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ABSTRACT: Livestock Improvement Corporation has 
undertaken whole-genome sequencing of 500 Holstein-
Friesian, Jersey and crossbred dairy animals with the 
objective of increasing the rate of genetic improvement 
through increasing accuracy of genomic prediction.  An 
output of the whole-genome sequence is a pool of variants 
to which the 100,000 genotyped animals can be imputed.  
The imputed genotypes can be then used in genome wide 
association mapping to identify causal variants or markers 
in strong linkage disequilibrium with them.  These markers 
can be used to increase the accuracy of genomic prediction. 
In addition, RNA-sequencing of mammary tissue for 188 
lactating cows has been undertaken to augment 
identification of causal variants.  This is demonstrated with 
identification of variants affecting the expression of 
AGPAT6 and differential milk fat synthesis. The whole-
genome sequence has also been used to identify two 
deleterious recessive variants in the New Zealand dairy 
population. 
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Introduction 
Application of genomic information in dairy cattle 

breeding schemes has moved from the 1990s where marker-
assisted selection used a small number of markers (Spelman 
(2002); Boichard et al. (2006)) to the use of high density 
marker panels in a genomic selection of young sires 
(Meuwissen et al. (2001)).  Genomic selection has become 
a key component of most dairy cattle breeding schemes 
over the past 5 years (Pryce and Daetwyler (2012)) with 
predominantly young sires being routinely evaluated and 
selected on the basis of the combination of their genomic 
profile and pedigree contribution. 

Whole genome sequencing has progressed 
significantly over the past 15 years since the completed 
sequence of the first human (Venter et al. (2001)).  Whole 
genome sequencing has also been applied to cattle with the 
first bovine being sequenced and reported in 2009 (Elsik et 
al. (2009)).   

Whole genome sequencing and exome sequencing 
in humans has been used to generate dense marker panels 
for genome wide association studies (GWAS) and also for 
the discovery of causative variations for rare variants 
(Lupski et al. (2010)).   Livestock industries have followed 
the lead of the human genomics community and have 
embarked on large studies, for example, Bovine 1000 
genome project.  The 1000 bull genomes project aims to 
provide the bovine research community a large database for 
imputation of genetic variants for genomic prediction and 
genome wide association studies in all cattle breeds. 
(http://www.1000bullgenomes.com). 

This paper describes the large-scale sequence 
datasets that Livestock Improvement Corporation (LIC) 
have generated over the last 5 years and the application of 
the discoveries to their breeding scheme.  The application 
focuses on the integration of causative variations, or 
markers in linkage disequilibrium, in genomic selection and 
the screening of sires for deleterious variations. 

 
Genomic Datasets 

Three major genomic datasets have been generated 
which are integral in the discovery and application of 
genomics in the LIC breeding scheme:  

i) Genotypes. 
ii) Whole genome sequence. 
iii) RNA sequence. 
Genotypes.  Extensive genotyping has been 

undertaken over the past 6 years since the Illumina 50K 
panel was released.  Genotyping has also been undertaken 
over the Illumina 777K panel and more recently a lower 
density marker panel (approximately 9,000 markers).  In 
total approximately 105,000 animals have been genotyped 
with approximately 90,000 of them being females (Table 
1).  The males are predominantly sires that have been 
progeny tested over the previous 25 years and young sires 
recently evaluated, whereas the majority of the females 
have been born in the last 10 years (Table 2). 

 
Table 1. Number and gender of animals that have been 
genotyped since 2008 over three Illumina marker 
panels. 

Marker 
panel 

Male Female Total 

LD 3501 37297 40798 
50K 13339 47452 60791 
777K 204 3324 3528 
Total 17044 88073 105117 

LD = low density (approximately 9,000 markers). 
 
Table 2. Year of birth for males and females genotyped. 

