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ABSTRACT:  QTL affecting milk production were 
mapped using a Bayesian method that fits all 632,002 SNPs 
simultaneously in a population of 11,527 Holstein and 4687 
Jersey animals.  We identified 265 windows of 250 kb 
where the variance of predicted genetic value was > 50 
times the variance of an average window.  Windows were 
clustered into 42 regions across the genome.  Based on their 
pattern of pleiotropic effects, we grouped these regions into 
9 possible groups.  For example, one group had antagonistic 
effects on fat and milk yield whilst another group had 
positive effects on both traits.  We confirmed many known 
loci and highlight strong candidates in other regions.  The 
observed pattern of QTL effects matched the known 
function in milk synthesis for some loci.  Using a multi-
breed population, fitting all SNPs simultaneously and 
studying QTL effects across multiple traits allowed 
separation of closely linked QTL and more precise 
positioning than previous single SNP regression methods.  
Keywords: GWAS;quantitative trait loci; pleiotropic 
effects 
 

Introduction 
Attempts to map quantitative trait loci (QTL) 

using genome wide association studies (GWAS) usually 
test for an association between the trait and one single 
nucleotide polymorphism (SNP) at a time.  However, this 
approach has two disadvantages.  First, linkage 
disequilibrium (LD) extends over long distances in cattle 
and other livestock so SNPs a long distance from the causal 
mutation can have a strong association with the trait.  
Second, a SNP may be in LD with more than one QTL 
leading to confusion in the number and location of all QTL 
in the region.  A better approach would be to fit all SNPs 
simultaneously using a Bayesian model as used for genomic 
prediction.  Here we explore the use of such a method, 
called BayesR (Erbe et al 2012), to map QTL for milk 
production traits.  

To reduce the long range LD observed within a 
breed, and hence increase the precision of mapping, we use 
a multi-breed population of Holstein and Jersey animals.  
Our results are comparable to those of Raven et al. (2014) 
who use similar data but fitted single SNP regressions in a 
traditional GWAS approach. 

QTL often affect multiple milk production traits 
and the pattern of effects should reflect the mechanism by 
which they alter phenotype.  For instance, a mutation that 
increases lactose synthesis should increase milk yield and 
decrease fat% and protein% in milk.  Therefore we have 
grouped the QTL according to the pattern of their effects 
and relate this pattern to the function of genes in the region 
to which QTL map. 
 

Materials and Methods 
Estimation of SNP marker effects.  Trait 

deviations and daughter trait deviations for 11,527 Holstein 
cows and bulls and 4,687 Jersey cows and bulls were 
obtained for fat (FY), milk (MY) and protein (PY) yield 
from the Australian Dairy Herd Improvement Scheme.  
Trait deviations for milk composition traits, i.e. percentage 
of fat (F%) and protein (P%) in milk, were calculated using 
a linear index of the yield traits.  High-density real and 
imputed genotypes for 632,002 SNP markers passed quality 
checking criteria as described in Erbe et al. (2012). 

The BayesR method of Erbe et al. (2012) was 
modified in accordance with Garrick et al. (2009) to 
account for heterogeneous error variance in cow and bull 
records.  BayesR was then used to fit a model to the data 
which included effects of the mean, breed, sex nested 
within breed, SNP markers and a polygenic term.  Effects 
were estimated in 5 replicate chains with 30,000 iterations 
each and 20,000 iterations discarded as burn in. 

Localization of QTL regions.  Local GEBV were 
calculated in sliding windows of 250 kb, following an 
approach similar to Fan et al. (2011).  Adjacent windows 
were separated by 50 kb.  The variance of GEBV was 
calculated separately for Holstein and Jersey at each 
position and windows with variance > 50 times the mean 
GEBV variance were defined to contain QTL.  Windows 
within a region were assumed to be part of the same QTL 
when the mid-points of the windows were separated by < 
0.5 Mbp. 

