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PREFACE

The submission of this master thesis marks the end of my 2 year MSc. program in Animal
Breeding and Genetics. The study was carried out at the Department of Animal and
Aquaculture Studies, Norwegian University of Life Sciences, with joint supervision from the

University of Natural Resources and Applied Life Sciences, Vienna.

Single Nucleotide Polymorphisms (SNPs) in the casein genes have been the focus of many
past research works all over the world in cattle, sheep and goat populations. This is due to the
marked effect that they have on milk composition and sensory traits. Also, advances in
genotyping methods have led to the availability of high quality data, which if utilized properly
can lead to (and in some cases is already leading to) accelerated genetic improvement in
livestock species. | feel statistical and data modeling methods for making logical and
applicable inferences from the molecular data produced are the key to achieving this desired

genetic improvement.

This study is a comparison of multivariate methods for estimating the additive effects of 38
casein SNPs in Norwegian goats. The main methods were based on principal components
analysis and partial least squares regression. Another method which incorporated information
on the extent of linkage disequilibrium into the mixed model equations was tested, but
unfortunately excluded, from this final report because the plausibility of the results could not
be assessed.

Differing from most of the other studies on the casein genes, this analysis was performed at
the multi-SNP level rather than using the haplotype or single-SNP approach. The feasibility of

the methods in estimating SNP effects is discussed.

ENN.Y Amuzu  As, May 2011
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ABSTRACT
The four casein proteins make up the majority of protein in goat’s milk. They are encoded by

4 closely linked genes, CSN1S1, CSN2, CSN1S2 and CSN3 within a 250 kb segment on
chromosome 6. Polymorphisms of these genes are of interest to animal breeders due to their
effect on milk composition and quality. Due to the linkage between them, methods for analysis
of this genomic region have mostly been at the haplotype level. A multi-SNP approach was
used in this study. We assessed the suitability of two multivariate statistical methods, partial
least squares and principal component regression, for the detection of the additive effects of
casein polymorphisms on milk traits. These methods are well suited for analysis of collinear
variables. Genotype information on 38 casein SNPs, and phenotypic records on milk yield,
somatic cell count, fat, protein, and lactose percentages were obtained for 565 goats from 6
Norwegian farms. Three models were compared. After correcting the records for fixed and
permanent environment effects, PLSR was run on single traits at a time (model 1) and then
jointly for all traits but milk yield (model 2). For the third model the scores from PCA were
collected and used as fixed effects in an animal model. The PLS-based methods clearly
detected significant effects of SNPs in the CSN1S1 and CSN3 regions, consistent with
previous findings. Three SNPs in the CSN2 gene had positive effects on fat and protein
percent and negative effects on somatic cell count. A Norwegian-specific deletion in exon 12
of CSN1S1 had a significant negative effect on fat and protein percent (p<0.05). Estimates
from Model 3 generally had higher SEs, and only identified significant effects on fat and milk
yield. It was however able to detect the effect of the exon 12 deletion on fat percent. Overall,
the PLS based models identified a higher number of effects as significant, fat and protein
percent were better explained by the models than the other traits, and SNPs at CSN1S1 and

CSN3 appear to be the most important for detecting variability in milk traits.

Key words: Casein genes, Principal component analysis, Partial least squares, Norwegian
dairy goats.
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1.0 INTRODUCTION

1.1 Background

The main source of income for goat farmers in Norway is the sale of milk and milk products.
This is also true for many other European countries like France, Spain, Portugal and Italy. The
main use of this milk is the production of cheese, and since coagulation of caseins is the
fundamental process in cheese making, there has been an immense amount of interest in the

study of casein genes in goat populations across Europe over recent years.

There are four different types of casein proteins, together making up the majority of protein in
goat’s milk (Hayes et al., 2006). These four casein genes have been mapped on chromosome
6 in both cattle and goats (Hayes et al., 1993; Threadgill et al., 1990), with those of the
caprine chromosome located within a 250 kb segment. The four genes are in the order as;-, f,
asy-, and k-casein, and are coded by the loci CSN1S1, CSN2, CSN1S2 and CSN3
respectively. Many studies have been carried out on polymorphisms in the casein genes, most

of which have been done at the haplotype level due to the tight linkage between the 4 genes.

Different haplotyping methods were used in these studies: Maximum likelihood (Excoffier &
Slatkin, 1995; Hawley & Kidd, 1995) and a parsimony method by Clark (1990) seem to be
the most common. Stephens et al., (2001) also proposed a method using Gibbs sampling to
reconstruct haplotypes from SNP data. A well-established haplotyping software, PHASE, is

also commonly used for the same purpose.

The effects of the haplotypes are then estimated with varying models. Hayes et al., (2006)
reported that haplotypes at CSN1S1 loci had significant effects on protein percent, fat percent

and fat yield, whilst those at the CSN3 loci had significant effects on protein and fat



percentages. Similar findings on associations between casein polymorphisms and milk
composition and sensory traits have been reported in Italian breeds by Pizzillo, (1996);
Marletta, (2000); Meggiolaro, (2000) and in Spanish breeds by Diaz, (1993 & 1994); Angulo,

(1996) and many others.

These interesting findings have raised the question of how best to include this genomic
information in breeding programmes for dairy goats. Serradilla (2003) compared 3 different
strategies for including CSN1S1 information to improve selection response; he found a
significant increase in the rate of genetic gain when genotypic information was included in
selection for protein content and concluded that further studies are necessary to optimise the
use of casein gene information in breeding programmes. Hayes et al., (2006) also conclude
that there is a great potential for using the casein genes in haplotype assisted selection with

respect to improvement of milk quality.

Several methods have been suggested for the inclusion of genotypic information into
predictors of the genetic merit of candidates for selection, one of them being multiple
regression. Certain authors, e.g Clayton et al., (2004); Chapman et al., (2003) believe that
genotype-based tests can outperform haplotype-based approaches. In one method, Chapman

et al., (2003) used a subset of tagSNPs as regressors to test associations.

Multivariate statistical methods might be an alternative to haplotype-based methods of
including genotype information in selection. They are increasingly being applied to the
analysis of SNP data in recent times, the most used methods being principal component
regression (PCR), partial least squares regression (PLSR) (Long et al.,2011) and other
variations which are combinations, or slight alterations, of PCR and PLS. An example is seen

in work by Bouveresse &Rutledge, 2009.



These methods have the advantage of eliminating multicollinearity, a problem which arises in
regression models for quantitative traits when using a large number of genetic markers as
predictor variables. Even in cases with relatively small numbers of markers, multicollinearity
may occur because markers are intercorrelated due to linkage disequilibrium between the
SNPs. Linkage disequilibrium (LD) is the non-random association between alleles at two or

more loci.

Investigating the feasibility of using PCR and PLSR for the analysis of associations between
casein SNPs and milk traits of economic importance is therefore interesting because these
methods address both the issue of dimension reduction (if necessary), and the problem of
multicollinearity among predictor variables. Also, inferring haplotypes and then carrying out a
haplotype-based analysis may be more inefficient than direct SNP analysis (Morris et al.,

2004). Using PCA/PLSR skips this step of haplotype inference.

It has been noted by Hoggart et al.,(2008) and Long et al., (2011) that SNPs selected by
single-SNP analysis may produce more false positives than those selected by multiple-SNP
analysis, because the signal at a SNP when analyzed individually is often weakened by the
inclusion of other correlated SNPs. Another possible advantage of the multivariate methods is
therefore that these methods will allow for the simultaneous analysis of all available
genotyped SNPs, instead of performing multiple single-SNP analyses.

Genotype information on 38 SNPs from the goat casein genes have previously been analysed
in the Norwegian goat population by Hayes el al (2006). They used a haplotype-based

approach and found associations between about 6 haplotypes and certain milk traits.



1.2 Aim of the study
The general aim of this study is to test the feasibility of multivariate techniques as an
alternative to haplotyping and single-SNP methods for the detection of associations between

the casein polymorphisms and milk composition traits.

