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Summary

There is increasing evidence to suggest many mutations affecting complex traits may be
regulatory, that is they affect the expression of genes. The identification of regulatory variants
could lead to increases in the accuracy of genomic breeding values. One way to identify this
type of variant, is to performed expression (eQTL), allele specific expression (aseQTL) and
splicing (sQTL) quantitative trait loci mapping on RNA sequence data. We did this from milk
and white blood cells collected from 141 lactating cows with imputed whole genome
sequence data. Many variants were detected with significant eQTL, aseQTL and sQTL
effects, with low false discovery rates. There was significant overlap in genes with significant
eQTL, aseQTL and sQTL. eQTL with a large effect in white blood cells were likely to have a
large effect, in the same direction, in milk cells as well. sQTL significant in both milk and
white blood cells more often caused expression of the same isoform. There was a trend for the
most significant variant to be < 100 kb from the transcription start site of the gene they were
affecting for all three QTL types.
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Introduction

A large body of recent evidence from human genetics, and some cattle work, suggests sites
that regulate gene expression underlie a high percentage of genome wide association study
hits, that is regulatory variants are likely to be the majority of causative mutations affecting
traits (Dunham et al., 2012, Kindt et al., 2013, Guenther et al., 2014, Koufariotis et al., 2014,
Wang et al., 2017). Another way of saying this is that although variants in coding regions are
enriched for causative mutations, these mutations only explain a fraction of the total variance
(e.g. Koufariotis (2014)). If we could identify regulatory variants or narrow regions
containing these causative mutations this knowledge would be of considerable benefit to
improving the accuracy of genomic prediction. For example, using real genotypes and
simulated QTL, MacLeod et al (2016) showed that a BayesRC analysis, where prior
knowledge of regions enriched for causative mutations was incorporated in the analysis, gave
7% increase in genomic prediction accuracy compared to prediction methods that do not
incorporate biological priors.

Regulatory variants can be detected by testing for association between variants and a



gene expression phenotype. We generated three different expression phenotypes. 1) Total
gene expression, variants associated with this have an effect on the overall expression of a
gene, these are called expression quantitative trait loci (eQTL, (Cookson et al., 2009)). 2)
Allele specific expression, variants associated with this result in imbalanced expression of the
two parental alleles, here termed allele specific expression quantitative trait loci (aseQTL,
described in materials and methods). 3) Splice specific expression, variants associated with
this result in changes to transcript splicing and therefore the ratio of isoforms that are
expressed, and these are called splicing quantitative trait loci (sQTL, (Ardlie et al., 2015)).
This study used RNA sequence data from white blood and milk cells from 141 cows, with
imputed whole genome sequence data, to map variants associated with these three expression
phenotypes. Two breeds, Holstein and Jersey, were included to reduce the linkage
disequilibrium between variants and narrow eQTL peaks. A local expression QTL mapping
approach was utilised to reduce the multiple testing problem, therefore detecting only cis-
expression QTL.

Material and methods

Sequencing. Milk cells (MC) and white blood cells (WBC) were collected from 112 lactating
Holstein cows and MC from 29 lactating Jersey cows with approval from the DEDJTR
Animal Ethics Committee (applications 2013-14 and 2014-04). Blood was collected by
venipuncture of the coccygeal vein and processed according to the blood fractionation and
WBC stabilisation procedure in the RiboPure™ blood kit (Ambion) protocol. To maximise
mammary epithelial cell content and concentration of the milk cows were milked 2-3 hours
post routine morning milking. Two 50ml aliquots of each milk sample were taken, 50ul of
0.5M EDTA added to each and centrifuged at 1800rpm at 4 oC for 10 minutes. Cream and
skim milk were decanted, leaving the cell pellet which was then washed twice with 10ml PBS
solution with 0.5mM EDTA. Supernatant was decanted cell pellets were resuspended,
combined and then transferred to 1ml of RNAlater and stored at -20oC. RNA was extracted
from MC using Trizol Plus RNA Purification Kit (Ambion) according to manufactures
instructions. RNA was extracted from WBC using RiboPure Blood Kit (Ambion) according
to manufactures instructions. All RNA samples had RNA integrity numbers greater than 6.
RNAseq libraries were prepared using the SureSelect Strand Specific RNA Library Prep Kit
(Agilent) according to manufacturer’s instructions. Each library was uniquely barcoded,
randomly assigned to one of four pools and sequenced on a HiSeq™ 3000 (Illumina) in a 150
cycle paired end run. Sequence quality was assessed using FastQC. QualityTrim
(https://bitbucket.org/arobinson/qualitytrim) was used to trim and filter poor quality bases and
sequence reads. Adaptor sequences and bases with quality score less than 20 were trimmed
from the end of reads. Reads with mean quality score less than 20, or greater than 3 N, or
greater than three consecutive bases had quality score less than 15, or final length less than 50
bases were discarded. Only paired reads were retained for alignment.
Genotype imputation. BovineSNP50 genotypes were imputed with Fimpute (Sargolzaei et
al., 2014) in two stages, 50K to 800K and then 800K to full sequence using 645 dairy breed
animals from 1000 bull genomes Run5 as the reference set. Eagle2 (Loh et al., 2016) was
used to phase sequence genotypes for aseQTL analysis only.
eQTL analysis. Paired reads were aligned to the Ensembl UMD3.1 bovine genome assembly
using TopHat2 (Kim et al., 2013) allowing for two mismatches. MC and WBC libraries with
>25 and >12.5 million read pairs respectively (after quality control filtering) also having
>80% mapping rate were retained for gene count matrix generation. Gene counts were