Pleiotropic patterns of QTL effects.  Windows 
indicating QTL were investigated for their pattern of 
pleiotropic effects.  Local GEBV were correlated within 
Holstein and Jersey for all pairwise combinations of traits 
(following Saatchi et al. 2013), where the minimum GEBV 
window variance was > 3 times the mean.  QTL regions 
were grouped according to their pattern of QTL affects and 
defined by the mid-point of the identified region. 
 

Results and Discussion 
We identified 265 windows with high GEBV 

variance for one or more traits.  These windows were 
concentrated in 42 regions in the genome, with between 1 
and 33 windows per region, and there are 438 genes within 
these windows.  The regions were classified into groups, 
depending on their pattern of QTL effects (Table 1).  
Groups where defined by the largest effect on a yield trait 
(i.e. FY, MY, PY), and then by their antagonistic (-), 
favorable (+) or neutral (n) effects on secondary traits.  For 
example, the FY+ group of QTL has a main effect on fat 
yield, and positive correlations with other yield traits.  We 
observe (large-effect) QTL from 8 of the 9 possible 
categories. 



Table 1: Regions showing large GEBV variance for milk 
production traits and grouped by their pattern of QTL 
effects, either with main effects on fat (FY), milk (MY) 
or protein (PY) yield, and antagonistic (-), positive (+) or 
neutral (n) effects on secondary traits. 

Grp Position 
BTA (Mbp) FY

 

M
Y

 

PY
 

F%
 

P%
 

FY- 5(93.7), 14(1.8)1 
27(36.2) + - - + (+) 

FY+ 15(35.2), 23(28.7) + (+) +  (-) 

FYn 2(119.1)J,6(28.8)H 
19(51.3),26(21.1) (+)   (+) (+) 

MY- 3(15.6),11(104.2)  (+) - (-) - 

MY+ 1(144.4),6(88.9)H 
20(58.4) (+) (+) (+) (-) - 

MYn 

3(34.3),5(31.2)H 
5(118.3)H,6(38.1) 

10(46.5),12(70.3)J 
12(72.2)J,14(67.1)J 

14(69.9)H,15(28.6)H 
15(53.3)H,16(1.6) 

16(41.0)J,19(42.8) 
19(61.2),20(30.7) 
20(34.5),23(51.2) 

29(41.9)H 

 (+)  (-) - 

PY- 11(103.3) - + + -  

PY+ 

5(75.4)2,5(88.9) 
6(87.3)1,10(16.8)H 

16(31.0)H,18(18.4)J 
23(39.3)J,28(18.7) 

(+) + + (-) (+) 

+/- indicates that all regions within a group had positive or negative effects 
on the trait GEBV.  Brackets indicate that some regions within a group had 
+/– effects on the trait while other regions within that group had no effect. 
H/J indicates a large QTL in Holstein (H) or Jersey (J) only, where the QTL 
effects in the alternate breed were < 50 times the trait mean.  
1the pattern of effects differed between within the region and sometimes 
between Holstein and Jersey breeds. 
2this QTL region has two distinct patterns for QTL effects and is likely to 
contain two independent QTL. 

 
The first group, defined as the FY-, consisted of 

QTL that increased FY but decreased MY and PY.  This 
group contain DGAT1 (BTA14, 1.8Mbp) and AGPAT6 
(BTA27, 36.2 Mbp), which both have previously reported 
effects on milk fat (Grisart et al. 2002; Roy et al. 2006).  
Raven et al. (2014) also report DGAT1 using similar data 
and a traditional GWAS approach but finds the most 
significant F% SNP near AGPAT6 within GINS4 (BTA27, 
36.1 Mbp).  The third FY- QTL maps to microsomal 
glutathione S-transferase (MGST1; BTA5, 93.9Mbp).  
Wang et al. (2012) reports a F% QTL 500 kb from MGST1 
in German Holstein but suggest epidermal growth factor 
receptor (EPS8, 94.6 Mbp) as the likely candidate.  Raven 
et al. (2014) identify MGST1 as a candidate FY gene and 
suggest the possibility of a 2nd QTL at EPS8.  Supporting 
MGST1 as the candidate loci, Chamberlain et al. (2014) 
finds significant over-expression of MGST1 in mammary 
tissue (P < 10-5) compared to 17 other tissue types. 