Due to the high level of linkage disequilibrium between the SNPs, the main focus will be on
ways of dealing with multicollinearity between the SNPs when performing simultaneous

multi-SNP analysis. This will be investigated by:

e Running partial least squares regression of SNPs on milk records (milk yield, fat
percent, protein percent, somatic cell count and lactose content)
e Testing a model combining principal component analysis (PCA) and the BLUP animal

model to estimate additive effects of the SNPs on milk traits.



2.0 LITERATURE REVIEW

2.1 Caprine casein genes and their effects on milk traits

2.1.1 Alpha sl casein

The four casein genes os-, as-, B- and k- casein have been described as the major milk
protein genetic polymorphisms in goats (Moioli et al., 2006). Of these, os IS the most
polymorphic with about 18 known co-dominant alleles (Grosclaude & Martin, 1997; Chianese
et al., 1997; Bevilacqual et al., 2002; Ranummo et al., 2001 & Caroli et al., 2007). These
variants are associated with different rates of protein synthesis and as;-casein content of milk
(Grosclaude & Martin, 1997; Moioli et al., 2006). Effects of as; on goat flavour of cheese and

fat content have also been reported (Barbier et al., 1995).

Due to its high level of polymorphism and clear distinction in levels of protein synthesized
between different alleles, as; seems to be the most studied casein gene (Grosclaude et al.,
1994). Studies on the effects of ag; on milk yield and composition, micelle structure,
renneting properties and cheese yield in French breeds are well summarized by Serradilla

(2003).

Hayes et al., (2006) analysed effects of casein haplotypes on milk production traits in the
Norwegian dairy goat population and came to the following conclusions: (1) CSN1S1
haplotypes had significant effects on protein percent, fat percent and fat kg, (2) CSN3
haplotypes significantly affected protein and fat percent, (3) at the individual SNP level only 2
SNPs with an effect on protein and lactose percent were significant, (4) a Norwegian-specific
deletion in exon 12 of CSN1S1, found to have a very high frequency, 0.86 , (Adnoy et al.,
2003), explains the effect of the CSN1S1 haplotype on fat kg, (5) there was no significant
effect of the interaction of haplotypes at CSN1S1 and CSN3. The last finding is supported by

reports of Caravaca et al., (2011) on a similar analysis of French breeds.
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2.1.2 Alpha s2 and Beta caseins

The as; and B- casein genes are relatively less polymorphic. Independent research by
Boulanger et al., (1984); Bouniol et al., (1994), Martin & Addeo, (1995); Lagonigno et al.,
(2001), Ramunno et al., (2001) and Erhardt et al., (2002) collectively identify 8 as, alleles
reported to have effects on the synthesis levels of as, protein and ultimately on the allergenic

properties of milk.

The B- casein gene has 3 variants associated with normal B- casein content and two null
alleles which result in the absence of - casein in milk (Mahe &Grosclaude, 1993; Neveu et

al., 2002; Martin and Addeo, 1995).

2.1.3 Kappa casein

The «- casein gene is also highly polymorphic, and has been studied in diverse populations in
Africa, Asia, Europe and America. A large variation in the frequencies of the circa 16
polymorphisms - 13 of which are protein variants - are seen across these populations
(Angiolillo et al., 2002; Yahyaoui et al., 2003; Jann et al., 2004), but the exact effect of these
variants on milk production traits is not clearly stated. Hayes et al., (2006) however found
suggestive effects of a cluster of SNPs in the promoter region of CSN3 on protein and fat
percent in Norwegian goats. The authors believe that none of the SNPs detected so far are the
causative mutation, but may be in LD with it. Caravaca et al., (2011) found a significant effect
of CSN3 polymorphisms on rennet coagulation time, total casein and protein content in the
Murciano-Granadina breed from Spain. They recommend that further studies on other breeds

be carried out to replicate and validate their findings.

2.2 Linkage disequilibrium between the casein genes
First reported by Grosclaude et al., (1987), it is now common knowledge that the four casein

genes are within a gene cluster. This region is 250 kb, located on chromosome 6 in both cattle



and goats (Hayes et al., 2006). For the Norwegian goat population, it was reported by Hayes
et al., (2006) that LD was not evenly spread across the chromosome segment containing the
caseins. They observed high levels of LD at either end of the segment, but low levels of LD in
the middle of the segment.

The high level of LD between the four casein genes is seen as a hurdle in their analysis
(Caroli et al., 2006) and is the reason that most of the association analyses so far reported
have been at the haplotype level, so as to incorporate the information from all the genotyped
SNPs simultaneously. These authors also feel that research focused on the haplotype level is
necessary to detect important effects that could be used for the genetic improvement of goat
breeds. Hayes et al., (2006) also support the idea of simultaneous analysis of all genotyped
mutations.

In line with this thinking, this present study attempts to analyse all SNP information available
on the entire casein cluster simultaneously through the application of multivariate methods

PCA and PLS, as well as a BLUP model which incorporates information from PCA.
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Figure 1.—LD across the chromosome segment visualized using the Haploview program (Barrett et al. 2005). Each diamond
contains the level of LD measured by r? between the markers specified. Darker tones correspond to increasing levels of r2.
(Source: Hayes et al., 2006)

2.3 Multicollinearity in Regression models

Multicollinearity is a situation in statistical analysis where some of the predictor variables in a
model are highly correlated or are perfect linear combinations of the other variables. In SNP
data analysis, multicollinearity almost always exists because some of the SNPs, especially
those in close proximity on a chromosome, are intercorrelated. This inter-correlation is
attributed to linkage disequilibrium. As reiterated by Long et al., (2011), one consequence of
multicollinearity in least-squares regression is unstable estimates, since the variance of the
estimated regression coefficients will be greatly inflated. Chun and Keles (2009) state that
multicollinearity is a common statistical problem that arises during regression-based
modelling of modern biological data. This thus necessitates the investigation of the available

methods of overcoming this, as well as perhaps the creation of new ones. Principal component



analysis and partial least squares regression have been used, albeit in different ways, by many

researchers to overcome this problem.

2.4 Principal Component Analysis

Principal component analysis (PCA) is a procedure that applies mathematical algorithms to
‘convert’ a matrix of possibly correlated predictor variables into a set of orthogonal
(uncorrelated) variables. These new variables are usually termed principal components (PCs).
Each PC is a linear combination of all the initial variables. PCA decomposes a data matrix X,

into orthogonal scores T and loadings P. (Mevik & Wehrens, 2007), giving the equation:
X = TP* + E (Eisamatrix of residual errors)

The PCs are ordered with respect to the amount of variance in X that they explain, with the
first PC being the one with the highest proportion of explained variance. The loadings show
the influence of the X variables on the scores, and are important for the interpretation of the
results obtained from a PCA analysis. The scores give one of the most powerful tools that
principal component-based methods can offer (Risvik, 2007), and further analysis is usually
performed using scores. For example, in principal component regression, the ordinary least

squares solution for:
Y=Xp +e
isgivenby B = P(T'T)*T'Y

where the superscript ‘t” refers to the transpose of the respective matrix. One characteristic of
PCA, which is considered a drawback, is that in calculation of the PCs, only the variance in X
is taken into account. This may lead to suboptimal predictive power of the PCs (Mevik &

Wehrens, 2007).



