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Summary

This study aimed to develop a strategy to improve the accuracy of GBLUP in multi-trait
genomic prediction, taking heterogeneous variances and covariances across the genome into
account. One generation of genotypic data was produced from 50K haplotype data of 2,200
Holstein cows. A thousand of individuals were randomly selected among base population
individuals to form a reference population, while 100 individuals were randomly selected
among the individuals in generation one to form the test population. Two correlated traits
were generated. The traits had heritabilities of 0.1 and 0.4, respectively, and a genetic
correlation of about 0.6. The procedure of data analysis included two steps. First, SNP effects
and breeding values were estimated using the BayesAS method, assuming (co)variance was
the same for SNPs within a genome region of varying sizes (1 SNP, 100 SNPs, 1
chromosome or whole genome as a region). Second, posterior (co)variances of SNP effects
were used as weights for each SNP in construction of G matrices for single or multi-trait
GBLUP. Simulations were replicated 10 times. For both single and multi-trait BayesAS
analyses, regions of 100 SNPs provided the most accurate predictions of breeding values for
both traits. Using posterior SNP (co)variances from the BayesAS method to form weighted G
matrices substantially improved the accuracy of GBLUP.
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Introduction

Genomic prediction methods mainly fall into one of the two categories i.e. (i) methods
assuming a variance specific to each SNP or to a chromosomal region (Meuwissen et al.,
2001; Sørensen et al., 2012; Janss, 2014), and (ii) methods assuming a common variance for
all SNPs (Meuwissen et al., 2001; de los Campos et al., 2013). For instance, in one extreme
BayesA method, it is assumed that each SNP follows a normal distribution with null mean
and a locus-specific variance , while in another extreme Ridge Regression method, it is
assumed that all SNPs have null means and common variances It has been shown that this
Ridge Regression, which is called genomic prediction (VanRaden, 2008), can be written as an
animal model with a genomic relationship matrix, G.

A priori assumption of common variance for all loci in GBLUP results in a G matrix
that is common for all traits. However, any trait deviates from the infinitesimal model to
some degree, and different traits can be controlled by different sets of genes and different
chromosomal regions (Lipkin et al., 2008; Zhang et al., 2010). Hence, one needs a G matrix
that can reflect the genetic architecture of the trait of interest for improving genomic



prediction. Zhang et al. (2010) were the first to point out that Bayesian regression methods
assuming different variance for each SNP can be implemented in GBLUP to improve
genomic prediction accuracy. Using a trait-specific genomic relationship matrix by weighting
SNPs with their posterior variances from BayesB method, the authors reported higher
predictive abilities than traditional GBLUP method (Zhang et al., 2010). Following their
work, many others investigated the use of various weightings for GBLUP in single-trait
evaluation (Su et al., 2014; Calus et al., 2014; Tiezzi and Maltecca, 2015).

A great majority of the genomic selection studies has focused on single-trait breeding
value estimation. However, multi-trait methods are expected to yield more accurate
predictions than single-trait methods as in traditional BLUP. Simulation studies have shown
that multi-trait genomic prediction can lead to a considerable increase in genomic prediction
accuracy (Calus and Veerkamp, 2011; Jia and Jannink, 2012; Guo et al., 2014). These studies
either implemented Bayesian methods that have high computational demand especially for
large scale of data, or used GBLUP with a G matrix that is common to all traits. An ideal
estimation procedure, however, should be easy to apply with available sources, while taking
into account deviations from the infinitesimal model for the traits under investigation. In a
bivariate model, for instance, the method should account for heterogeneous covariances
between SNP effects on two traits, as well as heterogeneous variances of SNP effects on each
trait. In the framework of bivariate GBLUP, this immediately requires that genomic
relationship matrices are able to account for the heterogeneous variances (G1 and G2) and
covariances (G12) across the genome.

The aim of this study was to (i) extend the weighted single-trait GBLUP methodology
to multi-trait case, (ii) compare the performance of proposed methodology with traditional
single and multi-trait GBLUP methods, and (iii) investigate various weighting strategies for
further improvements of prediction accuracy, based on simulated data.

