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1. Summary

Climate changes, environmental challenges, and societal demands will call for rapid genetic
adaptations of livestock production in the near future. At the same time, animal breeding schemes
will need to conserve genetic variation for traits that are currently valued and currently unknown
traits that may become valuable in the future. Also functional traits, that are currently not in the
breeding goal should not deteriorate due to genetic drift, inbreeding depression or genetic loads.
Hence, there is a need for optimized genomic selection methods that maximize genetic
improvement while minimizing the negative effects of selection on genomic diversity and genetic
drift. Deliverable D4.2 developed effective genomic selection tools for achieving these goals, and
to establish criteria for balancing the trade-offs between genetic diversity loss, de novo mutations,
genetic load, inbreeding depression and genetic drift. Additionally, research focused on developing
methods that better manage rare alleles to prevent the loss of beneficial variants. These efforts
involve integrating genomic selection techniques with diversity management strategies to address
these challenges comprehensively, and in a practical way. The focus on rare markers in
reweighted genomic selection strategies holds promise for maintaining rare alleles even at causal
loci, suggesting potential benefits for the utilization of rare alleles in causal loci while only
observing genetic variation at markers.

Objectives:

Deliverable D4.2 aims to develop optimal genomic selection methods that maximizes the genomic
selection response whilst at the same time managing:

Genetic drift, i.e. the random changes of allele frequencies in the genome;

Inbreeding depression, i.e. unfavourable recessive alleles drifting to high frequencies;
Genetic load, i.e. the accumulation of unfavourable mutations.

Rare alleles, i.e. avoiding losses of favourable rare alleles and avoiding increased
frequencies of unfavourable rare alleles.

PN

Rationale:

In order to reach these objectives, we choose the Optimal Contribution Selection (OCS) approach,
which aims to optimize parent selection and offspring humbers to maximize genetic gain whilst
constraining inbreeding. By managing relationships, OCS mitigates genetic drift, inbreeding
depression, and genetic loads. Using genomic tools, we distinguish between genetic drift, depicted
by the GRM (Genomic Relationship Matrix), and homozygosity-based inbreeding, depicted by
molecular coancestries. Both types of inbreeding are captured by Identity-by-Descent (IBD)
relationships. Hence, we choose here to use IBD relationships, which is neutral w.r.t. allele
frequency changes / genetic drift. Moreover, IBD relationships address many aspects of inbreeding
mentioned in the Objectives, i.e. genetic drift, inbreeding depression and genetic load.

Although, OCS has demonstrated significant genetic improvement compared to traditional
methods, yet its practical adoption in animal breeding is limited due to complexities in its
implementation. These complexities include variations in the optimum number of offspring per
parent, limitations imposed by selection schemes and species biology, computational challenges
with large candidate pools, multi-stage selection processes, overlapping generations, and external
selection influences. While extensions of OCS theory address some issues, resolving practical
implementation hurdles often leads to increasingly complex methodologies and computations.
Hence, we choose here to develop a novel optimal selection algorithm, that assumes equal
contributions of selected parents, which greatly simplifies computations, and avoids optimizations,
such as the optimal contribution of every single parent, that cannot be implemented in practice

anyway.
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Rare beneficial genetic variants in genomic selection pose a challenge for breeding programs.
Although individually these variants have limited impact, collectively they offer substantial potential
for genetic enhancement. However, their low frequency makes the estimation of their effects
difficult and renders them susceptible to loss through genetic drift. Here we explore various
genomic selection strategies to preserve beneficial rare alleles within populations. We replicate a
simulation setup to assess the long-term efficacy of these strategies compared to traditional
selection methods and discuss implications for sustainable genomic selection.