1.5 Partial Least Squares Regression

The methodology of partial least squares was introduced by the Swedish statistician Herman
Wold. He termed it ‘Projection to Latent Structures’. It is similar to PCA in that it aims at
extracting from a set of n predictor variables, X, a set of n<p orthogonal factors without
losing too much of the initial variance that existed in the data (Abdi, 2010). These factors are
commonly referred to as latent variables (LVs). It differs from PCA however because the LVs
are chosen in such a way as to describe as much of the covariance between X and Y, whereas

PCA concentrates on only the variance of X. The underlying models for PLS are:
X=TP' +E

Y=UQ' +F

The regression coefficients are obtained as:

B = R(T'T)'TY

with R = W(P'w)*

Where X is a matrix of predictor variables, Y is a matrix of predictor variables, T is a matrix
of X scores, U is a matrix of Y ‘factors’, P and Q are matrices of X and Y loadings
respectively, W is a matrix of weights for X, E and F are the error terms. (Mevik & Wehrend,

2007)

PLS 1 is partial least squares regression on a single response variable and PLS Il is the same
analysis performed on multiple response variables simultaneously. Details of the PCA and
PLSR algorithms and equations are not given here, as the main focus of this research is not
comparing algorithms or computations of PCs and LVs, but rather on the possibilities and/or
drawbacks of the use of these methods in general, for the estimation of casein SNP effects on

milk traits.

10



In both PCA/R and PLSR one main decision is how many components to retain for further
analysis. The most common criteria are the predictive ability of the model, measured by the
root mean square error of prediction (RMSEP) for a test data set (or root mean square error of
cross —validation (RMSECV) on the training data set), and the amount of variance in the
explanatory variable that the model explains; measured by R2 In PCR, the cumulative
variance in the predictor variables that is explained by the components is usually used. There
is however no hard and fast rule for this; the final decision is based on the main aim of the

analysis and the researcher’s opinion.

11



3.0 MATERIALS AND METHODS

3.1 Materials

3.1.1 Genotypic data

This study used data on 38 SNPs from the 4 caprine casein loci. The subjects were 605 does
from 6 Norwegian farms. Collection of blood samples and genotyping was carried out
through the combined effort of TINE SA (largest Norwegian dairy product cooperative), the
Norwegian Association of Sheep and Goat Breeders (NSG), Norwegian University of Life
Sciences, Norwegian Crop and Environmental Research Institute and the Centre for
Integrative Genetics. Details of genotyping procedures can be found in Hayes et al., (2006). In
the present report, the 38 casein polymorphisms are labelled as SNP1 — SNP40 according to

the numbering used in Hayes et al., (2006); actual names are given in the appendix.

3.1.2 Phenotypic records

3127 records on milk production were available from 567 genotyped does, giving an average
of 5.5 records per doe. On milk composition there were 2172 records for 565 genotyped does;
an average of 3.8 records per doe. Both datasets gave a good representation of all 6 farms.
The does included in the study all had kidding dates between 2004 and 2005 and production

records from 2005 were used. The records taken into account were:

Milk kg: the total amount of milk produced per goat on the day of control (as a sum of
morning and evening lactation)

Fat percent: the fat content of the sampled milk
Lactose percent: the lactose content of the sampled milk
Protein percent: the protein content of the sampled milk

Somatic cell count (SCC): the concentration of somatic cells per millilitre of milk

12



Days in milk (DIM): calculated as the number of days from the kidding date to the
date of control.

Kidding information: kidding date and parity number

Herd — test day: factor which combines information on which farm and on what date

records were taken

3.1.3 Pedigree records
From a database of 7323 animals, the lineage of the 605 genotyped does was traced up to 7
generations back. This information was used to compute the relationship matrix that was used

in the mixed model equations.

3.1.4 Variance components

The additive, permanent environment and residual variance components for all the traits used
in the study were obtained from the Norwegian Association of Sheep and Goat farmers. These
variance components were calculated in 2009.

Tablel. Variance components used for analysis

TRAITS
Variance component Milk yield Fat percent Protein Lactose log(SCCQC)
percent percent
Additive genetic 0.05324 0.13982 0.0149 0.01327 0.08109
Permanent environment 0.07099 0.06289 0.0073 0.00612 0.19491
Residual 0.15311 0.31173 0.01963 0.01592 0.51572
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3.2 Methods

3.2.1 Data organization
General data sorting, removal of missing records, identification of lineage of the animals for
the pedigree, coding, transformation of measurement scales and basic calculations (e.g. days

in milk) were done using Microsoft Excel (2007).

An nxp SNP matrix was created using the following coding:

2 - homozygote for more frequent allele
1 - heterozygote
0 - homozygote for less frequent allele.

For SNP14 coding was ‘deletion’ = GAAAAAT versus
‘non-deletion” GAAGAAAT and GAAAAAAT- The deletion was the more frequent allele

n is the number of records and p is the number of SNPs (38)

3.2.2 Estimation of SNP effects
The effect of each of the 38 SNPs on milk yield (kg), log-transformed somatic cell count, fat,
lactose and protein percentages was estimated using 3 different models. All analyses were

carried out using R statistical software.

3.2.2.1 Model 1: Partial Least Squares Regression |

Partial least squares regression was run using the Non-linear Iterative Partial Least Squares
algorithm (NIPALS). The 38 SNPs were the predictor variables and the single traits were each
responses in PLS 1. The traits were pre-corrected for the fixed effects of kidding season, parity
number, herd test day and days in milk (DIM). DIM was modeled as described by Jamrozik
and Schaeffer (1997). To account for repeated records, the permanent environment effect of

each individual was also predicted. Traits were corrected with the following model:

Yijkimn= K + HTDy +kdseason+KNUM;,+b1,DIM + b, DIM + bgnD||\/| + b4, DIM + pe; + Eijjkimn
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where:

Yijkimn 1S the i™ recorded trait for goat j with parity number m within kidding season I, days in

milk n and permanent environment j, taken on herd test day k
M is the fixed effect of the mean

HTD = fixed effect of herd test day, k (k=1,2,3...,35 for milk yield and 1,2,3...,25 for milk

composition)

kdseason = fixed effect of the kidding season | (I =1:Dec-Feb, 2:March to May, 3:June to

November)
KNUM= fixed effect of parity m (m= 1, 2, 3 and 4 for unknown parity)
DIM= effect of the stage of lactation n where by4:

2 o= (2 3= (%), 4= [ (20)]
pe = random effect of animal j’s permanent environment. (j=1,2,...,567 for milk yield and
1,2,...,565 for milk composition).
The model is represented in matrix notation as:

Y=Xp+Zpe + ¢

2

Assuming: pe =~ N(0,Ic},), e=N(0,1I0Z), G=24,] and 4, —T
Ope

E()=XB and V (y)=Z2GZ' + Io?
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where:

X is a design matrix of all the fixed effects, Z is an incidence matrix relating phenotypes to
individuals, I is an identity matrix, pe is a vector of the permanent environment effect of
individuals, ¢ is the vector of residual errors associated with each observation, G is the

covariance matrix of permanent environmental effects, o7, and o are permanent

environmental and residual variances respectively. The following equation was solved to get

the estimates:

(B)- [ 7] [

Giving: Y =XB + Zpe
and the final “‘corrected’ Y values were:
*Yy = y-¥
A PLSR model was then used to analyze the *corrected milk traits:

*Y = SNPs + residual

‘SNPs’ refers to the SNP matrix.

A different number of latent variables were used in the models for the different traits; the

optimum model dimension was inferred from plots of the RMSECV.
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e Significance test
Student’s t — distribution with degrees of freedom n — number of fixed effects
estimated and level of significance 5% (o = 0.05) was used to test for significance of
the regression coefficients.
H,: f =0 versus H,: B # 0 for all SNPs

B

The test statistic was: —
SE

)

3.2.2.2 Model 2: Partial least squares regression 11
Pre-correction of traits was done as in Model 1, and then PLSR was performed on all traits
simultaneously, excluding milk yield (due to differences in the structure of the data). The test

statistic was also computed as in Model 1.

