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ABSTRACT

Improvement of quantitative traits in livestock is an essential goal of animal breeding. For the achievement of this goal, an accurate
breeding value estimation is needed. The genetic relationship between reference and test groups is a key factor in determining the
accuracy of genomic estimated breeding value (GEBV) thus, the structure of the reference population is crucial for efficient genomic
selection. By the number of sharing parents, the population structure can be divided into half-sibling and full-sibling families. Also,
the population structure of Hanwoo cattle primarily consists of half-sibling families because of the production system. Therefore,
comparing half-sibling and full-sibling families is challenging in the Hanwoo cattle population, yet an important issue in the direction
of breeding strategy in Korea. The objective of this study was to compare the accuracy of GEBV between different family structures and
investigate efficient family size in the reference population using simulated data. 6 different populations were simulated using QMSim
software, and the individuals in the last generations were separated into reference and test groups. The GEBV was calculated using
BLUPF90 software. Practical accuracy was between 0.36-0.52 in half-sibling families and 0.55-0.77 in full-sibling families. The increase
rate of accuracy was highest at the sibling size of 20, with practical accuracy of 0.52 in half-sibling families and 0.77 in full-sibling
families. As a result, the most efficient population structure for genomic prediction was a sibling size of 20 in a full-sibling family.

Keywords: Genomic estimated breeding value, Genomic selection, Hanwoo, Population structure, Reference
population

INTRODUCTION

The main goal of animal breeding is to select individuals with good genetic merit for economic traits as parents and to produce offspring with
desired traits (C.M. Dekkers, 2012). Traits of interest are expressed in terms of values such as phenotype and breeding value. Breeding value
explains the expected offspring performance of an individual by variable information and is therefore an efficient source for selection in animal
breeding. However, knowing the animals’ true breeding value or real genetic potential is impractical (Oldenbroek & Van der Waaij, 2020). Thus,
the researcher’s objective is to predict the real genetic potential with Estimated Breeding Value (EBV). Genomic best linear unbiased prediction
(GBLUP) is one of the methods used to estimate genomic breeding value (Henderson, 1984). GBLUP accepts genomic information to construct
relationship information and estimates breeding value by applying the correlation and path coefficient methods to Mendelian inheritance (Zhang et
al., 2021).
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Selection response is a value that indicates the genetic difference between generations. In other words, selection response represents the
power of selection. The selection response should be of considerable value to successfully achieve the goal of animal breeding in a short period.
Selection response is influenced by selection intensity, genetic variance, generation interval, and the accuracy of estimated breeding value
(EBV) (S. H. Lee et al., 2015). Using the appropriate reference population, for instance, animals who have close genetic relationships with the
test population, is vital for the higher accuracy of the EBV (Clark et al., 2012). The importance of population structure in reference data has
been demonstrated in previous studies (Clark & Van Der Werf, 2013). The EBVs calculated using closely related individuals as a reference
showed a higher correlation with phenotypic information than those using individuals distantly related to the animals in the test population.
The population structure consists mainly of half-siblings and full-siblings. Half-siblings and full-siblings explain the relationship between
individuals sharing one parent and both parents respectively. In Hanwoo cattle, the half-sibling family structure is relatively more prominent
than the full-sibling family structure because the Hanwoo production system consists of only a few males, known as Korean proven bulls (KPN),
that are used for mating (S.-H. Lee et al., 2014). Although this unique population structure of Hanwoo cattle makes comparing half-sibling and
full-sibling families challenging, it provides a distinctive opportunity to study the effect of population structure on the accuracy of EBV. It is
worthwhile to investigate how the population structure would affect the EBV accuracy. Moreover, examining the impact of the efficient number
of offspring in a family in reference data may play an important role in the selection of effective breeding strategies in the Hanwoo population.
The objective of this study was to compare the accuracy of GEBV between different population structures and to investigate the efficient family

size in reference populations using simulated data.

