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ABSTRACT: In livestock whole genome sequencing is 
rapidly becoming cheaper and more common, leading to the 
discovery of very large numbers of genetic variants. While 
this data has the potential to be very useful for genomic 
predictions and identifying mutations affecting traits of 
interest, it does massively increase the number of variants 
that need to be included in such analyses. One strategy would 
be to consider only those variants in genome regions where 
mutations are more likely to affect complex traits. Our aim 
was to investigate whether certain genome annotations were 
enriched for trait associated variants, and therefore could be 
prioritised in genomic predictions. We developed a pipeline 
to annotate the SNPs from the Bovine HD array based on the 
underlying biological information and investigate if any of 
these annotations are enriched or depleted for trait associated 
variants in a GWAS with 16,500 Holstein and Jersey dairy 
cattle. We found significant enrichment for trait associated 
variants located 5 kilobases upstream and downstream of 
coding genes, and significant enrichment of coding missense 
variants. In a variance component analysis, variants located 
within genes accounted for the highest variance on a per SNP 
basis. Our results illustrate that functionally annotating SNPs 
assists with prioritization of variants to a subset that is more 
likely to be associated with complex traits. This approach 
will assist in reducing the number of variants for further 
testing (such as those used in genomic predictions) and 
reduce the amount of computation overhead needed by these 
types of analysis. 
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Introduction 
The number of genetic variants that have been 

identified in cattle has surpassed 31 million SNP (Hayes, 
(2014)) and is likely to continue to increase as whole genome 
sequencing becomes cheaper and more common. This data is 
potentially very useful for genome wide association studies 
(GWAS) and genomic prediction, as the causal mutations 
affecting important traits for dairy production may be 
included in the data set. However, this very large number of 
variants present two major problems; 1) genomic prediction 
using such a large dataset is not computationally practical 2) 
In GWAS, very stringent significance thresholds would need 
to be set to limit the number of false positives with such a 
large number of multiple tests, resulting in ascertainment for 
common variants with large effects and variants with small 
effects, or rare variants that can have large effects, are 
ultimately missed (Knight, (2011)). 

One way to reduce the number of variants to a 
subset more likely to be associated to traits is to use the 
underlying biological information to annotate the variants 

and prioritize those with a higher a priori for containing trait-
associated variants (TAVs). While most studies concentrate 
on variants found within coding genes (Lee, (2009)), a large 
number of variants are found outside in the non-coding 
regions of the genome that can have potential regulatory 
effects. 

In this study we aim to functionally annotate our 
SNPs to prioritize the annotations to a subset that are more 
likely to be associated with complex traits. This will assist in 
reducing the number of variants needed for further testing 
and reduce much of the computational overhead needed by 
these types of analysis. We annotated the SNPs on the 
Bovine HD array into 17 classes, in which we used 12 for 
further analysis, as they had reasonable numbers of SNPs. 
We examined the enrichment and depletion for TAVs in each 
of our classes for important dairy traits, finding that variants 
located 5 kilobases upstream and downstream of genes to be 
the most significantly enriched for TAVs. A variance 
component analysis indicated that the coding SNPs, 
particularly the missense variants explain the most variance 
on a per SNP basis. 

 
Materials and Methods 

 Annotations: Most of the Illumina Bovine HD 
array SNPs were annotated and available in public databases. 
For our analysis we provide annotations for intergenic, 
intragenic, exons, CDS, UTRs (both 5’&3’), 5 kb upstream 
of TSS, 5 kb downstream of genes, missense, synonymous, 
frame-shift variants, splice sites and stop codon classes by 
querying the Ensembl variant database version 73 (Flicek, 
(2013)). MicroRNA variants were found using the miRbase 
database (Kozomara, (2011)), while microRNA target sites 
were acquired from MicroCosm target site database 
(Pasquinelli, (2012)). Non-coding conserved variants were 
found using PhastCons (Hubisz, (2011)), and selecting for 
those with a conservation number of .800 or higher. 

Enrichment vs. Depletion Analysis. We selected 
for variants with a GWAS P-value of < 0.0001 for the diary 
traits; fat volume, fat percent, milk volume, protein volume, 
protein percent, angularity, body conditioning score (BCS), 
mammary system, fertility, survival direct, and somatic cell 
count, using the multi-breed GWAS (16,500 Holstein and 
Jersey cattle) results of Raven LA, Cocks BG, Hayes BJ 
(2014). Multi-breed genome wide association can improve 
precision of mapping causative variants underlying milk 
production in dairy cattle. 

Permutation testing was used to determine if the 
observed proportion of significant SNP in a particular 
annotation class was greater than expected by chance. We 
randomly selected the same number of variants as that found 
in each annotation class, and recorded the number of variants 



from this random selection with P<0.0001 and repeated this 
permutation test a total of 1000 times to obtain the null 
distribution for each annotation. The P <0.05 for enrichment 
was the 950th highest number in our random permutation test, 
while the P<0.05 for depletion was the lowest 50th.  

Variance component analysis. We then developed 
a variance component analysis to determine the variance 
explained on a per SNP basis. Using Plink (Purcell, (2007)) 
we calculated the genomic relationship matrix (GRM) for 
each annotation class. To determine the effects our 
annotation classes have on our traits, we jointly fitted each 
annotation GRM into our model using GCTA (Yang, (2011)). 
By fitting our annotations jointly in the model allows us to 
determine which annotation GRM explains most of the 
genetic variance when in the presence of all the other 
annotations. We recorded the ratio of genetic variance to 
phenotypic variance (heritability) across all traits and divided 
this heritability by the total number of SNP found in each 
annotation class to obtain an average variance explained on a 
per SNP basis (otherwise classes with a very large number of 
variants could explain a greater proportion of the variance 
just because there are more variants in that class).  

