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Abstract

Background

Selection of individuals based on their estimated breeding values aims to maximize response to
selection to the next generation in the additive model. However, when the aim is not only about
short-term population-wide genetic gain but also the gain over multiple generations, an optimal
strategy is not as clear-cut, as the maintenance of genetic diversity may become an important factor.
This study provides an extended comparison of existing selection strategies in a unifying testing

pipeline using the simulation software MoBPS.

Results

Applying a weighting factor on the estimated SNP effects based on the frequency of the beneficial
alele resulted in an increase of the long-term genetic gain of 1.6% after 50 generations while
reducing inbreeding rates by 16.2% compared to truncation selection based on estimated breeding
values. However, this also resulted in short-term losses in genetic gain of 1.2% with the break-even
point reached after 25 generations. In contrast, inclusion of the average kinship of an individual to
top individuals of the population as an additional trait in the selection index with aweight of 17.5%
resulted in no short-term losses and increased long-term genetic gains by 4.3% while reducing
inbreeding by 15.8%, achieving very similar efficiency to the use of optimum genetic contribution
selection. Combining multiple diversity management strategies, with weights for each strategy
optimized using an evolutionary algorithm resulted in a breeding scheme with 5.1% increased
genetic gain and 37.3% reduced inbreeding rates. The proposed strategy included the use of

optimum genetic contribution, weighting of SNP effects based on alele frequency, average kinship
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as a trait in the selection index, avoiding matings between related individuals, and lowering the

proportion of selected individuals.

Conclusions

The combination of selection strategies for the management of genetic diversity was shown to be
far superior to the use of any singular method tested in this study. As an efficient use of methods for
the management of genetic diversity and inbreeding does not necessarily lead to short-term losses in
genetic gain and comes at no extra costs, it is critical for breeding companies to implement such

strategies for long-term success.

| ntroduction

Although there are substantial differences between livestock and plant breeding species, the general goal of
breeding to improve desired traits or characteristics in the breeding organism is universal. Although there
might be differences in the details, most breeding programs make use of selection and diversity management
with concepts sharing similar ideas across species. To this end, the selection of individuals to be used as
parents for the next generation is of critical importance, with the use of estimated breeding values (EBVS)

maximizing response to selection.

Although the importance of genetic diversity in a breeding program is a generally accepted fact (e.g.,
Breeder's Equation [1]), diversity management in the short-term is usually associated with reduced genetic
gains, which for a breeding company can be associated with lower quality short-term product and the
associated risk of going out of business when putting too much emphasis on genetic diversity. However,

increasing signs of reduced heritabilities [2, 3], increased genetic load [4, 5], and increased expression of


https://doi.org/10.1101/2025.01.09.632197

bioRxiv preprint doi: https://doi.org/10.1101/2025.01.09.632197; this version posted January 13, 2025. The copyright holder for this preprint

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

inbreeding depression [6] are reported in practice which increases the need for more efficient management of

genetic diversity without compromising short-term genetic gain too much.

To assess and compare breeding programs, the use of stochastic simulations provides a powerful tool to
generate a digital twin of a breeding program, which can then be used to precisely analyze the impact of
specific changes. Compared to the use of deterministic calculations based on quantitative genetic theory [7],
this comes with the disadvantages of higher computing costs and calculations only resulting in a realization
of a stochastic process instead of an expected value. However, these downsides are compensated by the
added flexibility of stochastic simulations — particularly as there is usually no quantitative theory to analyze
the exact impact of subtle changes on the outcomes of a breeding program. Software for stochastic

simulation includes MoBPS [8], AlphaSimR [9, 10], Adam [11], and QMsim[12].

Concepts for the management of genetic diversity are multifaceted both in complexity and method, with
theoretically optimal solutions often being impractical or overly complex to implement. In the following
paragraphs, we will provide a general overview of different approaches. The focus here is on optimizing the
selection step and selection criteria and explicitly not on restructuring of the breeding program design as a

whole to introduce outcross material [13, 14] or splitting the breeding population into subgroups[15, 16].

The gold standard in livestock breeding is the use of optimum genetic contribution selection (OGC) [17] to
calculate the contribution of each individua to a subsequent generation to maximize genetic gain under a
target inbreeding rate or minimize the inbreeding level under atarget genetic gain. Concepts of OGC can be
combined with minimum coancestry mating [18, 19] to mate individuals with genetically more distant
partners can further reduce inbreeding. In reality, an implementation of these concepts in their entirety can
however be difficult. For example, it is usually not possible to have a single offspring from a sow as a litter
contains multiple individuals, resulting in more or less offspring than theoretically wanted. Similary, in plant

breeding, logistical limitations and field design can lead to required simplifications. Simplifications might
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85 include selecting a maximum number of individuals from a given family or avoiding matings between close
86  relatives.

