)ﬁ*m)) + Var(sABk)
A)_+(A
- Z(Bk)z;kl(Bk) *(A) + Var(sABk>

from which it follows that, after some algebra and assum-
ing unrelated genotyped animals (see Additional file 2 for
details):

o (A)_*(A
Var(eas,) = Var (fos) :Bk ZZBk) O g

2 2
= Tea (1 W) + —= (1 - rz*(3)> + 02
2 "g: 2 Be €AB

2 o2, 2
~1 OPup — 2 ,3*(/” - IGEAB’
where UI%A ( EZAB) is the phenotypic (residual) variance of
the crossbred performance trait.
Therefore, following mixed model theory [17, 19], the
prediction of BC(A) Bck A is equal to:

2
OCB 2

ZBC

-1 —
Ax(A) _ [, x4 *(A) 2 -2 *(A)
Be, = (ZAB, Z4B, Ocyp +0ﬂ*m) O, nZaB, YAB

and the reliability of Bck
for more details):

Var(B*(A)) Var ( #(A) B*(A))

Var (B*(A))
NABG

-2 2
EAB ﬁ*(A)

o +2

is equal to (see Additional file 2

T oA
ﬂf()

NABUgAB .

It then follows that, without availability of genotyp-
ing data, the predicted reliability of the genomic EBV for
breed A selection candidates is equal to (see Additional
file 2 for more details):

2 _ 2
T'C_BSAM without = T g
NABhZ
2 (A) 1
Nagh?, +2Me, 451 — 2hcA" w —

zthV <B))

By ignoring the term ( 2h3Ar ) 2thr (B)) for low

h? -, and h%B, the prediction equation simplifies to:

NABth
NAB]’I%A + 2Me

2 _
T'c_BSAM_without = @ - (®)

a,AB
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CB + PB-PB scenario

For the CB + PB-PB scenario, the reference population
includes breed A and crossbred AB reference animals,
each with their own phenotypes. The BSAM for the
crossbred performance trait, assuming that each indi-
vidual has one record corrected for all effects other than
additive genetic effects, can be written as follows [3, 4]:

Z(A)

PN
YAB o z{) ||

0 0 0
o anllsp]+[ )

where yy is the vector of corrected records of purebred
performance, z4 A ) contains the standardized SNP geno-
types of breed A reference animals, and BV is the vector
of breed A allele substitution effects for all SNPs for pure-
bred performance.

Equivalently, the previous BSAM can be written as [3]:

YA (A) 0 es
vl = |Gy ]+ )

where a;A) = Z;A)BQA) is the vector of additive genetic
effects for the purebred performance trait.
Expectations and variances and covariances of al Yie 01(39)
a(A) 0
and Cfg are assumed to be E cﬁ(g = | 0 |and
C(B) 0
AB
r 2
(A) (A) % (A) 7(A) Tayc
al Zy°Zy ¢ ZiZag %A 0
A | = | S (A) (A Tayc (A) y (A) %
Var cﬁ% 7,37, ;\nA Z,3Z,5 WA 0
Cas 0 0 282 %
B (A) (A)
(};A ZA G/}Xl)BUﬂACA 0
= | Gipa%asca GAB,ABUCZA (3)0 ’
0 0 GAB,ABGEB
where G 4 is the breed A genomic relationship matrlx

between NA reference animals of breed A and G¥ A ,AB is
the breed A-specific partial genomic relationship matrix
between Ny selection candidates of breed A and Nyp
crossbred AB reference animals [3].

Based on the SI theory, genomic EBV for the crossbred
performance trait for breed A selection candidates (ca )
can be predicted from records of breed A reference ani-
mals and of crossbred AB reference animals:

e = Cov( (A),y> (Var(y))_ly,

YA
yaB |

Based on the model description, the variance of y is
equal to:

withy = [
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Var(y) = Var ({ Ya D Without availability of genotyping data, the predic-
YAB tion equation for the reliability of genomic EBV based
2 . . .
(662 +102 G4 0anes on BSAM, 7¢.p psant withour €0 be derived similarly
= - L g B .
G p0uses G102 +GB) o2 +102, | to the prediction equation for the CB-PB scenario,

r%‘fBSAMﬁwith' The derivation is based on mixed model
since: theory and assumes that independent allele substitution
) effects for breeds A and B for both purebred and cross-

A B
I RRT bred performances were estimated simultaneously. The

A
Cov(yA,yAB) = Cov(aﬁ‘ )y €4, Cip +Cup +€aB

A) (A B detailed derivation can be found in Additional file 3.
= Cov a()c()+c()> .
A 7 TAB Consider Ny unrelated genotyped breed A reference
_ Cov(a(A) C(A)) —GY o animals and Nzp unrelated genotyped crossbred AB
A 7 TAB AABTaAcA” reference ammals Slmllar to the CB-PB scenario, the

) and y is equal to:  genomic EBV (Ca ) for the ith selectlon candidate of

breed A can be predicted as C(A) *(A) B and its reli-

Cov( A) y) — [G(A,iaa o G o2 } ability is equal to:
Ach TaABTea Var( (A)) Var(B*(A))

2 2
of the ith selection candidate of  "C+pP_BSAM_without; = @ AN g
Var(cal ) Var(B ) ¢

(Cov( (“,‘),CE{?))) Var( ; ))
(A
ll

2
Y'CP_BSAM_with; =
- - Var( (A)) Var( (A)) Var( ))

Similarly, the covariance between c,

(A)

The reliability of ¢
breed A is then equal to:

1 @ @ 2
= A) |:Ga,,AUﬂACA Ga,-,ABUcA}
Var(cal )
A
G(A)J + Ia G;AABUQACA G,(L\; Oaycy ]
A) (A) (B) @A 9
Gy ABOasca G,ipag9c, + Gupapos + 107, G40
1
_ (4) (A) A)
- @A { G, Ga,AB}
aia;
A) (A) () -
G +1- h2 roc Gyag oG
_ly2 1,2 (A) »
rOGY (4 ® Iy ahe, —ahe
cGasa  Gapap+Gapapy + IW ABa;
where the breed A-specific genetic correlation between Reliability rz*( 4 can be approximated as follows. The
purebred and crossbred performance traits rI(,C) is equal “(A)
to r@ — _ucy prediction of B, for the kth independent locus can be
pC 02 02 erformed using the phenotypes of both purebred and
4% P g p typ. P

With availability of genotyping data, the average pre-

*
Ya
dicted reliability of genomic EBV across all breed A selec- crossbred performances, | 8- corrected for all other

. . . YaB
tion candidates is therefore equal to:
1
2 - 2 _ & (A) A)
TC+P_BSAM_with = N, Z TC+P_BSAM _with; = _(A) ¢ Gaoa G, A,B}
a i Gai,a,'
1 “4) ) () -
X — Z G + I h2 r GA,AB
Na 5 (A) 4 (A) ® h —in2 1 ©
cGisa  Gapapt Gagapi” 7, + IW
(A) (A)
(gA a;
GAB,a,
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fixed effects, as well as for the breed B-specific allele sub-
stitution effects and correlated effects, using the model:

_— *(A) A
ZZ\ — | 24 OA B*(A) + [ €Ak ],
YXB 0 *( ) B*( ) SABk
where g4, is the residual vector. For simplicity, we will

I 0
assume that Var([ A }) = [ a }, with U&‘ZA

2
€ABy 0 Io;, 5]

being the residual variance associated with y’. Then, fol-
lowing mixed model theory [17, 19], the prediction of

*(A)

B*(A) is equal to:
*(A)
B*(A)

(A _ -
o | [ o |
0 zjx(Bk) 0 logi ] | vis

z*(A)/ 0 106;2 0 ZZ(A)
o 2 |l 012]| o

E€AB

*(A)
Z4By
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populations), Megs g. The value of Meg g can be computed
as proposed by Wientjes et al. [14]:

1
MeS,R = ) )

SGS,R_AS,R

where Ggpr is the genomic relationship matrix between
selection candidates and reference animals, Ag R is the pedi-
gree relationship matrix, and SéS,R* Asg 1S the empirical vari-
ance of the differences between corresponding elements of
Gs,r and Ag r. In our study, Gs r and Agr were scaled to the
same base population by rescaling the inbreeding level in
Gg R to the inbreeding in Ag R as follows [20]:

ér = (1—F)Gsg + 2FJ,
o? o -
*(A) #(A) g*(A)
+ Ba Ba ) Be
Tps g T g

and the reliability of éjk(A) is equal to:

Var( *(A)> Var<A*(A)— :IEA)> ﬁ*m) PEVW(A)

- 3

Ty = o2
Pe Var( *(A)) O grit)

where PEVA*(A) is the prediction error variance of B*(A)

and is equal to the diagonal element of the inverse of
the left-hand side of the mixed model equations associ-
B*(A)

A
B

ated with the prediction of l . After some algebra,

which is detailed in Additional file 3, it follows that the
predicted reliability of genomic EBV for breed A selec-
tion candidates without data is equal to:

— ”A
'"C+P BSAM _without = =r g = |:rPC \/ Mean 2M8<A> }
a,AB

-1

2
h“A + 1 (A) CA g
Megn T Nj "pC A\ 27te op Me,l A
x a,A
2 2
) ok, A 1
el 2], Mea e T Nas
P4 by
PC Megp
x 7, (10)

o
LV 2Me

Computation of the effective number of chromosome
segments (Me)

The prediction equations without availability of geno-
typing data require the effective number of chromo-
some segments that are independently segregating in a
population, including selection candidates (S) and refer-
ence animals (R) (i.e., that are shared between the two

where F is the average pedigree inbreeding level com-
puted from the pedigree, and J is a matrix filled with 1s.

The proposed computation of Me requires genotypes
for both selection candidates and reference animals,
which may be inconsistent with its use in the computa-
tion of reliabilities without availability of genotyping
data. However, it is reasonable to assume that genotypes
are already available for a limited number of animals, for
example at least 100, that have the right family structure
that is representative of the evaluated scenario, such that
an accurate approximation of Me can be computed [14].

The effective number of chromosome segments origi-
nating from a specific breed (b) and that are shared
between purebred selection candidates (S) of this breed
and crossbred reference animals (Rc), Megh}ec, is required
for the prediction equations for BSAM. In this study,
Meﬂ AB, is required in Egs. (8) and (10) and was assumed
to be equal to Me, Ay which is required in Egs. (2) and
(6). The equality Meé /i g = Me, 4 was assumed since the
selection candidates were the same for Egs. (2), (4), (6),
(8), and (10) the number of reference animals R and Rc
was large, and the parents of breed A and crossbred AB
reference animals were sampled from the same finite
pool.

Simulated data

Data were simulated to validate Egs. (2), (4), (6), (8), and
(10), which predict the reliability of genomic EBV for
crossbred performance using ASGM or BSAM, without
availability of genotyping data. Two extreme scenarios
were considered, in which either two closely-related or
two unrelated breeds were used to produce crossbred
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animals. The reliabilities predicted by Egs. (2), (4), (6),
(8), and (10) were validated against the reliabilities com-
puted with the corresponding prediction equations with
availability of genotyping data, that is, Eqs. (1), (3), (5),
(7), and (9). The reliabilities predicted by equations with
availability of genotyping data are equivalent to those
computed from PEV associated with selection candidates
of a genomic best linear unbiased prediction including
both reference animals and selection candidates, based
on phenotypes corrected with the best linear unbiased
estimates of the fixed effects, and assuming the absence
of selection [15].

Populations

First, historical and breed populations were simulated
using the QMSim software [21]; second, a two-way cross-
breeding program with five generations of random selec-
tion was simulated using a customized Fortran program.
For the historical population, 1000 discrete random mat-
ing generations with a constant size of 10,000 individuals
were simulated, which was followed by 1000 generations
in which the population size was gradually decreased to
2000 individuals. In these 2000 historical generations,
half of the simulated animals were males and the other
half were females. Offspring were produced by the ran-
dom union of gametes from the male and female gametic
pools, and the number of offspring was equal to the num-
ber of animals required in the next generation. To simu-
late the two breed populations, A and B, two random
samples were drawn from the last generation of the his-
torical population (i.e., generation 2000), each including
500 males and 500 females. Subsequently, within each of
the breeds, 10 or 100 generations of random mating were
simulated before the two-way crossbreeding scheme was
begun. These two scenarios (i.e., a common origin either
10 or 100 generations ago) will be referred to as related
and unrelated breeds, respectively. For the 10 and 100
generations of random mating, a litter of four offspring
(two males and two females) per female was simulated.
From these offspring, 500 males were selected at random
for the next generation. The number of females selected
randomly for the next generation was gradually increased
from 500 to 800 during the first four generations of the
simulation of the breed populations, in order to enlarge
the size of the population (Fig. 1).

