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Summary

Whole-sequence data is expected to outperform single nucleotide polymorphisms (SNP) chip
data since it contains the causative mutations and SNP that are in complete linkage
disequilibrium with all quantitative trait loci expressed in the phenotype. The aim of this
study was to compare the genomic prediction accuracies and validation biases from subsets of
sequence SNP with those from the 50k SNP chip, on the New Zealand national across-breed
genomic evaluation using a marker single-step model for liveweight and protein yield. For
both protein yield and liveweight the analyses using the sequence SNP data had greater bias
than the analysis using the 50k SNP chip data. The validation accuracies showed little or no
increase the accuracy of genomic evaluation when using sequence data compared to the SNP
chip data. Results from a second series of analyses, changing the proportion genetic variance
distributed between the SNP markers and the random polygenic effect, showed that maximum
validation accuracies were obtained when 40 to 60% of the variance was partitioned to the
SNP markers. In future, it may be necessary to explore the use of breed of origin haplotypes
and develop more accurate methods of imputation or directly genotype sequence variants that
have large effects on the phenotypes of interest to improve validation accuracies in a multi-
breed population.
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Introduction

Access to whole-genome sequence data on dairy animals is becoming increasingly prevalent
in the major dairy cattle populations. Whole-genome sequence data should contain causative
mutations associated with most of the genetic variation observed in phenotypic traits.
Furthermore, the sequence data is expected to contain single nucleotide polymorphisms
(SNP) which are in complete linkage disequilibrium (LD) with all quantitative trait loci
(QTL) expressed in the phenotype. Both these factors are an advantage compared to SNP chip
data, where there may be no SNP in strong LD with some of QTL. Hence SNP may not
account for all the genetic variance, thereby resulting in lower genomic prediction accuracy.
<tab>Extensive LD has been found in dairy cattle (de Roos et al., 2008), however, the phase
of LD can vary between breeds. This can reduce the accuracy of across-breed genomic
predictions because the SNP effect for each breed can cancel out each other in the across-
breed analysis. This is important in dairy cattle populations such as New Zealand, because, it
consists of predominantly Holstein-Friesian x Jersey crosses (HFxJ), with both purebred and
crossbred sires used. An across-breed genomic evaluation is done because the small purebred
reference population sizes as well as a need to provide genomic evaluations for crossbred
animals. However, the effectiveness of the evaluation could be reduced if the LD phasing

mailto:bharris@lic.co.nzm


Proceedings of the World Congress on Genetics Applied to Livestock Production, 11.340

differs among the breeds. The use of sequence data is expected to improve multi-breed
genomic evaluation (Lund et al., 2016).

To date, results from the use of sequence data within dairy cattle genomic evaluation
have been variable. Calus et al. (2016) showed the use of sequence SNP produced prediction
accuracies like those obtained from a 50k SNP chip, but with increased bias. Whereas, van
den Berg et al. (2016) demonstrated considerable increases in prediction accuracies from
using small subsets of sequence SNPs (10 to 1000s of SNP). In an Australian across-breed
genomic evaluation setting van den Berg et al. (2017) showed large increases in prediction
accuracy from simulation but small to zero increases when applied to real datasets.

The aim of this study was to compare the genomic prediction accuracies and validation
biases from subsets of sequence SNP with those from the 50k SNP chip, on the New Zealand
national across-breed genomic evaluation using a marker single-step model (Fernando et al.,
2016).

Material and methods

Sequence SNP selection

A starting set of 19.5M. SNP were selected based their biological significance and the quality
of variant calling. SNP with high levels of LD among SNP pairs were removed resulting in a
set of 1.6M sequence SNP. A series of Bayes RC models (MacLeod et al., 2016) were run on
the validation data set containing 70k genotyped male and female animals with phenotypes.
For computational ease the initial analyses were run chromosome by chromosome. SNP with
non-zero posterior variances from each chromosome analysis were combined in a genome-
wide Bayes RC analysis. Successive rounds of the genome-wide analyses where run in which
50% of the SNP with lowest posterior variances were removed. The process continued until
the number of SNP was less than 1000. A detailed description of this process is outlined by
Sherlock et al. (2018).

Three sequence SNP datasets per phenotype were created. The first set contained SNP that
explained the largest proportion of genetic variance from the SNP markers in the Bayes RC
analysis. The second dataset was created by removing SNP up until the point at which the
Bayes RC analysis resulted in an increase in the polygenic variance, indicating a reduction in
the amount of variance explained by the SNP in the model. The third dataset contained less
than 1000 sequence SNP. Validation statistics from these datasets were compared to those
obtained from a dataset containing the 34,738 SNP, from a 50k SNP chip panel, that currently
used for national genomic evaluation.