 
Results and Discussion 

Across the traits, the intergenic class was the most 
significantly depleted for variants, followed by the intron 
class, however the intron class was enriched for TAVs for as 
many traits as it was depleted, Figure 1. Of the intragenic 
annotations (CDS, intron, synonymous, missense and UTR) 
we find that the missense and CDS to be some of the most 
significantly enriched classes in our analysis (both with 7 out 
of 11 traits enriched) followed by the synonymous class, 
Figure 1. However, the synonymous class is probably 
enriched due to these variants been in close proximity to 
causative variants in the gene. The variance component 
approach further supports that the missense and synonymous 
variants have some of the most significant effects, finding 
that the these classes explain most of the variance on a per 
SNP basis, than all of the other annotations combined, Figure 
2. The synonymous class, even when fitted simultaneously 
with the missense and CDS class explains a great portion of 
the variance, probably due to the reasons mentioned above 
that these variants are unlikely to be the causative variants, 
but are more likely to be in linkage disequilibrium with a 
nearby causative variant. Missense variants in particular are 
more likely to have significant effects on traits since they 
alter the amino acid sequence of a protein which in turn can 
be deleterious or beneficial. Research in human genetics have 
found that the missense class is often significantly enriched 
for associations with traits (Hindorff, (2009); Kindt, (2013)).  

A major limitation of our study is that the variants 
we investigated come from the Bovine HD array, and have 
been selected for high minor allele frequencies and evenly 
spaced across the genome. This means that some variants in 
our data are not the true causative mutations, but might be in 
high linkage disequilibrium (LD) with a nearby mutation that 
can be causative. This is a possibility why we find some traits 
to be enriched in the intron class and why the synonymous 
variants significantly explain more of the variance per SNP 
than expected. Thus an intron or a synonymous variant (for 
example) that is associated to a trait is not necessarily the 

causative mutation, but is in high LD with a nearby variant 
(one that can be in an exon or a missense variant) that is the 
true causative mutation. Whole genome sequencing provides 
the most attractive solution for eliminating much of the LD 
between variants and annotations, greatly improving this 
study. 
 

 
Figure 1: Number of dairy traits enriched vs. depleted for 
trait associated variants (TAVs) across the annotation 
classes 
 

 

Figure 2: Proportion of genetic variance explained per 
SNP  for the dairy traits when annotation classes are 
fitted simultaneously. 

 
We find that of the non-coding classes the upstream 

and downstream variants are the most significantly enriched 
for TAVs in our analysis with 10 out of 11 traits to be 
significantly enriched in the upstream class while 9 traits are 
significantly enriched in the downstream class, Figure 1. 
However, the results from the variance component analysis 
was not in complete agreement with these results showing 
both these classes to explain less of the genetic variance per 
SNP when compared to the genic classes (although both 
classes do explain more genetic variance in most traits than 
the UTR class) Figure 2. The difference between the two sets 
of results may be due to the greater number of SNPs in the 
upstream and downstream classes, where there is more of a 
chance for one of these SNPs to be in high LD with the 
unidentified causative mutation. This affects the enrichment 
vs depletion analysis of TAVs more than the variance 
component approach, where the effect of all SNPs in the 
class are considered simultaneously, and the cumulative 
effect captured by multiple SNPs in perhaps moderate LD 
with the causative mutation is more important. Further, the 



variance component approach can capture the effect of 
multiple mutations of small effects, whereas the enrichment 
vs. depletion of TAV analysis is more likely to reflect the 
contribution of a more limited number of variants with 
moderate to large effects, due to the significance thresholds 
set in the GWAS.  

Many studies in human genetics are also considering 
the importance of the non-coding genome and the effects 
variants in these regions can have on complex traits. Similar 
studies have found that variants in promoter and enhancer 
regions all display strong enrichment for SNPs associated to 
complex traits (Hindorff, (2009); Ernst, (2011); Kindt, 
(2013)). While large scale projects such as ENCODE 
(ENCODE Project Consortium, (2012)) are beginning to 
uncover the true extent and complexities of the non-coding 
genome allowing for more detailed annotations that can be 
potentially prioritized and used for further analysis. 

The non-coding conserved variants, however, are 
actually depleted for TAVs in our analysis, and in the 
variance component analysis we find that this class explain 
significantly less variance per SNP than the upstream and 
downstream classes. Similar studies in human genomics 
found similar results, with the non-coding conserved variants 
providing limited evidence of enrichment for TAVs (Kindt, 
(2013)), and other studies questioning the importance that the 
conserved non-coding variants have in the regulatory genome 
(Nelson, (2013)). Thus this class cannot be reliably used to 
indirectly annotate potential regulatory regions in bovine, and 
direct classification of regulatory sites in the bovine genome 
is essential.  

Conclusion 

We have provided evidence that particular genome 
annotation classes are enriched for SNP associated with 
production and functional traits in dairy cattle. Of the genic 
regions, the missense and synonymous classes explained the 
greatest proportion of genetic variance on a per SNP basis. In 
the enrichment vs. depletion analysis, we show that the 
upstream and downstream variants are significantly enriched 
for most traits in our analysis, followed by the missense and 
CDS classes which themselves are significantly enriched for 
many traits.  Taken together these results suggest that while 
variants found in genic regions are important and should be 
considered for prioritization, the importance of variants found 
in the non-coding regions should not be missed, and 
identifying and refining these regions could be a promising 
approach to identifying mutations affecting important dairy 
traits.   
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