3.2.2.3 Model 3: PCA combined with Animal model

The scores obtained from PCA (singular value decomposition) of the SNP matrix were used
as fixed effects in an animal model. Only the scores from the first 15 PCs were used. This
number was decided based upon the cumulative variance explained by the PCs, (which was
98%) as well as inference about the gene regions that had or had not been captured by the

PCs. PCA decomposes a data matrix, X, such that
X = TP' where T and P are the scores and loadings matrices respectively.
The animal model was:

Yijimn= M + scores + HTDy + kdseason; + KNUMy, + b1nDIM + b2nDIM + b3, DIM + bsyDIM +

Uj + P& + Eijkimn
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where:
scores are the columns of T corresponding to the first 15 PCs

u is the random polygenic effect (breeding value) other than casein genes of animal |

(=1,2,...,567 for milk yield and 1,2,...,565 for milk composition).
Other parameters are as in previous models.

Model 3 is represented in matrix notation as:

Y=XB+Zu+ Zpe + ¢

Assuming: pe =~ N(0,Io5,), u=N(0,407), &=N(0,Id)
2 2

Gp = Apl , G, ' = AdZ, Ap = ::_Ze’ Ao = ZZ

pe a

EW)=XB and V (y)=ZG,Z'+ ZG,Z"' + Io¢
where:

X is a design matrix of all the fixed effects, Z is an incidence matrix relating phenotypes to
individuals, | is an identity matrix, u is a vector of breeding values (polygenic effect), pe is a
vector of the permanent environmental effect of individuals, ¢ is the vector of residual errors
associated with each observation, G, is the covariance matrix of the polygenic effect, G, is the
covariance matrix of permanent environmental effects, oZ , 0,5, and o are additive genetic,
permanent environmental and residual variances respectively. The following equation was

solved to get the estimates:
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-1

B Xtx Xtz Xtz Xty
a =12 ztz+¢6,7" 7tz Zty
pe VAD ¢ VAYA Z'Z+ G, Zty

Only the estimated PC effects, Sp. (a sub-vector of ,@) were of interest in this study. The Bp¢

were back- transformed into the realm of the original SNPs using the loading matrix, P.

ﬁSNP =P X ﬁpc

The estimated covariances of the estimated PC effects (obtained from the C * matrix) were

also back-transformed into the realm of the original variables:

——~ — —~ t
covg, ., = \/P X covg,, X P

e Significance test
Student’s t — distribution with degrees of freedom n — number of fixed effects
estimated, levels of significance 5% and 10% (o = 0.05, 0.1) were used to test for

significance of the estimated SNP effects.

H,: Bsyp = 0 versus H,: Bsyp # 0 for all SNPs

The test statistic was: fsi

Bsnp
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4.0 RESULTS AND DISCUSSION

4.1 Results

4.1.1 General Descriptive statistics

Table 2: Descriptive statistics of traits included in the study

Statistic TRAITS =
Fat % Lactose % log(SCC) Protein% Milk yield(kg)

Mean 4.18 4.38 2.64 2.98 2.43
Stdev 1.00 0.24 0.57 0.28 0.80
Median 4.00 4.37 3.00 2.97 2.40
Min 1.00 3.01 1.00 2.21 0.00
Max 10.00 5.19 4.00 4.28 5.20
*per day

4.1.2 Estimated SNP effects

4.1.2.1 Model 1: Partial Least Squares Regression (PLS I)

The number of latent variables used in the PLS I models, as well as the amount of variance in
the traits that they could explain was different for each trait. Based on plots of RMSECYV, the
optimum model dimension was decided as the number after which there was either levelling

off or an increase.

Fat percent

For Fat %, 4 LVs were used in the estimation of the SNP effects. Plots of the X loadings show
that the first and second LVs mostly capture variation in the alpha s1 and kappa gene regions.

The four LVs explained 87% of SNPs variation and 1.82% of the variation in fat percent.

Lactose percent

Two LVs were used in the Lactose model and they explained 33.5% of SNPs and 0.61% of

trait variation. Both of these latent variables mostly captured variance in the asl region,
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indicating that the SNPs there are relatively more important for explaining lactose percent. |
therefore expected that the estimates of SNP effects in as1 would have higher absolute values
than for the other SNPs; however, analysis did not show this pattern. Also, none of the

estimated effects were statistically significant. Results are in Figure 2.

Somatic cell count

Only one LV was used for the log(SCC) SNP effect estimation, and judging from the error
plots, one would conclude that the SNP information was unsuitable for prediction because the
null model which did not take the LVs into consideration at all had almost the same
RMSECYV as the model with 1 LV. Increasing the model dimension led to an increase in the
error. The model with 1 LV explained 44.6% of SNP variance and 0.17% of the trait variance.
Loading plots show that the first latent variable assigned positive weights to the SNPs in the
casein region, whilst the second latent variable assigned negative weights to the very same

region.

Protein percent

Protein prediction was optimum at 3 LVs. Just as would be expected, the amount of variance
explained in both SNPs and trait was relatively high, with values close to those for fat percent.
The final protein model explained 83.2% of the variance in the SNPs and 1.63 of that in

protein.

Milk yield

The same is true for the model estimating SNP effects on milk yield, addition of more LVs
increased the error, so the final model used only the first LV, which could explain 46% of
SNPs and 0.1% of trait variation. Most of the variation captured by this LV was also in the k-

casein region.
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SNP effects

Figure 2 shows the significance test for the estimated effects of the SNPs on fat %. Seven
SNPs were found to have significant effects at 5% level of significance. 4 of these SNPs are
in the asl region and the remaining are in the -casein region. The deletion in exon 9 of
CSN1S1 (SNP 11) had a positive effect on fat% and the deletion in exon12 of CSN1S1 (SNP
14) had a negative effect. This is consistent with previous studies on the same population,
though in that study SNP effects were estimated one at a time (Dagnachew, 2009

unpublished.)
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Figure 2: Significance test for the additive effect of major allele of each SNP on Fat percent, estimated with
Model 1. The red and green horizontal lines represent 5% and 10% experimental-wise threshold level
respectively; any SNP above the top line or below the bottom line is taken as significant.
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PLS I did not result in the estimation of any statistically significant SNP effects on Lactose
percent. This is not too surprising, because as mentioned earlier, the LVs captured very little

of the variation in this trait. Figure 3 shows the significance test for the estimation of SNP

effects on lactose percent.
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Figure 3: Significance test for the additive effect of major allele of each SNP on Lactose percent, estimated
with Model 1. The red and green horizontal lines represent 5% and 10% experimental-wise threshold level
respectively; any SNP above the top line or below the bottom line is taken as significant.
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For somatic cell count, SNPs 27, 30 and 32, all in the k-casein region, were significant at 5%.

They all had a positive effect on SCC. At 10% significance level, SNP15 in the asl region

was significant with a positive effect; SNP26 in as2 had a negative effect and SNPs 36 and 37

both in the k-casein region had a significant negative effect. Overall, most of the ‘important’

SNPs for explaining variation in SCC were in the k-casein genes. Figure 4 gives an overview

of the significance test for the additive effect of SNPs on somatic cell count.

Test statistic

log(SCC)
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Figure 4: Significance test for the additive effect of major allele of each SNP on log-transformed Somatic
cell count, estimated with Model 1. The red and green horizontal lines represent 5% and 10% experimental-
wise threshold level respectively; any SNP above the top line or below the bottom line is taken as significant.
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The significance tests for the estimated SNP effects on protein percent are shown in Figure 5.