Material and methods

Data Set

Genotypic data were generated by simulations based on 50K haplotype data of 2,200 Holstein
cows. A thousand of individuals were randomly selected among base population individuals
to form a reference population, while 100 individuals were randomly selected among the
individuals in generation one to form the test population. Only the SNPs (11,154) on first five
chromosomes were used. Each chromosome was divided into windows of 1 million bp, and a
randomly selected SNP within a window was designated as a QTL if it met the condition of ,
where is a random number drawn from U(0,0.15) for the selected window, and MAFj is the
minor allele frequency of the SNP. The restriction in MAF for QTL was based on the
assumption that QTL in general have relatively low MAF. This process was performed until
200 SNPs were selected to be QTL. Two traits were considered, and each trait was assumed
to be determined by 140 QTL, among which 80 of them were shared with the other trait. The
effects of QTL were sampled from a Gamma distribution, G(0.4,1.66), and the shared QTL
were assumed to have the same effect on both traits. The QTL effects and the QTL genotypes
were used to obtain the breeding value of individuals. A residual sampled from was added to
each individual's breeding value to form its phenotype, where the size of was determined
according to heritabilities of 0.1 and 0.4, which represent low (L) and high (H) heritable
traits. The genetic correlation between the two traits was caused by shared QTL, which lead
to an average genetic correlation of 0.6. In total, 10 replicates were generated.



Models and Methods

Genomic BLUP.

A multi-trait marker effects model can be written as
(1)

where is the vector of phenotypes corrected for their mean, X is the matrix of marker
genotypes (centered), is the vector of marker effects, and is the vector of random

environmental effects. We assume that and , where is the covariance matrix of SNP
effects, and is the residual covariance matrix. Equation (1) can explicitly be written as
follows for two traits, L and H.

Assuming all the genetic variance is captured by markers, breeding values of
individuals are and . Because two traits are measured on the same individuals, XL=XH, and
we will denote these matrices with X0 to avoid confusion. Genetic covariance between two
traits is . Similarly, and . Assuming independence of marker effects and Hardy-Weinberg
equilibrium in the population, marker variances and covariance related to genetic variances (
and ) and covariance () are as follows (Morota and Gianola, 2014):

Here, and are the allele frequencies of 2nd and 1st alleles at loci j. Hence, we can write

with

where, , and are entries for the j’th diagonal of D matrices (VanRaden, 2008), , are the SNP
variances for traits L and H respectively, and is the covariance of the j’th SNP between traits.
It is more convenient to write

where GL and GH are the genomic relationship matrices that account for the heterogeneous
variances, while GLH is the genomic relationship matrix that accounts for heterogeneous
covariances across the genome. In most applications of multi-trait genomic prediction using
GBLUP, constant variances and covariances were assumed for SNP effects. In such a case ,
and , (for j=1,..,nSNPs) are equal to , and , respectively. Therefore, the numerator of the
diagonal elements of the D matrices are 1, and only a single relationship matrix, , needs to be
computed, and .

Multi-trait BayesAS.

The multi-trait BayesAS method is an extension of the method proposed by Janss (2014). The
assumption in multi-trait BayesAS is that SNPs in a genomic region have the same genomic
(co)variance, but SNPs in different genomic regions have different genomic (co)variances (Li
et al., 2017). Region sizes can be determined such that a single SNP can have its own
(co)variance, or all SNPs can have a common (co)variance. The model can be given as

(2)
where is the vector of phenotypes, is the overall mean, Xs is the matrix of marker genotypes
(centered) for region s, is the vector of marker effects for trait t and region s, is the vector of
random environmental effects. For the region s, SNP effects across traits were correlated and



were formulated by the following hierarchical models:

We assumed following priors for the parameters of the model

Variance and covariance for each SNP in each region can be computed as and (Li et al.,
2017).

Statistical Analysis

We aimed to compare the predictive abilities of BayesAS and GBLUP with a weighted G-
matrix (wGBLUP) in multi-trait genomic prediction. Single-trait versions of the above-
mentioned methods were also used. Varying sizes of genomic regions (1 SNP, 100 SNPs or 1
Chromosome) were considered to account for heterogeneous (co)variances over regions, as
well as a case where whole genome was considered as a region, using BayesAS. Then,
posterior (co)variance components of the population from these models were used in GBLUP,
and posterior (co)variances of SNPs were used to calculate weights for wGBLUP (Li et al.,
2017). The analysis of BayesAS model was carried out using the BAYZ software
(www.bayz.biz). The chain length of 20,000 cycles was considered with a burn-in period of
5,000 cycles. Thinning interval was set to 10, and in total 1,500 samples were saved for the
posterior analysis. The mean value of the posterior samples was considered as the estimate of
each parameter. Results from GBLUP were obtained by solving mixed model equations in R
(R Core Team, 2017). Accuracy of the method was calculated as the correlation between true
and estimated breeding values of individuals in the test population. Results presented here
were the average over 10 replicates.