87

88  Over the years a variety of dternatives to OGC have been proposed with various objectives and/or
89  motivations behind them. For instance, Goddard [20] suggested putting more emphasis on rare aleles, as
90 they are more likely to get lost due to drift, hitchhiking or unfavorable correlation with closely linked other

91  quantitative trait loci (QTLS). Building upon the work of Goddard [20], Jannink [21] suggested a simplified

92  weighting factor of p_% with asimulation study by Liu et a. [22] demonstrating the long-term benefits of the
93  approach.
94
95  As selection of individuals in a breeding program is typically done based on a variety of traits that are
96 combined in a selection index, another alternative is to include the contribution of an individual to the
97  genetic diversity of the population as a pseudo-trait in a selection index. An example of this can be found in
98  the Net Merit index used in US dairy cattle breeding [23].
99
100  Inaddition to the expected genomic value of a hypothetical offspring (*breeding value”) the variance among
101  breeding values of offspring can be considered in selection decisions. Hence, an individual with a lower
102  expected genomic value can still be of value when the goal is to generate some high-performance offspring
103  individual. The variation in inherited gametes of a potential parent, which reflects the Mendelian sampling
104 variance (MSV), plays a key role in this context. Several approaches to integrate MSV into breeding
105  drategies have been proposed with the primary focus on short-term gain genetic [24-29]. However, some
106  studies also highlight the long-term benefits of MSV integration, such as enhanced genetic gain and diversity
107  with Allier et al. [30, 31] specifically targeting long-term “usefulness’ of individuals in breeding decisions.
108
109 Lastly, approaches such as MateSel [32] and AlphaMate [33] can be used to generate a specific mating plan.

110 A potential benefit from this isthat it is much easier to implement regtrictions or congtraints to the selection
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111 of individuals, e.g. to select a certain number of individuals which will all have the same number of litters,
112 compared to the frequentist / Lagrange-based procedure of OGC which just dictates the optimal contribution
113 of al considered individuals[17].

114

115 As most studies compare their newly developed approaches exclusively against plain selection based on
116  EBVsrather than against other selection strategies for the maintenance of genetic diversity, the goal of this
117  paper isto compare different approaches with each other. Furthermore, an evolutionary optimization pipeline
118  [34] isemployed to assess whether and how approaches can be combined and provide suggestions for which
119  methods to use in real-world breeding programs. A further aim is to provide a uniform testing pipeline for
120  breeders and researchers to easily compare newly developed approaches with common standards in the field
121  aswell asapproachestested in this manuscript.

122

123 Methods

124  As abaseline breeding program for optimization, we consider a generic breeding program simulated using
125 the R-package MoBPS [8]. In brief, a genome with 10 chromosomes of 2.5 Morgan length and 25,000
126  equidistantly spread SNPs was simulated. A single quantitative trait with 1,000 purely additive QTLs and a
127  heritability of 0.3 was simulated, with the QTLs being a subset of the SNPs. We are here considering 50
128  generations of breeding with truncated selection, in which the top 40 males and top 100 females are used as
129 sires and dams for the breeding nucleus of the next generations. The selected individuals have equal
130  contributions to the next generation. All individuals were genotyped and phenotyped before selection based
131  on agenomic best linear unbiased prediction (GBLUP) [35, 36] that includes individuals from the current
132 generation.

133  To initialize the population with a realistic population structure, 1,000 founder individuals with randomly

134  sampled genotypes were generated and subsequently 10 generations of mating with phenotypic selection asa
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135  burn-in phase were simulated. Each subsequently proposed scenario was simulated 50 times (unless
136  specifically indicated otherwise), with reported values representing averages across replicates.

137  Subsequently, we are considering various modifications to the breeding program that will be discussed in the
138  following subsections. To mimic the generation of production individuals, an additional cohort of production
139  individuals was generated with sires and dams selected based on their EBVs — these individuals were not
140  used for subsequent selection but only for evaluating the output of the breeding program. Genetic gains are
141  evaluated based on the underlying true genomic values of the production individuals based on the underlying
142  known QTL effects. The genetic variance is computed based on the underlying true genomic values and the
143  inbreeding levels are derived based on ldentify-by-descent [37] as the originating founder for each
144  chromosome segment istracked in simulation [8].

145
146  Weighting allele effects by allele frequency

147  Following the methods suggested by Goddard [20] and Jannink [21], we are considering the use of a
148  modified selection criterion in which marker effects are weighted based on the allele frequency of the

149  beneficial allele in the population:

150  With @; being the estimated effect of marker |, z; ; being the genotype of individual i a marker j and w;
151  being the weighting factor of marker j. The weighting factors are calculated based on the allele frequency of
152 the beneficia allele p;, determined based on the sign of @;. We are here considering the following potential
153  weightings:

154

%— arcsin(\/p_j)
w;: =

: J@=1)p;

w; = p]._E (Jannink)

(Goddard)
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1

— 3

1

= 4
W] p]

w; = min (5,p; )

1
wij=d+(1-d) p;z and 0<d <1

With the first two weighting factors being the respective suggestions by Goddard [20] and Jannink [21]
while subsequent variants provide more moderate weighting factors to mitigate short-term losses (see Figure

1),

Relatednessto breeding nucleus

Similar to the concepts used in the Net Merit index [23], the relatedness of individuals to other individualsin

the breeding nucleus can be accounted for as an additional trait in the selection index:

g\lzwf.fl-l_(l_wf)zzl,].aj
J

With wy being a weighting factor. For f; we are here considering two options:

1. Average kinship to the current breeding population

2. Average kinship to the top individuals

Here, we are considering those individuals that would be selected based on their EBV's as the top individuals.
The calculation of wy is done by first scaling both the estimated breeding value and f* to have mean 0 and
variance 1 across selection candidates and subsequently weighting these two accordingly with relative

weightings between 5 to 40% being considered in the subsequent simulations. Similar considerations can be
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173  applied in a multi-trait case by effectively using f as an additional trait in a selection index. Pairwise
174  kinships are defined, as the probability of two randomly chosen alleles from two individuals at the same
175 locusto beidentical by descent [38] and calculated based on pedigree with a pedigree-depth of 7.