Teams involved:
NMBU, WUR, INRAE

2. Introduction

Current cattle breeds have many desirable characteristics. We want to improve some of these
characteristics, but we do not want to deteriorate other, functional traits. Moreover, we don’t want
to lose genetic diversity, which would jeopardise future selection opportunities. In the pre-genomics
era, pedigree based inbreeding was the only tool to assess genetic diversity, genetic drift and
inbreeding depression, and no distinction between these phenomena was made. The latter
assumes no selection, which is not a valid assumption in a selection scheme. In the genomic era,
many tools exist to describe and distinguish genetic diversity, genetic drift, genetic load and
genomic polymorphisms such as SNP and structural variants. Also, inbreeding depression, which
has a high cost in terms of performance and fithess, can be localized in the genome from both
local inbreeding estimates and local genetic load (T4.3).

Here we aimed to develop genomic selection methods that achieve high rates of genetic
improvement whilst limiting the consequences of selection in terms of loss of genomic diversity and
genetic drift of genomic regions. It will be investigated which (combination of) genomic tools are
best suited for this task, and how to weigh genetic diversity loss against genetic drift in cases
where they differ. In addition, we developed genomic selection methods that aim to better manage
rare alleles in order to avoid the loss of beneficial rare alleles, de novo mutations, genetic load and
inbreeding depression. We thus developed genomic selection methods that combine with genomic
management of diversity approaches to achieve these goals. We will merge the aforementioned
breeding goals into an overall genomic selection method that combines these objectives. These
breeding strategies will be evaluated and merged with other RUMIGEN innovations in WP8

3. Methods

Optimal contribution selection:

The optimal contribution selection (OCS) method optimizes the selection of parents and their
numbers of offspring, maximizes genetic gain and simultaneously constrains the rate of pedigree-
based inbreeding (1). The latter was achieved by constraining the increase of the pedigree
relationships in the population. Managing pedigree-based inbreeding limits both genetic drift and
inbreeding depression. The advent of genomic tools and measures of inbreeding enabled a
distinction between genetic drift and homozygosity-based inbreeding, where the latter causes
inbreeding depression (2). However, both these aspects of inbreeding (drift and homozygosity) are
captured by Identity-by-Descent (IBD) and thus IBD based relationships: relationships based on
pedigree and/or linkage analysis (3). A fast algorithm for calculating IBD relationships based on
large genomics data sets was developed and described in D8.3.
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OCS achieved up to 60% more genetic gain than traditional truncation selection at the same rate of
inbreeding (1). Despite these substantial extra gains, OCS has not been widely adopted in animal
breeding. This is because practical implementation of OCS is complicated: 1) the optimum number
of offspring per selected parent varies, which is complicated to realize in practice and may exceed
the reproductive capacity for some animals; 2) the number of selected animals may be prescribed
by the selection scheme and/or biology of the species and thus the optimum number based on
genetic gain and inbreeding management cannot be achieved; 3) in practice the number of
selection candidates may be very large which makes computations intractable; 4) selections may
be performed in several selection stages instead of in one single (optimized) selection step; 5)
generations overlap in livestock populations, i.e. the next generation of animals is obtained by
several selection and mating rounds spread over time; and 6) some selections of parents may be
outside of the control of the breeding organization. The OCS theory has been extended to deal
with overlapping generations (4), but in detailed real-live selection schemes the number of animals
involved in each selection round may be small, leaving little room for the optimization of the
selections. The problems 1-3 have been addressed in the literature, e.g. (5), but at the expense
increasingly complex methodologies and computations.

OCS maximizes genetic gain with a constrained on the average relationship of the selected
parents, which is in case of overlapping generations(4):

