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Introduction
The routine use of genomic information to predict breeding values, referred to

as “genomic selection”, has revolutionized animal breeding (Berry et al., 2016).
Initially, genomic selection was centered around the concept of estimating the effects
of genome-wide markers for a given trait in a training population. Once marker
effects were estimated, the associated marker estimates were used for multiple
generations to predict genomic estimated breeding values (GEBV) for genotyped
selection candidates that lacked phenotypic observations. Based on this premise,
research has been conducted to understand what factors impact the erosion of GEBV
accuracy when effects are not re-estimated (Long et al., 2011).

Currently, the landscape of genomic selection has changed such that animals
are being routinely genotyped and phenotyped for most traits. As a result, the marker
effects are re-estimated on a routine basis instead of occasionally. Furthermore, it has
been shown that if marker effects are normally distributed with a constant variance,
genomic selection as outlined previously is equivalent to replacing the pedigree-based
relationship matrix (A) with a genomic-based relationship matrix (G) in the best-
linear unbiased prediction (BLUP) equations (Hayes et al., 2009). As new animals
continue to be genotyped and the generational depth of genotyped animals continues
to grow, the impact of truncating data from older animals on long-term genetic gain is
currently not well understood. Therefore, the objective of this study was to use
simulation to determine the impact of truncating data on older animals on the long-
term genetic gain when genomic selection is practiced.

Materials and Methods

Simulation Design

Simulation was carried out using the Geno-Diver software (Howard et al.,
2017). Two population designs were generated and included populations where
parents remained in the breeding population for multiple generations (low
replacement rate) versus only a few (high replacement rate) and will be referred to as
low_rep and high_rep, respectively. For the low_rep scenario, the male and female
replacement rate was 30 and 24 %, respectively, and parents were allowed to remain
in the population for a maximum of 6 generations. For the high_rep scenario, male
and female replacement rate was 50 and 40 %, respectively, and parents were allowed
to remain in the population for a maximum of 3 generations. Within a population
design, two heritability levels were generated and will be referred to as low_h2 and
high_h2, respectively. The low_h2 scenario had a narrow and broad sense heritability
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of 0.20 and 0.225, respectively. The high_h2 scenario had a narrow and broad sense
heritability of 0.40 and 0.45, respectively. Each scenario was replicated 30 times.

Within each scenario, SNP sequence data for 1,300 base haplotypes across
five chromosomes, each with a length of 100 Megabases (Mb), were simulated. The
historical population was generated utilizing the “Ne100_Scen1” option within Geno-
Diver, which generates moderate short-range linkage disequilibrium (LD). Following
sequence generation, QTL were randomly placed along the genome and a SNP panel
with neutral markers was created. Within each chromosome 2,100 markers and 105
QTL were generated. For each QTL, the additive effect (a) of a QTL was sampled
from a gamma distribution with an equal chance of being positive or negative. The
dominance effect (d) of a QTL was generated similarly to Wellmann & Bennewitz
(2012). The parameters used to generate dominance effects were utilized to create a
trait that displayed directional dominance along with a majority of the loci displaying
partial dominance. The phenotype for an individual (yi) was generated as:

where is the general mean, nQTL is the number of QTL, is the genotype (i.e. 0 for
the homozygote; 1 for the heterozygote; 2 for the alternative homozygote) for
individuali at QTLq, a is the additive effect for QTLq, is the dominance genotype (i.e.
1 for heterozygote; 0 for either homozygote) for individuali at QTLq, d is the
dominance effect for QTLq and ei is a normal residual (e ~ N (0, ()). After the founder
population and genetic architecture of the trait were generated, a forward-in-time
selection scenario was undertaken for fifteen generations. The population consisted of
50 males and 400 females. Random selection was utilized for the first 5 generations
to build up pedigree relatedness. From generation 6 to 15 progeny were selected and
parents culled based on GEBV, with the favorable GEBV direction being positive.
Animals were mated at random and one progeny was produced per mating.