In a second step, a two-way crossbreeding program
with five generations of random selection was simulated.
The animals of breeds A and B that were used to start the
crossbreeding program were sampled from generation
2010 for the related breeds and from generation 2100 for

187
Generation Historical population
0 (5000 M - 5000 F)
1000 (5000 M - 5000 F)
2000 (1000 M - 1000 F)
2001 Breed A /\ Breed B
(500 F — 500 M) (500 F — 500 M)

| |

Breed A Breed B
(800 F — 500 M) (800 F — 500 M)

| |

Breed A Breed B
(800 F — 500 M) (800 F — 500 M)

2004

2000+x

2001+x A B
AF AM BF BM
(3000)  (1000) (3000)  (1000)

AB
2002+x (3000 F — 1000 M) (4000) (3000 F — 1000 M)
AF AM BF BM

2003+x 4 AB B
(1000 M — 3000 F) (4000) (3000 F — 1000 M)

Fe e, = |

I T el =T 1

v i a v

A AB B
2005+x (1000 M — 3000F ) (4000) (3000 F — 1000 M)

Fig. 1 Schematic representation of the simulation. The crossbreed-
ing program started at generation 2001 + x, with x being equal to 10
for the scenario with related breeds and equal to 100 for the scenario
with unrelated breeds. The number of males (M) and females (F) per
generation are reported within brackets. Reference animals were
randomly selected from generation 2002 + x (in bold). Breed A selec-
tion candidates were randomly selected from generations 2003 + x,
2004 + x, and 2005 + x (in italic characters)

the unrelated breeds. During the crossbreeding program,
and for both breeds, animals of breeds A and B were ran-
domly selected and mated to simulate the next genera-
tion of a constant size of 1000 males and 3000 females for
each breed. From each of these five generations, animals
of breeds A and B were randomly crossed to produce five
generations of 4000 crossbred AB animals. Purebred ani-
mals used as parents of crossbred animals could also be
parents of the next generation of purebred animals (Fig. 1).
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Genotypes

The total length of the simulated genome was 10 Mor-
gans (M) (10 chromosomes of 1 M and 4000 SNPs each).
The positions of SNPs and of recombinations were rand-
omized per chromosome and a recurrent mutation rate
of 2.5 x 10~* was assumed. All SNPs with a minor allele
frequency (MAF) higher than or equal to 0.05 in the last
historical generation (i.e., generation 2000) and were
used to simulate the SNP genotypes of the purebred and
crossbred animals. For subsequent analyses, 2000 SNPs
were randomly selected from these SNPs for each chro-
mosome. The breed origin of each allele for each cross-
bred animal was recorded. All scenarios (including the
historical populations) were replicated 10 times.

Validation of prediction equations without availability

of genotyping data

The validation required a set of known genotypes, as
described previously, but no phenotype, since the reli-
abilities predicted without availability of genotyping data
were validated against the reliabilities predicted with
availability of genotyping data. However, estimates of
heritabilities and genetic correlations between purebred
and crossbred performance were required. Heritabilities
of 0.20, 0.40, and 0.95 were used for both the purebred
and crossbred performance traits. A high heritability,
such as 0.95, and a single record per reference animal can
be assumed when phenotypes of reference animals are
derived from highly reliable EBV (e.g., deregressed EBV)
[10]. Genetic correlations between purebred and cross-
bred performance traits were assumed to be equal to 0.30
or 0.70.

In the simulated data, two groups of reference animals
and one group of selection candidates were defined for
each scenario of related and unrelated breeds. For the
scenarios with related and unrelated breeds, the two
groups of reference animals were randomly selected from
generations 2012 and 2102, respectively. For scenarios
PB-PB and CB-PB, the two groups of reference animals
included 2000 and 4000 animals that were randomly cho-
sen from breed A and crossbred AB animals, respectively.
For scenario CB + PB-PB, the first group included 4000
randomly chosen breed A animals and 2000 randomly
chosen crossbred AB animals and the second group
included 4000 breed A animals and 4000 crossbred AB
animals. For the selection candidates for scenarios PB—
PB, CB-PB and CB + PB-PB, 1000 breed A animals were
randomly selected from each generation, starting from
generation 2013 for the related breeds scenario and from
generation 2103 for the unrelated breeds scenario, to
create the groups of selection candidates. In the follow-
ing, selection candidates from generations 2013 or 2103
are referred to as “G1” selection candidates. Similarly,

Current Progress in Animal Breeding

selection candidates from generations 2014 and 2104 and
from generations 2015 and 2105 are referred to as “G2”
and “G3” selection candidates, respectively.

For each ‘reference population-selection candidates’
combination and for each scenario, reliabilities of the
genomic EBV for crossbred performance were computed
using Egs. (1), (3), (5), (7), and (9) for the scenarios in
which all data was available, and using Egs. (2), (4), (6),
(8), and (10) for scenarios without availability of genotyp-
ing data. The required genomic relationship matrices and
values of Me were computed using our in-house software
calc_grm [22]. The predicted reliabilities were averaged
across the 10 replicates.

Application of a prediction equation

The proposed equations can be used to investigate the
reliability of genomic EBV for crossbred performance
in crossbreeding schemes. As an illustration, Eq. (10),
which predicts the reliability of genomic EBV using both
purebred and crossbred animals as reference animals
by BSAM, was used to predict the reliability of genomic
EBV for a pig production system for which 10,000 breed
A animals were previously genotyped and phenotyped.
The aim was to investigate the effect of the addition of
crossbred AB animals to the reference population on the
reliability of genomic EBV for crossbred performance. A
heritability of 0.20 was assumed for both purebred and
crossbred performance traits and the genetic correla-
tion between purebred and crossbred performance traits
for breed A, (Vz(%))r ranged from 0.0 to 1.0. Both values
of Me required by Eq. (10) (i.e. Me‘(:XB and Me, 4) were
assumed to be equal to 476.6, based on the equation
Me = 2N,L/(In (4N,L)) [23], with N, being the effec-
tive population size and L being the total length of the
genome in M. For N, and L, we assumed values of 80 and
27 respectively, based on the study of Landrace pigs by
Uimari and Tapio [24] and the study by Lin et al. [25]. The
use of equal values of Me for the purebred and crossbred
populations was based on the assumption that breed A
parents of purebred and crossbred animals were sampled
from the same pool.

Results

This section first presents the results of the validation
of the equations for predicting reliability without avail-
ability of genotyping data. As defined previously, the
reliabilities without availability of genotyping data were
validated against the reliabilities computed with avail-
ability of genotyping data. The second part of this section
describes the increase in reliabilities from the addition of
crossbred animals to a purebred reference population in
a pig breeding program.
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PB-PB scenario

For the PB-PB scenario, the results show that reliabili-
ties predicted without availability of genotyping data
were of the same order of magnitude as reliabilities com-
puted with availability of genotyping data (Figs. 2, 3). For
the scenario with related breeds and rpc = 0.3 (Fig. 2),
the predicted reliabilities with availability of genotyp-
ing data were around 0.01 for 42 = 0.2, in the range
[0.02; 0.03] for hfl = 0.4, and in the range [0.04; 0.05] for
hfl = 0.95, across all three groups of G1, G2 or G3 selec-
tion candidates and with 2000 reference animals from
breed A. When rpc = 0.7 (Fig. 3), the corresponding

1.0
0.9 - 2000 animals
0.8 - -
> 0.7 - =
b=
= 06 —
g os| -
D 04 el
© 0.3 - ~
0.2 -
0.1 -
W/ wio W/ wio W/ wio W/ wio W/ w/o w/ w/o
G1 G3 G1 G3 G1 G3
0.20 0.40 0.95

Fig. 2 Reliabilities with a purebred reference population and a
genetic correlation equal to 0.3. Reliabilities of genomic estimated
breeding values for crossbred performance with (W/) and without
(W/0) availability of genotyping data, using a reference population
with 2000 or 4000 breed A animals, which are separated from breed
A selection candidates by one (G1), or three (G3) generation(s). Herit-
abilities of 0.20, 0.40, and 0.95, were assumed. Results were averaged
across replicates

1.0
0.9 -
0.8 - ol
0.7 - al
0.6 - ot
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0.4 -
0.3 -
0.2 -
0.1 -
0.0

Reliability

W/ wio W/ wio W/ wio W/ wio W/ wio W/ wio
G1 G3 G1 G3 G1 G3

0.20 0.40 0.95
Fig. 3 Reliabilities with a purebred reference population and a
genetic correlation equal to 0.7. Reliabilities of genomic estimated
breeding values for crossbred performance with (W/) and without
(W/0) availability of genotyping data, using a reference population
with 2000 or 4000 breed A animals, which are separated from breed
A selection candidates by one (G1), or three (G3) generation(s). Herit-
abilities of 0.20, 0.40, and 0.95, were assumed. Results were averaged
across replicates

predicted reliabilities with availability of genotyping data
were in the range [0.05; 0.07] for hi = 0.2, in the range
[0.10; 0.15] for 42 = 0.4, and in the range [0.20; 0.28]
for hg = 0.95. For both scenarios with rpc = 0.3 and
rpc = 0.7, the addition of 2000 breed A reference animals
slightly increased the predicted reliabilities (Figs. 2, 3).

Reliabilities predicted without availability of genotyp-
ing data were always lower than those predicted with
availability of genotyping data, which agrees with theory
(see “PB—PB scenario” section in the “Methods” sec-
tion). For the scenario with related breeds and rpc = 0.3
(Fig. 2), the differences between reliabilities predicted
without and with availability of genotyping data were
around 0.00 for 42 = 0.2, in the range [—0.02; 0.00] for
h% = 0.4, and in the range [—0.02; —0.01] for /2 = 0.95
across all three groups of G1, G2 or G3 selection candi-
dates and with 2000 breed A reference animals. When
rpc = 0.7 (Fig. 3), the corresponding differences between
reliabilities predicted without and with availability of
genotyping data were in the range [—0.03; 0.00] for
h% = 0.2, in the range [—0.06; —0.02] for /2 = 0.4, and in
the range [—0.11; —0.04] for 42 = 0.95. The largest dif-
ferences between reliabilities predicted without and with
availability of genotyping data were always observed for
the G1 selection candidates.

Similar results were obtained for the scenario with
unrelated breeds (see Additional file 4: Tables S1, S2).
Such similar results were expected since the distance
between breeds is not taken into account by ASGM. The
SD of the reliabilities across replicates were in the range
[0.000; 0.001] (see Additional file 4: Tables S1, S2).

CB-PB scenario

Reliabilities with and without availability of genotyp-
ing data are presented in Fig. 4 for related breeds and in
Fig. 5 for unrelated breeds. The CB—PB scenario included
both ASGM and BSAM. For both models, the reliabilities
predicted without availability of genotyping data under-
estimated the reliabilities predicted with availability of
genotyping data. Underestimation was close to 0 when
h? = 0.20, and increased up to 0.1 with increasing /2 and
number of crossbred AB reference animals. Similar to the
PB-PB scenario, the underestimation of reliabilities pre-
dicted with availability of genotyping data by the reliabili-
ties predicted without availability of genotyping data was
largest for the G1 selection candidates.

For the G1 selection candidates, the reliabilities for
ASGM with availability of genotyping data were around
0.09 with 2000 crossbred reference animals, independent
of the relationship between the breeds, and around 0.16
with 4000 crossbred reference animals, using hg =0.20
(Figs. 4, 5). Differences between the reliabilities predicted
without and with availability of genotyping data were
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Fig. 4 Reliabilities with a crossbred reference population that origi-
nated from two related breeds. Reliabilities of genomic estimated
breeding values for crossbred performance with (W/) and without
(W/0O) availability of genotyping data, based on an across-breed SNP
genotype model (ASGM) or on a breed-specific allele substitution
effects model (BSAM), and using a reference population with 2000 or
4000 crossbred AB animals. Reference animals were separated from
breed A selection candidates by one (G1), or three (G3) generation(s).
Heritabilities of 0.20, 0.40, and 0.95, were assumed. Results were aver-
aged across replicates
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Fig. 5 Reliabilities with a crossbred reference population that origi-
nated from two unrelated breeds. Reliabilities of genomic estimated
breeding values for crossbred performance with (W/) and without
(W/0) availability of genotyping data, based on an across-breed SNP
genotype model (ASGM) or on a breed-specific allele substitution
effect model (BSAM), and using a reference population with 2000 or
4000 crossbred AB animals. Reference animals were separated from
breed A selection candidates by one (G1), or three (G3) generation(s).
Heritabilities of 0.20, 0.40, and 0.95, were assumed. Results were aver-
aged across replicates

around —0.01 for both 2000 and 4000 crossbred reference
animals. The corresponding reliabilities using 42 = 0.95
were around 0.37 and 0.58 with 2000 and 4000 crossbred
reference animals, respectively. The corresponding dif-
ferences between reliabilities predicted without and with
availability of genotyping data were in the range [—0.13;
—0.08].

For G1 selection candidates with related breeds, the
reliabilities for BSAM with availability of genotyping data
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were around 0.06 and 0.11 with 2000 and 4000 crossbred
reference animals, respectively, when using hg =0.20
(Fig. 4). Differences between reliabilities predicted with-
out and with availability of genotyping data were around
—0.01 with both 2000 and 4000 crossbred reference ani-
mals. The corresponding reliabilities using 42 = 0.95
were around 0.27 and 0.43 with 2000 and 4000 crossbred
reference animals, respectively. Corresponding differ-
ences between reliabilities predicted without and with
availability of genotyping data were in the range [—0.09;
—0.06]. Similar differences were observed with unrelated
breeds (Fig. 5). The SD of reliabilities across replicates
were in the range [0.000; 0.002] (see Additional file 4:
Tables S3, S4).

