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Summary

We propose a general BLUP method for genomic prediction to include explanatory variables
for SNP-specific variances that allow both continuous and class variables. Our Codata model
uses a link function approach within the hierarchical generalized linear model framework
implemented in the hglm package in R. The paper assesses the accuracy for such a model
with special emphasis on the effect of LD structure on estimation accuracy. For small to
moderate number of simulated QTL (10 to 40) along two chromosomes, the Codata model
outperforms SNP-BLUP in terms of average accuracy of predicted genomic breeding values.
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Introduction

The advances in the area of molecular genetics have allowed the development of SNP chips
that provide genomic information throughout the genome. Along with the molecular
advances, new statistical methods have been developed with the purpose of predicting the
breeding values of candidates to selection using genomic information (“Genomic Selection”,
GS, Meuwissen et al., 2001).

Several statistical methods have been proposed for genomic prediction based on
assumptions about the genetic architecture of the trait of interest. The most popular method
provides Best Linear Unbiased Predictions (BLUP) of the SNP markers (Meuwissen et al.,
2001) by assuming that the marker effects come from a Gaussian distribution with constant
variance and results in all SNPs having some effect onto the analysed trait. Another group of
methods, denoted “variable selection methods” assume that the genetic effects of the SNPs
follow alternative distributions like a t-distribution (Bayes A) (Meuwissen et al., 2001), a
double exponential distribution (Bayes LASSO) (de los Campos et al., 2009; Usai et al.,
2009) or a mixture of distributions (i.e. Bayes B, Bayes Cπ, Bayes R) (Meuwissen et al.,
2001; Habier et al., 2011; Erbe et al., 2012). These prior assumptions are rather arbitrary and
their performance relies heavily on the model capturing accurately the true genetic
architecture of the trait of interest (Daetwyler et al., 2010).

Recently, new tools have been developed to incorporate existing knowledge of the
genetic architecture of complex traits into GS models. Some of them include the “BLUP
approach given the Genetic Architecture” (BLUP|GA) (Zhang et al., 2014) that uses publicly
available Genome Wide Association Studies (GWAS) results to build trait-specific genomic
relationship matrices, and the “system genomic BLUP” (sgBLUP) (Kadarmideen, 2014)
where SNPs with known biological role are explicitly modelled in addition to conventional
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random SNP effects in SNP-BLUP or GBLUP methods. Additionally, a few methods were
also developed within the Bayesian framework. For example, Bayes Bπ (Gao et al., 2015) is
able to utilize locus-specific priors obtained from a variance analysis (ANOVA) based on
single markers and Bayes RC (MacLeod et al., 2016) incorporates prior biological
information by defining classes of variants likely to be enriched for causal mutations.

What seems to be missing in the literature is a general BLUP method to include
explanatory variables for SNP-specific variances that allow both continuous and class
variables. Here, we propose a general model using a link function approach within the
hierarchical generalized linear model framework (Lee et al., 2006) and the aim of this paper
is to assess the accuracy for such a model with special emphasis on the effect of LD structure
on estimation accuracy.

Material and methods

Simulation

A historical population of 100 individuals which evolved under random mating for 400 non-
overlapping generations was simulated. The genome comprised of two chromosomes of 1
Morgan each with 2200 loci in total, evenly distributed. In the base population alleles were
coded as 0 or 1 with equal probability resulting in intermediate average frequencies. The
mutation rate was set at 10-3 for all loci and generations. After the historical generations,
generations 1 and 2 were simulated, still under random mating and keeping the population
size constant in order to obtain the training and validation sets.

To simulate QTLs, N loci were selected randomly excluding loci that were on the
edge of the chromosomes and those with a minor allele frequency (MAF) lower than 0.01.
Three different scenarios were simulated with the total number of QTLs (N) equal to 20, 40,
or 200. The QTL effects, , i = 1, …, N, were assumed normally distributed with mean 0 and
varying variance assigned in one of the two following ways:
Sc1: ~ N(0, ), = exp(1) with probability 0.5, and = exp(3) with probability 0.5.
Sc2: ~ N(0, ), = exp(1) if belonged to chromosome 1 and = exp(3) if belonged to
chromosome 2.

Generation 1 served as the training set and therefore phenotypes were simulated for
all 100 individuals as:

, (1)

where is a fixed effect which we set equal to 0, is the scaled QTL genotypes, is the
simulated normally distributed QTL effect as described above, and ~ N(0,2). Generation 2
was used as validation set where true genomic breeding values (TGBVs) were computed as: ,
where is the scaled QTL genotype for markers i and animal j for this generation.

Genomic evaluation

The estimation of the marker effects was performed using the hglm package in R (Rönnegård
et al., 2010) excluding from the marker panel the loci that were selected as QTLs and
assuming the following model:

, (2)

where is a fixed effect, p is the number of SNPs, is the genotype of the neutral SNP i for
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animal j, is the residual effect, and is the marker effect with , if marker i is associated with a
QTL, or , if marker i is not associated with a QTL. We defined markers as associated with a
QTL if they were positioned in an arbitrary window around a QTL and three different
window sizes of 10, 20 and 40 markers were tested. Hence, a study with known regions
harbouring the QTL was mimicked, where these chromosomal regions are known with
varying degree of uncertainty based on external information.

The hglm package allows for both discrete and continuous explanatory variables for
the variance components. In this paper, the above model is investigated with two variance
components, which is equivalent to having a discrete explanatory variable with two levels
and is referred to as Codata model in this paper.