created using HTSeq (Anders et al., 2015). Counts were combined to form a gene by sample
count matrix and normalised to take into account library size using DESeq (Anders and
Huber, 2010). For all genes, expressed in >25 cows, association testing was performed
between gene counts and imputed sequence variants (MAF>0.05 in experimental cows) that
fell within 1MB of the gene being tested with EMMAX (Kang et al., 2010) fitting the
genomic relationship matrix from 700K SNP genotypes to control for population structure
and fixed effects of breed, parity, days in milk and RNA sequencing batch.
aseQTL analysis. Paired reads were aligned to a custom bovine reference with STAR (Dobin
et al., 2013). To reduce mapping bias the Ensembl UMD3.1 reference was altered at all
heterozygous sites from 1000 bull genomes Run5 to an allele not seen before at that site.
Reference and alternate allele counts were generated using Samtools mpileup (Li and Durbin,
2009) for all transcript SNP (tSNP) then log transformed. Only cows heterozygous for a tSNP
were used when the association for each test was run, and tSNP were only tested when there
were at least 5 heterozygous cows at the site. For all tSNP association testing, the phenotype
was log transformed allele counts per haplotype, and association testing was with imputed
sequence variants (MAF>0.05) phased with Eagle2 (Loh et al., 2016) that fell within 1MB of
the tSNP being tested with EMMAX (Kang et al., 2010), fitting the genomic relationship
matrix (from 700K SNP genotypes) to control for population structure.
sQTL analysis. Alignments from eQTL analysis were used to generate exon and gene counts
using FeatureCount (Liao et al., 2014){Liao, 2013 #393}. Exon counts were divided by gene
counts and log transformed for exon usage analysis. Intron counts were divided by intron
cluster counts (Li et al., 2016) and log transformed for intron excision analysis. For exon
usage association testing was performed between exon usage phenotype and imputed
sequence variants (MAF>0.05 in experimental cows) that fell within 1MB of the exon being
tested with Matrix eQTL (Shabalin, 2012). For intron excision association testing was
performed between intron excision phenotype and the same imputed sequence variants that
fell within 1MB of the intron being tested with Leafcutter (Li et al., 2016). sQTL were
defined as those SNPs affecting an exon inclusion event and also affecting the adjacent intron
excision event.
Multiple testing. Only variants within 1Mb of the gene/position/exon were tested to reduce
the multiple testing problem. Even so, an extremely large number of tests were performed: for
MC and WBC eQTL 96M and 83M tests were performed respectively, 5.3B and 4.8B for
aseQTL, and up to 1.5B and 1.6B for sQTL. False discovery rates were investigated to set
appropriate P values given the high level of multiple testing.

Results and Discussion

On average 140 (MC) and 61 (WBC) million reads per library were generated with 89% of
reads passing quality control and a mapping rate of 92% (Table 1). 134 and 107 samples had
>50 (MC) or >25 (WBC) million reads respectively and a mapping rate >80% and so were
used in further analysis.

Milk cells (MC) showed greater variability between cows in gene expression than
WBC (Figure 1), possibly due to variability in cell content and cell health. This variability
combined with the large variation between genes in expression level in milk resulted in
reduced power to detect eQTL, aseQTL and sQTL in MC compared with WBC (Table 2).
However, many eQTL, aseQTL and sQTL were detected in both MC and WBC and these
were associated with many genes (eGenes, aseGenes or sGenes, Table 2). False discovery
rates were low when a significance threshold of P<1x10-4 was used (Table 2). The number of



eGenes in both cell types is lower than was detected in humans by the GTEx consortium
using V6p data (Aguet et al., 2016) with 44 tissues and up to 449 individuals, even where the
sample numbers were similar. This is likely due to the variability in sex, race, age and health
of the individuals in the GTEx dataset. The animals used in this study were selected to be
healthy and have similar lactation number and length. The GTEx consortium did however
show that the greater the number of samples and tissues, the greater the number of eGenes
detected (Aguet et al., 2016). Therefore greater sample and tissue numbers would likely
increase the number of eGenes and most likely aseGenes and sGenes.

Table 1. Number of libraries, the average number of raw reads, average percentage of reads
passing quality filters, average percentage of reads mapping uniquely, and the numbers of
libraries passing quality checks.