A comparison of reliabilities with availability of geno-
typing data between ASGM and BSAM showed that
ASGM consistently performed better than BSAM. How-
ever, reliabilities for BSAM increased with increasing dis-
tance between breeds, while reliabilities for ASGM were
only slightly affected (Figs. 4, 5). The increase in reliabili-
ties with increasing distance between breeds, which com-
pensates for the larger number of effects fitted in BSAM
compared to ASGM, is in agreement with previous stud-
ies, e.g., Ibanez-Escriche et al. [4].

CB + PB-PB scenario

The CB + PB-PB scenario included both breed A and
crossbred AB animals in the reference population. The
number of breed A reference animals was always 4000.
The number of crossbred AB animals was equal to 2000
or 4000. The CB + PB-PB scenario also included both
ASGM and BSAM.

For related breeds, reliabilities without and with avail-
ability of genotyping data are presented in Fig. 6 for
rpc = 0.3 and in Fig. 7 for rpc = 0.7. Reliabilities pre-
dicted without and with availability of genotyping data
were of the same order of magnitude, for both ASGM and
BSAM. Differences between the two predicted reliabili-
ties were in the range [—0.09; 0.05]. Similar to previous
results, these differences increased with heritability. Reli-
abilities for BSAM with availability of genotyping data
were about 0.03 to 0.04 lower than the corresponding
reliabilities for ASGM when heritabilities were assumed
to be 0.20. This difference between reliabilities for BSAM
and for ASGM increased with increasing heritability and
rpc, and with decreasing distance between breeds. For
example, reliabilities for BSAM with availability of geno-
typing data were between 0.07 and 0.12 points lower than
the corresponding reliabilities for ASGM when heritabili-
ties were equal to 0.95. These lower reliabilities for BSAM
can be attributed to the additional breed-specific effects
fitted in the model for a given number of records. Similar
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Fig. 6 Reliabilities with a mixed reference population assuming
two related breeds and a genetic correlation of 0.3. Reliabilities of
genomic estimated breeding values for crossbred performance with
(W/) and without (W/O) availability of genotyping data, based on

an across-breed SNP genotype model (ASGM) or on a breed-specific
allele substitution effects model (BSAM). The reference population
included 4000 breed A animals and 2000 or 4000 crossbred AB
animals. Reference animals were separated from breed A selection
candidates by one (G1), or three (G3) generation(s). Heritabilities of
0.20, 040, and 0.95, were assumed. Results were averaged across
replicates
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Fig. 7 Reliabilities with a mixed reference population assuming
two related breeds and a genetic correlation of 0.7. Reliabilities of
genomic estimated breeding values for crossbred performance with
(W/) and without (W/O) availability of genotyping data, based on

an across-breed SNP genotype model (ASGM) or on a breed-specific
allele substitution effects model (BSAM). The reference population
included 4000 breed A animals and 2000 or 4000 crossbred AB
animals. Reference animals were separated from breed A selection
candidates by one (G1), or three (G3) generation(s). Heritabilities of
0.20, 040, and 0.95, were assumed. Results were averaged across

1.0
ASGM - 8000 animals &
0.9 - ASGM - 6000 animals ]
0.8 - BSAM - 8000 animals Bl —
BSAM - 6000 animals [J
> 0.7 -
o
= 0.6 -
Qo L d
S 0.5
2 0.4 - | —
X o3\ o
0.2 L -
0.1 H / -
oL BN 71| _ ]
R I N S O N I I S WA
G1 G3 G1 G3 G1 G3

0.20 0.40 0.95
Fig. 8 Reliabilities with a mixed reference population assuming
two unrelated breeds and a genetic correlation of 0.3. Reliabilities of
genomic estimated breeding values for crossbred performance with
(W/) and without (W/O) availability of genotyping data, based on
an across-breed SNP genotype model (ASGM) or on a breed-specific
allele substitution effects model (BSAM). The reference population
included 4000 breed A animals and 2000 or 4000 crossbred AB
animals. Reference animals were separated from breed A selection
candidates by one (G1), or three (G3) generation(s). Heritabilities of
0.20, 040, and 0.95, were assumed. Results were averaged across
replicates
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Fig. 9 Reliabilities with a mixed reference population assuming

two unrelated breeds and a genetic correlation of 0.7. Reliabilities of
genomic estimated breeding values for crossbred performance with
(W/) and without (W/O) availability of genotyping data, based on
an across-breed SNP genotype model (ASGM) or on a breed-specific
allele substitution effects model (BSAM). The reference population
included 4000 breed A animals and 2000 or 4000 crossbred AB
animals. Reference animals were separated from breed A selection
candidates by one (G1), or three (G3) generation(s). Heritabilities of
0.20, 0.40, and 0.95, were assumed. Results were averaged across

replicates

trends were observed for reliabilities without availability
of genotyping data.

With unrelated breeds, the reliabilities without and
with availability of genotyping data, averaged across rep-
licates, are presented in Fig. 8 for rpc = 0.3 and in Fig. 9
for rpc = 0.7. Differences between reliabilities predicted
without and with availability of genotyping data were in

replicates

the range [—0.04; 0.07] for all scenarios with heritabili-
ties equal to 0.20 and to 0.40, and in the range [—0.10;
0.05] for all scenarios with heritabilities equal to 0.95.
Reliabilities predicted with availability of genotyping data
for BSAM with unrelated breeds were higher by about
0.01 to 0.06 than the reliabilities predicted with avail-
ability of genotyping data for BSAM with related breeds.
Similar trends were observed for reliabilities predicted
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without availability of genotyping data, showing a reli-
able prediction of reliability computed with availability of
genotyping data. The SD of reliabilities across replicates
were in the range [0.000; 0.006] (see Additional file 4:
Tables S5, S6, S7, S8).

Reliabilities in a pig-breeding program

Predicted reliabilities for BSAM when up to 10,000 cross-
bred AB animals were added to a reference population of
10,000 breed A animals are in Fig. 10, showing that pre-
dicted reliabilities increased when crossbred AB animals
were added to the reference population. The increase
in reliabilities decreased with increasing rI(JAC). The reli-
abilities obtained for ASGM with rI(,AC) = 0.92 based on
10,000 breed A reference animals (and no crossbred AB
reference animals) (0.68) was the same as that for BSAM
based on only 10,000 crossbred AB reference animals
(i.e., with rl(fé) = 0.0). Therefore, for rl(;é) < 0.92, BSAM
with only crossbred reference animals can be at least as
accurate as ASGM with a larger number of purebred ref-
erence animals.

Discussion

In this study, the term “reliability” refers to the preci-
sion of genomic EBV obtained by relating their PEV to
the additive genetic variance of the base population, i.e.,
assuming absence of selection. Equations for predicting
the reliability of genomic EBV for crossbred performance
are proposed for reference populations that include pure-
bred animals, crossbred animals, or both. Reliabilities
were predicted for two models: ASGM and BSAM. For

Genetic correlation
Reliability

0 2000 4000 6000 8000 10000
Number of additional crossbred animals

Fig. 10 Reliabilities with additional crossbred reference animals and
different genetic correlations. Reliabilities predicted without avail-
ability of genotyping data for genomic estimated breeding values
of crossbred performance using a breed-specific allele substitution
effects model. The reference population included 10,000 purebred
animals and a number of crossbred animals that varied from 0 to
10,000. A heritability of 0.20 was assumed for both purebred and
crossbred performance traits, and the genetic correlation between
purebred and crossbred performance traits varied from 0.0 to 1.0. All
the required values of Me were assumed to be equal to 476.6
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the BSAM, we used the true breed-of-origin of all alleles
for the crossbred animals, which would have to be esti-
mated in practice, which may negatively impact the reli-
ability obtained. However, we expect this to have only a
very minor effect, since we showed in previous studies
that it is possible to accurately derive breed-of-origin of
alleles in three-breed crossbred pigs [26, 27].

Reliabilities of genomic EBV can be predicted when
genotype data are already available, i.e., with availability
of genotyping data, or without availability of genotyp-
ing data. For scenarios without availability of genotyping
data, it is assumed that the required genetic parame-
ters are computed using pedigree instead of genomic
data, or that estimates are available from the literature.
The results of this study showed that the reliabilities
of genomic EBV for crossbred performance predicted
without availability of genotyping data were of the same
order of magnitude as those predicted with availability of
genotyping data. Therefore, while prediction of reliabil-
ity should preferably take the genotype data of selection
candidates into account when available, both methods
can predict the reliability of genomic EBV for crossbred
performance for different reference populations, herit-
abilities, and rpc. The derived equations can therefore be
useful to optimize the design of breeding programs.

Reliabilities predicted without and with availability

of genotyping data

The aim of this study was to predict the precision of
genomic EBV based on PEV in the absence of selection.
Thus, the derivation of our prediction equations without
and with availability of genotyping data was based on
the SI and mixed model theories and assumed that phe-
notypes were corrected for all fixed and random effects
other than the considered genetic additive effects. The
equivalence between SI and mixed model theories under
certain conditions, such as the use of the same estimates
for the fixed effects, has previously been shown by sev-
eral studies (e.g., [15, 17, 28, 29]). Therefore, reliabilities
predicted with availability of genotyping data would be
expected to be close to reliabilities computed from PEV
obtained from genomic best linear unbiased prediction,
in the absence of selection. Equations for predicting the
reliability of genomic EBV without availability of geno-
typing data were validated against the equations for pre-
dicting reliability with availability of genotyping data, and
not against the reliability of selection, i.e., the squared
correlation between estimated and true genomic breed-
ing values, which is often obtained by cross-validation.
Indeed, the reliability of genomic EBV is not equivalent
to the reliability of selection for populations that are
under selection, although they are equivalent for popu-
lations without selection [30-33]. Reliability of selection
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can be predicted from the reliability of genomic EBV
by considering the intensity of selection using, e.g., the
equations proposed by Dekkers [30] and Bijma [31].

Our prediction equations with availability of geno-
typing data can be extended to situations when pheno-
types are already available for selection candidates and
even to situations when some reference animals are not
genotyped. First, in our study, selection candidates were
defined as animals with genotypes but without pheno-
types. In the context of poultry and pig breeding, this
reflects for instance carcass, disease, or fertility traits.
However, for growth-related traits, phenotypes are typi-
cally available for selection candidates at the time of
selection. For these situations, prediction equations
with availability of genotyping data can be used simply
by including the selection candidates with genotypes
and phenotypes as both reference animals and selection
candidates, such that they are used both for comput-
ing the genomic relationship matrix between reference
animals and selection candidates and the genomic rela-
tionship matrix between reference animals (e.g., for
computing both G,, o and Gp a for the PB-PB scenario
using ASGM). Second, situations in which some refer-
ence animals are not genotyped can also be modelled by
our prediction equations with availability of genotyping
data through the use of a combined pedigree-genomic
relationship matrix H [34-36] instead of the genomic
relationship matrix G used in this study. Third, our pre-
diction equations with availability of genotyping data can
be extended to situations in which reference animals have
repeated phenotypes, or pseudo-phenotypes, such as
deregressed proofs and associated weights. For instance,
the predicted reliability for the PB—-PB scenario using
ASGM can be computed as:

2\l
1h2hﬂ ) WGA,“[
a

)

AW (WGMW’ +R
Ga[»ﬂt

2 1 2 G
Tp_ASGM_with = N, E pc
4

where W is the incidence matrix relating (pseudo-)phe-
notypes to reference animals and R is a diagonal matrix
with elements equal to 1 for real phenotypes, or equal
to the inverse of weights associated with pseudo-pheno-
types [17, 28]. Unlike the prediction equations with avail-
ability of genotyping data, the extension of prediction
equations without availability of genotyping data to more
complex scenarios is not as straightforward.

We also assumed that all additive genetic variance
was captured by the SNPs in the derivation of the pre-
diction equations. When only a portion of the additive
genetic variance is captured by the SNPs, the prediction
equations need to take this into account, as proposed by
Goddard et al. [13] and Wientjes et al. [14]. This propor-
tion could be empirically estimated when the reference
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population includes only one population by comparing
predicted and realized (cross-validation) reliabilities [14].