Additionally, a traditional SNP-BLUP evaluation was also performed for comparison
reasons with the same package. The Estimated Genomic Breeding Values (EGBVs) were
calculated as , where is the scaled genotype of the neutral SNP i for animal j of the
validation set and the accuracy was calculated as the Pearson correlation between estimated
and true genomic breeding values.

Results

The simulation structure of the QTL effects tries to mimic two different scenarios of LD
between the QTLs. The first scenario allows for QTLs with different variances to be in LD,
while in the second scenario the QTLs with different variance are located on different
chromosomes and therefore there is no LD between them.

Table 1 presents the accuracies obtained from all scenarios and all cases of number of
QTLs controlling the trait. The models including additional information on the SNPs
(Codata models) performed generally better than the simple SNP-BLUP with the exception
of the case of 200 QTLs. The accuracies obtained from the Codata models (with 10 marker
window) resulted 19% and 4.7% higher than the simple SNP-BLUP model for the cases of
20 and 40 QTLs respectively. On the other hand, when the number of QTLs was 200 the
Codata model resulted in a 2.2% lower accuracy. These results follow those of Zhang et al.,
(2014) where they analysed three dairy cattle traits (Milk Yield (MY), Fat percentage (FP)
and Somatic Cell Count (SCC)) and found that traits controlled by a few QTLs with large
effects (MY and FP) perform better under models with additional information on the SNPs
while the SCC trait, that is controlled by many QTLs evenly distributed along the genome,
performed better under the standard GBLUP model.

Moreover, the window size showed to have an effect on the accuracy obtained from
the Codata models (Table 1). Accuracy decreased with increasing window size for all
scenarios and cases. The larger window sizes contain more markers that are not in LD with
the QTL and therefore are not informative. Assigning higher prior weight to these markers
introduces noise to the estimation. Figure 1 shows the simulated QTL effects and the
estimated marker effects for the 1st scenario with 20 QTLs (example of 1 replica). As it can
be observed, the smaller window sizes are better at capturing the QTL effect than larger
windows where the effect seems to be diluted among many markers.

Furthermore, with respect to the two estimated variance components for the Codata
model the difference between them decreased as the number of QTL increases and marker
windows increases (Table 2), which was expected as larger windows and more QTL tend to
increase the noise in the model.

Finally, we did expect to find larger differences between Scenarios 1 and 2, and
further analyses are required to fully understand the importance of LD for the Codata model.
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Conclusions

The use of external biological information to model SNP-specific variances is beneficial as it
can increase the accuracy compared to the standard SNP-BLUP. Nonetheless, this benefit
seems to decrease with increasing number of QTLs controlling the trait.
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Table 1. Mean accuracy (standard error)3 of the predicted genomic breeding values for
generation 2 under all scenarios.

No QTLs¹ Codata_W10² Codata_W20² Codata_W40² SNP-BLUP

Sc1 20 0.576

(0.013)

0.554

(0.013)

0.517

(0.014)

0.484

(0.012)

40 0.511

(0.013)

0.496

(0.014)

0.485

(0.013)

0.488

(0.011)

200 0.455

(0.012)

0.434

(0.013)

0.430

(0.015)

0.465

(0.012)

Sc2 20 0.544

(0.014)

0.531

(0.014)

0.507

(0.013)

0.467

(0.012)

40 0.486

(0.012)

0.476

(0.012)

0.462

(0.012)

0.460

(0.012)

200 0.475

(0.012)

0.467

(0.013)

0.453

(0.014)

0.479

(0.012)
¹Number of QTLs controlling the trait
²SNP-BLUP with additional information on the SNPs, W10= 10 marker window, W20= 20 marker window,

W40= 40 marker window
3 The simulation and analysis was performed using 100 replicates and the results presented here were

averaged.



Proceedings of the World Congress on Genetics Applied to Livestock Production, 11.137

Figure 2. Example of QTL effects and estimated marker effects in Scenario 1 with 20 QTLs.
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Table 2. Estimated dispersion parameter (standard error)4 of the marker effects.
No QTLs¹ Codata_W10² Codata_W20² Codata_W40² SNP-BLUP

³ ³ ³ ³ ³ ³ ³

Sc1

20
4.23

(0.153)

0.75

(0.201)

3.50

(0.163)

0.79

(0.197)

2.79

(0.182)

0.59

(0.234)

2.18

(0.147)

40
2.88

(0.258)

0.84

(0.198)

2.70

(0.223)

0.50

(0.226)

2.31

(0.190)

0.44

(0.267)

2.11

(0.160)

200
1.84

(0.221)

1.05

(0.262)

1.70

(0.215)

1.02

(0.344)

1.88

(0.184)

-0.20

(0.474)

1.99

(0.179)

Sc2

20
3.64

(0.263)

0.61

(0.196)

3.41

(0.178)

0.38

(0.219)

2.99

(0.156)

-0.08

(0.258)

2.01

(0.155)

40
2.92

(0.210)

0.99

(0.213)

2.70

(0.176)

0.62

(0.246)

2.31

(0.169)

0.32

(0.303)

2.08

(0.146)

200
2.12

(0.163)

0.86

(0.289)

2.03

(0.164)

-0.11

(0.377)

2.02

(0.158)

-0.94

(0.473)

2.14

(0.152)
¹ Number of QTLs controlling the trait
² SNP-BLUP with additional information on the SNPs, W10= 10 marker window, W20= 20 marker window,

W40= 40 marker window
³ Simulated values: b1=3 and b2=1. = variance of markers associated with a QTL, = variance of markers

not associated with a QTL, = SNP variance from SNP-BLUP.
4 The simulation and analysis was performed 100 replicates and the results presented here were averaged.