. . 7AN
Maximises,.G = c'u

Contraints: K = s?c'Ac+ 2s(1 —s) * c'A;, + (1 — 5)%4,,

;Y-

;=0

where c is a vector of optimal contributions which indicates the mating proportions of the parents; @
is a vector of BLUP breeding value estimates of the (potential) parents so that ¢'u is the weighted
average genetic level of the offspring; A is the relationship matrix (genomic or pedigree based) of
the parents; c¢'Ac is the average relationship of the parents weighted by their numbers of offspring;
A1, is the average relationship of the parents to other animals in the current generation where the
current generation is defined as the set of animals that are (planned to be) born and are expected
to produce future offspring, but if these animals have already contributed more than 50% of their
expected numbers of offspring, we consider them to belong to a previous generation since their
genes are represented through their offspring in the current generation (this is an simplified
implementation of (4)); s is the fraction of animals of the current generation that is contributed by
the current selection step; 4,, is the average relationship of the already (planned to be) born other
animals in the current generation; K is the constraint on the average relationship that is set to K =
2[1 — (1 — AF)'] = 2tAF with AF being the desired rate of inbreeding per ‘year’ (for clarity ‘year’ is
taken as the time-period between selection optimizations here, but for more detailed optimizations
shorter time intervals may be used), and t is the number of years since the base generation, where
inbreeding was 0; Q@ is a (nx2) indicator matrix indicating whether each selection candidate is male
or female, and used to constrain the (fe)male contributions to Y.

Discrete Optimal Selection with known cost on relationship (DOSc)

DOSc makes some simplifying assumptions in order to make OCS suited to practical situations
and at the same time simplifies the optimization problem. These assumptions are: 1) selection
candidates are selected or not and all selected parents have equal numbers of offspring, i.e. there
is no optimization of the numbers of offspring; and 2) the number of parents that need to be
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selected may be imposed by practical limitations of the species and/or breeding structure. It may
be noted that assumption 1) will reduce selection responses if the breeding structure could
accommodate optimized numbers of offspring per parent. Similarly, assumption 2) will often reduce
genetic gains as the imposed number of selected parents differs from the optimal number.

The aforementioned constraints on ¢'Q and ¢; =0 can be ignored in the current simplified
optimization problem because they are automatically imposed by the biology of the species.
Following the Lagrangian multiplier method of optimization, we will implement the constraint on the
relationships by implementing a cost on relationships (4,) so that the constraint is achieved. First,
we will assume that this cost (1,) is known, subsequently we will numerically solve for A,.

Similar to OCS, we optimize the numbers of sires and dams to select here by constraining the

average relationships to K = s?c’Ac + 2s(1 —s) * ¢'A;, + (1 — 5)?4,,. We simplify this constraint
by rewriting it as:

K—(1-15)%4,,

oK S )4,

=5 c'Ac+2(1—s)*c'Aqy

For known A, > 0, the objective function now becomes:
Maximiseg,,.H = ¢t — Ao(sc’Ac + 2(1 — s)c'Ay,)

n, < N, forsexxissires,dams
1
c; = Z_nx V Owithx = sexofi
KB=s c'Ac+2(1—5)*c'Ajy
where n, (ng) is the optimal number of selected dams (sires) which is limited to N; (Ng) (in case of

an unlimited number of selected parents, N, equals the number of candidates of sex x). The
derivative of the objective function H shows how it increases with changes in ¢;:

dH _

=10 - 22o(sAc + (1 — 5)Ay,) [1]

The following Algorithm DOSc will be used to optimize the selection of the parents.

Algorithm DOSc:
Inputs: 1y, 2, A, A1, S, K, N, N,
Step 0: Initialize ¢ = 0, and the current numbers of selected sires and damstong =ny; = 0

Step 1: Rank the yet unselected animals i on #, — 24, (sAl-_c +(1- S)A1zl-) where A; ¢ denotes the ith row
of the A matrix multiplied with the current values of c; A, ,; is the ith element of 4,,

Step 2: Select the top-ranking not yet selected animal, say k, of any sex x (s or d) for which n, < N,; and
include k in the set of selected animals for sex x: Sy, and increase n, by 1. For all animals i in Sy set: ¢; = Zi

X

Step 3:ifs c'Ac+2(1—s) *c'A, < K orn, = N, for both sexes x: the algorithm finishes; otherwise go
to Step 1.