For most scenarios, predicted reliabilities without avail-
ability of genotyping data underestimated the reliabilities
predicted with availability of genotyping data (Figs. 2, 3,
4,5,6,7,8,9). While this is in agreement with the theory,
only a part of the underestimation is due to the fact that
the decrease of the error variance when multiple loci are
used was ignored (see “Methods” section; [12, 13]). This
underestimation is greater when heritability and reliabil-
ity increase to a value of 1 [13], as observed in our results.
Most of the underestimation is, however, primarily due
to an overestimation of Me, especially for the PB-PB
and CB-PB scenarios with only one generation separat-
ing reference animals and selection candidates, for which
the largest underestimations were observed. For instance,
the fractional underestimation of rl%, ASGM wign that can
be attributed to not considering the reduction in error
variance ( 1 — hgrl% ASGM withour ) (5€€ Additional file 1) is
approximately equal to 0.03 (i.e., 3% error) for the PB—PB
scenario with one generation separating 4000 reference
animals and selection candidates, /2 = 0.95, rpc = 1.0,
and Me, 4 = 3730 (obtained from one random replicate).
This does, however, explains only part of the fractional
underestimation of about 0.57 that is observed in Fig. 3.
Thus, the underestimation appears to be mainly due to
the overestimation of Me, particularly when only one
generation separates the reference animals and selection
candidates. Indeed, while estimates of Me increased with
decreasing predicted reliabilities with availability of gen-
otyping data, the results show that the reliabilities pre-
dicted without availability of genotyping data decreased
at a lower rate than reliabilities predicted with availabil-
ity of genotyping data when the relationships between
the reference population and the selection candidates
decreased. Further work to improve estimation of Me is
needed, especially for scenarios in which reference ani-
mals and selection candidates are highly related.

While predicted reliabilities without availability of gen-
otyping data were underestimated for most scenarios,
overestimations were observed for some scenarios with
reference populations that included both purebred and
crossbred animals (Figs. 6, 7, 8, 9). These overestimations
may be the result of estimation of Me and assumptions
taken for the derivation of the equations without availabil-
ity of genotyping data (e.g., a diagonal residual (co)variance
matrix for corrected phenotypes associated with BSAM
and using purebred and crossbred reference animals).

Potential use of the prediction equations

The equations derived in this study can be used to com-
pare the effects of modifying the values of various factors
(e.g., rpc, numbers of reference animals, or relationships
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between the reference population and the selection can-
didates) on the reliability of genomic EBV for crossbred
performance and for the optimization of the design of
breeding programs. However, the effects of some factors
should be compared carefully. For example, the results
show that the prediction equations without availability of
genotyping data should be used with care for the com-
parison of the effects of different relationships between
the reference population and the selection candidates.
The prediction equations without availability of genotyp-
ing data should also be used with care for the compari-
son of the reliabilities of the ASGM and BSAM models,
especially when the reference population includes both
purebred and crossbred animals (e.g., for the PB + CB-—
PB scenario with unrelated breeds and rpc = 0.7; Fig. 9).
Nevertheless, the prediction equations without avail-
ability of genotyping data can still provide some insight
into the reliability of both models in different scenarios.
For instance, the results (Figs. 4, 5, 6, 7, 8, 9) showed that
reliabilities for BSAM tended to increase with increas-
ing distance between breeds, while the reliabilities for
ASGM were only slightly affected. The increase in reli-
abilities with increasing distance between breeds, which
compensates for fitting more effects in BSAM in com-
parison to ASGM, is in agreement with previous stud-
ies, e.g., Ibanez-Escriche et al. [4]. For instance, assume
that a reference population of a fixed number of cross-
bred AB animals is available, and that heritabilities
of crossbred performance traits estimated for ASGM
and BSAM for the breed A are equal. Therefore, from

NABhg
Naphl+Mesns’ and Eq. (8),

Eq. (4), r %ﬁASGMﬁwithout =

Naph?,
Nl 120y
ability of genomic EBV based on BSAM would be hi her
than the reliability based on ASGM if Me, 4p > 2Mea A B
This will be the case if the LD patterns between breeds
A and B are sufficiently different, which is more likely in
the case when the breeds have diverged for many genera-
tions [37]. This is in agreement with our results (Figs. 4,
5) and previous studies based on simulated data (e.g.,
[4, 11]) which show that reliabilities for BSAM increase
with increasing distance between breeds. The additional
effects fitted in BSAM are taken into account in Eq. (8) by
the factor of 2, which was also considered by van Greven-
hof and van der Werf [38], who evaluated the benefit of
including crossbred animals in the reference population
of a crossbreeding program using genomic selection.

2 _ .
Y& BSAM without = it follows that the reli-

Computation of Me

The evaluation of different scenarios based on the pre-
diction equations without availability of genotyping
data requires accurate estimates of all parameters, and
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especially of Me (e.g., [10, 14, 39, 40]). Parameters such as
heritabilities and correlations, if estimated inaccurately,
would similarly bias reliabilities predicted without and
with availability of genotyping data, since these param-
eters are used in both equations. However, Me, the effec-
tive number of segments that are shared and segregating
in both selection candidates and reference animals, is
only used when predicting reliability without availability
of genotyping data, and has a large impact. In our study,
the estimates of Me were computed from the differences
between genomic and pedigree relationships between
reference animals and selection candidates, as proposed
by Wientjes et al. [14]. However, our results showed that
these estimates of Me did not adequately consider the
close relationships that can exist between reference ani-
mals and selection candidates. As already proposed by
Daetwyler et al. [39] and Brard and Ricard [40], another
approach would be to reverse the prediction equations
without availability of genotyping data for computing Me.
Required reliabilities and other parameters should be
obtained from a reference population and different genera-
tions of selection candidates in which genomic prediction
is already applied. However, estimates of Me obtained by
the reversion of prediction equations would be underes-
timates, since this would include a correction for the fact
that the error variance decreases when multiple loci are
used, which is trait-dependent.

This study has introduced the concept of the effec-
tive number of chromosome segments originating from
a specific breed (b), and shared by selection candidates
(S) from this breed and crossbred reference animals (Rc),
Meé{ol)ec. This Meg,’[)ec is different from Megs . as defined
previously, since the latter does not take the breed origin
of the chromosome segments of the crossbred animals
into consideration. Indeed, each purebred population has
its own value of Me, while the genome of crossbred ani-
mals combines segments from the different populations
they originated from. Thus, the value of Meg g, includes
both the effective number of chromosome segments seg-
regating in breed b, and the effective number of chromo-
some segments segregating in the other breed(s) of origin
for the crossbred animals, while Mesh}ec only involves the
effective number of chromosome segments segregat-
ing in breed b. For this study, it was assumed that MeSbRC
(i.e., Meﬂ AB) was equal to Meg g (i.e., Meg 4) for which the
breed b selection candidates and reference animals (R)
share the same parents as the crossbred Rc animals. This
assumption was valid based on the results obtained. In
practice, such an assumption would not be possible, since
the purebred and crossbred reference animals may not
share the same parents, or reference animals may belong
to different generations. Further research on accurate
estimation of Me is therefore required.
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Conclusions

Several equations for predicting the reliability of genomic
EBV for crossbred performance based on ASGM or on
BSAM were derived for three different scenarios. These
three scenarios involved a reference population that
included only purebred animals, only crossbred animals,
or both. The prediction equations were derived for applica-
tion either without or with availability of genotyping data.
Results showed that the reliabilities predicted without
availability of genotyping data were of the same order of
magnitude as the predictions of reliabilities predicted with
availability of genotyping data. Thus, the proposed equa-
tions applied either without or with availability of geno-
typing data can be used to evaluate the effects of several
parameters on the reliability of genomic EBV for crossbred
performance (e.g., the genetic correlation between pure-
bred and crossbred performances, heritabilities of the traits,
number of reference animals, distance between breeds), and
for the optimization of the design of breeding programs.
Moreover, we showed that model BSAM can outperform
model ASGM for a breed, if the effective number of chro-
mosome segments originating from this breed and shared
by selection candidates of this breed and crossbred refer-
ence animals is less than half the effective number of all
chromosome segments that are independently segregating
in these same animals, provided all other parameters remain
equal. It is necessary to improve estimation of the effective
number of chromosome segments to predict the reliabil-
ity of genomic EBV without availability of genotyping data
more accurately.

Additional files

Additional file 1. Derivation of the equation for predicting the reliability
of genomic estimated breeding values without availability of data. Based
on the mixed model theory, a derivation of the equation for predicting
the reliability of genomic estimated breeding values is detailed in this
document, assuming that effects of all independent loci are estimated
simultaneously, and assuming a single population.

Additional file 2. Derivation of the prediction equation without avail-
ability of data, using a breed-specific allele substitution effects model

and only crossbred reference animals. A derivation of the equation that
predicts the reliability of genomic estimated breeding values for crossbred
performance using a breed-specific allele substitution effects model and
only crossbred animals without availability of genotyping data is detailed
in this document.

Additional file 3. Derivation of the prediction equation without avail-
ability of data, using a breed-specific allele substitution effects model, and
purebred and crossbred reference animals. A derivation of the equation
for predicting the reliability of genomic estimated breeding values for
crossbred performance using a breed-specific allele substitution effects
model and a reference population including both purebred and cross-
bred animals, without availability of genotyping data, is detailed in this
document.

Additional file 4: Table S1. Reliabilities for crossbred performance with
a purebred reference population and a genetic correlation equal to 0.3.
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Table S2. Reliabilities for crossbred performance with a purebred refer-
ence population and a genetic correlation equal to 0.7. Table S3. Reli-
abilities for crossbred performance with a crossbred reference population
originated from two related breeds. Table S4. Reliabilities for crossbred
performance with a crossbred reference population originated from two
unrelated breeds. Table S5. Reliabilities for crossbred performance with

a mixed reference population assuming two related breeds and a genetic
correlation of 0.3. Table S6. Reliabilities for crossbred performance with a
mixed reference population assuming two related breeds and a genetic
correlation of 0.7. Table S7. Reliabilities for crossbred performance with a
mixed reference population assuming two unrelated breeds and a genetic
correlation of 0.3. Table S8. Reliabilities for crossbred performance with a
mixed reference population assuming two unrelated breeds and a genetic
correlation of 0.7.
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Dimensionality of genomic information
and performance of the Algorithm for Proven
and Young for different livestock species

lvan Pocrnic ®, Daniela A. L. Lourenco, Yutaka Masuda and Ignacy Misztal

Abstract

Background: A genomic relationship matrix (GRM) can be inverted efficiently with the Algorithm for Proven and
Young (APY) through recursion on a small number of core animals. The number of core animals is theoretically linked
to effective population size (,). In a simulation study, the optimal number of core animals was equal to the number
of largest eigenvalues of GRM that explained 98% of its variation. The purpose of this study was to find the optimal
number of core animals and estimate N, for different species.

Methods: Datasets included phenotypes, pedigrees, and genotypes for populations of Holstein, Jersey, and Angus
cattle, pigs, and broiler chickens. The number of genotyped animals varied from 15,000 for broiler chickens to 77,000
for Holsteins, and the number of single-nucleotide polymorphisms used for genomic prediction varied from 37,000 to
61,000. Eigenvalue decomposition of the GRM for each population determined numbers of largest eigenvalues cor-

responding to 90, 95, 98, and 99% of variation.

Results: The number of eigenvalues corresponding to 90% (98%) of variation was 4527 (14,026) for Holstein, 3325
(11,500) for Jersey, 3654 (10,605) for Angus, 1239 (4103) for pig, and 1655 (4171) for broiler chicken. Each trait in each
species was analyzed using the APY inverse of the GRM with randomly selected core animals, and their number was
equal to the number of largest eigenvalues. Realized accuracies peaked with the number of core animals correspond-
ing to 98% of variation for Holstein and Jersey and closer to 99% for other breed/species. N, was estimated based on
comparisons of eigenvalue decomposition in a simulation study. Assuming a genome length of 30 Morgan, N, was
equal to 149 for Holsteins, 101 for Jerseys, 113 for Angus, 32 for pigs, and 44 for broilers.

Conclusions: Eigenvalue profiles of GRM for common species are similar to those in simulation studies although
they are affected by number of genotyped animals and genotyping quality. For all investigated species, the APY
required less than 15,000 core animals. Realized accuracies were equal or greater with the APY inverse than with requ-
lar inversion. Eigenvalue analysis of GRM can provide a realistic estimate of N..

Background

Genomic best linear unbiased prediction (GBLUP)
methods [1] for genomic evaluation use single-nucle-
otide polymorphism (SNP) effects indirectly via the
genomic relationship matrix (GRM). Therefore, GBLUP-
based methods require a GRM inverse, which has a
cubic cost and can be computed efficiently for perhaps
up to 150,000 individuals. Because of widely available

*Correspondence: ipocrnic@uga.edu
Department of Animal and Dairy Science, University of Georgia, Athens,
GA 30602, USA

commercial genotyping tools, some populations such as
the U.S. Holstein cattle have over one million genotyped
animals, and computing a GRM inverse can be prohibi-
tively expensive. In addition, a GRM often is not posi-
tive definite, and additional steps (e.g., blending with a
numerator relationship matrix) are required to make the
GRM positive definite [1]. Misztal et al. [2] suggested an
efficient computation of the GRM inverse by using recur-
sion on a small subset of animals. Initially, this subset of
animals was labeled as high accuracy or “proven”; there-
fore, the method was named the Algorithm for Proven
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and Young (APY). In this paper, we will refer to the GRM
inverse calculated with this algorithm as the APY inverse
and animals in the small subset as core animals. Com-
pared with the regular GRM inverse, computing costs
for the APY inverse are cubic only for the core subset
and are linear for animals that are not in the subset. The
estimated optimal subset size was approximately 8000 for
Angus cattle [3] and 2000 to 6000 for commercial pigs
[4]. Using U.S. Holstein data with 100,000 genotyped ani-
mals, Fragomeni et al. [5] found that any subset (includ-
ing only bulls, only cows, and random animals) with at
least 10,000 animals resulted in an accurate inverse.
The APY inverse was successfully computed for about
570,000 genotyped Holsteins in less than 2 h of comput-
ing time on an average server with fewer than 20,000 core
animals [6]. Using more than 10,000 animals as the core
subset did not add any improvement in genetic predic-
tion. For comparison, a regular inverse for 570,000 indi-
viduals would require several weeks of computing time
and an amount of memory, which is available only in the
largest computing clusters.