Years of 
birth 

Male Female 

Pre 1990 1099 0 
1990-95 1299 286 

1996-2000 1965 1334 
2001-05 2281 11312 
2006-10 4928 62467 

Post 2010 5472 12674 
 
RNA sequencing. High-depth RNAseq has been 

undertaken using mammary gland tissue samples from 188 
lactating cows in January 2013, sampled from Holstein-



Friesian cows in their second or third lactation and 
producing 10–17 L of milk per day. Tissue samples were 
taken by needle biopsy for all animals as previously 
described (Littlejohn et al. (2010)), and total RNA was 
extracted by NZ Genomics Limited (NZGL; Auckland, 
New Zealand).  Libraries were prepared using the TruSeq 
Stranded Total RNA Sample Prep Kit (Illumina) with 
ribosomal RNA depletion using the Human/Mouse/Rat 
Ribo-Zero kit (Epicentre/Illumina). These samples were 
sequenced by the Australian Genome Research Facility 
(AGRF; Melbourne, Australia) using the Illumina HiSeq 
2000 instrument.  Average sequence yields were 102 
million high quality 100-bp paired-end reads.  Sequence 
data were mapped to the UMD 3.1 genome using Tophat2 
(version 2.0.8) (Kim et al. (2013)), locating an average of 
84 million pairs for the 188 Holstein-Friesian animals. 
Cufflinks software (version 2.1.1) (Trapnell et al. (2010)) 
was used to quantify expressed transcripts, using options 
for no effective length correction, maximum bundle 
fragments of two million, and minimum intron lengths of 
20bp. Genes with very high expression (such as the casein 
cluster of genes on chromosome 6) were masked out for 
this analysis. The transcripts assembled by Cufflinks were 
then merged with the Ensembl UMD3.1 GTF annotation 
(revision 70) using Cuffmerge (version 2.1.1). Tophat2 was 
then re-run using the merged GTF file as a reference set of 
gene model annotations. Cufflinks was then re-run using 
these Tophat2 results. This yielded fragments per kilobase 
of exon model per million mapped (FPKM) expression 
values.  

Whole-genome sequencing. Five hundred 
animals have been sequenced.  Sequenced animals were 
either deeply phenotyped animals bred for a previously 
reported crossbreed study (Spelman et al. (2004)), 
influential sires in the New Zealand dairy cattle population 
or animals selected due to specific phenotypes. DNA was 
extracted using semen samples for the males, and blood or 
tissue samples for the females. 

DNA was shipped to Illumina FastTrack where 
libraries were prepared following two protocols. For the 
initial 25 samples, libraries were prepared using Illumina 
PCR based kits and were sequenced on Illumina HiSeq 
2000s in 100bp Paired End mode using version 2 
Chemistry.  For the remaining individuals, libraries were 
constructed using Illumina PCR Free kits and were 
sequenced on Illumina HiSeq 2000s in 100bp Paired End 
mode using version 3 Chemistry, with 2 individuals per 
lane for low coverage samples & multiple lanes for 
individuals requiring 30x coverage. 

The resulting paired end fastq data was aligned 
using RealTime Genomics Map (RTG, version 2.7.2, 
Cleary et al. 2014) to the UMD3.1 (BosTau6) reference 
genome (autosome and X chromosome). After alignment, 
individual depth of coverage was between 2-150x with a 
mean and median of 10.5 & 6.5.  Overall total coverage was 
5250x across the population (492 individuals over >= 4x).  

Three variant callers have been used on the 
sequence data.  Variants were called using the RealTime 
Genomics Population caller in pedigree aware mode, 
resulting in the identification (unfiltered) of 29 million 

SNPs, 1.8 million MNPs and 2.6 million Indels with a 
transition/transversion ratio of 1.60. 

Picard tools MarkDuplicates 
(http://picard.sourceforge.net/) was applied to the RTG 
bams for identification of PCR and optical duplicates and 
GATK Indel realigner and Unified Genotyper (v2.3.9, 
DePristo et al. 2011) were used following GATK best 
practice to call variants resulting in the identification 
(unfiltered) of 32 million SNPs and 6 million Indels with a 
transition transversion ratio of 1.92.  GATK VQSR was 
used to filter the variants using the Illumina 777K marker 
panel & correctly segregating variants from a previously 
sequenced family as truth sets with the tranche of 0.99 kept, 
resulting in 32 million SNPs and 6 million Indels with a 
transition transversion ratio of 2.19. 

Variants were also called using Samtools mpileup 
using pcr deduplicated bams (v0.1.19-44428cd, Li et al. 
(2009)) with default settings resulting in the identification 
(default filtering) of 22 million SNPs and 1.7 million Indels 
with a transition transversion ratio of 2.03. 