Output: The contribution vector ¢, and the number of selected sires and dams (n,,).
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The Algorithm DOSc can also be used to select e.g. sires when dams have been preselected and
their average relationships with the males are included in the A,, vector, i.e. when DOSc is

applied to only one of the sexes.

Discrete Optimal Selection with optimal numbers of parents DOSop

We optimize the numbers of selected parents by optimizing the cost on relationships (4,). The
Golden section search method (6) is used to find the value of A, that maximizes G(4,) = cu
which is a function of 1,. Given A,, Algorithm DOSc is used to find optimal numbers of selected
parents with a constrained on the relationship as described in the previous section, from which
G(Ay) = cu is readily calculated. Golden section search requires a known interval within which
the optimal value A, resides. We choose 1, =0 as a natural lower bound of this interval and

JNcanaVaT (#,)/(sK — s2A — 2s(1 — s)A;,) as an upper bound, which is an approximation of
Equation [7] of (1).

Discrete Optimal Selection with fixed numbers of parents DOSfp

Given a fixed number of parents (Ng; and N;), optimal selection is achieved by finding a cost on
relationships (1,) that results in the predefined number of parents. For this, the Bisection root
finding method (6) is used. Similar to Golden section search, Bisection needs a lower and an upper
bound for the optimal 1, value. Following DOSop, we use the lower and upper bounds of 0 and

JNcandVaT () /(sK — s2A — 2s(1 — s)A;, ), respectively. Bisection provides test values for 4, to

the Algorithm DOSc, which returns the number of selected sires and dams, n,. Bisection finds the
smallest A, that results in the predefined number of parents.

DOS with fixed number of dams and optimal number of sires

In case the female reproductive capacity is limited, the number of dams will be fixed and large. In
this situation it seems practical and close to optimal to select the fixed number of dams on their
EBVs, and next use the DOSop method to optimize the selection of the sires given the selected set
of dams, which is accounted for in the A,, vector. Closer to optimal is an approach where the
DOSfp method is used with equal numbers of sires and dams selected, resulting in a set of
selected dams containing the desired number of dams, say set Sq. Next use the DOSop method to
optimize the selection of the sires given the selected set of dams Sq, which is accounted for in the
A1, vector. Julia software for the algorithms is available at github.com/theomeuwissen/DOS/.

Allelic-reweighting of beneficial rare alleles in genomic selection

To investigate the long-term effects of different genomic selection strategies, we simulated a
livestock population undergoing 50 generations of recurrent selection. We followed the
methodology outlined in (7). Briefly, our simulation comprised populations of 1000 individuals
subjected to 50 generations of selection. We evaluated several genomic selection strategies to
identify those yielding the highest long-term genetic gain, better preservation of genetic variance,
and optimal conservation of favorable de-novo mutations amid additive and non-additive gene
actions. These strategies included truncation selection, which prioritizes short-term gain, and
allele-reweighted selection, which amplifies the effect of rare alleles in breeding values. We
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implemented two variants of allele-reweighted selection: one gradually softening the amplification
towards the later generations (fixed time horizon, adapted from (8)), and another maintaining
consistent amplification strength throughout (moving time horizon). Detailed descriptions of the
selection strategies are available in deliverable D8.3.

Here, we report a new analysis on the proportion of alleles persisting in the population across
generations, specifically focusing on initially rare alleles present in the first generation of selection.
Rare alleles were defined as those with a frequency below 0.05. We distinguished between
favorable and deleterious alleles based on their estimated effects in the genomic prediction model
for the first generation under selection. QTL alleles were classified similarly based on their true
additive effects on the simulated trait (which for the additive trait remained constant, while for the
other traits were calculated on the first generation under selection).