Genomic breeding value calculation and validation

Two validation data sets containing 24.3M animals with 1.6M live weight and 11.8M first-
lactation protein yields were used to calculate genomic breeding values. The data sets were
created by excluding phenotypic records following the completion of the 2013 season and
animals born after completion of 2011 season from the 2017 national data sets. The genomic
breeding values were computed using a single step-marker model (Fernando et al, 2016). A
univariate marker BLUP model was used:

y = Xb + MZgsg + Znun + Zu + e
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where y is the vector of observations,M is the matrix of SNP genotypes, e is the random
residual, X the incidence matrix associated with the fixed effects b, and Zg, Zu and Z are the
incidence matrices associated with the marker effects sg for genotyped individuals, the marker
breeding values for un-genotyped individuals un and the polygenic breeding values a,
respectively. The Var(e)=Re

2, where R is diagonal matrix of weights. The error weights
were defined from the number of records contained in each phenotype (Garrick and Taylor,
2012). The mixed model equations are described in detail by Fernando et al. (2016). The
equations were solved using a preconditioned conjugate gradient algorithm with a block
diagonal precondition matrix as outlined by Harris (2017). Each of these sequence SNP
datasets and the 50k SNP chip panel SNP were used in the single-step marker model with the
polygenic variance was set to 20% of the genetic variance for each phenotype. The number of
SNP and genetic parameters for this analysis are given in Table 1. A second analysis was
undertaken using the second sequence SNP dataset, where the polygenic variance was varied
from 10% to 90% of the genetic variance in 10% increments.

Daughter yield deviations for progeny test sires with daughter phenotypes in the 2014-2016
seasons were available from the national genetic evaluation (excluding genomics) at the end
of 2016 season. Validation of the genomic breeding values was undertaken using the Interbull
validation procedures (Mäntysaari et al., 2011).

Results

The validation accuracies and biases for the three sequence datasets and 50k SNP data set are
shown in Tables 2 and 3 for liveweight and protein, respectively. For both protein yield and
liveweight the analyses using the sequence SNP data had greater bias than the analysis using
the 50k SNP chip data. There was no trend in the bias as the number of sequence SNP were
reduced for either trait. The over-estimation bias was always greatest for Jersey followed by
Holstein Friesian and HFxJ sires regardless of which SNP dataset was used (including the 50k
chip SNP). The validation accuracy for protein was greatest for the sequence SNP data with
the largest number of sequence SNP. The validation accuracy for the 50k SNP chip data was
between the other two sequence SNP datasets with 11011 and 668 SNP, respectively. For
liveweight, the validation accuracy was similar for the first two sequence SNP datasets with
23779 and 11889 SNP, respectively. The validation accuracy for the 50k SNP chip data was
identical to the best sequence SNP results for Jersey and Holstein Friesian, but higher for
HFxJ sires.

The results from the second series of analyses comparing the validation accuracy and biases
from changes in proportion genetic variance distributed between the SNP markers and the
random polygenic effect are shown in Tables 3 and 4 for liveweight and protein, respectively.
The validation bias in all three breeds, and across the traits, decreased as the proportion of
genetic variance assigned to the random polygenic effect increased. In some instances,
particularly in the HFxJ sires, the biases exceed 1.0 suggesting the results are underestimating
the true genetic merit of the animals. The validation accuracies were the lowest when 90% of
genetic variance was assigned to the random polygenic effect regardless of phenotype.
The maximum validation accuracies were obtained when 40 to 60% of the variance was
partitioned to the SNP markers. The exact position of maximum validation accuracy
depended on breed and phenotype combination.
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The marker solutions from the second sequence dataset for liveweight from the Bayes RC
analysis and BLUP marker model are shown as GWAS plots in Figure 3. The marker
solutions from the 50k SNP chip for liveweight from the BLUP marker model are shown as a
GWAS plot in Figure 4. Even though the scale of the Bayes RC analysis is standardised
compared to the marker model, it appears both models are detecting the same large signals on
chromosome 5,6,8 and 14. The plots indicate that the signal is being captured by a very small
number of SNP. In contrast, the signal captured by the 50k SNP chip marker model analysis
is spread over a greater number of SNP in similar locations. The magnitude of the effect sizes
of SNP solutions from the 50k SNP chip are much smaller than those from the marker model
using the sequence data set (compare Figure 3 and Figure 4).

Discussion

The results of this study are in line with several studies that reported little or no increase the
accuracy of genomic evaluation when using sequence data compared to high density or 50K
SNP chip data (Calus et al., 2016, Veerkamp et al., 2016 & van den Berg et al. 2017). The
increase in bias when using the sequence SNP compared to the 50K SNP chip genotypes was
also reported by Calus et al. (2016) & van den Berg et al. (2017).

Analysis of sequence SNP for genomic breeding values estimation based on
simulation studies (i.e., van den Berg et al, 2017) have resulted in higher accuracies
compared to the use of SNP chip data, however, higher accuracies are rarely reported for
analysis of real data. There are several possibilities that could produce this outcome. First,
breed-by-QTL interactions may be present in real data, orcausative variants may be present in
only one breed, or have effects that are in different directions in different breeds. Exploring
the use of breed of origin haplotypes may enable improved genomic prediction accuracy if
breed-by-QTL interactions are present in our multi-breed population. Second, the sequence
data used in this analysis was based on imputed sequence SNP values which were derived
from several hundred of sequenced individuals. Imputation errors are introduced in the
imputation process but which are not present in simulated data sets. van den Berg et al.
(2017) found imputation errors in the validation population would have the greatest impact on
the results. Imputation errors in the validation animals could lead to reduced genomic
prediction accuracy.