GEBV Prediction Method

The method used to predict GEBV for individuals was either Bayes C (Habier
et al., 2011) or GBLUP as described in VanRaden (2008). In Bayes C, a portion of the
markers are assumed to have null effect while the remaining are assumed to have a
non-zero effect. The proportion of non-zero markers was set at 0.05. Marker effects
for Bayes C were estimated utilizing a Gibbs sampler. At generation 6, the number of
iterations was 15,000 with a burn-in of 5,000. The remaining generations utilized
starting values for marker effects from the previous generation and the number of
iterations was reduced to 8,000 with a burn-in of 2,000. Across all generations, a
thinning rate of 5 was utilized. In GBLUP all markers are assumed to have a non-zero
effect. The G matrix was constructed as outlined below:

,
where n is the number of markers, pi is the allele frequency of the second allele at
markeri and Z is an incidence matrix corresponding to gene content corrected for
allele frequencies (VanRaden 2008). The allele frequencies were estimated based on
animals utilized in the estimation of breeding values. Within each GEBV prediction
method, phenotypes and genotypes were kept and used to predict GEBV for
individuals and their associated progeny born 1, 2, 3, 4, 6, 8, and 15 generation back
from selection candidates. Random selection of progeny and culling of parents were
simulated to determine the impact of selection on the correlation between TBV and
GEBV across generations. The 95 % confidence interval was calculated based on a
randomized complete block design with replicates considered fixed.



Results & Discussion

The percent reduction in genetic gain at generation 15 compared to using all
available data across the four scenarios based on different truncation points is
illustrated in Figure 1. Across all four scenarios keeping only 1 generation back (i.e.
parents and the associated progeny) from the selection candidates resulted in a lower
true breeding value (TBV) at generation 15 compared to utilizing all available data.
The percent reduction in genetic gain at generation 15 when only keeping 1
generation back ranged from 3.8 to 14.5 percent. The largest reductions were in the
low heritability scenarios. Under the low_rep scenario, truncating data from 2 or
more generations back from the selection candidates did not reduce the TBV at
generation 15 compared to utilizing all available data across both trait heritabilities
and prediction methods. Under the high_rep scenario, the truncation point that did not
result in a reduction in the TBV at generation 15 varied across heritability scenarios
and prediction methods and ranged from 2 to 4 generations back from the selection
candidates. Within the high_rep scenario, the low_h2 scenario relied on a larger
number of generations back from the selection candidates compared to the high_h2

scenario. Furthermore, the high_rep scenario resulted in the largest difference
numerically in the percent reduction across the GEBV prediction methods, although
across both heritability scenarios the 95 % CI did intersect. The correlation between
TBV and GEBV across generations is outlined in Figure 2 across the four scenarios.
Similar to the reduction in genetic gain results, keeping only 1 generation back from
the selection candidates reduced the correlation between TBV and GEBV compared
to utilizing all data for breeding value prediction. Furthermore, the generational
truncation point based on genetic correlation reduction was 2 (low_rep and high_h2),
3 (high_rep and high_h2, low_rep and low_h2) or 4 (high_rep and low_h2)
generations back from the selection candidates. Under random selection the genetic
correlation between TBV and GEBV remained stable, and when selection occurred it
decreased slightly across generations.

Under the low_rep scenario, an animal accrues more information as a result of
staying in the breeding population longer compared to the high_rep scenario. As a
result, information from older relatives has little impact on estimating the breeding
value of the selection candidate compared to the high_rep scenario. Furthermore, as
the heritability of the trait decreases, information from relatives receives a larger
weight when estimating the breeding value of an individual compared to an
individual’s phenotype, which is illustrated in Figure 1 under the high_rep scenario.
Removing phenotype and genotype data resulted in a large reduction in the number of
equations to solve. For example, under the low_rep scenario with a truncation point
of 2 generations, the number of equations is reduced by 50 %. Furthermore, when
utilizing the marker effects model, run time was approximately halved. As a result, as
the number of genotyped animals increases, removing phenotypic and genomic
information on animals that have minimal impact on predicting the genetic merit of
current selection candidates is a viable option to reduce the complexity and run time
of the model. The generation at which data is removed depends on the replacement
rate in the population and the heritability of the trait. Previous work based on
empirical data has found that the number of training generations required without a
reduction in GEBV accuracy in the selection candidates is similar to the current study
and ranges from 2 to 6 generations (Lourenco et al., 2014; Weng et al., 2016).



Conclusion

The current study has utilized simulation to determine the impact of truncating
information across multiple generations in the context of genomic selection. The
truncation point that resulted in the same genetic trend when all available data was
utilized varied across scenarios and ranged from 2 to 4 generations back from the
selection candidates. Truncating phenotype and genotype information is a viable
option that reduces the number of equations to solve without negatively impacting the
genetic trend.

Figure 1. Mean ( 95 % Confidence Interval) percent reduction in true breeding value
at generation 15 by scenario, different estimation methods and truncation points.
1 The percent reduction in True Breeding Values (TBV) at generation 15 was calculated as one
minus the ratio of mean TBV at generation 15 for a given cutoff point over the mean TBV at
generation 15 when utilizing all animals.



Figure 2. Mean ( 95 % Confidence Interval) correlation between true breeding value
and estimated breeding value across generations by scenario, different estimation
methods and truncation points.
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