176
177 Avoiding matings between related individuals

178  We are here considering different extents of mating control. Firstly, we consider avoiding matings between
179  full and/or halfsibs as such matings would naturally lead to high inbreeding levels in their offspring. To not
180 only exclude these extreme cases, we propose a more advanced selection strategy that aims at avoiding
181  matings between individuals that would lead to a high inbreeding level in genera. For this, the expected
182  inbreeding of a mating pair is calculated using on their pedigree-based kinship and combinations above a
183  certain threshold are avoided. As a threshold, we are proposing to use a quantile of the resulting expected
184  inbreeding levels from all mating combinations. We are here considering values between the 10 to 90%
185  quantiles — e.g. for the 90% quantile in a population with 40 sires and 100 dams of the potential 40,000
186  matings only 36,000 sire-dam combinations would be potential matings. Note that contributions of sires and
187  damsto the next generation can change if an individual has high expected inbreeding rates to a particularly
188  high/small share of individuals of the other sex as finally executed matings are sampled from the set of all
189  alowed matings. Overall differences in contributions of individuals should be small. Finaly, instead of
190  expected inbreeding, the expected kinship of a potential offspring to the current breeding population was
191  used to avoid matings. Again, quantiles are used as thresholds. As expected kinship is the mean of the
192  kinships of the parents to the population, this will heavily reduce contributions of sires and dams with high
193  average kinship to the current breeding population and thereby potentially even result in some of the selected
194  individuals not being used as sires or dam.

195

196 Optimum genetic contribution

197  For the use of optimum genetic contribution [17], the R-package optiSel [39] is used to calculate individual

198  contributions. To mimic the common restriction of animal breeding programs that contributions on the
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199 female side cannot be easily controlled, optimum genetic contribution was only applied on the male side
200  [39]. For this, optiSel is provided with information on al males and the already selected females with the
201  goa of maximize genetic progress (target = “max.BV”, uniform = “femal€’) under the restriction of an

202  increase of avg. kinship to the reference population with thresholds tested between 0.3% and 0.7%.

203

204 Mateallocation

205  For mate allocation algorithms, the software AlphaMate [33] was considered. AlphaMate was used to
206  suggest 1000 matings from 40 males and 100 females to use same selection proportions as the baseline
207  scenario with equalized contributions of the selected individuals (EqualizeMaleContributions = Yes,
208  EqualizeFemaleContributions = Yes). To balance genetic gain and genetic diversity the angle parameter in
209  AlphaMate was used with values ranging from 5 to 45 degrees with an angle of O corresponding to only
210  selection for genetic gain and an angle of 90 corresponding to only selecting for genetic diversity. To reduce
211  computing time, the convergence criteria and the maximum number of iterations performed in AlphaMate
212 werereduced (nEvol AlgNumberOfiterations = 1000; nEvol AlgNumberOflterationsStop = 50).

213
214 Menddian Sampling Variance

215  To assess the potential of accounting for MSV, we considered two approaches: Firstly, Bijma et al. [25]
216  suggested theoretically motivated indices to select based on the probability of hypothetical offspring of an
217  individua to be selected (Ig, [25]) and to maximize response to recurrent selection (14, [25]). Secondly, we
218  are considering the ExpBV SelGrOff criterion given in Niehoff et al. [29] that is motivated by maximizing
219  genetic response in the grand offspring without pre-selection and accessed based on the full breeding
220  nucleus. As prediction accuracies for MSV were low, we additional considered the inclusion of the last six

221 generations of individuals in the estimation.

10
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222 Adapted selection proportions

223  Lastly, we are considering a modification of the selection proportions. In the baseline, the number of selected
224  siresis 40% of the number of selected dams, meaning that we are here only considering the same relative
225  changes for both sexes and considering the selection of between 28 and 50 sires and 70 and 125 dams.
226 Although equally correct when this is the only modification of the selection strategy, we avoid the term
227  “selection intensity” throughout the manuscript, as when combined with other selection drategies, the
228  selection of lessindividuals will not necessarily increase the selection intensity when individuals with lower
229  EBVsare selected.

230
231 Joint optimization (Evolutionary Algorithm)

232

233  To peform an optimization of the breeding program under consideration of multiple of the previously
234  suggested approaches, we are using here an evolutionary algorithm based on the pipeline suggested by
235  Hassanpour et al. [34].

236  For this, we first define a target function that includes short- and long-term genetic gain and remaining
237  genetic diversity. For genetic gain, we are considering the average underlying true genomic value in the
238  breeding population g, with equal weights on each year t. For genetic diversity, we are considering the
239  resulting inbreeding level f;, and the genetic variance o2, after 50 generations. The three components are
240  first scaled by 25, 0.045, and 0.3, reflecting the standard deviations across different scenarios tested.
241  Subsequently, genetic gain was weighted with a factor of 2/3 compared to 1/6 for both genetic diversity
242 metrics:

243

2 3 1
m= ﬁzgt + 700 %so —ﬁfso

244
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245  For the optimization problem, we are considering the nine parameters subject to optimization, as given in

246 Table 1. Thisincludes four parametersto account for relatedness to top individuals (f,, ), the full population

1
247 (f,,), theweighting of estimated SNP effects based on Goddard [20], and a more moderate weighting of p”s,

248  resulting in the following formula for the selection criterion:

249
7 —a csin(ﬁ) 1 ( )
G = x1fix + x2fip + x3zzi,j7) 'd}"' x4zzi,jp §‘C’L}+ 1—x—x3—x3—2%4 'Zzi,j'é}
250

251  Furthermore, avoiding matings based on expected inbreeding and kinship are considered as two additional
252  parameters, while the selection proportion on the male and female side is treated as a joint parameter with the
253  aimto select 60% less males than females. Lagtly, a binary parameter to control if OGC is used on the male
254  sideisused and if so a further parameter to control the constraint of inbreeding rate in OGC is used. Note
255  that if OGC is used, selection proportion on male and femal e side can deviate from the 40:100 ratio.