MATERIALS AND METHODS

Simulation

Phenotype and genotype data were simulated using QMSim software (Sargolzaei & Schenkel, 2009) to mimic the population structure
and genotypes of carcass traits in Hanwoo cattle (Table 1). A S0K marker density panel was simulated to generate bi-allelic markers evenly
distributed across 29 autosomes with a length of 2,349 Mbp. A total of 6 different Hanwoo cattle populations were simulated to generate half-
sibling or full-sibling data with varying numbers of siblings in the family.

Table 1. Population structure and simulation parameters(continued).

Parameter Half-sibling Full-sibling
Step 1: Historical Generations
Number of generations (size) - phase 1 1,000 (1,000)
Number of generations (size) - phase 2 20 (3,150, 6,150) 1,020 (3,150)
Number of males in the last historical generation 150
Step 2: Recent Generations
Number of founder males from the HG 150 75
Number of founder females from the HG 1,500, 3,000, 6,000 3,000
Number of offspring per dam 10, 20, 40
Number of generations 3
Ratio of male progenies 50%
Mating design EBV, positive assertive
Replacement ratio for males 30%
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Table 1. Population structure and simulation parameters.

Parameter

Half-sibling

Full-sibling

Step 2: Recent Generations
Replacement ratio for females
Selection design
Culling design
EBV estimation method
Trait heritability
QTL heritability
Phenotypic variance

Genome
Number of chromosomes
Total length
Number of markers
Marker distribution
Number of QTLs
QTL distribution
MAF for markers
MAF for QTL
Additive allelic effects for markers
Additive allelic effects for QTL
Complete LD in the first HG
Rate of missing marker genotypes
Rate of marker genotyping error

30%
High EBV
Low EBV

BLUP
0.45
0.2
1.0

28
2349
1724

Random
100
Random
Equal
Equal

Gamma distribution (shape = 0.4)
Mq
0.01
0.005

The historical population (HP) phase 1 was created by randomly mating 1,000 individuals over 1,000 generations to create linkage

disequilibrium (LD) in the population. The size of HP phase 2 was then increased over 20 generations to create founders for more recent

generations. The proportion of sires was maintained at less than 10% across all populations in recent generations to mimic the sex ratio of the

Hanwoo cattle population used for mating. The number of founders and litter size were altered between populations to create populations with

different family structures. In the half-sibling population, the number of offspring per dam was fixed at one, and the number of half-siblings in

each family was controlled by the number of dams in the recent population. However, in the full-sibling population, the number of offspring

per dam was set at 10, 20, and 40 to create a population corresponding to the full-sibling family size (Figure 1).
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Figure 1. Diagram of simulated population structure; HP: historical population, Half: half-sib, Full: full-sib, M:
number of male progenies, F: number of female progenies, LS: Litter size.
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Structure of test and reference data

Individuals in the last generation of the recent population were used to create test and reference data. The size of the population and the
number of siblings within the family are described in Table 2. In each population, 100 individuals were randomly selected for the test data, and

the rest were used as reference data.

Table 2. Population size in the last generation of the recent population.

Number of siblings Half-sibling Full-sibling
10 1,500 3,000
20 3,000 3,000
40 6,000 3,000

Genotype relationship matrix

Genotype quality control (Hardy-Weinberg test: 0.0001, genotyping rate: 0.1, minor allele frequency: 0.01) was performed using the PLINK
1.9 software (Purcell et al., 2007) for the genomic data used for the analysis, and the GCTA software (Yang et al., 2011) was used to calculate
genomic relationship matrix (GRM) which incorporates genomic level relationships between individuals. GRM was calculated based on

genomic information using the equation:

(M —P)(M— Py

G = m
23 pi(1— py)

Where M is the marker allele matrix for each individual and P is a matrix comprising the frequency of the second allele, p;. By dividing
(M — P)(M — P) by > »i(l- p), G matrix becomes similar to the pedigree-based relationship matrix and can be used as relationship
=1
matrix (Lourenco et al., 2020). The relationships between reference and test groups were considered to calculate the variance of relatives.

Figure 2 shows the considered elements in the GRM.

eference Test

Test

Figure 2. Structure of GRM. The elements in the red square were used to calculate the variance of relatives.