The sensitivity of each pipeline and its genotype 
accuracy were determined by comparison to the variant 
calls from the Illumina 770K Bovine SNPchip. 27 
individuals with greater than 10x depth of coverage and an 
770K SNPChip dataset were used.  RTG Population 
unfiltered sensitivity was 95% with average genotype 
concordance of 99.6%. Samtools mpileup sensitivity was 
92% with average genotype concordance of 99.7%. GATK 
Unified Genotyper unfiltered sensitivity was 98.8% with 
average genotype concordance 99.3%. After filtering with 
VQSR sensitivity was 97% with an average genotype 
concordance of 99%. 

 
Application of Genomic Data 

There are two main usess of the genomic data in 
the New Zealand dairy cattle population: 

i) Improving the accuracy of genomic 
prediction 

ii) Detection and control of deleterious 
variants 

Enhancing genomic selection.  The application of 
genomic selection in the New Zealand dairy cattle industry 
commenced in 2008 (Spelman et al. (2010)).  Genomic 
evaluations for sires have been calculated using genomic 
relationship matrix methodologies in an across-breed 
evaluation (Harris and Johnson (2010)).  The 
commercialization of genomic selection has been through 
the sale of teams of genomically evaluated sires.  These 
bulls have been marketed with genetic evaluations that are 
superior to the comparable progeny tested bulls and have 
commanded a premium in the market.  Progeny test results 
for the genomically evaluated sires show that the genomic 
estimates were over-estimated (Spelman et al. (2013)). 

Improvements in the accuracy of the LIC genomic 
evaluations have focused on three components over the past 
5 years;  

i) Genotyping more animals. The first 
genomic evaluations in 2008 were based on approximately 
5,000 progeny-tested sires.  In 2014, the genomic 
evaluation includes approximately 8,000 progeny-tested 
sires and approximately 70,000 milk-recorded females.  



This has resulted in increases in the levels of genomic 
prediction accuracy (Harris et al. (2103)).  

ii) Statistical tool development. Continual 
research effort has been applied to testing different 
statistical approaches for genomic evaluation.  Harris et al. 
(2014) outline some of the research for dealing with breed 
stratification for genomic evaluation in a crossbred 
population. 

iii) Increasing the density of markers.  The 
basis of this research has been to increase the probability of 
finding markers that are in linkage disequilibrium with the 
causative mutations.  Application of these markers would 
allow more accurate genomic estimates especially in 
crossbred populations.   

The density of markers was first increased through 
genotyping animals over the Illumina 777K maker panel.  
All genotyped animals in the population were imputed to 
the high-density marker panel using Beagle (Browning and 
Browning (2009)).  There was little improvement in 
accuracy of genomic prediction when moving from the 50K 
SNP panels to the higher-density 777K SNP panel (Harris 
et al. (2011)).  However, the authors questioned whether the 
training population sizes used in these studies had sufficient 
statistical power to exploit the increase in marker density. 

Utilising whole-genome sequence further increases 
the density of the markers being used.  Meuwissen and 
Goddard (2010) reported from simulations that the increase 
in marker density and also the inclusion of causative 
mutations increase the accuracy of prediction. 

Imputation of genotyped animals to sequence is 
imperative to utilize the 500 genomes that have been 
sequenced.  Two different imputation strategies have been 
investigated; imputing from 50K directly to sequence and 
secondly imputing from 50K to 777K and then to sequence.  
To test the two methods, 50 sequenced animals were 
selected and their genotypes were removed from both the 
777K reference and sequence reference datasets (where 
applicable) being used in imputation.  The animals were 
then imputed via the two methods.  This was repeated 10 
times and tested using the variants that have been called for 
chromosome 5.  In total for chromosome 5 there were 
1,063,519 filtered markers with a minor allele frequency 
greater than 1%. 

The concordance between the imputed genotypes 
and those called directly from the sequence was greater 
when the animals were imputed via the 777K panel (Table 
3).  The genotype concordance level was 93% when 
imputed via the 777K panel.  The concordance metric can 
over-estimate the imputation power when there are a large 
proportion of low minor-frequency variants as most of the 
animals will be homozygous for the major allele and easy to 
impute.  Two other metrics have been used to measure the 
accuracy of the imputation; sensitivity of identifying the 
non-reference allele and the discrepancy of the non-
reference allele.  The non-reference allele is more likely to 
be the minor allele in the population.  Imputing via the 
777K panel increases the sensitivity of identifying the non-
reference allele and also decreases the discrepancy of the 
non-reference allele (Table 3).  The 777K reference dataset 
has 3200 animals.  When the 777K reference is reduced to 
the 500 sequenced animals, , the non-reference sensitivity is 

0.77 which is significantly superior to when the animals are 
imputed directly to sequence.  The level of difference is 
marked between the two approaches and certainly supports 
the approach of imputing through the 777K panel rather 
than imputing directly from the 50K panel. 
 