256  Initialization for the binary parameter done by random sampling from a Bernoulli random variable with
257  probability of 0.5, while all other parameters are sampled from a uniform distribution with initialization
258  ranges given in Table 1. No constraints for budget or similar are applied that would require scaling or amore
259  complex initialization.

260  Asa second scenario for the use of the evolutionary algorithm, we consider the use of a modified target
261  function that places more emphasis on short-term genetic gain. For this, the weighting of genetic gain is
262 multiplied by an interest factor (i = 1.03). Additionally, the weighting of genetic gain was increased by a
263  factor of 2.5 to offset the lower variation in the genetic gain term due to the interest scaling:

264

SZ 9t N 1 3
M =752, To3t T 20%s0 " 20075

t

265
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266  Asthe evolutionary pipeline by Hassanpour et al. [34] does not reach convergence per e, the final optima
267  were determined based on visual inspection of the suggested optima from the last couple of iterations. The

268  determined breeding schemes were subsequently simulated 50 times.

269

Parameter variable name Initialization range

Weighting factor for rare alleles (_;[—7%@) B 0-02

Weighting factor for rarealleles(p'g) 2 0-02

Weight: relatednessto top individuals x3 0-0.2

Weight: relatedness to breeding population Xy 0-0.2

Number of selected males (Only used if x,= FALSE) 40 x5 0.7-1.3(2852)

Number of selected females 100 * x5 0.7 —1.3 (70-130)

Quantile to avoid matings based on expected Xg 04-10

inbreeding

Quantile to avoid matings based on expected kinship X7 09-1

Increase of avg. kinship in OGC Xg 0.0035 -  0.0065
(0.35% - 0.65%)

Binary: Is OGC used? X9 FALSE/ TRUE

270  Table 1: Overview of parameters considered in the evolutionary pipeline.

271 Results

272 In the baseline scenario a genetic gain of 26.19 genetic standard deviation (gSD) was obtained after 50
273 generations of breeding. With regard to genetic diversity, inbreeding levels increased from 0.056 in
274  generation 1 to 0.680 in generation 50 with an inbreeding rate of about 1.5% in the first couple of

275  generations, while the standard deviation of underlying true genomic values was reduced to 28.9% of the
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initial population with 64.0% of al SNPs and 74.5% of all QTLs (77.1% of those for the favorable variant)
being fixed (Figure 2). As different metrics for genetic diversity resulted in very similar rankings between
scenarios, we will focus on genetic gain and inbreeding in the following description of results. The interested
reader is referred to Supplementary File S1 - S6 for a detailed per generation overview on genetic gain,

remaining genetic variance, and share of QTLsfixed for all considered scenarios.

Weighting allele effects by allele frequency

With the theoretical optimal weightings [20], highest long-term genetic gains with arelative improvement of
0.41 gSD (+1.6%) compared to the baseline were obtained, with a reduction of the inbreeding level after 50
generations of 0.102 (-16.2%) (Figure 3). However, there are short-term losses in genetic gain of up to 0.15

gSD (-1.2%) and a break-even point for genetic gain is only reached after 25 generations. Although not as

1
beneficial in the long-term, applying a weaker relative weighting on rare aleles (p~ =) resulted in almost no
short-term losses (-0.01 gSD; -0.1%) while maintaining about half of the long-term (+0.23 gSD; + 0.9%) and
still substantially reduced inbreeding rates (-0.037; -6.0%). Similar results were also obtained when

assuming SNP effects to be known (Supplementary Figure S7).

Relatednessto breeding nucleus

As long as the relative weight for the average kinship of an individual to the top individuals in the current
breeding cycle is below 20%, basically no short-term losses were observed with a weighting of 17.5%
leading to +1.11 gSD (+4.3%) and 0.099 (-15.8%) lower inbreeding levels after 50 generations (Figure 4).
Relative to this, selection based on the average kinship of an individual to the overall population was less

efficient with lower genetic gains and a weaker reduction in inbreeding levels (see Supplementary Figure S8)
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299  Avoiding matings between related individuals

300 Avoiding fullsib matings had no noticeable effect on both genetic gains and inbreeding as the number of
301  such casesisquite limited. When also avoiding halfsib matings, inbreeding levels were noticeably reduced (-

302  0.045/-7.3%) with dightly higher genetic gains (+0.27 gSD; +1.0%) after 50 generations (Figure 5).

303  Avoiding matings between individuals that would result in high expected inbreeding levels showed even
304  higher improvements with use of the 50%-quantile as a threshold resulting in an additional genetic gain of
305 0.90 gSD (+3.4%) and reduced inbreeding levels of 0.097 (-15.5%). Avoiding matings based on expected
306  kinship to the current breeding population reduce inbreeding, however, with a higher share of excluded
307  mating, the higher usage of some individuals as sires’dams led to increases in inbreeding and reduced genetic
308 gains. A detailed overview of the performance with different quantiles for both approaches can be found in

309  Supplementary Figures SO and S10.

310

311 Optimum genetic contribution

312  The use of OGC showed a dtrict improvement compared to selection based on EBVs, with a congraint
313  limiting the increase in inbreeding to at most 0.5% based on selection on the male side, leading to higher
314  short- and long-term genetic gain (+0.59 gSD; + 2.3%) and reduced inbreeding (-0.062; -10.0%). Stronger
315  restrictions on the increase in inbreeding lead to even higher long-term genetic gain and reduced inbreeding

316  but negatively impact short-term genetic gain (Figure 6).