In the FY+ group, tryptophan hydroxylase (TPH1; 
BTA15 34.9 Mbp) is a possible candidate for the QTL on 

BTA15.  Its role in milk fat synthesis is unclear but this 
gene is over-expressed when animals are treated with 
prolactin (Hernandez et al 2008), it has a role in mammary 
gland development (GO:0067074) and it is significantly 
under-expressed in mammary tissue (P < 10-5; Chamberlain 
et al. 2014). 

There are 4 regions in the FYn group and 2 
candidate genes with strong evidence to support their 
involvement in milk fat synthesis.  Fatty acid-synthase 
(FASN; BTA19, 51.4 Mbp) and stearoyl-CoA desaturase 
(SCD; BTA26, 21.1 Mbp) are in milk fat synthesis 
pathways and over-expressed in the mammary tissue 
(Bionaz and Loor 2008; Chamberlain et al. 2014).  FASN 
also has previous reports of a F% QTL (Wang et al. 2012).  
Using single SNP regression, Raven et al. (2014) finds the 
most significant FY SNP near SCD within the BTRC gene 
(BTA26, 22.1 Mbp). 

The MY- group had QTL for MY or P% (where 
P% is considered to be a sensitive indicator for a change in 
milk volume) and an antagonistic relationship between MY 
and PY.  The region on BTA3 contains the MUC1 gene 
(BTA3, 15.4 Mbp), whose product is a glycoprotein 
forming part of the surface membrane for fat globules in 
milk (Pallesen et al 2001).  MUC1 is also highly over-
expressed in mammary tissue, showing a 3.2-fold increase 
compared to its average expression in 17 other tissue types 
(Chamberlain et al. 2014). 

The MY+ group contained two regions with 
positive effects on MY and PY (BTA1 & BTA6) and one 
region with antagonistic effects on P% and FY (BTA20).  
There are two strong candidates for MY QTL from these 
regions, namely SLC37A1 on BTA1 (144.4Mpb), which is a 
glucose transporter, and GC near the casein complex on 
BTA6 (88.7 Mbp, see Goddard et al. 2014), where the GC 
QTL appears predominately in Holstein.  ANKH (BTA20, 
58.4 Mbp) is an interesting novel candidate in this group, 
being over expressed in mammary tissue (P < 10-5; 
Chamberlain et al. 2014) and an inorganic pyrophosphate 
transport regulator with involvement in bone formation and 
remodeling (Nurnberg et al. 2001). 

The MYn group consisted of 19 regions spread 
throughout the genome.  All regions have a large QTL 
effect on P%, and sometimes regions also had an 
antagonistic effect on MY.  The largest QTL region was 
found on BTA20, encompassing growth hormone receptor 
(GHR, BTA20, 31.8 Mbp).  Blott et al (2003) report a 
mutation in GHR affecting milk yield but there also appears 
to be other QTL nearby on BTA20.  On BTA14, the large 
(605 Mbp) plasma glutamate carboxypeptidase (CPQ; 
BTA14 69.6 Mbp) is a good candidate for the Holstein-only 
MY QTL because of its involvement with the regulation of 
thyroid hormone (GO:0006590).  Raven et al. (2014) also 
describes this region but attributes the effect (predominately 
as a F% QTL) to the neighboring SDC2 gene.  Both CPQ 
and SDC2 show significant differential expression in 
bovine mammary tissue, with CPQ being under-expressed 
and SDC2 being over-expressed (Chamberlain et al. 2014).  
GMDS on BTA23 (51.1 Mbp) could have a functional role 
as a MYn QTL due to its involved in fructose biosynthesis.  