All the significant SNPs in the as1 region had negative effects. As in the other traits, asl and

K —caseins genes show marked significance. In total 9 SNPs were found to be significant at

5% level. The deletion in exon 12 of CSN1S1 had a significant negative effect, as was

expected.
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Figure 5: Significance test for the additive effect of major allele of each SNP on Protein percent, estimated
with Model 1. The red and green horizontal lines represent 5% and 10% experimental-wise threshold level
respectively; any SNP above the top line or below the bottom line is taken as significant.
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For milk yield, SNPs 16 and 17 in the p-casein region had a significant negative effect at 5%
level of significance. All other significant effects were in the k-casein genes, with a cluster
from SNP 27 to 34 (excluding SNP 29) all showing negative effects. Figure 6 shows the

significance of estimated SNP effects on milk yield.
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Figure 6: Significance test for the additive effect of major allele of each SNP on Milk yield (kg), estimated
using Model 1. The red and green horizontal lines represent 5% and 10% experimental-wise threshold level
respectively; any SNP above the top line or below the bottom line is taken as significant.
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Figures 7, 8 and 9 show the actual values of the estimated SNP effects for each of the traits.
On average the highest estimates were for fat and protein, as was expected. A table including
the standard errors of these estimates is in the appendix. The plots for milk yield and somatic
cell count show opposite patterns, very clear especially in a cluster of SNPs in the CSN3

region. This negative correlation is consistent with findings by several authors (Zeng et al.,

1995).
Milk yield (kg)
- <
o 3
5 o
o
>
b= o
S
3 ©
< o
<
o
o
o
1
n n n n n nu n n nn nnnnoonononononon»nonoonononoononononoonoonoononoononononon
log(SCC)
3 o
o S
5 o
o _
>
2 o
N ]
S )
< o Nooinls OQO H - HH Hﬂ Ila  _am
<
o
=]
Q

n n n n n nnnnonnonononononononononononononononononononononoonoonononnn

Figure 7: Additive effect of major allele of each SNP on milk composition traits (Estimated with Model1)
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Figure 9: Additive effect of major allele of each SNP on Fat % (Estimated with Model1)
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4.2.2 Model 2: Partial least squares regression 11 (PLS I1)

PLSR Il has an advantage over PLSR I. This seems to be the case with at least fat and protein
percent. A joint analysis of all traits was performed to see its’ effect on the estimation would
increase the chance of selecting LVs that best explain the total variance/covariance between
the traits. This however was not the case for this PLS 1l model. The optimum number of LVs
was 4 and they explained 87.36% of the SNP variance, 0.81 of log (SCC), 1.81% of fat,

0.37% of lactose and 1.5% of protein.

The only increase in explained variance was for SCC, which increased 5 fold. Lactose and

protein had reduced explained variances but Fat % remained the same as in the PLS | model.

The effects of this increase in explained variance of SCC can be seen in Figure 10. The effects
of the as1 SNPs were the same in terms of whether they were positive of negative, but due to
the increase in explained variance, estimation ability was increased leading to smaller SEs and
thus a higher number of significant SNPs. Strangely though, SNPs 31, 33 and 34 which had

positive estimated effects with the PLS | model were negative with the PLS Il estimation.
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Figure 10: Significance test for the additive effect of major allele of each SNP on log-transformed somatic
cell count, estimated using Model 2. The red and green horizontal lines represent 5% and10% experimental-
wise threshold level respectively; any SNP above the top line or below the bottom line is taken as significant.

For the estimation of SNP effects on lactose percent, the results are not as easy to explain.
One would expect that since the amount of variance explained by the PLS Il model was less
than in the previous model, estimates would be less accurate and thus not significantly
different from zero; this was not the case. 5 SNPs in CSN1S1 were found to have a significant

positive effect at 10%, and SNP9 had a negative effect at 5% level of significance. It could be
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that the additional information from the other traits are very good at explaining lactose

percent. The estimated additive effects were however smaller than what was estimated with

model 1.The results are presented in Figure 11.
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Figure 11: Significance test for the additive effect of major allele of each SNP on Lactose percent,
estimated with Model 2. The red and green horizontal lines represent 5% and10% experimental-wise threshold
level respectively; any SNP above the top line or below the bottom line is taken as significant.

Estimates for fat percent were completely consistent in terms of positive/negative SNP

estimates, as well as SNP effects that were found to be significant at 5%. This again reflects

that the casein SNPs explain fat percent relatively better than the other milk composition
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traits. The deletion in exon 9 of CSN1S1 has a positive effect, than in exon 12 has a negative
effect. This again shows the negative correlation between somatic cell count and milk yield.

The significance test results are shown in Figure 12.
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Figure 12: Significance test for the additive effect of major allele of each SNP on Fat percent, estimated
with Model 2. The red and green horizontal lines represent 5% and 10% experimental-wise threshold level
respectively; any SNP above the top line or below the bottom line is taken as significant.
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Protein results for model 2 were relatively consistent with modell, with respect to whether a
SNP was estimated as either having a positive or negative effect. Most estimates however
increased in terms of absolute value, resulting in higher significance level of 3 SNPs in the
CSN2 region. On the other hand, two CSN3 SNPs: 39 and 40, which were significant with the

PLS I model are now non-significant. Figure 13 shows this.
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Figure 13: Significance test for the additive effect of major allele of each SNP on Protein percent, estimated
with Model 2. The red and green horizontal lines represent 5% and 10% experimental-wise threshold level
respectively; any SNP above the top line or below the bottom line is taken as significant.
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Figures 14 and 15 show the actual values of the estimated SNP effects. A table with the

standard errors of the estimates is in the appendix.
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Figure 14: Additive effect of major allele of each SNP on milk composition traits (Estimated with Model2)
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Figure 15: Additive effect of major allele of each SNP on milk composition traits (Estimated with Model2)
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4.1.2.3 Model 3: PCA combined with Animal model

Apart from selecting the optimum number of PCs based on the proportion of the initial
variance in the SNP information that they could explain, plots of the X loadings were studied
to infer whether the variance in all portions of the 250kb casein gene complex had been

captured or not.

With 10 components, the total explained variance of the SNPs was 94.3%, implying that this
number would have been more than ideal if my main aim was data reduction. My main
interest with this particular model however, was avoiding the problem of multicollinearity
whilst ensuring (as far as possible) that variation across the entire complex was maintained,

and not necessarily variable selection.

Having taken this into consideration, | used scores from the first 15 PCs in the mixed model.

They explained 98% of the total variance in the original SNP data.

Fat percent

Only the deletion in exon 12 of CSN1S1 was found to be significant (a=0.1). It had a negative
effect. The pattern of estimated effects in the region spanning CSN2 and CSN1S2 genes was
similar in all three models but the estimates from the PLS based approaches however had

higher absolute values. Results are shown in Figure 16.
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Figure 16: Significance test for the additive effect of major allele of each SNP on Fat percent, estimated
with Model 3. The red and green horizontal lines represent 5% and 10% experimental-wise threshold level
respectively; any SNP above the top line or below the bottom line is taken as significant.

Lactose percent

No significant SNP effects were recorded for lactose percent. The standard errors were the

highest compared to the other traits and the other models as well.
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Lactose percent
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Figure 17: Significance test for the additive effect of major allele of each SNP on Lactose percent,
estimated with Model 3. The red and green horizontal lines represent 5% and 10% experimental-wise threshold
level respectively; any SNP above the top line or below the bottom line is taken as significant.

Somatic cell count
Although none of the estimated SNP effects were statistically significant, the effect of exon

12 deletion clearly stands out in the plots. The results for the test of significance are in Figure

18.
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Figure 18: Significance test for the additive effect of major allele of each SNP on log-transformed Somatic
cell count, estimated with Model 3. The red and green horizontal lines represent 5% and 10% experimental-
wise threshold level respectively; any SNP above the top line or below the bottom line is taken as significant.