317

318 Mateallocation

319 Using AlphaMate led to substantially increased long-term genetic gain (+1.17 gSD; +4.5%) and reduced
320  inbreeding (-0.163, -26.2%) when using an angle of 30. Short-term genetic gains were reduced by up to 0.15

321  gSD (-1.8%) and the break-even point for genetic gain was reached after 25 generations. Increasing the
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322  weight on genetic gain (angle = 15) reduced long-term benefits (+0.80 gSD; -0.073 inbreeding level) but
323  avoided any short-term losses (Figure 7). Further increasing the weight on genetic gain (angle = 5) did not

324  result in additional improvements in genetic gain or inbreeding levels.

325

326 Mendedian sampling variance

327  All three approaches considered for integrating MSV into breeding led to dlightly reduced genetic gain and
328  dlightly increased inbreeding levels, compared to selection based on estimated breeding values (Figure 8).
329  Prediction accuracies for MSV were on average 0.17 across the 50 generations compared to an average
330  accuracy of 0.53 for the EBVs. When including six generations in the breeding value estimation accuracies
331  increased to 0.32 and 0.58 respectively with genetic gains and inbreeding levels on par with the baseline

332 scenario (Supplementary Figure S11).

333

334 Adapted selection proportions

335 By decreasing the proportion of selected individuals, short-term genetic gains can be substantially increased
336  with a 30% decrease of selection proportions resulting in up to 1.01 gSD (+10.0%) higher genetic gain
337  (Figure 9). However, this increased inbreeding rates by 42%. While selecting less individuals led to higher
338 gainsfor the first 20 generations of breeding, genetic gains subsequently reduced with the break-even point
339 reached between 35 and 50 generations. On the other hand, a higher proportion of selected individuals
340 yielded smaller short-term gains, but became slightly beneficial in regard to genetic gain after 50
341  generations. Increasing short-term genetic gain by 1% by modifying selection proportions resulted in an
342  increase of inbreeding rates of 4 to 5% across scenarios.

343

344
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345 Joint optimization

346  The use of the evolutionary pipeline for both target functions suggests the joint use of various previously
347  analyzed selection methods for the optima management of genetic diversity and genetic gain (Table 2). Note
348  that the evolutionary pipeline does not suggest an optimum per se, which makes the choice of the finally
349 chosen optimum somewhat arbitrary and open to interpretation, however in both cases no major
350 improvements of the target function after iteration 50 of the pipeline were obtained. The interested reader is
351 referred to Supplementary Figures S12 and S13 for the respective suggested optima for each iteration of the
352  evolutionary pipeline and their estimated values for the respective target functions.

353  For both target functions, OGC is suggested to be used with a mild weighting of relatedness to top
354  individualsin the selection index (17% / 9%). Furthermore, matings between related individuals are avoided,
355  excluding 20% / 45% of all potential matings based on expected inbreeding, while only 10% of matings are

356  avoided based on kinship in both scenarios. Furthermore, the evolutionary pipeline suggests strong emphasis

357 on upweighting rare aleles by the moderate weighting of p_é, while limited weight is put on the
358 theoretically optimal weight suggested by Goddard [20]. For both target functions, basically no index weight
359 isput on therelatedness of an individual to the overall breeding population. The main difference between the
360  two suggested breeding schemes is a much lower proportion of selected individuals in the scenario with

361  focuson short-term gain, selecting 83 and 32 dams respectively (compared to 100 in the baseline).

362

Parameter balanced target | Focus on short-term
function gan

Weighting factor afor rare alleles (_Z—}%@) 0.00 0.20

Weighting factor afor rare alleles (p —§) 1.00 0.82

Weight: relatednessto top individuals 0.17 0.09

Weight: relatedness to breeding population 0.00 0.02

Number of selected females 83 32
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Quantile to avoid matings based on expected | 0.80 0.55
inbreeding

Quantile to avoid matings based on expected kinship 0.90 0.90
Increase of avg. kinship in OGC 0.005 0.012
Binary: Is OGC used? TRUE TRUE

363  Table 2: Suggested breeding program designs by the evolutionary pipeline [34] for the two potential

364  target functions.

365  The breeding program design optimized using the balanced target function leads to an increase in genetic
366  gainof 1.34 gSD (+5.1%) and reduced inbreeding levels by 0.232 (-37.3%) after 50 generations. While gains
367 relative to the baseline for inbreeding are obtained quite consistently over time, genetic gain for the first 20
368  generationsisonly on par with the reference scenario (Figures 10aand 10b).

369 Incontrast, the breeding program design optimized using the target function with focus on short-term genetic
370  gain resulted in a reduction of inbreeding levels by 0.064 (-10.3%) and long-term genetic gains of 1.33 gSD
371 (+5.1%). While reduction in inbreeding is obtained across the entire time horizon of the simulations,
372  additional genetic gains are primary obtained in the short-term with an addition genetic gain of 0.33 gSD in
373  thefirst generation (+31.1%; Figures 10a and 10b).