Genomic prediction

The genomic prediction model considered sex as a fixed effect and animal effects as a random effect. Therefore, the GEBV was calculated
based on the following model (Henderson, 1984):
y=Xb+Wu+e
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where y, b, u, and e are the vectors of the phenotypes, fixed effects, animal effects, and residual errors, respectively. X is the incidence matrix

for fixed effects, and W is the incidence matrix for animal effects. This model can also be expressed as:
X'X X'W B [xty
’ 2 —
WX WW+G'2=||a| [Wy

where 0%, 0% are the residual variance, the additive genetic variance respectively and G is the genomic relationship matrix.

Genetic variance and residual variance were calculated by AIREMLF90 based on reference data and GEBV was calculated by BLUPF90
(Aguilar et al., 2018).

The accuracy of genomic prediction (practical accuracy) was calculated for each half-sibling and full-sibling population. The accuracy of
GEBYV in each population was calculated by the Pearson correlation coefficient (r?) between phenotypes and GEBVs of individuals in test data
set by equation (Benesty et al., 2009):

E(ab)
Ta0p

Tab =

where a and b are random variables, E(ab) is the cross-correlation between a and b, and 0. = E(2%) and 0, = E(b?) are the variances of the
random variables a and b.
The expected accuracy of genomic prediction was calculated in two ways. First expected accuracy (theoretical accuracy) was calculated by

using parameters from mixed-model equations (Henderson, 1975):

_ PEV
var(g)

TEBV =

where prediction error variance (PEV) was calculated using the true breeding value of test individuals. In addition, the second expected

accuracy (correlation accuracy) was calculated considering the family structure of populations (Oldenbroek & Van der Waaij, 2020):

+nh? +nh?
Thalf = y Thull =
o L+ (n—1)(3h? + c?yg) T 1+ (n—1)($h%+ c?pg)

where n, h> and ¢? are the number of siblings, heritability, and common environmental effect respectively. The common environmental effect

was assumed to be zero.

RESULTS

Table 3 depicts the variance of relatives of half-sibling and full-sibling families with different levels of EBV accuracy. Individuals in the test
group were divided into three groups with a high, middle, and low theoretical accuracy of EBV by the first and third quartile numbers of the
theoretical accuracy. The variance of relatives displayed higher values with higher EBV accuracy. Moreover, full-sibling families showed a

greater overall variance of relatives compared to half-sibling families.
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Table 3. Variance of relatives of half-sibling and full-sibling families with different levels of EBV accuracy.

EBV Accuracy Variance of Relatives
Half-sibling Full-sibling
High accuracy 0.0013
Medium accuracy 0.0009
Low accuracy 0.0005

In test data, full-sibling families exhibited higher levels of the overall mean of practical accuracy compared to half-sibling families, as shown

in Figure 3. Full-sibling families with both 20 and 40 siblings equally recorded the highest value of practical accuracy of 0.77 and the lowest

accuracy (0.36) was observed corresponding to the half-sibling families with 10 siblings.
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Figure 3. Practical genomic prediction accuracy in half-sibling and full-sibling family.

Figure 4 presents the theoretical accuracy, correlation accuracy, and practical accuracy concerning the half-sibling population in the test

data. For test data, the mean theoretical accuracy was 0.42, 0.49, and 0.55 for families with 10, 20, and 40 siblings respectively. Correlation

accuracies were observed as 0.37, 0.42, and 0.46 and practical accuracies were 0.36, 0.52, and 0.51 for 10, 20, and 40 sibling families

respectively. In 10 and 40 sibling families, the practical accuracy was observed to be lower than the theoretical accuracy. However, in 20

sibling families, the mean of practical accuracy exhibited a slightly higher value compared to the theoretical accuracy. The theoretical accuracy

displayed the highest figure with 40 sibling families (0.55), in contrast, 20 sibling families were observed to have the highest practical accuracy

(0.52).
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Figure 4. Expected and practical genomic prediction accuracy in half-sibling family.
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The theoretical, correlation, and practical accuracies of full-sibling families in the test population (Figure 5) showed the same pattern as half-
sibling families with moderate changes in the accuracy levels. Families with 10, 20, and 40 siblings demonstrated similar levels of 0.63, 0.67,
and 0.69, theoretical accuracies respectively. Nevertheless, the practical accuracy showed an increasing trend from 0.55 for 10 sibling families
to 0.77 for 20 sibling families and then stayed constant from 20 to 40 sibling families. The mean practical accuracy displayed a lower-than-

expected value in 10 sibling families. Correlation accuracy slightly increased from 0.61 to 0.68, from 10 to 40 sibling families.