Protein percent

The alpha s1 polymorphisms are reported to explain 48% of the additive genetic variance in
protein percent (Seradilla, 2003). This might be an overestimation, but judging from results of
Models 1 and 2, it is clear that CSN1S1 is important for protein percent variation. Model
three failed to explain the variation in protein percent. High standard errors resulted in

estimates that do not significantly differ from zero. One downside of PCA-based estimates is
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this method produces biased estimates and the bias cannot be measured without knowledge of
the true coefficients (Enns, 1979) The poor fit of this model indicates that the principal

components were not suitable for estimation of SNP effects on protein percent.
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Figure 19: Significance test for the additive effect of major allele of each SNP Protein percent, estimated
with Model 3. The red and green horizontal lines represent 5% and 10% experimental-wise threshold level
respectively; any SNP above the top line or below the bottom line is taken as significant.
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Milk yield
Model 3 estimated significant positive effects of SNPs 5, 12 and 13. This is not consistent
with the PLS | model. The values of the SNP effects also vary greatly, however both models

estimated a positive effect of SNP 36 on milk yield (p<0.05).
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Figure 20: Significance test for the additive effect of major allele of each SNP on Milk yield (kg), estimated
with Model 3. The red and green horizontal lines represent 5% and 10% experimental-wise threshold level
respectively; any SNP above the top line or below the bottom line is taken as significant.
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Figures 21 and 22 show the actual estimates of the additive effects of the SNPs on the milk
composition traits, a table which shows the standard errors is in the appendix. The errors for

this model were relatively large, so SNP effects that appear large may not be statistically

significant.
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Figure 21: Additive effect of major allele of each SNP on milk composition traits (Estimated with Model 3)
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Figure 22: Additive effect of major allele of each SNP on milk composition traits (Estimated with Model 3)
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Table 3: Summary of statistically significant SNP effects across all models (¢=0.1)

TRAITS

SNPs Fat% Lactose% log(SCC) Protein% Milk (kg)

M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M3

SNP2 *
SNP4

SNP5 * *
SNP6

SNP7 * o ox

SNP8 *

SNP9 *

SNP10

SNP12 * * *
SNP13 * *
SNP16 *
SNP17 *
SNP18

SNP22

SNP24

SNP25 *

SNP26 *ox

SNP27 * *
SNP28 *
SNP29

SNP30 * *
SNP31 *
SNP32 * *
SNP33 *
SNP34 *
SNP35 *

SNP37 * *
SNP38 * o x

SNP39 *

SNP40 *

*Asterisks indicate SNPs which are significant at 10% level of significance
M1: PLS | model; M2: PLS Il model; M3: PCA/MME model
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4.2 General Discussion

The ability to identify and test for the existence of associations between gene polymorphisms
and economically important traits is an asset to animal improvement efforts. With respect to
the 4 casein genes, haplotype-based approaches have been the preferred choice due to the high
level of linkage disequilibrium between them. Hayes et al., (2006) identified 28 haplotypes
within the casein gene region in a Norwegian goat population, 6 of which were associated

milk composition traits.

Additive effects on milk yield, fat, protein and lactose percent have also been estimated by
Dagnachew et al., (2010). The general similarity that can be seen between those studies and
mine are that the CSN1S1 and CSN3 genes appear more relevant for especially fat and protein
percent, and that SNP effects on fat percent are slightly easier to detect than in protein
percent. The effects of the CSN1S1 and CSN3 polymorphisms have also been reported in goat

populations in Spain, France and Italy (Angulo et al., 1994; Chiatti et al., 2005).

In the present results, the deletion in exon 12 of CSN1S1 (SNP14) and SNP36 had a negative
effect on both fat and protein percentages, Dagnachew et al., (2010) reported the same, the
only difference being that the PLS model used in this study estimated both effects as being
statistically significant at 5% whilst in the cited work they were significant at 10%. Again,
both studies indicated a cluster of genes in the kappa region that had significant effects on

protein percent and milk kg, but not on lactose.

In terms of methodology, Dagnachew et al., (2011) differed completely from the present
work: in their study the SNP effects were estimated one at a time, using a single trait test-day
mixed model with fixed effect of single SNP’s. Additive and dominance and polygenic effects

were fitted. All three models in this report performed multi-SNP analysis, but neglected to
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account for the dominance effects. The PLS models did not account for polygenic effects, but
the PCA/MME model included a term to account for polygenic effects.

To offer an overall comparison of the models used in this study, |1 would say that the two PLS
models showed more consistency both within this study (Table 3) and in comparison to

findings by Hayes et al., (2006) and Dagnachew et al., (2010).

One concern that arose during this study was that in the pre-correction of the traits for the PLS
models, some of the genetic information in the records would be lost by the fitting of the
permanent environment effect, and also the fact that the PLS models took neither the
relationship between the animals nor the polygenic effect into account. Notwithstanding, the

results are quite comparable to previous studies.

The “failure’ of the PCA based method is difficult to explain, since almost all the variance in
the SNPs was captured by the components | included in the mixed model (98%). Also,
different models with varying numbers of PCs were tested and it was clear that an increase or
decrease in the number of components led to very noisy estimates. Even at the optimum
number of 15 PCs, the standard errors were much higher than in the two PLS models. In
regular regression, PLS outperforms PCA, but | expected that the combined mixed animal
model/PCA model would efficiently detect associations between the casein polymorphisms
and at least fat or protein percent. This could be due to the fact that PCA-based estimates may

be biased.

Apart from comparing which SNP effects Dagnachew et al., (2011) found to be significant,
verifying the actual values of the SNP effects would have been interesting. They were

however not included in the report that was available to me.
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5.0 CONCLUSION

The PCA/MME model was not able to detect as many associations between the casein
polymorphisms and milk composition traits as compared to previous studies. I must state
however that for milk yield 4 SNPs, and for fat percent 2 SNPs were significant at 10%. The 2
SNPs that were identified as significant for fat were also significant in the research by
Dagnachew et al, (2010). This could indicate that the model itself may not be the problem, but

that it did not have enough power in the case of this data set.

Further studies are necessary before one can conclude whether a combination of principal

component analysis and the mixed model equations is feasible or not.

The PLS models show a lot of promise for identifying associations between casein
polymorphisms and milk composition traits. Results obtained had many similarities with
those obtained both from haplotype based approaches and single SNP analysis in similar goat
populations. The associations between certain polymorphisms and milk traits have somewhat
been confirmed, but further analyses is necessary to verify the actual size of the effects.
Dagnachew et al., (2010) reported the existence of non-additive effects of the exon 12
deletion on milk yield, fat and protein percent. | suggest that future work in this area should
account for this when studying associations between the casein polymorphisms and milk

traits.
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APPENDIX

Table 1: Coding of the 38 casein SNPs

Frequency of

Coding Gene Location Alleles minor allele

SNP1 CSN1s1 Promoter A(G) 0.050
SNP2 CSN1Ss1 Promoter C(T) 0.049
SNP4 CSN1s1 Promoter G(A) 0.130
SNP5 CSN1Ss1 Promoter G(A) 0.145
SNP6 CSN1s1 Promoter G(A) 0.147
SNP7 CSN1Ss1 Promoter C(T) 0.146
SNP8 CSN1s1 Promoter G(A) 0.144
SNP9 CSN1Ss1 Exon 4 T(C) 0.150
SNP10 CSN1s1 Exon 4 C(G) 0.160
SNP11 CSN1Ss1 Exon 9 C(D)* 0.037
SNP12 CSN1s1 Intron 8 A(G) 0.148
SNP13 CSN1Ss1 Exon 10 C(G) 0.148
SNP14 CSN1s1 Exon 12 D(N)** 0.245
SNP15 CSN1Ss1 Exon 17 C(T) 0.116
SNP16 CSN2 Exon 7 T(C) 0.062
SNP17 CSN2 Promoter A(G) 0.061
SNP18 CSN2 Promoter G(A) 0.024
SNP19 CSN2 Promoter A(G) 0.059
SNP20 CSN2 Promoter (A)T 0.061
SNP21 CSN2 Promoter C(T) 0.062
SNP22 CSN1S2 2 Exon 3 G(A) 0.078
SNP24 CSN1S2 2 Exon 16 C(G) 0.047
SNP25 CSN1S2 2 Exon 16 C(T) 0.318
SNP26 CSN1S2 2 Exon 16 A(T) 0.315
SNP27 CSN3 Promoter G(A) 0.421
SNP28 CSN3 Promoter G(A) 0.493
SNP29 CSN3 Promoter (A)G 0.002
SNP30 CSN3 Promoter T(A) 0.494
SNP31 CSN3 Promoter T(A) 0.466
SNP32 CSN3 Promoter G( Q) 0.494
SNP33 CSN3 Promoter T(G) 0.465
SNP34 CSN3 Promoter T(G) 0.476
SNP35 CSN3 Promoter A(G) 0.092
SNP36 CSN3 Promoter T( C) 0.317
SNP37 CSN3 Promoter G(T) 0.328
SNP38 CSN3 Promoter A(G) 0.180
SNP39 CSN3 Promoter G(A) 0.092
SNP40 CSN3 Exon 4 C(T) 0.097