The MYn group also includes a region 
encompassing alpha-lactalbumin (LALBA; BTA5, 31.3 



Mbp), which encodes part of the enzyme needed for lactose 
synthesis, a large region including ABCG2 (BTA6, 37.9 
Mbp; Cohen-Zinder et al 2005).  We also identify a region 
on BTA16 encompassing FASLG (BTA16, 41.0 Mbp), 
which has a role in apoptosis in (normal) human mammary 
cells (Keane et al. 1996).  The region on BTA19 includes 
STAT5A (BTA19, approx. 43.0 Mbp), where a putative 
mutation has been recently identified in our data for P% 
(Raven et al. in prep). 

The single region in the PY- group encompasses 
the PAEP (formally LGB or beta-lactoglobulin, BTA 11, 
103.3 Mb) gene.  The effect of this QTL is to increase PY, 
but it also increases MY and decreases FY.  LGB is an 
extensively studied locus and codes for the primary whey 
protein found in bovine milk.  The effect on protein yield is 
largely caused by increased production of LGB protein by 
cows carrying the ‘A’ allele (Ng-Kwai-Hang & Kim 1996). 

The PY+ group increased PY with positive effects 
on MY and sometimes FY.  This group includes a region 
encompassing the 4 casein genes (CSN1S1, CSN1S1, CSN2, 
CSN3; BTA6, approx. 87.1 Mbp) whose products make up 
about 80% of the protein content of bovine milk.  The 
effects between traits, and between Holstein and Jersey, 
varied in this region and suggest the presence of several 
possible allelic effects.  On BTA5, CSF2RB (BTA5, 75.7 
Mbp) is a strong candidate because of its involvement in the 
JAK-STAT signaling pathway and it is also over-expressed 
in mammary tissue (P < 10-5; Chamberlain et al. 2014).  
This region (BTA5, 75.0–75.9 Mbp) probably also contains 
a 2nd MY QTL as the pattern of effects over all traits is not 
consistent.  A second region on BTA5 contains GYS2 (89.1 
Mbp), which show involvement in glycogen biosynthesis 
(GO:0005978) and shows significant under-expression in 
mammary tissue (P < 10-5; Chamberlain et al 2014).  On 
BTA10, transducin-like enhancer of split 3 (TLE3, BTA10, 
16.9 Mbp) has no clear role in milk proteins but is 
significantly over-expressed in mammary tissue (P < 10-5; 
Chamberlain et al 2014) and has reported involvement in 
protein binding. 

Although we divide the QTL into groups based on 
their pattern of effects and named them for their largest 
effect, it seems many QTL affect several traits and these 
secondary effects are often poorly understood (e.g. the 
effect of LGB on FY and F%).  We also identify several 
large regions which are likely to contain > 1 QTL but which 
could not be discerned due to similar pleiotropic effects of 
the QTL.  

Conclusion 
The multi-breed, BayesR analysis identified 

numerous QTL for milk production.  Many of these regions 
have already been reported in the literature (DGAT1, GHR, 
ABCG2, AGPAT6, FASN) and some contain new candidates 
with supporting evidence for functional involvement in 
milk production (SCD, SLC37A1, MUC1).  Using the 
pattern of effects across traits we were able to group the 
QTL into those with similar pleiotropic effects, perhaps 
indicating similar mechanisms, and to identify candidate 
genes consistent with these mechanisms e.g. LALBA.  By 
fitting all SNPs simultaneously, considering the effects on 
multiple traits and using a multi-breed population, we were 
able to resolve nearby QTL (e.g. SCD/BTRC, GC/casein 
complex and presence of 2 QTLs on BTA5 near CSF2RB).  
Therefore we believe that this approach gives more precise 
mapping of QTL compared to single SNP regressions.  
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