4. Results

Simulation of OCS scheme:

A breeding schemes were simulated using first 5 generations of random selection followed by 20
generations of OCS or DOS. For details of the simulated schemes, see Deliverable 8.3. AGBLUP
(OCS scheme with Genomic-BLUP using the numerator relationship matrix A for inbreeding
management), [IBLUP (OCS scheme which uses the IBD relationship matrix for genomic prediction
and inbreeding management), and DSBLUP (DOSop scheme with genomic prediction). The rate of
inbreeding was constrained to 0.01 per generation. Figure 1 shows that AGBLUP achieves the
highest genetic gain followed by IIBLUP and DSBLUP, which had similar gains. The extra genetic
gain from AGBLUP came however at the expense of a substantially reduced ceiling of the
selection response, i.e. the potential for long-term responses are substantially reduced for this
scheme.

Figure 1: Genetic improvement (A) and ceiling of the selection response (B) for AGBLUP, IIBLUP and
DBLUP.
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Figure 2: The number of selected parents by AGBLUP, IIBLUP, and DSBLUP.
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Figure 2 shows the number of selected parents in the breeding schemes. DSBLUP selects fewest
parents, followed by AGBLUP, and IIBLUP selects most parents. AGBLUP and IIBLUP use
unequal (optimal) contributions of parents, and thus will have quite a few parents with few
offspring, whereas in DSBLUP all parents have equal number of offspring. Since the total number
of offspring is the same for all schemes, the parents with few offspring increase the total number of

parents used in the OCS schemes.

Figure 3: The genetic (A) and genic variance (B) for the three breeding schemes.
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Figure 3 shows the genetic and genic variances for the three schemes, where the variances of the
AGBLUP scheme are clearly less than those of the IIBLUP and DSBLUP schemes. The latter two
schemes show quite similar genetic and genic variances over the course of the selection schemes.

Table 1 shows the genetic level and the inbreeding in generation 20. Inbreeding is measured at the
genomic level by simulating founder alleles at the marker positions, where identical founder alleles
in generation 20 indicates IBD. The IIBLUP and DSBLUP achieved the constraint on the rate of
inbreeding, which is 0.22. The genetic level of DSBLUP was 3.6% lower than that of IBLUP, which
was because DSBLUP uses equal parental contributions and IIBLUP uses optimal contributions. In
practice, this superior genetic gain of IIBLUP of 3.6% is only realised if the unequal/optimised
contributions can be realised for males and females. If, for practical reasons, contributions are
equal or inequality of contributions are not controlled by the breeding organization, the DSBLUP
results are the best that can be achieved.

Table 1: Genetic level and identical by descent (IBD) based inbreeding in generation 20.

Scheme Genetic level Fiep

AGBLUP 12.63 0.349
IIBLUP 11.12 0.219
DSBLUP 10.72 0.220

Allelic-reweighing of rare favourable alleles in genomic prediction

For all figures, selection strategies: random (RS), simple truncation selection (TS), allele re-
weighted with fixed time horizon (ARWf) and with moving time horizon (ARWm). Light lines are
used for the individual simulation replicates, in bold, the averages across replicates. Grey bands
denote 95% confidence intervals.

Across all traits, we observe higher loss of marker alleles for scenarios with genomic selection than
with neutral random selection (Figure 4). The loss is more pronounced for those alleles estimated
to be deleterious than for those estimated to be favorable, and for truncation selection than for the
reweighting strategies. Similar patterns were observed for rare alleles in QTLs (Figure 5), with the
difference between truncation selection and reweighting strategies being smaller but consistent.

The proportion of retained alleles, both favorable and deleterious, increased with reweighted
strategies compared to truncation selection. We observed an overall excess of retained favorable
alleles across all strategies and traits (Figure 6), with reweighted strategies retaining a greater
excess of favorable alleles than truncation selection. A similar pattern was observed for causal loci
(Figure 7).
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Figure 4: Proportion of initially rare marker alleles still segregating in the population, through the

generations.
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Figure 5: Proportion of initially rare QTL alleles still segregating in the population, through

the generations.
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Figure 6 Proportion of initially rare QTL alleles still segregating in the population, through the generations.
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Figure 7: Excess proportion of initially favorable rare SNP alleles vs. initially deleterious rare SNP alleles,
still segregating in the population through the generations.
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5. Discussion