374  In comparison to breeding program designs that only make use of one of the management tools considered,
375  the joint use of all techniques leads to much higher performance for the respective target. With the best
376  individual technique resulting in an improvement of the target function of 1.30 / 1.15 relative to the baseline
377  whilethe respective combination leading to an increase of the target function by 1.96 / 4.51 (Figures 10c and
378  10d).

379

330 Discussion

381
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382  This study provides an extensive comparison of potential selection strategies for the management of genetic
383  diversity and inbreeding in a breeding program using stochastic simulations. In contrast to prior work, the
384  focusof this study is less on developing new approaches to optimize selection in a breeding scheme, but on a
385  comparison and assessment of existing techniques, and combinations thereof, within a unifying testing
386  framework. Our results suggest the importance of careful assessment of individual approaches for
387  management of genetic diversity in a breeding program to ensure their effectiveness. Thisis particularly true
388  for breeding companies that have to find a balance between the maintenance of a healthy and diverse
389  breeding population and the product they want to sell in the short-term [40].

390
391 Individual selection strategies

392  The increased weighting of SNP effects of rare aleles with theoretically optimal long-term weights [20]
393  yielded only net benefits in terms of genetic gain after 30 generations — which for dairy cattle would

394  correspond to a time horizon of 75 years [41]. More moderate but still increased weighting of rare alleles

395 (p%) compared to Goddard [20] yielded marginally lower increases in long-term genetic gains while
396  avoiding any short-term losses and therefore should be more practical for implementation in a commercial
397  breeding program.

398

399 It is worth noting that the re-weighting of SNP effects based on dlele frequencies overall only had a
400 relatively low impact compared to other approaches tested. Although only a relatively small training
401  population was considered for the prediction model, we do not expect major differencesin larger populations
402  astheuseof real QTL effectsfor selection and allele weighting led to similar results with both higher short-
403  termloss and long-term benefits (Supplementary Figure S7).

404

405  The use of the average kinship of individuals to the top individuals in the population as an additional trait in
406  the selection index performed almost on par with the results obtained when using OGC [17]. For example, an

407  index weight of 0.175 led to very similar genetic gain and inbreeding to use of OGC with a congtraint of
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408  0.43% inbreeding on the male side (Supplementary Figure S14), indicating very similar efficiency of
409  approaches. Selection based on average kinship was even superior for long-term genetic gain. Furthermore,
410 the use of anumeric score per individual provides substantial practical benefits compared to OGC asit is less
411  computationally costly and a more tangible metric to work with which makes practical use very
412  draightforward. On the other hand, selection based on average kinship lacks the ability to change short-term
413  gain aspossiblein OGC by allowing for higher inbreeding rates.

414

415 In contragt to the previous studies [26, 28, 30], we did not find benefits in accounting for predicted progeny
416  variance in the selection of individuals, that is potentially caused due to the breeding program design being
417  unsuitable for the application of such strategies. Firdt, selection proportion are high (top 8% males / 20%
418 females) compared to the suggestions by Bijma et al. [25] that such strategies will only become effective
419  with selection proportions of 5% or less. Second, no assortative mating strategies [26, 27, 30] were
420 employed. Additionally, and perhaps most critically, the prediction accuracies for MSV in our study were
421  low (0.17). Expanding the reference population improved prediction accuracies (0.30, Supplementary Figure
422  11), resulting in inbreeding and genetic gains comparable to those achieved through selecting based on
423 EBVs

424

425  Although not a technique traditionally associated with progeny variance, avoiding mating between related
426  individuals should conceptually also lead to matings with a higher chance of new haplotypes and higher
427  variation of potential offspring without the noise introduced by SNP effect estimation. The results here
428  highlight very limited downsides of avoiding matings between individuals with high pairwise kinship and
429  therefore high expected inbreeding levels of potential offspring.

430

431  From a practical breeding perspective many of the suggested approaches provide reduced inbreeding rates,
432  but come at the cost of a reduced short-term genetic gain. However, these relative losses can be compensated
433 by adecrease of selection proportions and/or use of a weaker inbreeding constraint in an OGC framework.

434  Note here that an increase in genetic gain of 1% led to an increase in inbreeding rates by 4-5%. Therefore, a
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435  ratio between genetic gain and inbreeding as for example provided in [42, 43] should not be used as the sole
436  metric for judging the long-term efficiency of a scenario as this will naturally favour approaches with lower
437  genetic gain and inbreeding on a fixed time horizon. Instead one could for example consider changing the
438  sdlection proportions to ensure similar inbreeding rates to make scenarios more comparable. Particularly for
439  species with shorter generation interval like black soldier fliesthere is still value in the ratio as an additional
440  metric of the outcomes of a breeding scheme [44] as in such schemes a state of basically no remaining
441  genetic diversity and no further genetic progress can be reached, particularly in simulation.

442
443 Joint optimization

444  The suggested breeding scheme designs by the evolutionary algorithm [34] highlight that to maximize
445  efficiency one should not limit oneself to a sngular method for the management of genetic diversity, but use
446  a combination of various approaches. The results of the evolutionary algorithm were naturally highly
447  impacted by the actual choice of the target function. However, they sill alow for some conclusions on
448  which methods were the mogt efficient and which act complementary to each other. While weighting SNP

449  effects by allele frequency of the beneficial allele had only limited overall effect, it acted complementary to

450 OGC and the moderate weighting (p_é) was chosen to be used in both runs of the evolutionary algorithm
451  with substantial weighting. Although substantially lower selection proportions were used in both breeding
452  program designs proposed by the evolutionary algorithm, the resulting inbreeding rates were actually lower
453  thanin the baseline scenario with selection based on estimated breeding values.