0.69
0.68
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0.63 0.61
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Figure 5. Expected and practical genomic prediction accuracy in full-sibling family.

DISCUSSION

The success of genomic selection in cattle breeding programs significantly relies on understanding the impact of the structure of the
reference population on prediction accuracy. The objective of this study was to evaluate the GEBV accuracy of animals from different
population structures and family sizes in reference data. Half-sibling and full-sibling populations and families with 10, 20, and 40 siblings were
used and estimated breeding values from each population were compared. The practical accuracy of EBV showed higher accuracy in full-
sibling families than in half-sibling families. This result is expected to be the effect of different family structures in the reference population.
Recent studies(Clark et al., 2012; S. H. Lee et al., 2017) have shown the effect of population structure on genomic prediction accuracy.
When animals in the main population are in a close relationship with reference animals, the genomic prediction accuracy tends to be higher.
Close relationships imply that more SNP-phenotype associations estimated are shared by both reference and test populations thus genomic
information of reference data better explains the genomic information of the individuals in the test data (Oldenbroek & Van der Waaij, 2020).
Assuming that parents of the last generation are not related, the relationship of individuals in a half-sibling family is either 0 or 0.25, and the
relationship of individuals in a full-sibling family is 0 or 0.5. As the individuals in simulation data came from a single historical population,
this value may be larger. However, the gap in the relationship between siblings and unrelated individuals is still different between half-sibling
and full-sibling families. As a result, the variance of relatives in half-sibling families is smaller than in full-sibling families. Hence, genomic
information of full-sibling-based reference is comparatively more effective in explaining genomic information of the test data resulting in
higher prediction accuracy.

For a better understanding of the effect of family size on prediction accuracy, the expected and practical accuracies were compared between
different family sizes of 10, 20, and 40 siblings. The expected accuracy of GEBV in half-sibling families exhibited an increasing tendency as
the number of siblings in the family increased. With a large number of siblings in the family, there is more information available to predict the

breeding values leading to higher prediction accuracy (Chu et al., 2019). However, unlike the expectation, practical accuracy did not show a
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significant difference when the number of siblings was increased from 20 to 40. While the main reason for this observation is expected to be
the proportion of explainable information, it can also be a result of the difference in data. Assuming that every individual in the test data came
from a different family, the proportion of siblings in the test data in reference was about 0.33 in all populations of half-sibling families. In this
case, the size of reference data was assumed to have a low impact on the accuracy of GEBV (Habier et al., 2010). Nevertheless, the low value
of practical accuracy in a half-sibling family with 10 siblings may be the effect of small reference data.

For full-sibling families, unlike in half-sibling families, the proportion of siblings in test data in reference data increased with the number
of siblings in the population. However, in the full-sibling population, the practical accuracy did not show a significant difference between
populations with 20 and 40 siblings. This may indicate that the reference data constructed with the number of siblings above 20 in the family
has the same ability to explain the genomic information of the test data.

Based on the results of this study, is it suggested that using reference data with a full-sibling family structure had a higher advantage in
genomic prediction than the reference data with a half-sibling structure. Moreover, in both half and full-sibling families, the accuracy of
genomic prediction exhibited the best efficiency at a sibling size of 20 in a family.

This study employed simulation data to examine the effect of population structure and family size of reference data on prediction accuracy.
For a deeper understanding of the impact of the reference population structure on GEBV accuracy, it is worthwhile to investigate the concept

using real data.

CONCLUSION

The results from simulation data demonstrated that in genomic prediction, reference data with a full-sibling family structure is more
advantageous than reference data with a half-sibling structure. Moreover, sibling size 20 in a family provided the highest accuracy of genomic

prediction.
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