Results and Discussion

Table 1 presents accuracies of BayesAS, GBLUP and wGBLUP for single and multi-trait
analyses. When a region size was one SNP, or in other words, when each SNP assumed to
have its own (co)variance, BayesAS was not superior to GBLUP for trait L in both single and
multi-trait analyses. This was also the case for both traits L and H, when all SNPs assumed to
have a common (co)variance, as implicitly assumed in GBLUP. Highest accuracies were
obtained with a region size of 100 SNPs for both single (0.43 and 0.66 for trait L and H,
respectively) and multi-trait (0.48 and 0.68, for trait L and H, respectively) analyses using
BayesAS. However, we were able to reach the accuracies of BayesAS with GBLUP via
weighting SNPs with posterior (co)variances obtained from BayesAS, regardless of the
region size. On the other hand, the gain from the weighting was higher for trait H than trait L,
due to the difference in the accuracy between BayesAS and GBLUP, especially when the
region size was 100 SNPs. The improvements of accuracy for trait L by changing single-trait
analysis to multi-trait analysis were more pronounced than those for trait H.

Table 1. Accuracies of genomic prediction using different methods with varying region sizes.
L (h2=0.1) H (h2=0.4)

Type Region size BayesAS GBLUP wGBLUP2 BayesAS GBLUP wGBLUP

ST1 1 SNP 0.40 0.40 0.40 0.60 0.57 0.60
100 SNPs 0.43 0.40 0.43 0.66 0.57 0.67



1 Chromosome 0.40 0.40 0.41 0.60 0.57 0.59
Whole genome 0.40 0.40 0.40 0.57 0.56 0.56

MT

1 SNP 0.44 0.44 0.44 0.60 0.58 0.60
100 SNPs 0.48 0.43 0.48 0.68 0.58 0.68
1 Chromosome 0.47 0.45 0.47 0.60 0.58 0.60
Whole genome 0.45 0.45 0.45 0.58 0.58 0.58

1 ST and MT: single and multi-trait, respectively
2 wGBLUP: weighted GBLUP

Using posterior SNP variances estimated from Bayesian whole genome regression
methods as weights to form a G matrix has been studied, and was shown to improve the
prediction accuracy of single-trait GBLUP (Zhang et al., 2010; Su et al., 2014; Calus et al.,
2014). These SNP variances were either used to weight SNPs individually, or averaged (or
summed) over regions to assign a common weight to a group of SNPs. We used a Bayesian
whole genome regression method, BayesAS, which allows assigning prior distributions for
genomic regions including any number of SNPs (Li et al., 2017). Special cases of this method
occur when the region size is one or whole genome, which reduces this model to BayesA or
GBLUP, respectively. Because our aim was to develop a methodology to improve accuracy of
multi-trait genomic prediction using GBLUP via weighted G matrices, we only investigated a
limited number of region sizes (1 SNP, 100 SNPs, 1 Chromosome or whole genome), and
prediction accuracy was the highest for the region size of 100 SNPs. Li et al. (2017) reported
that the region size of 100 SNPs resulted in similar estimates of variance components as
region sizes of 200 and 400, but more accurate estimates than the region size of 50 for milk,
fat and protein yields of Chinese and Nordic Holstein cattle.

Conclusions

In this study, we aimed to develop a strategy to improve the accuracy of GBLUP in multi-trait
genomic prediction, accounting for heterogeneous variances and covariances across the
genome. Our results demonstrate that multi-trait GBLUP can yield accuracies of genomic
prediction as high as the Bayesian multi-trait genomic prediction method, when SNPs are
weighted by posterior SNP (co)variances from the Bayesian method. Bayesian methods can
be applied to obtain the SNP weights, and these weights can be used to form G matrices in
GBLUP, which has a relatively low computational cost.
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