Table 3. Imputation accuracy when imputing directly 
from 50K to sequence and from 50K to sequence via 
777K markers. 

Imputation strategy 
 50K direct 50K - 777K 

Variants 1063519 1063519 
Concordance 0.82 0.93 
Sensitivity 0.65 0.84 

Discrepancy 0.53 0.22 
 
The first approach to utilizing the sequence data 

has been to identify the causal variants or markers in strong 
linkage disequilibrium with them.  Littlejohn et al. (2014) 
demonstrate the application of the whole-genome and RNA 
sequence to the identification of variants that affect the 
expression of AGPAT6 and are thought to be causally 
involved in differential milk fat synthesis. 

The region of interest was first identified as having 
an effect on milk fat percentage through genome-wide 
association mapping in two populations.  The expressions 
of 4 genes in the region were investigated using the RNA 
sequence data from lactating mammary gland.  Association 
mapping of the expression of the 4 genes identified strong 
eQTL for two genes including AGPAT6.  The p-value 
rankings for the AGPAT6 eQTL and milk fat percentage 
were highly correlated, demonstrating that high milk fat 
percentage genotype is also additively associated with 
increased expression of the AGPAT6 gene. 

Identification of possible causal variants for 
AGPAT6 was undertaken by looking at the whole-genome 
sequence of the six sires that generated the progeny in one 
of the two research populations (Spelman et al. 2004).  
Fifty-nine variants from the sequence data were genotyped 
and used in genome wide association mapping and revealed 
strong association of novel AGPAT6 variants with milk fat 
percentage.  The most strongly associated variant explained 
7.8% of the genetic variance for milk fat percentage. 

Further evidence of refining the mapping through 
the use of sequence variants can be observed in Figure 1.  
For a 2Mb region on chromosome 5 sequence variants have 
been imputed for 45,000 animals.  Association mapping for 
milk fat percentage for these animals show that the signal 
generated from the imputed sequence variants is more 
significant than that generated from the imputed 777K 
markers. 

The identified regions are included in the genomic 
evaluation with a specific variance for each of the variants.  
To date this has been implemented using a set of markers 
that define the region in a GRM setting rather than fitting 
the causal markers or those in strong linkage disequilibrium 
directly.  Genome-wide association studies were undertaken 
for the 7 traits that are in New Zealand selection index for 
dairy cattle.  The top 100 regions based on the magnitude of 
the effect were selected.  Euclidean distance matrices 



(EDM) (Gianola and van Kaam (2008)) were built for each 
region and the proportion of variance for each EDM was 
estimated.  The relative variances were used to create trait-
specific weighted EDMs using a method analogous to the 
method outlined by VanRaden (2008). 
 

 
Figure 1. Association mapping of milk fat percentage 
with imputed sequence variants and Illumina high 
density (777K) maker panel. 

 
The top 5 regions for each of the 7 traits explained 

between 9 to 16% of the genetic variance (Table 4).  
Genomic predictions were estimated for a cohort of sires 
utilizing pedigree, performance and genotypic information 
available at the year of their birth and then compared to 
their subsequent progeny test proof.  Utilisng the trait-
specific weighted EDMs increased the accuracy of 
evaluation for milk volume and protein yield by 2% and fat 
yield by 1%.  The small improvement in accuracy may be a 
function of the density of the 50K markers used in the study 
as the panel may not be dense enough to contain markers 
that are in high enough linkage disequilibrium with the 
causal variations to improve prediction.   
 
Table 4.  Variances associated with the numerator 
relationship matrix (A), EDM matrix and the 
proportion of variance accounted for by the EDMs of 
the top 5 selected regions. 

