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SNP effect and weights in ssGBLUP
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b) Nonlinear A SNP weights (VanRaden, 2008)
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a) Quadratic SNP weights (Falconer & Mackay, 1996) 
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SNP effect in ssGBLUP
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Genomic relationship matrix

• What else to do with weights SNP effects? 

1) Indirect predictions for animals not included in the evaluation

)12 = */a



Weights or variances for SNP in ssGBLUP
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• What to do with weights or variance for SNP? 

1) Single-step Genome-Wide Association Studies - ssGWAS

proportion of !"# explained by SNP

2)   Weighted single-step GBLUP - WssGBLUP

different !$# for each SNP when constructing G
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Weighted single-step GBLUP - WssGBLUP



• ssGBLUP
• Same weights for SNP

• WssGBLUP
• Different weights for SNP

Weights for SNP in ssGBLUP

• Weights may increase accuracy of GEBV
• If SNPs explain high %variance
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SNP weighting in ssGBLUP: WssGBLUP

• Wang et al. (2012): 1) Set Dt = I and Gt=
!"!#

$ ∑ &'()*&')

2) Compute GEBV using ssGBLUP approach

3) Compute SNP effects as ,- = λ" !0G−1 1GEBV

4) Calculate SNP weight

5) Normalize D(t+1)

6) G(t+1)=
!"(234)!#
$ ∑ &'()*&')

“Iterative method 
needs 

convergence”

Diagonal matrix of weights
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Convergence for nonlinear A and quadratic weight

Fragomeni et al., 2019



WssGBLUP for large populations

Karaman et al. (2016)
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How to compute SNP effect and weight in BLUP90?
• After renumf90 and preGSf90 to save clean files:

• blupf90 to estimate GEBV
• OPTION SNP_file snp.dat
• OPTION chrinfo mrkmap.txt
• OPTION saveGInverse
• OPTION saveA22Inverse

• postGSf90 to backsolve GEBV to SNP effect
• OPTION SNP_file snp.dat
• OPTION chrinfo mrkmap.txt
• OPTION readGInverse
• OPTION readA22Inverse
• OPTION which_weight nonlinearA
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OPTION which_weight nonlinearA

This option assumes the default constant (CT) is 1.125. To change the constant value to reflect a distribution closer to 

normal, use a CT value closer to 1:

OPTION which_weight nonlinearA 1.05

By default, the maximum change in SNP variance is limited to 5, which is calculated as CT(5-2) and returns a value of 

1.4238 with CT=1.125. If this limit is to be changed to 10, the following option can be used, where the value provided (x) 

is the result of the expression CT(x-2). As an example, if CT is 1.05 and x is 10, the value provided to the option should be 

1.4775:

OPTION SNP_variance_limit 1.4775

OPTION which_weight nonlinearA
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How to run WssGBLUP in BLUPF90
• After renumf90 and preGSf90 to save clean files:

• Blupf90 to estimate GEBV
• OPTION SNP_file snp.dat
• OPTION chrinfo mrkmap.txt
• OPTION saveGInverse
• OPTION saveA22Inverse
• OPTION weightedG w.txt #vector of weights

• postGSf90 to backsolve GEBV to SNP effect
• OPTION SNP_file snp.dat
• OPTION chrinfo mrkmap.txt
• OPTION readGInverse
• OPTION readA22Inverse
• OPTION which_weight nonlinearA
• OPTION weightedG w.txt #vector of weights
• OPTION windows_variance 1   
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awk 'BEGIN { for (i==1;i<45000;i++) print 1}’ > w.txt # number of lines = number of SNP

for j in {1..3} 
do
echo blup.par | blupf90 | tee blup.log1_$j
cp solutions solutions1_$j
echo post.par | postGSf90 | tee post.log1_$j
cp snp_sol snp_sol1_$j
cp w.txt w.txt_$j
awk '{ if ($1==1) print $7}' snp_sol > w.txt
mkdir plot1_$j
cp chrsnp plot1_$j/chrsnp
cp chrsnpvar plot1_$j/chrsnpvar
rm chrsnp chrsnpvar snp_sol solutions 