This deliverable describes a simplified alternative to optimal contribution selection, which has
proven difficult to apply in practical situations. This is mainly since the theoretically optimised and
unequal contributions of the selected parents are difficult to realise in practice. Another practical
limitation is that the breeding organisation often does not have full control over all the selection
steps in the breeding program, e.g. some selections are performed by the farmers. The Discrete
Optimal Selection (DOS) method developed here, addresses these practicalities by 1) assuming
equal contributions for all selected parents; 2) if needed, selecting a predefined number of parents;
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and 3) in situations where the actual selection is performed by farmers the animals may be ranked
by the breeding organisation on the selection criterion indicated by Equation [1], which corrects the
breeding value of animal i for its average relationship to other already selected animals. Hence,
DOS is a simpler operational selection tool that will be easier to apply in practice. Furthermore,
computer simulation results showed that DOS provided only 3.6% less genetic gain at the same
rate of inbreeding as full-scale optimal contribution selection, with unequal, optimised parental
contributions.

DOS and OCS using genomic selection and ldentity-by-Descent (IBD) based relationships to
manage the inbreeding address all the elements of managing small populations mentioned in the
introduction. Specifically, managing IBD relationships is neutral with respect to allele frequency
changes, i.e. the allele frequency changes of (rare) alleles are on average 0. By managing IBD
relationships, DOS and OCS implicitly manage:

(1) genetic drift as unequal contributions of base population founder alleles is prevented,;

(2) inbreeding depression, (a) if the detrimental (recessive) allele is rare, the management of
drift (see (2)) avoids the detrimental allele from drifting to high frequencies; and (b) if the
detrimental allele is common, natural and/or artificial selection is expected to reduce its
frequency;

(3) the genetic load is also controlled by managing genetic drift: rare detrimental alleles are
restricted to drift to high frequencies, and common detrimental alleles will be subject to
natural and/or artificial selection. In the case of known detrimental alleles, artificial selection
will be applied to reduce their frequency. Alternatively, when the genetic load is known per
locus in the genome, which is estimated in task 4.3, the IBD relationships at each position
may be weighed by the genetic load in order to direct the inbreeding management to the
most important genomic regions.

Allelic reweighing genomic selection strategies showed a reduction in retention of rare alleles when
compared to neutral random selection. Optimal contribution selection, aims at limiting this impact of
selection on effective population size and thus overall reduces the loss of rare alleles due to
random drift (2). Instead, the reweighting strategies focus solely on preserving rare alleles
contributing to selected traits. These strategies proved successful in retaining a higher proportion
of favorable rare alleles, and may be combined with optimal contribution selection (see Deliverable
8.3).

6. Conclusions

1. A novel computationally efficient discrete optimal selection (DOS) algorithm was developed
that maximizes the genetic improvements due to genomic selection and controls the rate of
inbreeding.

2. DOS assumes equal contributions for selected parents and is therefore easier to implement
in practical situations.

3. When a selection step is not controlled by the breeding organization, e.g. because its
performed by the farmers, DOS’s cost on relationships principle may even be applied by
ranking the animals on their EBV minus a correction for their relationships with other
selected animals.

4. By managing the rate of IBD relationships, genetic management is neutral w.r.t. allele
frequency changes and simultaneously manages genetic drift and the homozygosity
increase.

5. Conclusion 4 implies that drift at rare alleles is managed and their frequencies will move
down or upwards depending on their effects being detrimental or beneficial, respectively.
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6. In a similar manner, management of drift avoids effects of inbreeding depression and
genetic load.

7. When genetic load per genomic region is known, as will be assessed in Task 4.3, a
weighted IBD matrix may be used which will limit inbreeding mainly at regions with most
genetic load.

8. The focus on rare markers in reweighted genomic selection strategies holds promise for
maintaining rare alleles even at causal loci, suggesting potential benefits for the utilization
of rare alleles in causal loci.
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