The theoretical framework of the APY inverse was
proposed by Misztal [7]. For a population, the additive
information is assumed to be in a limited number (1) of
independent chromosome segments (M,) or effective
SNP markers (ESM). If M, or ESM completely explain
the additive variation, the breeding values of » animals
are linear functions of M, or ESM and contain nearly all
the information in M, or ESM. Defining any subset of n
animals as core animals, a recursion on any n animals is
sufficient. The magnitude of M, is a function of effective
population size (N,), but the number of ESM could be
computed as the number of eigenvalues explaining nearly
all the variation in the GRM. Subsequently, the optimal
number of core animals is a function of N, and can be
derived from eigenvalue analysis of the GRM.

The theory for APY inverse was tested by Pocrnic et al.
[8] using six simulated populations with N, ranging from
20 to 200. Each simulated population consisted of 10
non-overlapping generations under random mating and
without selection, with 25,000 animals per generation
and phenotypes available for generations 1 through 9.
The last three generations (8 through 10) were completely
genotyped, with 75,000 genotyped animals for each pop-
ulation. Their simulation assumed a total genome length
of 30 Morgan and approximately 50,000 evenly allocated
biallelic SNPs. They found that the number of largest
eigenvalues that explain at least 90% of the variation in
the GRM is almost a linear function of N,. For the num-
ber of largest eigenvalues that explain from 95 to 99% of
the variation, the curve was curvilinear, with departure
from linearity attributed to a limited number of SNPs and
a limited number of genotyped animals. True accuracies
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were highest when the number of core animals corre-
sponded to the number of eigenvalues explaining 98% of
the variation, and they were slightly lower with the regu-
lar inverse or with half of the number of core animals.
The purpose of this study was to determine whether
APY conclusions based on simulated data are valid with
actual data across species. In particular, we wanted to
find the optimal number of core animals per species, to
investigate the changes in accuracy when recursions in
APY are based on fractions of the optimal number of
core animals, and to approximate the N, for each species.

Methods

Data and models

Five previously collected datasets were used in this study.
Analyses included the same models as those routinely
used for national or commercial genetic evaluations of
dairy (Holstein, Jersey) and beef (Angus) cattle, pigs,
and broilers. The datasets and models were described
in earlier studies [3, 6, 9—11]. Data for 11,626,576 Hol-
stein final score records from 7093,380 cows were pro-
vided by Holstein Association USA, Inc. (Brattleboro,
VT). Production data for Jerseys consisted of 4,168,048
records for 305-day milk, fat, and protein yields and
were provided by the Animal Genomics and Improve-
ment Laboratory, Agricultural Research Service, USDA
(Beltsville, MD). For Angus cattle, more than 6 million
records for birth weight and weaning weight and almost
3.4 million records for post-weaning gain were provided
by the American Angus Association (St. Joseph, MO).
More than 400,000 pig records for litter size and num-
ber of stillborn were provided by PIC (a Genus com-
pany, Hendersonville, TN). Finally, 196,613 records for
body weight at grading, 51,774 records for residual feed
intake, 9778 records for breast meat percentage, and
52,102 records for weight gain during feed conversion
test were provided for broiler chickens by Cobb-Vantress
Inc. (Siloam Springs, AR). The number of pedigrees used
in the numerator relationship matrix (A) varied: 198,915
for broiler chickens, 2,429,392 for pigs, 2,468,914 for Jer-
seys, 8,236,425 for Angus, and 10,710,380 for Holsteins.
The number of single-nucleotide polymorphisms used
for genomic prediction and number of genotyped awwni-
mals also varied: 60,671 SNPs for Jerseys and Holsteins
with 75,033 and 77,066 genotyped animals, respectively;
38,321 SNPS and 80,933 genotyped Angus; 36,551 SNPs
and 22,575 genotyped pigs; and 39,102 SNPs and 15,720
genotyped broiler chickens.

Computations

Computations were similar to those described by Pocrnic
et al. [8] except for the use of actual datasets and different
validation strategies. The initial GRM (G,) was created
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for each dataset by using the methodology of VanRaden
[1] as Go = ZZ'/2%p; (1 —p,') where Z is a centered
matrix of gene content adjusted for gene frequencies
and p; is allele frequency p for marker j. The observed
allele frequencies were calculated directly from the SNP
data of the genotyped population. The number of larg-
est eigenvalues for G, that explained 90, 95, 98, or 99% of
variation was calculated using the DSYEV subroutine in
LAPACK [12]. To obtain a positive definite GRM (G), A
was blended with Gy as G = wGo + (1 — w)Agy, where w
is a weight different for each breed/species ranging from
0.90 to 0.95, and A,, is the pedigree-based numerator
relationship matrix for genotyped animals [1].

Single-step GBLUP was used for genomic evaluation,
and analyses were performed with BLUP90IOD2 soft-
ware [13] either with the regular (direct) inverse of the G
matrix [14] or the APY inverse [2, 6]. If G was partitioned
into blocks corresponding to core (c) and non-core (n)
animals:

. Gee Gen
G= {Gm G]

then the APY inverse [2, 7] was:

-1 -1

Gaby =[5 0|+ | %S
where M, = diag{mpn,;} = diag{g;; — 8icG ' &i} &; is
the diagonal element of G, for non-core animal i, and gjc
is a vector of the genomic relationships of non-core ani-
mal i with all core animals. The number of core animals
varied across datasets and corresponded to the number
of largest eigenvalues in G, that explained 90, 95, 98, or
99% of retained variation. The computational details for
this algorithm were described by Masuda et al. [6].

}M;nl [—GHCG;J 1},

Validation

The validation method depended on the amount of infor-
mation available for the animals. For Holsteins and Jer-
seys, daughter deviations [15] were calculated in the
complete dataset without genomic information and used
as the dependent variable. Genomic estimated breeding
values (GEBV) were calculated based on truncated data
and used as the independent variable in a linear regres-
sion model. The truncation point was defined by the year
when the phenotype was recorded: 2009 for Holsteins
and 2010 for Jerseys. Coefficient of determination (R?)
for validation animals was used as a measure of reliabil-
ity. For Holsteins, we defined the validation population
as young genotyped bulls that had no daughters recorded
in the truncated data, but had at least 30 daughters
recorded in the complete dataset. For Jerseys, we defined
the validation population as young genotyped bulls that
had no daughters recorded in the truncated data, but

had estimated breeding values (EBV) with at least 75%
reliability in the complete data. The Holstein and Jer-
sey validation populations included 2948 and 449 bulls,
respectively.

For the other datasets, validation was done by predic-
tive ability [16] based on correlations between GEBV and
phenotypes adjusted for fixed effects. The Angus valida-
tion population consisted of 27,528 genotyped animals
born in 2013 that had their phenotypes excluded from
the truncated data. Among those 27,528 animals, 18,204
had phenotypes for body weight, 18,524 for weaning
weight, and 10,471 for post-weaning gain. For pigs, the
validation population consisted of 881 genotyped ani-
mals born in 2014 with repeated records for litter size
and number of stillborn (1166 and 1229, respectively);
their phenotypes were excluded from the truncated
data. The broiler validation population consisted of 2975
genotyped birds from the last generation that had their
phenotypes excluded from the truncated data. Among
the validation birds, 2975 had records for body weight at
grading, 1954 for residual feed intake, 215 for breast meat
percentage, and 1964 for weight gain during feed conver-
sion test.

Validation parameters (reliability or predictive ability)
were computed for genomic evaluations that used the
APY inverse with the corresponding number of randomly
chosen core animals based on eigenvalues that explained
90-99% of original variation. Validation parameters were
computed similarly for genomic evaluations that used the
regular inverse of G.

Results and discussion

Numbers of largest eigenvalues that explain 90, 95, 98,
and 99% of variation in G, are in Table 1 by breed/spe-
cies. Number of eigenvalues that accounted for 90% of
the original variation ranged from 1239 for pigs to 4527
for Holsteins, and those that accounted for 99% ranged
from 5570 for broiler chickens to 19,397 for Holsteins.
For each population, the total number of positive eigen-
values in Gy is limited by the number of SNPs and the
number of genotyped animals.

The distributions of eigenvalues that we obtained here
for Holstein, Jersey, and Angus cattle, broiler chicken, and
pig datasets were compared with those reported by Pocr-
nic et al. [8] for populations with an N, of 20, 40, 80, 120,
and 160 from a simulation study. In both cases, when the
number of eigenvalues was plotted on a logarithmic scale,
the curves were nearly linear. The distribution of eigen-
values observed for the Holstein dataset was nearly iden-
tical to that reported for a simulated population with an
N, of 160. The distribution of eigenvalues for the Angus
and Jersey datasets were quite similar and intermediate
to those found for simulated populations with an N, of 80
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Table 1 Numbers of largest eigenvalues that explain a given percentage of variation and estimated effective population

size (N,)

Population Number of genotyped Number of SNPs 90% 95% 98% 99% N,
animals

Broiler chicken 15,720 39,102 1655 2606 4171 5570 442

Pig 22,575 36,551 1239 2183 4103 6083 32% (48)°

Angus cattle 80,993 38,321 3654 6166 10,605 14,555 1132

Jersey cattle 75,053 60,671 3325 6074 11,500 16,645 1012

Holstein cattle 77,066 60,671 4527 7981 14,026 19,379 1492

@ Based on chromosome length of 30 Morgan

b Based on chromosome length of 20 Morgan

and 120. For the pig dataset, the distribution of eigenval- poptatons: pve - e+ Gt — o - ol — 1 Josy e

ues was intermediate to those found for simulated pop-

ulations with an N, of 20 and 40. Finally, for the broiler

chicken dataset, the number of eigenvalues that explain w10t

90% of the variation was close to that observed for a sim- 3

ulated population with an NN, of 40. As the proportion of §, Ne

explained variation increased, the number of eigenvalues M 122

for the broiler chicken decreased relative to those found % a0

for a simulated population with an N, of 40. In gen- 2

eral, the rank of the GRM was equal to or less than the w0 =

number of genotyped animals and the number of SNPs. 10°

Smaller numbers of eigenvalues for the higher percent- 2

ages of explained variation for the pig and broiler chicken
datasets were likely the result of fewer genotyped animals
(22,575 pigs and 15,720 broiler chickens) compared with
the simulated population (75,000), since the rank of the
GRM cannot exceed, and is likely smaller than, the num-
ber of genotyped animals. Another possible explanation
is that fewer SNPs were used (36,000 for pigs and 39,000
for broiler chickens) compared with the 50,000 SNPs
used in the simulation. MacLeod et al. [17] reported
that the identification of 90% of the ancestral junctions
between chromosome segments required 12 times as
many SNPs as the number of junctions. Therefore, the
number of chromosome segments that is determined by
eigenvalue analysis will be underestimated if the number
of SNPs (and genotyped animals) is too small. This may
be generalized into a simple rule: the number of largest
eigenvalues explaining a given percentage of variation is
noticeably smaller than expected unless the correspond-
ing number of SNPs (and perhaps genotyped animals) is
at least 12 times larger. This condition was fulfilled when
90% of the variation was explained for all breeds/species
but not when this percentage was higher.

Assuming that the number of eigenvalues for 90% of
explained variation was the least affected by the lim-
ited number of genotyped individuals and SNPs, N, can
be estimated by interpolation of real to simulated data
(Fig. 1) at 90% of explained variation. Thus, estimated

89 9 91 92 93 94 95 965 97 98 99 100
Percentage of variance explained
Fig. 1 Numbers of largest eigenvalues explaining a given percentage
of original variation. For broiler chickens, pigs, Angus, Jersey, Holstein
cattle and simulated populations (solid lines) with different effective
population sizes (N, = 20, 40, 80, 120, 160). Simulated data were
reported by Pocrnic et al. [8]

N, were 149 for the Holstein, 113 for the Angus, 101 for
the Jersey, 44 for the broiler chicken, and 32 for the pig
populations (Table 1). Estimates of N, based on genotypic
information can be influenced by several factors. First,
the estimates can be affected by genotype imputation
because most of the animals are genotyped with lower
density chips and their genotypes are then imputed to
higher density (sometimes with multiple imputations).
The final number of SNPs used for evaluation, the qual-
ity control of genomic data, and the length of the genome
can vary by breed and species. The simulation study
reported by Pocrnic et al. [8] assumed a genome length of
30 Morgan, which is appropriate for many species includ-
ing cattle and broiler chickens [18—21]. Estimates of the
genome length for pigs are consistently lower and range
from 18 to 23 Morgan [22-25]. Assuming a genome
length of 20 Morgan for pigs, the N, would be 50% larger
than that estimated from the simulated population since
N, ~1/L at a constant M, where L is genome length
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in Morgan. Therefore, assuming a genome length of 20
Morgan, estimated N, for pigs in our study would be 48.
Many other factors including different recombination
rates, different genome lengths for each sex and different
genotyping patterns for each sex can influence the esti-
mated N,. The assumptions in the simulations reported
in [8] were idealistic in terms of population genetics
(non-overlapping generations, random mating, no selec-
tion, and no migration), and differences in N, resulted
only from variation in sex ratios.