done

rm Gi A22i

How to run WssGBLUP for 3 iterations in BLUPF90
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Output from postGSf90

http://nce.ads.uga.edu/wiki/doku.php?id=readme.pregsf90

http://nce.ads.uga.edu/wiki/doku.php?id=readme.pregsf90


Single-step GWAS
Genome-Wide Association Studies 



Current standard for GWAS
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• Run single marker regression with G to compensate for relationships 
• ! = #$ + &' + ( + )
• z: gene content {0,1,2}
• ': marker effect

• Get p-values from *+',- = 2 1 − Φ 234
56 234

• Apply Bonferroni to correct for multiple testing

Bonferroni correction = 7.79
:;<=>? @A B:C

• Assumption: Genotyped individuals have phenotypes



GWAS in livestock populations
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• Most animals are non-genotyped
• Animals may not have phenotypes
• Some traits are sex-limited
• milk, fat, protein

• Single marker regression
• Only genotyped animals with phenotypes
• Deregressed EBV

• Need a method that fits the livestock data
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!" = λ%&G−1!'
GEBVs

SNP 
effects

VanRaden 2008
Stranden and Garrick 2009
Wang et al. 2012

b) Nonlinear A SNP weights (VanRaden, 2008)

() = 1.125
./0

12 ./ 34

a) Quadratic SNP weights (Falconer & Mackay, 1996) 

() = .5)426) 1 − 6)

Single-step GWAS
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How to run ssGWAS in BLUPF90
• After renumf90 and preGSf90 to save clean files:

• Blupf90 to estimate GEBV
• OPTION SNP_file snp.dat
• OPTION chrinfo mrkmap.txt
• OPTION saveGInverse
• OPTION saveA22Inverse
• OPTION weightedG w.txt #vector of weights

• postGSf90 to backsolve GEBV to SNP effect
• OPTION SNP_file snp.dat
• OPTION chrinfo mrkmap.txt
• OPTION readGInverse
• OPTION readA22Inverse
• ##OPTION which_weight nonlinearA
• OPTION weightedG w.txt #vector of weights
• OPTION windows_variance 1

Do not run iterations for ssGWAS! 



postGSf90 options



postGSf90 options
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Output from postGSf90
http://nce.ads.uga.edu/wiki/doku.php?id=readme.pregsf90

http://nce.ads.uga.edu/wiki/doku.php?id=readme.pregsf90
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Fat – US Holsteins 
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No P-value!!!

Single-step GWAS



Single-step GWAS
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Figure 2. Proportion of SNP variance explained by 5-SNP moving windows for rectal temperature from a single-step GBLUP analysis

Dikmen S, Cole JB, Null DJ, Hansen PJ (2013) Genome-Wide Association Mapping for Identification of Quantitative Trait Loci for Rectal 
Temperature during Heat Stress in Holstein Cattle. PLOS ONE 8(7): e69202. https://doi.org/10.1371/journal.pone.0069202
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0069202

No P-value!!!

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0069202


Can we have p-values in ssGWAS?
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| INVESTIGATION

Genome-Wide Association Analyses Based on Broadly
Different Specifications for Prior Distributions,
Genomic Windows, and Estimation Methods

Chunyu Chen,1 Juan P. Steibel, and Robert J. Tempelman
Department of Animal Science, Michigan State University, East Lansing, Michigan 48824

ORCID ID: 0000-0002-7833-6730 (R.J.T.)