Conclusions
The absence of any substantial increase in the genomic prediction accuracy from using
sequence SNP compared to the use of SNP chip data could be due to breed-by-QTL
interactions or errors introduced in the sequence SNP genotypes by imputation. Therefore, it
is necessary to explore the use of breed of origin haplotypes and develop more accurate
methods of imputation or directly genotype sequence variants that have large effects on the
phenotypes of interest.
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Table 1. Number of SNP and genetic parameters used in the marker model analysis

Liveweight Protein
Data N h2 Prop2 N h2 Prop2

SSNP1 set 1 23
77
9

0
.
3
5

0
.
8

2
2
0
2
3

0
.
2
9

0.
8

SSNP1 set 2 11
88
9

0
.
3
5

0
.
8

1
1
0
1
1

0
.
2
9

0.
8

SSNP1 set 3 74
3

0
.
3
5

0
.
8

6
6
8

0
.
2
9

0.
8

50k SNP 34
73
8

0
.
3
5

0
.
8

3
4
7
3
8

0
.
2
9

0.
8

1 Footnote Sequence SNP
2 Footnote Proportion of genetic variance assigned to the polygenic random effect

Table 2. The validation accuracy and bias from the marker model for liveweight with 3
sequence SNP datasets and a 50k SNP chip dataset.

Accuracy Bias
Data HFxJ4 HF3 J2 HFxJ4 HF3 J2

SSNP1 23779 0.801 0.758 0.682 1.09 0.93 0.81
SSNP1 11889 0.800 0.758 0.682 1.07 0.90 0.78
SSNP1 743 0.771 0.694 0.584 1.09 0.93 0.74
50k SNP 0.844 0.756 0.680 1.23 1.00 0.99
1 Footnote Sequence SNP followed the number of SNP
2 Footnote Holstein-Friesian
3 Footnote Jersey
4 Footnote Holstein-Friesian Jersey Cross

Table 3. The validation accuracy and bias from the marker model for protein with 3 sequence
SNP datasets and a 50k SNP chip dataset.

Accuracy Bias
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Data HFxJ4 HF3 J2 HFxJ4 HF3 J2

SSNP1 22023 0.711 0.602 0.564 0.90 0.73 0.66
SSNP1 11011 0.691 0.606 0.524 0.88 0.71 0.62
SSNP1 668 0.663 0.466 0.473 0.98 0.69 0.67
50k SNP 0.677 0.506 0.533 1.08 0.94 0.91
1 Footnote Sequence SNP followed the number of SNP
2 Footnote Holstein-Friesian
3 Footnote Jersey
4 Footnote Holstein-Friesian Jersey Cross

Table 4. The validation accuracy and bias from the marker model with varying proportions of
genetic variance assigned to the polygenic random effect for liveweight.

Accuracy Bias
Proportion1 HFxJ4 HF3 J2 HFxJ4 HF3 J2

0.2 0.823 0.766 0.666 1.24 1.04 0.95
0.3 0.822 0.771 0.673 1.20 1.01 0.91
0.4 0.817 0.771 0.676 1.17 0.99 0.87
0.5 0.812 0.769 0.677 1.14 0.97 0.85
0.6 0.809 0.767 0.676 1.11 0.95 0.82
0.7 0.804 0.764 0.676 1.09 0.94 0.80
0.8 0.800 0.758 0.682 1.07 0.91 0.78
0.9 0.794 0.756 0.671 1.05 0.91 0.76

1 Footnote Proportion of genetic variance assigned to the polygenic random effect
2 Footnote Holstein-Friesian
3 Footnote Jersey
4 Footnote Holstein-Friesian Jersey Cross

Table 5. The validation accuracy and bias from the marker model with varying proportions of
genetic variance assigned to the polygenic random effect for protein.

Accuracy Bias
Proportion1 HFxJ4 HF3 J2 HFxJ4 HF3 J2

0.2 0.736 0.608 0.528 1.11 0.96 0.82
0.3 0.731 0.615 0.541 1.05 0.89 0.76
0.4 0.724 0.615 0.542 1.00 0.84 0.72
0.5 0.717 0.614 0.547 0.96 0.80 0.70
0.6 0.709 0.612 0.537 0.93 0.76 0.67
0.7 0.701 0.609 0.532 0.91 0.73 0.64
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0.8 0.691 0.606 0.524 0.88 0.70 0.62
0.9 0.679 0.602 0.514 0.86 0.68 0.60

1 Footnote Proportion of genetic variance assigned to the polygenic random effect
2 Footnote Holstein-Friesian
3 Footnote Jersey
4 Footnote Holstein-Friesian Jersey Cross

Figure 3. Genome wide plot of the maker solutions from the validation marker model for
liveweight using a subset of the sequence data (A) and the corresponding Bayes RC analysis
(B).
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Figure 4. Genome wide plot of the maker solutions from the validation marker model for
liveweight using the 50k SNP chip data.
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