In the literature, estimates of N, vary widely, and sev-
eral approaches to calculate N, have been reported (e.g.,
[26-28]). Leroy et al. [29] demonstrated variation in N,
estimates using different approaches. For Holsteins,
N, estimates range from 50 [30] to 150 [31], with many
intermediate estimates in between [32-35]. Estimates
for Jerseys range from 73 [34] to 135 [33]. For Angus,
the N, estimates vary from 26 [36] to 207 [37]. For vari-
ous breeds of pigs, estimates can be as small as 55 [38] to
as large as 113 [39]. Although N, estimates for Holsteins
and Jerseys are likely to be similar worldwide because
of international breeding that is partially facilitated by
the availability of Interbull evaluations, N, estimates for
pigs and broilers can vary because of the specific breed-
ing structure used by individual companies. However, if
different breeding companies use similar breeding plans,
their individual populations may have a similar N,. Eitan
and Soller [40] found that broiler companies that led

breeding programs independently experienced similar
problems (e.g., skeletal problems, metabolic disorders,
hatchability problems, etc.) at the same time, indicating
similar breeding plans.

Figures 2, 3 and 4 show correlations between GEBV
based on regular and APY inverses of G for Angus cattle,
pig, and broiler chicken populations, respectively. These
correlations are for validation animals that were obtained
from the analysis with different numbers of core animals.
For all species and traits, correlations were 0.99 when the
number of core animals was equal to the number of larg-
est eigenvalues of G, that explained either 98 or 99% of
the original variation. The linearity of the curves suggests
that correlations between regular and APY GEBV are
nearly a linear function of percentage of explained vari-
ation. Somewhat different slopes for different traits and
breeds/species could be explained by the fact that GEBV
for young animals are a weighted sum of parent average
and direct genomic value with additional variation that
depends on whether genotyped animals have genotyped
parents [1, 11]. A smaller slope is usually observed for
traits with a lower heritability because the weight on par-
ent average is larger, does not depend on direct genomic
value, and subsequently does not depend on the number
of core animals.

Figures 5, 6, 7, 8 and 9 show measures of accuracies as
a function of the number of core animals: R? for Holstein
and Jersey cattle and predictive ability for Angus cattle,
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Fig. 2 Correlations between GEBVye; and GEBV py of validation ani-
mals for Angus cattle. Genomic estimated breeding values (GEBV) are
based on the regular inverse (GEBVy¢) and the Algorithm of Proven
and Young inverse (GEBV,py) of the genomic relationship matrix. Traits
are birth weight (BW), weaning weight (WW), and post-weaning
gain (PWG). The number of core animals is defined as the number of
eigenvalues that explain 90, 95, 98, and 99% of the original variation
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Fig. 3 Correlations between GEBVpe, and GEBV py of validation
animals for pigs. Genomic estimated breeding values (GEBV) are
based on the regular inverse (GEBVgg) and the Algorithm of Proven
and Young inverse (GEBV,py) of the genomic relationship matrix. Traits
are litter size (LS) and number of stillborn (SB). The number of core
animals is defined as the number of eigenvalues that explain 90, 95,
98, and 99% of the original variation
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Fig. 4 Correlations between GEBVye; and GEBV py of validation
animals for broiler chickens. Genomic estimated breeding values
(GEBV) are based on the regular inverse (GEBVge) and the Algorithm
of Proven and Young inverse (GEBV ) of the genomic relationship
matrix. Traits are body weight at grading (BWG), residual feed intake
(RFI), breast meat percentage (BMP), and weight gain during feed
conversion test (WGT). The number of core animals is defined as the
number of eigenvalues that explain 90, 95, 98, and 99% of the original
variation

pigs, and broiler chickens. Realized accuracies (or reli-
abilities) were plotted as a function of the number of
eigenvalues that explain a given percentage of variation,
and values for 100% correspond to the regular inverse
of the GRM. The highest accuracy for Holsteins and
Jerseys (Figs. 5, 6, respectively) corresponded to 98% of
explained variation as in the simulation study of Pocrnic
et al. [8]. However, the curves for the remaining breed/
species, which are based on predictive ability, were differ-
ent. For Angus (Fig. 7), accuracy increased only slightly
from 90 to 99% of explained variation. For pigs (Fig. 8),
accuracy increases were again small, with almost no
increase for litter size. For broilers (Fig. 9), the trend also
was for small increases for all traits except breast meat
percentage, which had an unexpected decrease at 95% of
explained variation.

All flat trends occurred when accuracy was calculated
based on predictive ability. Such accuracies are affected
by model quality, especially the inclusion of less than
optimal parameters in multiple-trait models. The flat
trends and especially the anomalies can also be attributed
to imputation issues as companies usually work with low-
and medium-density SNP chips, which, in addition, are
modified over the years.

An important question with the APY is whether the
random choice of core animals as used in this study is

0.501 —Fs
0.49
0.481 °
@ 0.474
0.46
0.45
0.44
90 91 92 93 94 95 96 97 98 99 100
Percentage of variance explained
Fig. 5 Coefficients of determination (R?) for final score (FS) of Hol-
stein cattle. Value for 100% corresponds to the regular inverse of the
genomic relationship matrix

optimal. In a Holstein study [9], the use of about 10,000
proven bulls plus their dams as core animals provided
an increase in reliability of 0.01 over random choices. In
a pig study [4], correlations of GEBV based on full and
APY inverses were higher than 0.98 with a random sam-
ple of about 2000 core animals (10% sample) and higher
than 0.99 with about 6000 core animals (20% sample);
correlations were lower than 0.95 when using only the
youngest or only the oldest generations as core ani-
mals. Breeding values of n animals in the core group are
assumed to contain all the additive information about the
population in terms of ESM or M, [7]. For most complete
information with as few animals as possible, the subset
of animals should be representative of the population and
(almost) linearly independent. These conditions seem to
be fulfilled if choice is at random and clones are avoided.
Ostersen et al. [4] reported marginally higher correla-
tions of GEBV obtained with APY than with the regular
inverse although higher correlations do not necessarily
mean higher accuracy; the highest accuracy in a simu-
lation [8] and partially in this study was obtained when
these correlations were about 0.98—0.99.

Another question with the APY is whether the number
and selection of core animals should change over time.
In general, realized accuracy (reliability) was maximized
when the number of randomly selected core animals was
about 100 N, or about 3 N.L. That number is not criti-
cal since the accuracy (or reliability) decreased less than
0.01 when the number of core animals increased or was
reduced by 50%. If breeding practices do not cause fast
changes in N, over generations, the same number of core
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Fig. 6 Coefficient of determination (R?) for 305-day milk yield (MY),

fat yield (FY) and protein yield (PY) of Jersey cattle. Values for 100%

correspond to the regular inverse of the genomic relationship matrix
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Fig. 7 Predictive ability for birth weight (BW), weaning weight (WW),
and post-weaning gain (PWG) of Angus cattle. Predictive ability is the
correlation between genomic estimated breeding values based on
the Algorithm of Proven and Young inverse of the genomic relation-
ship matrix and phenotypes adjusted for fixed effects. The number of
core animals is defined as the number of eigenvalues that explain 90,
95, 98, and 99% of the original variation; values for 100% correspond
to the regular inverse of the genomic relationship matrix

animals selected randomly are likely to result in close to
optimal evaluation accuracy. An exception could arise
when the number of genotyped generations is large;
under selection, older generations have little predictive
power for selection candidates [41]. Further studies will
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Fig. 8 Predictive ability for litter size (LS) and number of stillborn
(SB) of pigs. Predictive ability is the correlation between genomic
estimated breeding values based on the Algorithm of Proven and
Young inverse of the genomic relationship matrix and phenotypes
adjusted for fixed effects. The number of core animals is defined as
the number of eigenvalues that explain 90, 95, 98, and 99% of the
original variation; values for 100% correspond to the regular inverse
of the genomic relationship matrix
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Fig. 9 Predictive ability for body weight at grading (BWG), residual
feed intake (RFI), breast meat percentage (BMP), and weight gain
during feed conversion test (WGT) of broiler chickens. Predictive
ability is the correlation between genomic estimated breeding values
based on the Algorithm of Proven and Young inverse of the genomic
relationship matrix and phenotypes adjusted for fixed effects. The
number of core animals is defined as the number of eigenvalues that
explain 90, 95, 98, and 99% of the original variation; values for 100%
correspond to the regular inverse of the genomic relationship matrix
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determine whether the optimal approach in such a case
is to choose core animals from younger generations or to
remove old generations.

In this study, eigenvalue computations were done on
an explicitly constructed G, which actually shares the
same eigenvalue distribution as the SNP BLUP matrix
Z’Z. When large datasets are used, singular value
decomposition of matrix Z can be applied instead, since
it is equivalent to eigenvalue decomposition of Z’Z and
Z7’ and to the eigenvalues of G, multiplied by a con-
stant. Therefore, the number of largest eigenvalues for
G, is identical between two quantities. Let the singular
value decomposition of matrix Z be Z = UDV’, where
D is a diagonal matrix of singular values that corre-
spond to the square root of the non-zero eigenvalues
of Z’Z and ZZ’. The columns of U are left singular vec-
tors (U'U = UU’ =1), and the columns of V are right
singular vectors (V'V =VV’'=1). They correspond
to eigenvectors of ZZ' and Z'Z, respectively. Then,
Z'Z =VD'U'UDV’' = VD?V/, and (Z'Z)V = VD?, where
D? is a diagonal matrix of eigenvalues of Z’Z (squares of
singular values of matrix Z) and the columns of V are
eigenvectors of Z’Z. Similarly, ZZ' = UD?U’. The sin-
gular value decomposition of Z can be computed using
subroutine DGESVD in LAPACK [12], and computa-
tion cost will be quadratic for the number of markers but
only linear for the number of individuals.

Conclusions

The optimal number of core animals for efficient inver-
sion of GRM by APY is about 14,000 for Holstein and
Angus cattle, 12,000 for Jersey cattle, and 6000 for pigs
and broiler chickens, which corresponds approximately
to 3 N,.L. These numbers are not critical since reduc-
tion in GEBV accuracy is minimal if using half the opti-
mal numbers. Approximate N, with a genome length of
30 Morgan is 149 for Holsteins, 101 for Jerseys, 113 for
Angus, and 44 for broiler chickens; for pigs and a genome
length of 20 Morgan, approximate N, is 48.
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Transcriptional profile of breast muscle
in heat stressed layers is similar to that of broiler
chickens at control temperature

Imran Zahoor'?, Dirk-Jan de Koning' and Paul M. Hocking'”

Abstract

Background: In recent years, the commercial importance of changes in muscle function of broiler chickens and of
the corresponding effects on meat quality has increased. Furthermore, broilers are more sensitive to heat stress dur-
ing transport and at high ambient temperatures than smaller'egg-laying chickens. We hypothesised that heat stress
would amplify muscle damage and expression of genes that are involved in such changes and, thus, lead to the iden-
tification of pathways and networks associated with broiler muscle and meat quality traits. Broiler and layer chickens
were exposed to control or high ambient temperatures to characterise differences in gene expression between the

two genotypes and the two environments.

Results: Whole-genome expression studies in breast muscles of broiler and layer chickens were conducted before
and after heat stress; 2213 differentially-expressed genes were detected based on a significant (P < 0.05) geno-

type x treatment interaction. This gene set was analysed with the BioLayout Express®® and Ingenuity Pathway Analy-
sis software and relevant biological pathways and networks were identified. Genes involved in functions related to
inflammatory reactions, cell death, oxidative stress and tissue damage were upregulated in control broilers compared
with control and heat-stressed layers. Expression of these genes was further increased in heat-stressed broilers.

Conclusions: Differences in gene expression between broiler and layer chickens under control and heat stress condi-
tions suggest that damage of breast muscles in broilers at normal ambient temperatures is similar to that in heat-
stressed layers and is amplified when broilers are exposed to heat stress. The patterns of gene expression of the two
genotypes under heat stress were almost the polar opposite of each other, which is consistent with the conclusion
that broiler chickens were not able to cope with heat stress by dissipating their body heat. The differentially expressed
gene networks and pathways were consistent with the pathological changes that are observed in the breast muscle

of heat-stressed broilers.