The minor alleles are in parentheses

*D represents a deletion **N represents a non-deletion



Table 2a: Additive effect of major allele of each SNP on milk traits (Estimated using Model 1: PLS I)

TRAITS
SNPs Milk yield (kg) log(SCC) Lactose % Fat % Protein %

Effect SE Effect SE Effect SE Effect SE Effect SE
SNP1 0.0008 0.001 0.0017 0.001 -0.0044 0.009 -0.0590 0.018 -0.0022 0.002
SNP2 -0.0008 0.000 -0.0002 0.001 0.0051 0.009 0.0180 0.017 -0.0009 0.001
SNP4 -0.0008 0.001 0.0010 0.001 -0.0036 0.008 0.0012 0.013 -0.0016 0.001
SNP5 -0.0002 0.001 0.0009 0.001 0.0013 0.002 -0.0005 0.007 -0.0017 0.001
SNP6 -0.0006 0.001 0.0008 0.001 0.0003 0.002 0.0113 0.015 -0.0003 0.001
SNP7 -0.0004 0.001 0.0009 0.001 0.0008 0.002 -0.0085 0.008 -0.0018 0.001
SNP8 -0.0002 0.001 0.0008 0.001 0.0001 0.002 0.0056 0.008 -0.0007 0.001
SNP9 -0.0005 0.001 0.0011 0.001 0.0001 0.002 0.0100 0.007 -0.0002 0.001
SNP10 -0.0006 0.001 0.0006 0.001 0.0013 0.002 0.0042 0.011 -0.0009 0.001
SNP11 0.0000 0.000 -0.0005 0.001 0.0000 0.002 0.0422 0.011 0.0016 0.001
SNP12 -0.0002 0.001 0.0009 0.001 0.0018 0.002 0.0020 0.006 -0.0015 0.001
SNP13 -0.0002 0.001 0.0009 0.001 0.0019 0.003 0.0022 0.006 -0.0012 0.001
SNP14 -0.0005 0.001 0.0030 0.002 -0.0020 0.007 -0.0863 0.031 -0.0084 0.003
SNP15 -0.0005 0.001 0.0016 0.001 0.0015 0.003 -0.0568 0.015 -0.0030 0.001
SNP16 -0.0011 0.000 -0.0003 0.001 0.0050 0.009 0.0212 0.019 -0.0004 0.002
SNP17 -0.0010 0.000 -0.0004 0.001 0.0058 0.010 0.0252 0.017 -0.0010 0.002
SNP18 0.0003 0.000 0.0001 0.000 0.0007 0.002 -0.0143 0.012 0.0006 0.001
SNP19 0.0005 0.001 -0.0003 0.001 0.0000 0.003 0.0298 0.012 0.0026 0.002
SNP20 0.0004 0.001 -0.0003 0.001 0.0002 0.003 0.0324 0.012 0.0028 0.002
SNP21 0.0004 0.001 -0.0004 0.001 0.0002 0.003 0.0306 0.012 0.0025 0.001

Effects that are significant at 5% are in bold print
The standard errors (SE) for the given estimated SNP effects are in italics



Table 2b: Additive effect of major allele of each SNP on milk traits (Estimated using Model 1: PLS 1)

TRAITS
SNPs Milk yield (kg) log(SCC) Lactose % Fat % Protein %
Effect SE Effect SE Effect SE Effect SE Effect SE
SNP22 0.0000 0.001 -0.0003 0.001 -0.0007 0.003 0.0155 0.017 -0.0010 0.002
SNP24 -0.0006 0.001 -0.0002 0.001 0.0010 0.003 0.0001 0.026 0.0018 0.002
SNP25 0.0012 0.001 -0.0013 0.001 0.0051 0.006 0.0348 0.022 -0.0015 0.002
SNP26 0.0011 0.001 -0.0017 0.001 0.0074 0.010 0.0337 0.022 -0.0021 0.002
SNP27 -0.0018 0.001 0.0016 0.001 -0.0007 0.005 0.0074 0.024 0.0030 0.002
SNP28 -0.0020 0.001 0.0011 0.001 0.0021 0.008 -0.0103 0.013 -0.0021 0.001
SNP29 -0.0001 0.000 0.0000 0.000 0.0006 0.001 -0.0001 0.003 0.0002 0.000
SNP30 -0.0018 0.001 0.0016 0.001 -0.0013 0.004 -0.0043 0.012 -0.0005 0.001
SNP31 -0.0017 0.001 0.0009 0.001 0.0048 0.012 0.0167 0.014 0.0015 0.001
SNP32 -0.0019 0.001 0.0017 0.001 -0.0009 0.005 -0.0036 0.012 -0.0009 0.001
SNP33 -0.0016 0.001 0.0010 0.001 0.0032 0.009 0.0126 0.014 0.0017 0.001
SNP34 -0.0019 0.001 0.0010 0.001 -0.0007 0.005 0.0219 0.019 0.0017 0.002
SNP35 0.0000 0.001 0.0004 0.001 -0.0008 0.003 -0.0051 0.014 0.0048 0.002
SNP36 0.0022 0.001 -0.0016 0.001 0.0006 0.004 -0.0247 0.016 -0.0048 0.001
SNP37 0.0021 0.001 -0.0017 0.001 0.0022 0.004 0.0043 0.016 -0.0022 0.001
SNP38 0.0000 0.001 0.0001 0.001 -0.0002 0.003 0.0142 0.014 0.0046 0.001
SNP39 0.0000 0.001 0.0003 0.001 0.0012 0.004 -0.0047 0.014 0.0056 0.002
SNP40 0.0001 0.001 0.0005 0.001 -0.0010 0.003 -0.0097 0.014 0.0048 0.002

Effects that are significant at 5% are in bold print
The standard errors (SE) for the given estimated SNP effects are in italics



Table3a: Additive effect of major allele of each SNP on milk traits (Estimated with Model 2:PLS II)

TRAITS

SNPs log(SCC) Fat % Lactose % Protein %

Estimate SE Estimate SE Estimate SE Estimate SE
SNP1 0.021 0.008 -0.058 0.017 -0.004 0.003 -0.007 0.003
SNP2 -0.008 0.006 0.018 0.015 0.002 0.002 0.001 0.002
SNP4 -0.002 0.005 0.000 0.011 0.001 0.001 -0.001 0.001
SNP5 -0.001 0.003 0.000 0.006 0.001 0.001 -0.001 0.001
SNP6 -0.006 0.005 0.011 0.013 0.002 0.001 0.000 0.002
SNP7 0.002 0.003 -0.007 0.007 0.001 0.001 -0.002 0.001
SNP8 -0.004 0.003 0.006 0.007 0.002 0.001 -0.001 0.001
SNP9 -0.005 0.003 0.009 0.007 0.002 0.001 0.000 0.001
SNP10 -0.004 0.004 0.006 0.010 0.002 0.001 -0.001 0.001
SNP11 -0.015 0.005 0.041 0.011 0.004 0.002 0.005 0.002
SNP12 -0.002 0.002 0.002 0.006 0.002 0.001 -0.001 0.001
SNP13 -0.003 0.003 0.003 0.006 0.002 0.001 -0.001 0.001
SNP14 0.032 0.014 -0.089 0.029 -0.007 0.004 -0.012 0.006
SNP15 0.019 0.007 -0.054 0.014 -0.004 0.002 -0.007 0.003
SNP16 -0.009 0.007 0.022 0.018 0.003 0.002 0.002 0.002
SNP17 -0.011 0.007 0.025 0.016 0.003 0.002 0.002 0.002
SNP18 0.006 0.005 -0.013 0.011 -0.002 0.001 -0.001 0.001
SNP19 -0.010 0.004 0.029 0.011 0.002 0.002 0.004 0.002
SNP20 -0.011 0.004 0.032 0.011 0.002 0.002 0.004 0.002
SNP21 -0.010 0.004 0.031 0.011 0.002 0.002 0.004 0.002