Trait A var EDM var Top 5 
EDM var 

Milk 0.03 0.65 0.14 
Fat 0.05 0.66 0.13 

Protein 0.04 0.69 0.11 
SCS 0.03 0.74 0.09 

Liveweight 0.06 0.71 0.16 
Fertility 0.07 0.68 0.11 

Longevity 0.25 0.57 0.09 
var = variance. 
SCS = somatic cell score. 

 
Further research will be undertaken to discover if 

imputing the large genotyped population for the regions of 
interest and combining with RNA-sequence data will 
generate markers that have a more significant effect on the 
increase in genomic prediction accuracy. 

Detection and control of deleterious variants.  
In the last 10 months the LIC sequence dataset has been 
integral in the detection of two deleterious variants in the 
New Zealand dairy cattle population.  One variant was 
discovered through a phenotype-led approach and the other 
through a sequence-led approach. 

Unusually small calves and young stock had been 
reported to LIC for approximately 5 years and DNA 
samples from 40 affected calves were collected.  
Chromosome 28 was identified through case-control 
association mapping.  Further refining of the mapping 
identified a haplotype block of 1.3-1.9Mb and estimated to 
be segregating at an allele frequency of 15% in the 
Holstein-Friesian population.  From the 500 animals that 
had been sequenced 17 animals were identified as carriers 
based on the haplotypes formed from their 50K genotypes.  
Two hundred variants were identified when the sequence 
data were filtered for variants that were in the haplotype 
block that were heterozygous in the postulated carriers and 
present in less than 20% of the sequenced population.  
Utilising snpEFF (Cingolani et al. (2012)) to predict variant 
identified one high impact variant. 

The second variant affects embryo survival and 
was identified through filtering the sequence data to 
identify variants in the population that are postulated to 
have a significant effect (eg. stop variants, splice site 
variants and non-synonymous variants).  In addition the 
sequence data is further filtered to identify that there are no 
animals that are homozygous for the variant.  The identified 
variants have been genotyped over approximately 11,000 
animals to identify if there was a departure from Hardy-
Weinberg equilibrium.  For the second variant 10,210 
animals were genotyped.  There were 650 heterozygous and 
no animals identified as homozygous for the variant.   

The variant has been imputed through the entire 
genotyped population to allow further investigation.  Four 
seasons of mating and calf survival data for matings 
between carrier sires and daughters of carriers sires (CC) 
were compared to matings between carriers and daughters 
of non-carrier sires (CN).  For the second variant there is a 
3.5% increase (P<0.0001) in cows that do not have a 
parturition in the following season for the CC matings 
compared to CN matings (Table 5).  In addition, 2.2% 
(P<0.0001) more females are reared from CN matings 
compared to CC matings indicating that there is a lower 
survival rate of the animals at birth (Table 5). 
 
Table 5: Variant two mating and survival data for 
carrier sires mated to daughters of carrier sires (CC) 
and daughters of non-carriers (CN) 

Mating 
type 

Number 
of 

matings 

No 
parturition 

(%) 

Females 
reared 

(%) 
CC 18316 36.08 86.7 
CN 278683 32.42 88.9 

p-value 3.0% <0.0001 <0.0001 
 
Furthermore the structure of the genotyped 

population has a number of trios (sire, dam and progeny).  
For variant two there are 100 trios where the sire and dam 
are heterozygous for the variant from imputation.  There are 
61 heterozygous progeny of these parents, 39 homozygous 
common and no animals that are homozygous for the 
identified variant based on imputation results. 

The two variants that have been identified by LIC 
in 2013 will the first of many that will be identified in the 



coming years.  Further mining of the sequence data will 
identify many variants that will affect performance of 
resultant homozygous progeny.  The challenge will be to 
link phenotype with genotype rather than the historical 
approach where one had the phenotype and the challenge 
was to identify the variant. 

 
Conclusion 

Initial use of whole-genome sequence has resulted 
in the identification of two recessive deleterious variants in 
the New Zealand dairy cattle population.  The discovery of 
these variants has enabled LIC to include the information in 
software to reduce the frequency of carrier-to-carrier 
matings and thus reduce the frequency of affected 
offspring.  Early utilization of whole-genome and RNA 
sequence data has identified new variants for AGPAT6 that 
affect milk fat synthesis.  Integration of these variants and 
future discovered variants into genomic selection might 
increase the accuracy of prediction.  The testing of this 
hypothesis will be undertaken over the coming 2-3 years. 
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