Background

Modern broiler chickens are characterised by relatively
fast growth rate, greater muscle mass and better feed
conversion ratio compared with layer and traditional
chicken breeds [1, 2]. The carcasses of some broiler
chickens show changes in the appearance of breast meat,
such as a pale colour with reduced water holding capac-
ity, or dark, firm and dry muscle with different functional

*Correspondence: paul.hocking@roslin.ed.ac.uk

! Division of Genetics and Genomics, Roslin Institute and R(D)SVS,
University of Edinburgh, Easter Bush, Midlothian EH25 9RG, UK
Full list of author information is available at the end of the article

properties [3]. More recently, white striping, which is
characterised by white parallel striations in the direc-
tion of the muscle fibres and “wooden breast” muscles,
have been reported [4, 5]. Elevated activity of creatine
kinase and histopathological changes in affected muscles
are suggestive of a degenerative myopathy [4, 6]. These
changes have implications for meat quality and, poten-
tially, have a significant economic cost. Several factors
affect the proportion of affected carcasses, including dif-
ferent genetic background, growth rate, season, heat and
transport stress, and abattoir practices [7-9].
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Genetic variation in muscle and meat quality traits has
been quantified [2, 10] but these traits usually involve
measuring slaughtered sibs. Recent technological inno-
vations have opened the way for genomic selection (GS)
based on DNA markers (single nucleotide polymor-
phisms, SNPs) [11, 12]. Therefore, our objective was to
identify genetic networks and pathways that might be
useful for the detection of causal genetic factors that are
involved in breast muscle and meat quality disorders of
broiler chickens. It is also likely that the identified genetic
factors would be helpful in updating the existing SNP
chips to enable scientists to perform genomic selection
for better muscle and meat quality in broilers.

Through the use of high-throughput microarray tech-
nology, it is possible to identify differentially-expressed
genes as a result of a specific treatment [13]. In this study,
we used microarray analysis to identify candidate genes
that may contribute to differences in muscle damage
between broilers and layers. Spontaneous and stress-
induced myopathies in broiler skeletal muscles are exac-
erbated by heat stress [14, 15] and, thus, we compared
gene expression profiles in the breast muscles of broiler
and layer genotypes that were subjected to control or
heat stress conditions. Our experimental strategy was
based on the hypothesis that the expression of genes that
are differentially expressed in broilers and layers under
normal conditions is increased and therefore more eas-
ily detected after heat stress. However, it is often difficult
to assign biological significance to the large number of
genes that are detected in a microarray experiment. This
problem can be solved when the differentially-expressed
genes are organised via hierarchical clustering methods
[16] and, for this purpose, we used BioLayout Express®”
[17, 18] and Ingenuity Pathway Analysis (IPA) (http://
www.ingenuity.com/). In addition, we compared the
results from these analyses with those obtained with the
DAVID [19, 20] (https://david.ncifcrf.gov/) and Reac-
tome [21, 22] (http://reactome.org/) software using more
recent databases.

Methods

Animals and husbandry

We used 40 male broiler chicks of a male line (Ross 308,
Aviagen, Newbridge, UK) from a commercial hatchery
and 74 layer chicks (White Leghorn) from a line main-
tained at the Roslin Institute. For the first 2 weeks, birds
were reared in groups of 20 individuals until the layers
had been sexed by a DNA method [23]. At 2 weeks of age,
the birds were distributed to eight pens by sex and geno-
type, with each pen containing 12 male layers and nine
or ten broilers, in a completely randomised design. The
birds were provided with feed (a commercial layer starter

diet) and water ad libitum and the daily photoperiod was
16 h light and 8 h darkness.

The birds were subjected to experimental treatments
over four days from 42 to 46 days of age. On each day, we
randomly selected two pens for each breed and the birds
were transferred into four controlled environment cham-
bers. On each day, we randomly selected four chambers,
i.e. two for the heat treatment (32 °C, 75% relative humid-
ity or RH) and two as controls (21 °C, 50% RH). Each
chamber contained two crates with two male broilers or
two male layers, with pens and crates confounded. The
crates were placed on a wooden pallet and the order of
the pairs (crates) in each room was randomised. Sixty-
four birds were used in the experiment.

About 30 min before the birds were transferred to the
chambers, the relevant chamber was turned on, such that
it could reach the required temperature and humidity
before birds were placed into the chamber for the follow-
ing 2 h. Birds were introduced in each chamber at inter-
vals of 45 min to allow for sampling of the birds.

After completing the 2-h treatment, birds were
removed from the crate and rectal temperatures were
measured using a thermistor probe (Model 612-849; RS
Components Ltd., Corby, Northants, UK). Then, they
were euthanized by an intravenous injection of sodium
pentobarbitone into the wing vein and two tissue samples
of 100-120 mg were taken from the left pectoral muscle
and snap frozen in liquid nitrogen for subsequent RNA
extraction.

RNA extraction and microarray experiment

Samples of breast muscle from male chickens were ran-
domised prior to extraction of RNA using Trizol (Life
Technologies, Paisley, UK) following the manufacturer’s
recommended protocol. Briefly, the frozen tissue was
homogenised in 1 ml of Trizol using the FastPrep® sys-
tem with Lysing matrix D (MP Biochemicals). The phases
were separated by addition of 200 pl of 2-bromo-chloro-
propane (Sigma Aldrich) and centrifuged for 15 min.
A 500-ul sample of the clear upper aqueous layer was
transferred to a fresh tube and 500 pl of isopropanol was
added. The samples were centrifuged for 30 min to pel-
let the RNA, which was washed twice with 70% ethanol
before air-drying. The RNA was resuspended in 100 pl
of RNAse-free water prior to quantification and quality
assessment. All RNA samples had a RNA integrity num-
ber (RIN) value higher than 8.0, as determined by the
Agilent Bioanalyser RNA 6000 Nano Chip. Samples were
diluted to 50 ng/ul with deionised and RNAse-free water.
Aliquots of 20 pl from each sample were used for pooling
the two samples from each crate to obtain eight replicates
for each breed x treatment combination.
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Microarray hybridisation was completed in the Ark-
Genomics laboratory at the Roslin Institute (http://
genomics.ed.ac.uk). Total RNA was prepared for hybridi-
sation to the Affymetrix chicken GeneChip array using
the Affymetrix IVT express kit according to the manu-
facturer’s protocol. The generated cRNA was hybridised
overnight to the cartridge arrays according to Affym-
etrix’s protocols. The cartridges were washed and stained
in the Affymetrix fluidic station using the hybridisation,
wash and stain kit from Affymetrix. After staining, the
arrays were scanned with the Affymetrix GeneChip sys-
tem 3000 scanner. The resultant CEL files were reviewed
using the Expression Console software from Affymetrix.

Thrity-two Affymetrix chicken array chips (38.5K;
each GeneChip included 38,535 probes) were used in
the microarray experiment. After scanning, the CEL files
were analysed in four batches of eight slides to obtain
expression values in GenStat (www.vsni.co.uk/software/
genstat). Each batch contained slides from birds treated
on the same day. The Robust Multichip Average (RMA)
algorithm [24] was used to extract the gene expression
data.

Statistical analysis
The experiment was a 2 Xx 2 factorial design
(breed x treatment), with day/chambers/crates as block-
ing factors. Standard analysis of variance methods was
used to analyse body temperature and body weight using
GenStat v13 (https://www.vsni.co.uk/software/genstat/).
Transformation to natural logarithms was necessary to
achieve normally distributed residuals of body weight.
For the analysis of differentially-expressed genes, we
used a model with fixed effect terms for breed and treat-
ment and their interaction. The normalised data were
analysed by using Microarray One-Channel ANOVA
in GenStat, with a model that included breed x treat-
ment as treatment structure and the hierarchical struc-
ture of day/chamber/breed as blocking factor. Genes
that showed a significant breed x treatment interaction
(P < 0.05) were used for subsequent investigation because
they were expected to be most relevant for genetic dif-
ferences between broilers and layers in response to heat
stress. Based on these ANOVA results, the false discov-
ery rate (FDR) was calculated for three probability values
(P < 0.05, <0.01 and <0.001) for the effects of treatment,
breed, and their interaction. FDR was calculated using
the Mixture Model of GenStat and the maximum num-
ber of iteration cycles was set to 300.
Cluster analysis in BioLayout Express3P
Gene annotations were downloaded from the NetAffx
analysis centre of Affymetrix (http://www.affymetrix.
com/analysis/index.affx; downloaded 15 December
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2016). Expression values for the selected subset of genes/
probes were unlogged, entered into BioLayout Express®”
(BLE, http://www.biolayout.org/) and analysed using
a Pearson correlation threshold of 0.80. Clusters were
viewed in the Class Viewer, after running the Markov
Clustering Algorithm (MCL). For cluster size, a mini-
mum threshold of four genes/probes per cluster was
selected to limit the size of the smallest clusters [25].
Selected clusters were identified on the basis of a clear
difference in expression pattern of the genes between
treatments (control vs. heat treatment) and breeds. For
functional analyses, clusters were combined into ‘catego-
ries’ on the basis of similarity in mean expression pattern
across breeds and treatments.

Analysis of pathways and networks in IPA

The gene expression data for each of the six selected
categories were combined into a single Excel sheet for
analysis in Ingenuity Pathway Analysis (IPA, http://www.
ingenuity.com/products/ipa) of the four breed x treat-
ment combinations (broiler control, BC; broiler heat
stress, BH; layer control, LC and layer heat stress, LH).
The lists of genes for each category were analysed in IPA
by using Fisher’s exact test to identify biological func-
tions and pathways that were enriched in the dataset
using the ‘Core Analysis’ function of the IPA program.
Genes were mapped against the “Tissues and Cell Lines’
available in the Ingenuity Pathway Analysis Knowledge
Base (IPAKB). Because information in the IPA originates
mainly from mammals (human, mouse and rat), the sub-
mitted lists of genes were mapped against all available
species and changes to avian terminology, e.g. neutrophil
to heterophil, were made. For network generation, we set
a threshold of 35 molecules per network and 25 networks
per analysis. Both direct and indirect relationships of
molecules were considered.

Additional analyses of pathways and networks

To reconfirm the initial results, we repeated the analyses
on pathways and networks with more recent databases.
We used two software programs, i.e. DAVID (https://
david.ncifcrf.gov/) and Reactome (http://reactome.org/),

Table 1 Number of significant genes for treatment, breed,
and breed x treatment interaction at different levels
of significance

Significance Treatment Breed (broiler Breed x treat-

(P<) (heat-stress vs. layer) ment interaction
vs. control)

0.001 107 5208 93

0.01 617 8182 635

0.05 1922 10,733 2213
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both accessed on 2nd July 2017. Further information is in
Additional file 1: Table S1.

Results

Differentially-expressed genes

The Affymetrix Genechips were filtered for expression
levels higher than 1, which reduced the number of probes
from 38,535 to 19,038. The results of the ANOVA for the
filtered set of genes are in Table 1. The false discovery rate
(FDR) for statistically significant genes (P < 0.05) was less
than 31.5% for the treatment x breed interaction, 44% for 408
treatment, and 3% for breed. A total of 2213 genes were
differentially expressed among the four treatment com-
parisons. The numbers of differentially-regulated genes
that overlapped between the two treatments are in Fig. 1.
We found 1361 upregulated genes in the comparison
between BH and BC, of which 1316 (97%) were shared
with downregulated genes in the comparison between
LH and LC. Similarly, we found 852 downregulated genes
in the comparison between BH and BC, of which 753
(88%) were shared with upregulated genes in the compar-
ison between LH and LC.