454

455  Theevolutionary algorithm proposed by Hassanpour et al. [34] has been shown to be a powerful tool for the
456  optimization of breeding programs, even though the initial search spaces did not contain the finally obtained
457  optima as particularly our prior expectation on the weighting of rare alleles and selection intensity were off.
458  From a practical perspective, we see two main challenges for the use of such methodology: Firstly, in the
459  evolutionary algorithm 100 iterations with a total of 30,700 simulations each were performed, which for

460 larger breeding schemes can require substantial computational costs and require the use of highly efficient
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461  simulation software [8, 10]. A potential solution could be to ssimplify the breeding program in a way that all
462  considered scenarios should be affected in a similar way, e.g. to reduce computing time of a breeding value
463  edimation by scaling individua numbers or reduce the number of traits considered. Note that, for
464  computational reasons, the use of AlphaMate nor MSV were not considered in the optimization pipeline.
465  Secondly, optimization requires a target to be optimized. Since assigning economic weights to traits can
466  dready be challenging in reality, we expect assigning economic weights of inbreeding rates and remaining
467  genetic diversity to be even more difficult, while being of fundamental importance to initialize the
468  optimization pipeline. The main solution we see for thisis the use of experimental work with different target
469  functions, and a subsequent analysis of the different optima obtained to derive their expected genetic gains
470  andinbreeding and based on this decide which of the proposed optima is the most suitable in practice.

471
472 Practical consideration and implementation

473  Although the final optimum did contain a combination of various techniques, we fully acknowledge that
474  fromapractical perspective it can make sense to use amodel that is as simple as possible (while getting most
475  of the benefits) to avoid models becoming difficult to maintain and backpropagate. In this regard, it can of
476  course make sense to reduce model complexity. In this regard, results on the individual strategies highlight
477  which approaches to consider, with the use of MSV and weighting of SNP effects based on allele frequency
478  being candidates to be dropped as their overall impact was low. Furthermore, the evolutionary optimization
479  pipeline could be run with fewer parameters or the target function could include a penalty term for using
480  more selection strategies.

481

482  As the breeding program considered in this study was chosen quite generic (with the strongest assumption
483  being phenotyped and genotyped selection candidates), the reported impact of individual selection strategies
484  should alow for general conclusions about their impact when used in a breeding program and allow for a

485  pre-selection of methods to consider. For the fine-tuning of suitable weighting of each strategy, assessing
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486  stochagtic simulations of a breeding program resembling the real-world breeding program (“digital twin”)
487  can further improve the implementation.

488

489  Note here that the used trait was assumed to be purely additive and highly polygenic, without direct
490 modelling on inbreeding depression [45], e.g., by including deleterious variants as dominant QTLs or
491  epidasis[46, 47]. Hence, athough inbreeding levels were increasing, genetic gain is only affected by limited
492  genetic variance but not due to inbreeding depression. On the other hand, the genetic variance in stochastic
493  simulations tends to decrease more than in reality — although in recent years this has also become more
494  apparent in real-world breeding programs [48-50]. Potential reasons for this include that breeding programs
495 in simulations are executed without error and also that in reality trait definition, breeding goals and
496  environment might change over time [51-53]. Therefore, the results on the absolute levels of long-term
497  genetic gain and genetic variance based on stochastic simulation should be taken with caution and
498  conclusions should mainly be drawn based primarily on the relative ranking between scenarios. Here, one
499  should critically question whesther different scenarios are affected in similar ways by the limitations and
500 simplifications of the simulation.

501

502  Thisanalysis by no means has claims of completeness and is mostly focused on the selection step itself and
503 less on restructuring of the breeding program design as a whole to change generation interval [16], split the
504  breeding scheme into multiple distinct components [15] or make use of cryo reserves [14] and outcross
505 individuals [13]. All smulation and analysis scripts are provided in Supplementary File S15 and S16.
506  Hereby, the flexibility of the simulation software MoBPS [8] allows for the extension of scripts to include
507  further potential selection techniques and more general conceptional changes of breeding program design.

508
509 Conclusions

510  The use of methods for the management of genetic diversity and inbreeding does not necessarily lead to

511  short-term losses in term of genetic gain but can actually be used to simultaneously select less individuals.
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512  The results in this sudy suggest that it is most efficient to use a combination of management strategies
513 including OGC, weighting of SNP effects based on allele frequency, average kinship to top individuals as an
514  additional trait in the selection index and avoiding mating between related individuals simultaneously and
515  offset small short-term losses by selecting less individuals. As the use of all considered selection strategies
516 comes at no additional costs other than additional computations, it is critical for breeding companies to

517  implement such strategies for long-term success.
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548  Figure 1: Impact of allele frequency weighting functions.

549  Weighting factor for the different weighting functions depending on the allele frequency of the

550 beneficid allele.
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552  Figure 2. Genetic gains, inbreeding levels, genetic variance and share of fixed QTLs in the

553  reference scenario.

554  Genetic gains (@), inbreeding levels and rates (b), genetic variance (c), and share of SNPs and QTLsS

555  fixated (d) for the baseline scenario with selection based on estimated breeding values.
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556
557  Figure 3: Genetic gain and inbreeding levelsin the allele frequency based effect weighting scenarios.