Effects that are significant at 5% are in bold print
The standard errors (SE) for the given estimated SNP effects are in italics



Table 3b: Additive effect of major allele of each SNP on milk traits (Estimated using Model 2:PLS I1)

TRAITS

SNPs log(SCC) Fat % Lactose % Protein %

Estimate SE Estimate SE Estimate SE Estimate SE
SNP22 -0.004 0.006 0.015 0.015 0.001 0.001 0.002 0.002
SNP24 0.000 0.009 0.002 0.023 0.000 0.002 0.000 0.002
SNP25 -0.016 0.008 0.031 0.021 0.004 0.003 0.001 0.003
SNP26 -0.016 0.008 0.032 0.021 0.004 0.003 0.001 0.003
SNP27 -0.002 0.008 0.006 0.021 0.001 0.002 0.001 0.002
SNP28 0.003 0.005 -0.009 0.012 -0.001 0.001 -0.001 0.001
SNP29 0.000 0.001 0.000 0.003 0.000 0.000 0.000 0.000
SNP30 0.002 0.004 -0.005 0.011 0.000 0.001 0.000 0.001
SNP31 -0.007 0.005 0.017 0.012 0.002 0.002 0.002 0.002
SNP32 0.002 0.004 -0.005 0.010 0.000 0.001 0.000 0.001
SNP33 -0.005 0.005 0.013 0.012 0.001 0.001 0.002 0.002
SNP34 -0.008 0.007 0.021 0.017 0.002 0.002 0.003 0.002
SNP35 0.004 0.005 -0.005 0.013 -0.001 0.001 0.001 0.002
SNP36 0.005 0.006 -0.022 0.015 -0.001 0.002 -0.005 0.002
SNP37 -0.006 0.006 0.005 0.014 0.002 0.001 -0.002 0.002
SNP38 -0.002 0.005 0.014 0.012 0.000 0.002 0.004 0.002
SNP39 0.003 0.005 -0.004 0.013 -0.001 0.001 0.001 0.002
SNP40 0.006 0.005 -0.009 0.013 -0.002 0.001 0.000 0.002

Effects that are significant at 5% are in bold print
The standard errors (SE) for the given estimated SNP effects are in italics



Table 4a: Additive effect of major allele of each SNP on milk traits (Estimated using Model 3:PCA/MME)

TRAITS
SNPs Milk yield (kg) los(SCC) Lactose % Fat % Protein %

Effect SE Effect SE Effect SE Effect SE Effect SE
SNP1 0.138 0.094 0.077 0.082 -0.018 0.113 -0.140 0.089 -0.028 0.110
SNP2 0.027 0.071 -0.041 0.061 0.035 0.082 0.033 0.065 -0.001 0.080
SNP4 -0.374 0.228 0.065 0.165 -0.091 0.212 0.099 0.170 0.011 0.207
SNP5 0.143 0.081 -0.027 0.056 0.011 0.072 -0.016 0.057 -0.014 0.070
SNP6 -0.105 0.158 -0.016 0.142 0.019 0.184 0.012 0.146 0.015 0.179
SNP7 0.045 0.079 -0.028 0.070 0.027 0.091 -0.018 0.073 -0.001 0.089
SNP8 0.105 0.113 -0.023 0.087 -0.003 0.113 -0.002 0.090 -0.015 0.110
SNP9 -0.059 0.066 -0.015 0.062 -0.011 0.081 0.023 0.064 0.004 0.078
SNP10 -0.075 0.055 -0.018 0.054 -0.013 0.073 0.048 0.057 0.018 0.071
SNP11 -0.096 0.114 -0.052 0.096 0.003 0.130 0.088 0.103 0.020 0.127
SNP12 0.132 0.075 -0.027 0.053 0.013 0.069 -0.019 0.055 -0.013 0.067
SNP13 0.147 0.085 -0.026 0.058 0.012 0.075 -0.021 0.060 -0.013 0.073
SNP14 -0.044 0.123 0.152 0.111 0.003 0.149 -0.205 0.118 -0.055 0.145
SNP15 0.031 0.133 0.045 0.117 0.033 0.154 -0.119 0.122 -0.012 0.150
SNP16 -0.020 0.099 -0.047 0.089 0.012 0.117 0.059 0.093 0.000 0.114
SNP17 -0.102 0.080 -0.023 0.069 0.013 0.091 0.060 0.073 0.010 0.089
SNP18 0.113 0.118 0.040 0.109 0.006 0.147 -0.059 0.117 -0.013 0.143
SNP19 0.068 0.059 -0.009 0.055 0.007 0.072 0.024 0.058 0.002 0.070
SNP20 0.004 0.055 -0.005 0.050 0.000 0.066 0.038 0.053 0.010 0.064
SNP21 0.001 0.053 -0.011 0.048 0.003 0.064 0.039 0.051 0.012 0.062

Effects that are significant at 5% are in bold print
The standard errors (SE) for the given estimated SNP effects are in italics
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Table 4b: Additive effect of major allele of each SNP on milk traits (Estimated using Model 3:PCA/MME)

TRAITS
SNPs Milk yield (kg) los(SCC) Lactose % Fat % Protein %

Effect SE Effect SE Effect SE Effect SE Effect SE
SNP22 0.050 0.080 -0.011 0.076 0.029 0.103 0.017 0.081 -0.009 0.100
SNP24 -0.185 0.236 -0.102 0.216 0.047 0.283 0.057 0.224 0.065 0.275
SNP25 -0.080 0.078 0.001 0.083 -0.002 0.111 0.101 0.088 0.017 0.108
SNP26 -0.012 0.078 -0.031 0.090 0.037 0.117 0.038 0.093 -0.005 0.113
SNP27 -0.018 0.162 0.105 0.150 -0.039 0.193 -0.021 0.154 0.031 0.188
SNP28 -0.051 0.093 -0.022 0.075 0.016 0.098 -0.003 0.078 0.013 0.096
SNP29 -0.007 0.007 0.002 0.006 0.000 0.007 0.003 0.006 0.000 0.007
SNP30 0.028 0.069 0.004 0.061 -0.013 0.080 -0.016 0.063 -0.009 0.078
SNP31 0.010 0.113 -0.045 0.100 0.059 0.131 -0.003 0.104 0.005 0.128
SNP32 0.045 0.069 -0.002 0.073 -0.004 0.095 -0.028 0.075 -0.013 0.093
SNP33 -0.028 0.115 -0.041 0.099 0.052 0.129 0.005 0.103 0.006 0.126
SNP34 0.004 0.188 -0.003 0.162 -0.029 0.215 0.125 0.169 0.001 0.209
SNP35 -0.010 0.051 -0.005 0.047 0.014 0.063 -0.010 0.050 0.014 0.061
SNP36 0.207 0.101 -0.031 0.167 0.017 0.216 -0.122 0.171 -0.056 0.210
SNP37 -0.030 0.092 -0.017 0.123 -0.001 0.160 -0.003 0.126 0.023 0.155
SNP38 0.023 0.070 -0.002 0.069 0.038 0.092 0.016 0.073 0.004 0.090
SNP39 0.005 0.049 -0.009 0.053 0.013 0.070 -0.014 0.056 0.011 0.068
SNP40 -0.019 0.050 0.011 0.047 -0.006 0.064 0.023 0.051 0.023 0.062

Effects that are significant at 5% are in bold print
The standard errors (SE) for the given estimated SNP effects are in italics
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