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custom scripts [22] and by manual inspection of WGS and RNAseq BAM files for
each animal. Sites were considered to represent RNA edits where: i) an A-to-G
variant was present in the RNAseq reads, but was absent from the WGS reads, and
ii) had at least five reads containing ‘G’ at the position in every animal. This yielded
38 candidate edited sites. Following the recommendations of Ramaswami et al 2012
[58] for non-Alu sites, the 38 candidate sites were examined for the presence of 5′

mismatches, simple repeats, homopolymer runs ≥ 5 bp, or splice junctions within
4 bp; however, none of the candidates were impacted by these filters, and all 38 were
retained for further analyses.

Having determined the positions of variant sites, the rate of editing at each site
was quantified in the larger ‘quantification set’ of 353 cows [22] with RNA editing
phenotypes for each site generated by transforming editing proportions using the
logit function. RNA editing QTL discovery was performed using these phenotypes
by performing MLMA-LOCO, incorporating the same GRM and imputed WGS
genotypes used for eQTL discovery (N=353 animals).

RNA secondary structure around the edited sites was predicted using dot-plots
as described by [22]. Sequence containing all 38 edited sites was extracted, along
with 800 bp upstream and downstream. The sequence was then plotted against
its complement, with dots placed where at least 11 of 15 nucleotides surrounding
a point were complementary. Diagonal lines in the resulting plot indicate regions
of extended complementarity, which therefore have the potential to form double-
stranded secondary structures.

Copy number variant genotyping and imputation
Manual examination of the WGS BAM files suggested the presence of a copy-number
variant (CNV) located downstream of CSF2RB, mapping to BTA5:75,781,300–
75,782,800. Copy numbers were estimated from WGS reads for each of 560 cattle
using the software package CNVnator version 0.3 [29], based on sequence read
depth. Thresholds for genotype calling of the CNV were decided based on the
histogram of the trimodal distribution of the copy number (CN) estimates, where
homozygous deletion was called where CN<0.95, heterozygous 0.95 <= CN < 1.95,
and homozygous wild type when CN >= 1.95. CNV genotypes were imputed into a
larger population (N=29,350), for use in association analyses, using Beagle version 4.1
[59], using the reference population of 560 cattle described above. Combining the
reference genotype calls with the imputed population yielded a set of 31,950 animals
for use in MLMA-LOCO analyses, as described above.

List of abbreviations
CNV: Copy-number variant; FC: Milk fat concentration; FY: Milk fat yield; GRM: Genomic relationship matrix;
LOCO: Leave one chromosome out; MY: Milk yield; PC: Milk protein concentration; PY: Milk protein yield; QTL:
Quantitative trait locus; RNAseq: RNA sequence data; WGS: Whole genome sequence; YD: yield deviation.
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Phenotype Top Variant MAF Beta SE P

FY (kg/day) rs466308089 0.031 -0.015 0.003 2.40 × 10−8

PY (kg/day) rs108985709 0.409 0.004 0.001 1.05 × 10−8

MY (L/day) rs208473130 0.444 0.216 0.021 6.64 × 10−25

FC (%) rs379739117 0.471 -0.055 0.004 3.27 × 10−41

PC (%) rs208375076 0.446 -0.035 0.002 7.28 × 10−83
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Figure 1 The genetic context of milk trait QTLs. Panels A) and B): QTLs for the
herd-test-derived phenotypes protein concentration (A) and milk yield (B). Colours represent LD
(R2) with the most significant marker. Panel C) shows the locations of genes mapping into this
window (bottom) and the numbers of RNAseq reads mapping at positions across the window (top).
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Figure 2 Linkage disequilibrium (LD) observed between the top associated markers for each
phenotype (R2). Markers are identified using dbSNP reference SNP ID numbers. Phenotypes are
as per Table 2.
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Figure 3 QTL plots showing eQTL for the three genes that exhibit genome-wide significant
cis-eQTL (Table 3). From top to bottom, the three genes are A) CSF2RB, B) NCF4, and C)
TXN2. Colours represent correlations for each marker with the top variant for that eQTL (see
Figure 1 for legend). Grey bands indicate the location of the gene for which the eQTL is displayed.
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Figure 4 Linkage disequilibrium between the top tag variants for milk trait QTL and co-located
gene expression QTL. Three genes with significant (P<5 × 10−8) eQTL are included, along with
the TST [2] that have previously been proposed as a candidate causative gene at this locus.
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Figure 5 The effect of fitting the top variant on protein concentration (A–C) and milk yield
(D–F) QTLs. The top panels (A & D) show the QTL with no marker adjustments fitted; the centre
panels (B & E) show the QTL after fitting the top variant from the panel above; and the bottom
panels (C & F) show the QTL after fitting the top variant from the centre panel above. The
phenotypes were adjusted by fitting the following markers: B) rs208375076, C) rs210293314, D)
rs208473130, E) rs378861677.

Table 2 Heritability estimates for milk yield and composition phenotypes. Phenotypes are milk fat
daily yield (kg) and concentration (%), protein daily yield and concentration, and milk daily volume (L).