558  Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding values for
559  different weighting factors for SNP effects depending on the allele frequency of the beneficial variant. Due
560 to the small overall impact of allele weighting strategies and high variance in outcomes, figures were

561  generated based on 500 replicates to reduce variance.
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562
563 Figure 4: Genetic gain and inbreeding levels of the scenarios including average kinship in the selection
564  index.
565 Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding values for
566  different index weights for the average kinship of individual to the individuals with the highest EBVs from
567  the current population.
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569

570  Figure 5: Genetic gain and inbreeding levels of the scenarios including avoiding matings between specific

571 sire-dam combinations.

572  Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding values for

573  strategiesto avoid matings between specific sire-dam combinations.
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574

575  Figure 6: Genetic gain and inbreeding levels of the scenarios using optimum genetic contribution (OGC).

576  Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding values for

577  different inbreeding constraints when using optimum genetic contribution selection.
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579

580  Figure7: Genetic gain and inbreeding levels of the scenarios using AlphaMate.

581  Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding values for

582  different weightings (angles) in AlphaMate between genetic gain and diveristy.
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584

585  Figure 8: Genetic gain and inbreeding levels of the scenarios accounting for Mendelian sampling variance in

586 selection.

587  Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding values for

588  different approachesto account for Mendelian sampling variance in selection.

32


https://doi.org/10.1101/2025.01.09.632197

bioRxiv preprint doi: https://doi.org/10.1101/2025.01.09.632197; this version posted January 13, 2025. The copyright holder for this preprint

589

590

591

592

genetic gain in gSD

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

1.0

0.5

0.0

-0.5

genetic gain (relative to baseline)

—

500125
45112
38/95
36/90
34/85
32/80
3075

- 2870

| | | | |
0 10 20 30 40

generation

inbreeding level

-0.05 0.00 005 010 0415

-0.10

inbreeding (relative to baseline)

| | | | | |
0 10 20 30 40 50

generation

Figure 9: Genetic gain and inbreeding levels of the scenarios with different selection proportions.

Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding values

depending on the used selection proportion.
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595  Figure 10: Genetic gain and inbreeding levels of scenarios optimized using the evolutionary algorithm.
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Genetic gain (a) and inbreeding levels (b) for various diversity management strategies relative to selection
based on egimated breeding values. All scenarios are additionally evaluated on their performance on the
balanced target function (c) and the target function with focus on short-term genetic gain (d) relative to

selection based on estimated breeding values.

Additional files

Format: csv
Title: Supplementary File S1

Description: Genetic gain for all considered scenarios per generation.

Format: csv
Title: Supplementary File S2

Description: Inbreeding levelsfor all considered scenarios per generation.

Format: csv
Title: Supplementary File S3

Description: Remaining genetic variation compared to the first generation (based on genetic standard

deviations of underlying true genomic values) for all considered scenario per generation.

Format: csv

Title: Supplementary File $4
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616  Description: Share of SNPsfixated for all considered scenarios per generation.
617

618  Format: csv

619  Title: Supplementary File S5

620  Description: Share of QTLsfixated for all considered scenarios per generation.
621

622  Format: csv

623  Title: Supplementary File S6

624  Description: Share of QTLsfixated for the beneficial allele for all considered scenarios per generation.
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626  Title: Supplementary Figure 7

36


https://doi.org/10.1101/2025.01.09.632197

bioRxiv preprint doi: https://doi.org/10.1101/2025.01.09.632197; this version posted January 13, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

627  Description: Genetic gains (a) and inbreeding levels (b) relative to selection based on underlying true

628  genomic values for different weighting factors for SNP effects depending on the allele frequency of the

629  beneficial variant, assuming known SNP effects.
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631  Title: Supplementary Figure 8

632  Description: Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding

633  valuesfor different index weights for the average kinship of an individua to the current breeding population.
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635  Title: Supplementary Figure 9

636  Description: Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding

637  values when avoiding different shares of matings between individuals based on the expected inbreeding level

638  of ahypothetical offspring.
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640  Title: Supplementary Figure 10

641  Description: Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding
642  values when avoiding different shares of matings between individuals based on the expected average kinship

643  level to the current population of a hypothetical offspring.
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644

645  Title: Supplementary Figure 11

646  Description: Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding
647  values for different approaches to account for Mendelian sampling variance in selection when including the

648 lad six generationsin the breeding value estimation.
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649

650  Title: Supplementary Figure 12

651  Description: Optima suggested by the evolutionary algorithm with balanced target function for each
652 iterations for each individual parameter and the estimated value of the target function in the optima. Black

653  dashed linesindicate the initial sampling range per parameter.
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Title: Supplementary Figure 13

Description: Optima suggested by the evolutionary algorithm with target function with focus on short-term
genetic gain for each iterations for each individual parameter and the estimated value of the target function in

the optima. Black dashed lines indicate the initial sampling range per parameter.
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659

660  Title: Supplementary Figure 14

661  Description: Genetic gains (a) and inbreeding levels (b) relative to selection based on estimated breeding
662  values when using optimum genetic contribution selection with an maximum inbreeding of 0.43% compared

663  totheuse of average kinship to the top individuals as atrait in the selection index with a weight of 17.5%.

664

665 Format: R

666  Title: Supplementary File 15

667  Description: Script used for the simulation of the different breeding program design considered in this study

668  and the subsequent analysis using the R-package MoBPS.

669
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670 Format: R

671  Title: Supplementary File 16

672  Description: Script used for analysis of outcomes of the simulations and subsequent generation of plots.

673
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