MC WBC
RNAseq libraries 141 112
Average # raw reads 119 M 61 M
Average % reads passing QC 91% 87%
Average % mapping uniquely 92% 91%
Libraries passing QC1 134 107
1 >80% mapped reads and 40M reads milk / 20M reads blood

Figure 1. Multidimensional scaling plot of milk cells (blue) and white blood cells (red) gene
expression, where samples with similar gene expression cluster together.

There was significant overlap in the genes that the eQTL were associated with in MC
and WBC, 60 in total (Table 2), which is more overlap than expected by chance with a simple
chi square test. These results agree with the GTEx consortium (Aguet et al., 2016) who, using
the GTEx V6p data, found that eQTL sharing was common and on average the same eGene
was detected in 7.9 of 44 tissues using a single tissue cis-eQTL discovery method. They also
found that ASE sharing was highly correlated with eQTL sharing. This again is consistent
with the overlap detected for aseGenes and sGenes between the two cell types in this study:
3,701 and 107 for aseGenes and sGenes respectively (Table 2), both significantly more than
you would expect by chance (Fishers Exact Test). Although 60 eGenes overlapped between
the two cell types only 4 of the significant SNP overlapped. One possible explanation for this
is that the same underlying causative mutation is an eQTL in both MC and WBC for the 60
eGenes, but due to extensive linkage disequilibrium and large sampling errors due to the
modest numbers of animals in the experiment, different variants are picking up the mutation



effect in the MC and WBC. Where both cell types detected a significant eQTL the magnitude
and direction of the effect on gene expression were similar (Figure 2A). This could be
because the MC samples contained a lot of WBC (milk is known to contain WBC), but even
if this is true, the samples were independent (e.g. milk and blood were separate samples).
However, given the MDS plot of gene expression (Figure 1) it is unlikely the MC was just
reflecting WBC gene expression, so to some extent it is an across tissue validation.

Table 2. For each analysis (eQTL, aseQTL and sQTL) for either milk cells (MC) or white
blood cells (WBC) this table presents the millions of variants tested in the association study,
genes/positions/exons (eQTL/aseQTL/sQTL) tested, the number of significant variants
(p<1x10-4), the false discovery rate (FDR), the number of genes with significant variants
(eGenes/aseGenes/sGenes) and the number genes with significant variants in the two tissues
(Gene overlap). Gene overlap was tested with a chi squared test for eQTL and a fisher’s exact
test for aseQTL and sQTL. All overlaps were significantly more than expected by chance.

eQTL aseQTL sQTL
MC WBC MC WBC MC WBC

Variants tested (M) 10.9 10.4 19.3 17.8 14.3 14.3
Genes/Positions/Exons 12,772 11,577 311,815 291,638 108,486 109,571
Significant variants* 15,299 98,340 1,603,318 2,960,194 28,907 138,213
False Discovery Rate 6% 0.8% 2.3% 1.7% 1% 1%
e/ase/s Genes 361 554 6,314 5,085 283 929
Gene overlap 60 3,701 107
* Significant variants P<1x10-4

In WBC there were 240 genes that were associated with eQTL and aseQTL (eGenes
and aseGenes), suggesting that although the two methods use different tests and different
information they were able to detect the same cis-regulatory effects. Where a variant had a
significant eQTL and aseQTL its effect on gene expression was mostly in the same direction
(Figure 2B), suggesting that the two different methods detected the same cis-eQTL that
resulted in a change in gene expression and a change in allelic imbalance.

sQTL significant in both MC and WBC more often caused expression of the same
isoform (Figure 2C), evident by the direction of effects more often being in the same
direction, therefore the sQTL was causing the same isoform to be expressed in both cell
types.

Based on research done in human and mouse it is expected that the most significant
variant associated with the expression of the genes would be reasonably close to the gene. We
tested this by determining the distance of the most significant SNP from their associated
eGene, aseGene or sGene. If our results were all just false positives, the most significant
variant would be evenly distributed across the 2MB. However this was not what we observed,
in fact there was a trend for the most significant variant to be close to the transcription start
site of the gene they were affecting, although some were up to 1Mb away (Figure 2D).

The putative regulatory mutations affecting gene and isoform expression identified
here are candidates for mutations affecting complex traits. Future work will refine these
variants to those likely to be involved in regulating genes associated with traits important to
the dairy industry and will test their impact on genomic prediction accuracy.



Figure 2. A) The correlation between milk cell (milk) and white blood cell (blood) eQTL
effects on expression, where both were significant. B) The correlation between white blood
cell eQTL and aseQTL effects on expression, where both were significant. C) The correlation
between milk cell (milk) and white blood cell (blood) sQTL effects, where both were
significant (FDR<0.01, p<2.2e-16). D) Frequency histogram of the most significant SNPs
distance from the transcription start site for eQTL, aseQTL and sQTL.
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