1316 (1361)

Fig. 1 Differentially-regulated genes that overlap between two
treatments. a Downregulated genes in broiler controls (BC) versus
layer controls (LC). b Downregulated genes in heat-stressed layers
(LH) compared with control layers (LC). € Upregulated genes in

Categorisation of candidate genes on the basis of their
biological functions

Based on their biological function, genes that were differ- heat-stressed broilers (BH) compared with control broilers (BC). d
entially expressed for the breed x treatment interaction Upregulated genes in heat-stressed broilers (BH) compared with
were divided into 12 categories (Table 2). More than 43% heat-stressed layers (LH). e Downregulated genes in heat-stressed

(959) of the genes had no gene ontology (GO) term for broilers (BH) compared with control broilers (BC). f Upregulated
genes in broiler controls (BC) compared with layer controls (LC). g

a b}OIOglcal process or function. These genes fell in two Upregulated genes in heat-stressed layers (LH) compared with layer
major groups: 424 genes had no known function and 534 controls (LC). The number in parentheses in each circle is the total
genes were not involved in a known biological process. number of differentially-expressed genes

Table 2 Significant differentially-expressed genes for breed x treatment interaction (P < 0.05) grouped by function

Group Biological functions Number of genes
1 Transcripts with no known gene name 424
2 Genes with no GO terms for biological functions 534
3 Signal transduction 130
4 Stress-related response, inflammatory, angiogenesis, apoptotic, and proteolytic functions 334
5 Metabolic, and catabolic processes 190
6 Inter and intracellular transport of proteins, ions, and muscle contraction 162
7 Cellular proliferation, and organ development 142
8 Transcription and translation 138
9 Protein phosphorylation, dephosphorylation, modification, and folding 95
10 Signal transduction 92
1 DNA damage, repair, metabolism, and catabolic processes 60
12 Cytoskeleton organization and polymerization of filaments 42
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Table 3 Numbers of genes, pathways and networks associated with different categories of genes based on function (see

Fig. 2)

Category Genes® Pathways Networks Selected

Pathways Networks Functions

I 180 35 23 5
Il 74 40 7 12 4
Il 55 3 9 0
v 13 9 0 10 0
\% 7 9 4 5 0
Vi 16 7 4 3 0

Stress response, cellular damage, connective tissue and muscle disorders

Cellular development, anti-apoptotic, anti-inflammatory and anti-stress func-
tions

Anti-apoptotic, anti-oxidant, anti-inflammatory, energy production
Stress, inflammatory, tissue damage, anti-oxidative, wound healing
Inflammation, immune functions, oxidative stress, phospholipid degradation

Cell death, inflammatory and immune response, dellular development,
haematopoiesis

2 Genes mapped to corresponding identifiers

Comparisons of genes within and between breed

and treatment significant for interaction

The selected genes were further divided into up- and
downregulated patterns of gene expression for differ-
ent comparisons within- and between-breed and treat-
ment. Of the 54 clusters, 21 were selected for further
analysis on the basis of their clear expression pattern,
which included 509 genes that were grouped into six
distinct categories (Table 3) according to the nature of
their expression patterns corresponding to the (statisti-
cally significant) interactions of heat stress and genotype
(Fig. 2). The expression values of the genes in category
I were higher for broilers than for layers. Heat-stress

resulted in a further increase in expression levels for
broiler but a decrease for layers, compared to their
respective controls. In the case of category II, the expres-
sion level of genes was higher for broilers than layers
under control temperatures (as for category I). However,
after heat-stress expression levels were lower in broilers
compared with control broilers and conversely, higher
in layers compared with LC. Expression values of cat-
egory III genes were substantially higher for LC than BC
whereas heat-stress resulted in further increases in gene
expression in layers and decreases in broilers. Category
IV genes were upregulated in BH compared with BC,
whereas they were upregulated in LC compared with LH.

14 - Category | 6 - Category Il Category lll
< i c 254
s S 57 5
# 10+ 7 = 20+
2 s o o
S
o g 3 Q 154
o 6 3 S
X
© 4] o 21 o 101
g S @
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=5 L 15 L 44
2 g 2
o 4 © 2 ® 3
g- 3 S 15 S
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Fig. 2 Mean expression levels of genes with significant breed x treatment interaction (P < 0.05) grouped into six categories (categories I-VI). Each
graph has four bars and each bar represents one group. BC broiler control, BH heat-stressed broiler, LC layer control, LH heat-stressed layer
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Expression of category V genes was low in LC compared
with all other groups and genes were upregulated in LH
compared with LC, whereas they were downregulated in
BH compared with BC. In the case of category VI genes,
expression values for control layers were higher than for
the respective broilers. After treatment, the expression of
these genes increased in broilers but decreased in layers.
Each of the six patterns of gene expression were analysed
separately in IPA and significant (P < 0.05) pathways and
networks were identified (see Additional file 1: Tables S2,
S3, S4, S5, S6, S7). The set of genes which were filtered
out by BioLayout Express (i.e. genes with a correlation
coefficient of less than 0.80) was analysed in IPA sepa-
rately, using the same procedure, to determine signifi-
cant pathways and networks for this gene set, as shown in
Additional file 1: Table S8.

Body weight and rectal temperature

Mean rectal temperatures for the control and heat-
stressed conditions were 41.0 and 43.7 °C, respectively,
in broilers, and 42.0 and 42.3 °C, respectively, in layers
[standard error of difference (SED) 0.15 between breed
and 0.14 between treatments]. The increase in rectal tem-
perature in the heat-stressed birds was significantly larger
in broilers (2.6 °C) than in layers (0.3 °C) which resulted
in a significant breed x treatment interaction (P < 0.001).
Average body weights (back-transformed) of broiler and
layer males were 8.38 (4384 g) and 6.54 (693 g), respec-
tively (SED 0.017, P < 0.001).

Discussion

Phenotypic responses validate experimental treatments
The large increase in rectal body temperature for broilers
compared with layers is consistent with early reports in
the literature [15, 26]. The results confirm the difficulty
that broiler chickens have in coping with high ambi-
ent temperatures and other stressors, such as shackling,
that may ultimately lead to detrimental consequences
for both muscle function and meat quality [27, 28]. The
results confirm that the heat treatment had the expected
effect on the metabolism of broiler chickens and that the
response in broilers was greater than in layers.

Microarray analysis

The microarray results showed large differences between
broilers and layers. Nevertheless, comparatively few sig-
nificant genes (107, 617 and 1922 at P < 0.001, P < 0.01
and P < 0.05, respectively) were differentially-expressed
in the comparison between treatments, which indicated
that the differences in gene expression between heat-
stressed and control birds were not as large as those
between breeds. The number of upregulated genes in
BH compared with BC (97%) that were shared with

downregulated genes in the LH and LC comparison, and
the number of downregulated genes in the former (BH
vs. BC) compared with the latter (LH vs. LC) (88%), sug-
gest that changes in gene expression in response to heat-
stress are opposite in broilers compared to layers, which
is consistent with the conclusion that broiler chickens do
not manage heat stress appropriately. Furthermore, dif-
ferential gene expression in breast muscles of BC and LH
compared with LC, separately, involved a similar set of
genes, which suggests that, in terms of gene expression,
control broilers are similar to heat-stressed layers. We
found that 1026 downregulated genes overlapped in the
comparison of LH vs. LC (71%) and BC versus LC (83%)
and likewise 753 genes were common/overlapped in the
set of upregulated genes in the LH vs. LC (95%) compari-
son and in the list of downregulated genes in BH versus
BC (88%) comparison. Taken together, these results are
consistent with the physiological changes and muscle dis-
orders that were reported for broiler chickens reared at
conventional temperatures [1, 4].

The 2213 genes that were differentially-expressed for
the breed x treatment interaction term were classified
into categories according to their function and the bio-
logical processes in which they are involved. For 424
transcripts (19.2% of the total), we found no gene sym-
bol and no gene name, which indicates that many genes
involved in heat-stress induced responses in chicken
skeletal muscle are not characterised to date. Similarly,
the second largest group of genes, representing 13.1%
of the significant genes, had no GO term for a biological
function at the time the GO terms for this gene set were
retrieved from the NetAffx Analysis Centre of Affymetrix
(http://www.affymetrix.com/estore/analysis/index.affx,
re-accessed 15th December 2016).

About 15% of the 2213 genes, which were significant
(P < 0.05) for breed x treatment interaction, are directly
involved in stress-related response, inflammatory, angio-
genesis, apoptotic, and proteolytic functions, which is
consistent with the physiological changes in broiler mus-
cle caused by heat-stress [15, 29]. Similarly, 4% of the
genes are involved in signal transduction and are associ-
ated with various biological processes, including oxida-
tive stress, inflammation, muscle contraction, glycogen
metabolism, and the concentrations of intracellular ions
[30—34], and 7.3% are involved in inter and intracellular
transport of proteins associated with muscle contraction
and muscle damage-related functions [35-37]. Other
smaller categories of genes are involved in cellular prolif-
eration, development and DNA damage repair.

Stress is known to accelerate metabolic rate, mainly
through carbohydrate metabolism to produce larger
amounts of energy and facilitate “fight or flight”
responses [38—40]; about 6% of all 2213 genes were
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involved in metabolic and catabolic functions. The
cytoskeleton is required for cell shape and motility and
is involved in cell division [41, 42]. It has been suggested
that the genes in Group 11 (Table 2) have a role in the
movement and division of leukocytes, such as heterophils
and macrophages, as secondary mediators of the genes
in Groups 3, 4 and 5 to shape the stress and inflamma-
tory response to heat stress. Of all the significant genes
for breed x treatment interaction, 49 encode proteins
located in the mitochondria and about 200 affect the cell
membrane directly. These results suggest that damage to
mitochondria and cell membrane are potentially impor-
tant components of heat-stress induced pathogenesis in
chicken breast muscles.

Taken together, these results suggest a picture of stress
responses, inflammation, oxidative stress, and tissue
damage, which is consistent with histological and physi-
ological changes in broiler breast muscle [1]. Confirma-
tory evidence was also reported in a recent IPA analysis
of differentially-expressed genes in “wooden breast” and
control broiler muscles [43].

IPA analysis

Heat stress in broilers led to further increases in the
expression of category I genes of the a-adrenergic sig-
nalling network (see Additional file 1: Table S2), which
are involved in glycogenolysis under stressful condi-
tions to provide energy for muscle contraction. However,
stress hormones are also known to alter the activities
of immune cells and lead to the production of various
pro-inflammatory cytokines and chemokines [44, 45].
In agreement with these findings, genes of several
chemokine pathways were also present in this category,
which are involved in cytokine signalling, tissue dam-
age and related functions (see Additional file 1: Table
S2). Upregulation of these pathways in control broilers
indicates that breast muscles in broilers at conventional
ambient temperatures show physiological and functional
changes that are further exacerbated by exposure to heat
stress. However, the upregulated vascular endothelial
growth factor (VEGF) signalling pathway is also a sig-
nificant mediator of hypoxia-induced angiogenesis and
is usually upregulated in hypoxia-like situations. Upreg-
ulation of this pathway in control broilers compared
with layers suggests that broiler muscle cells were under
hypoxic-stress even under control conditions. The rea-
son for this may lie in the larger size of muscle fibres in
broilers and an inadequate capillary supply, which are,
in turn, considered to induce metabolic stress due to the
larger diffusion distances for nutrients, metabolites and
waste products [1]. This is consistent with reports that
thermal stress leads to oxidative stress and muscle dam-
age, as indicated by higher plasma creatine kinase activity
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[26, 46—48]. Upregulation of the nuclear factor eryth-
roid 2-related factor 2 (NRF2)-mediated oxidative stress
response pathway may be a protective measure to mini-
mise the damaging effects of heat stress on anti-oxidant
functions [49-51].

Expression of category II genes was highest in BC and
decreased after heat stress. Upregulation of protein syn-
thesis and angiogenic pathways in BC is logical, in the
sense, that broilers have substantially higher growth
rates and larger body mass than layers [52, 53]. Exposure
to heat stress resulted in downregulation of these path-
ways in broilers, which is consistent with the negative
effects of heat stress on growth-related traits [54]. Con-
versely, inflammatory and anti-inflammatory pathways
were upregulated in layers after heat stress, possibly as
a mechanism to protect the body from tissue damage.
However, these results are in agreement with the physi-
ological data (body temperature) from the current study
that show that the increase in body temperature was
much smaller in layers than in broilers. Consistent with
this, Sandercock et al. [14] reported that the effects of
heat stress on body temperature and plasma creatine
kinase activity were much smaller in layers than in broil-
ers. Similarly, the extent of heat stress induced oxidative
stress in skeletal muscles was much smaller in layers than
in broilers [55].

Hypoxia is known to decrease the efficiency of oxida-
tive phosphorylation [56] and, thus, the downregula-
tion of this pathway in broilers (Additional file 1: Table
S4) could be due to hypoxia-like conditions in skeletal
muscles. In contrast to our finding, Toyomizu et al. [57]
reported that oxidative phosphorylation in skeletal mus-
cles was much more efficient in broilers than in layers at
14-28 days of age when body weights were about 1.0 and
0.2 kg for broilers and layers, respectively. This greater
efficiency of oxidative phosphorylation in broilers at that
age is a logical outcome of selection for rapid growth. In
the present study, broilers at 6 weeks of age were over
3.5 kg heavier than 28-day layers and the occurrence of
an hypoxia-like situation in their muscles is consistent
with a higher muscle to capillary ratio and larger diffu-
sion distances for nutrients and metabolic wastes [1].
Consistent with this conclusion, some angiogenic path-
ways in category I that are involved in hypoxia-induced
angiogenesis, such as the VEGF signalling pathway, were
upregulated in broilers.

Category VI genes, such as Janus kinase 1 (JAKI),
Janus kinase 2 (JAK2) and tyrosine kinase 2 (TYK2) were
up-regulated in BH compared with BC and have a role
in wound healing and tissue regeneration [58], in agree-
ment with categories I and IV genes, which indicates that
muscle damage is much more important in heat-stressed
broilers than BC, LC and LH. However, these pathways
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were downregulated in LH compared with LC, possi-
bly because upregulation of survival-related pathways
reduced damaging effects in LH [59].

Conclusions

The experimental paradigm of combining genetic and
environmental differences was successful in identify-
ing a limited number of pathways and networks that
underlie muscle function and meat quality. Our findings
provide new insights into the genetics and pathogen-
esis of muscle damage induced by heat stress through
the identification of previously unknown pathways and
networks. Importantly, our study also showed that the
gene expression pattern for breast muscle of broiler
chickens that were raised under a conventional (control)
temperature was similar to that of heat-stressed lay-
ers and that the expression of these genes was further
enhanced in heat-stressed broilers. These results pro-
vide a resource for the identification of candidate genes
for muscle function and meat quality, which we will use
in an accompanying paper to determine statistically
significant associations of SNPs with muscle and meat
quality traits in chicken.
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