FY (kg) FC (%) PY (kg) PC (%) MY (L)

0.184 ± 0.008 0.622 ± 0.007 0.183 ± 0.008 0.614 ± 0.007 0.263 ± 0.008

Table 3 Median gene expression levels and top variants identified in eQTL analyses. Genes with
FPKM values less than 0.1 are not shown. Gene symbols are from VGNC and Ensembl. Beta is the
effect size of the minor allele on gene expression, measured in VST-transformed units. Three genes
have eQTL which exceed the genome-wide significance threshold 5 × 10−8 [60].

Gene Ensembl FPKM TPM Top Variant MAF Beta SE P

APOL3 ENSBTAG00000040244 0.934 1.166 rs433710540 0.101 0.128 0.0315 4.84 × 10−5

CSF2RB ENSBTAG00000009064 61.888 80.081 rs384734208 0.439 0.428 0.0401 1.33 × 10−26

EIF3D ENSBTAG00000001988 9.139 11.461 rs110614216 0.353 -0.072 0.0138 1.66 × 10−7

FOXRED2 ENSBTAG00000000015 0.142 0.179 rs385243246 0.176 0.036 0.0133 6.52 × 10−3

IFT27 ENSBTAG00000026657 0.904 1.107 rs110654851 0.440 0.046 0.0103 8.01 × 10−6

IL2RB ENSBTAG00000016345 0.285 0.359 rs43436480 0.364 0.058 0.0184 1.61 × 10−3

MPST ENSBTAG00000030648 1.564 1.957 rs109488885 0.314 -0.053 0.0144 2.40 × 10−4

MYH9 ENSBTAG00000010402 14.448 17.497 rs377857213 0.034 0.280 0.0715 9.07 × 10−5

NCF4 ENSBTAG00000007531 0.406 0.513 rs209273109 0.443 0.137 0.0168 4.30 × 10−16

TST ENSBTAG00000030650 2.131 2.662 rs109922126 0.073 -0.152 0.0313 1.19 × 10−6

TXN2 ENSBTAG00000000014 4.345 5.653 rs109450151 0.454 -0.080 0.0116 5.85 × 10−12

Table 4 Pearson correlations between the − log10 p-values for milk trait QTL and co-located gene
expression QTL. Three genes with significant (P<5 × 10−8) eQTL are shown, along with the TST
gene [2] that have previously been proposed as a candidate causative at this locus.

Phenotype CSF2RB NCF4 TST TXN2

FY (kg/day) 0.376 0.164 0.293 0.024
PY (kg/day) 0.562 0.404 0.425 0.032
MY (L/day) 0.849 0.682 0.306 -0.039
FC (%) 0.756 0.648 0.293 -0.128
PC (%) 0.754 0.689 0.059 -0.118
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Figure 6 Correlations between eQTL and the co-located protein concentration QTL for the
genes CSF2RB (left) and NCF4 (right). Panels on the top row are plotted against the original
protein concentration QTL (Figure 5A), while panels on the bottom row are plotted against the
phenotype after fitting rs210293314 (Figure 5C).

Table 5 Pearson correlations between the − log10 p-values for milk trait QTL and edQTL for sites
mapping to the 3′-UTR of CSF2RB. Only sites and phenotypes where the correlation exceeded 0.707
(R2 > 0.5) are shown.

Phenotype Edit Site Correlation

FC (%) BTA5:75,750,310 0.751
PC (%) BTA5:75,750,220 0.753
PC (%) BTA5:75,750,310 0.771
PY (kg/day) BTA5:75,748,794 0.799
PY (kg/day) BTA5:75,749,140 0.787
PY (kg/day) BTA5:75,750,204 0.718
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Figure 7 Left: dotplot of sequence from the CSF2RB 3′-UTR against its complement. Positions are
given relative to BTA5:75,747,904. Black dots indicate that seven of the eleven surrounding
nucleotides are complementary. Vertical dashed red lines indicate the locations of predicted
RNA-editing sites. Sections of the region 2275–2452 are complementary to the regions 837–915,
1178–1350, 1591–1719, and 1757–1832, suggesting that the UTR is able to fold into multiple
configurations. Right: the section of predicted double stranded sequence between 1184 and 1217 on
the left strand (running upward), and 2411–2444 on the right strand (running downward). Edited
sites are coloured based on the strength of the edQTL at that site, from blue (not significant) to
red (max P=5.22 × 10−26). Sites are labelled with the correlation between the edQTL and the milk
volume (MY) QTL after adjusting for marker rs208473130.

Figure 8 A) Histogram of copy number genotype calls of 560 animals from CNVnator. Copy
numbers follow a trimodal distribution, suggesting that the variant is bialleleic. Genotype classes are
coloured gold (homozygous deletion), grey (heterozygous) and blue (homozygous wild-type). B)
deletion variant genotypes plotted against the genotypes of the rs208086849 variant. The two
variants are in strong LD (R2=0.887). Points are jittered to increase visibility.
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