ABSTRACT A currently popular strategy (EMMAX) for genome-wide association (GWA) analysis infers association for the specific
marker of interest by treating its effect as fixed while treating all other marker effects as classical Gaussian random effects. It may be
more statistically coherent to specify all markers as sharing the same prior distribution, whether that distribution is Gaussian, heavy-
tailed (BayesA), or has variable selection specifications based on a mixture of, say, two Gaussian distributions [stochastic search and
variable selection (SSVS)]. Furthermore, all such GWA inference should be formally based on posterior probabilities or test statistics as
we present here, rather than merely being based on point estimates. We compared these three broad categories of priors within a
simulation study to investigate the effects of different degrees of skewness for quantitative trait loci (QTL) effects and numbers of QTL
using 43,266 SNP marker genotypes from 922 Duroc–Pietrain F2-cross pigs. Genomic regions were based either on single SNP
associations, on nonoverlapping windows of various fixed sizes (0.5–3 Mb), or on adaptively determined windows that cluster the
genome into blocks based on linkage disequilibrium. We found that SSVS and BayesA lead to the best receiver operating curve
properties in almost all cases. We also evaluated approximate maximum a posteriori (MAP) approaches to BayesA and SSVS as
potential computationally feasible alternatives; however, MAP inferences were not promising, particularly due to their sensitivity to
starting values. We determined that it is advantageous to use variable selection specifications based on adaptively constructed genomic
window lengths for GWA studies.

KEYWORDS genome-wide association; hierarchical Bayesian; variable selection

RECENT developments in genotyping technology have
made single nucleotide polymorphism (SNP) genotype

marker panels, based on thousands, and now millions, of
markers, available for many livestock species (Wiggans
et al. 2013; Kemper et al. 2015). Genome-wide association
(GWA) analyses have been increasingly used to help pinpoint
regions containing potential causal variants or quantitative
trait loci (QTL) for economically important phenotypes based
on fitting SNP markers as covariates. An increasingly popular
inferential approach for GWA is based on fitting phenotypes
as a joint linear function of all markers using mixed-model
procedures such as those invoked in the popular EMMAX

procedure (Kang et al. 2010) and other similar procedures
(Lippert et al. 2011; Zhou and Stephens 2012). Jointly ac-
counting for all SNP effects when inferring upon a specific
SNP marker of interest generally improves precision and
power, while also accounting for potential population struc-
ture (Kang et al. 2008).

Now GWA inferences in EMMAX and related procedures
arebasedon treating theeffect of theSNPmarkerof interest as
fixed, with all other marker effects as normally distributed
random effects, noting that this process is repeated in turn for
every single marker. These “fixed effects” hypothesis tests are
based on generalized least squares (GLS) inference, with
P-values being subsequently adjusted for the total number
of markers or tests. Goddard et al. (2016) have recently
pointed out the paradox with treating markers as fixed for
inference but then otherwise as random to account for pop-
ulation structure for inference on association with other
markers. Random-effects modeling with all SNP effects
treated as random, including the one of inferential interest, is

Copyright © 2017 by the Genetics Society of America
doi: https://doi.org/10.1534/genetics.117.202259
Manuscript received March 26, 2017; accepted for publication June 19, 2017;
published Early Online June 21, 2017.
Supplemental material is available online at www.genetics.org/lookup/suppl/doi:10.
1534/genetics.117.202259/-/DC1.
1Corresponding author: 1205 Anthony Hall, Michigan State University, East
Lansing, MI 48824. E-mail: chench57@msu.edu

Genetics, Vol. 206, 1791–1806 August 2017 1791



P-values in ssGWAS
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Aguilar

Andres 
Legarra

3) Extract from LHS-1 coefficients for genotyped animals (!"#"#)

4) Obtain individual prediction error variance of SNP effects:

$%& '%( = 1
2∑-(.(

/01234 2σ67 − !"#"# 234/0
1

2∑-(.(
(Gualdron-Duarte et al., 2014)

5) Backsolve GEBV to SNP effects ( '%):  '% = 9
7 ∑ :;<;

=1234 '>

6) p-valuei = 2 1 − Φ '@;
AB '@;

Φ is the cumulative standard normal function

postGSf90

blupf90
1) Factorize and Invert LHS of ssGBLUP with YAMS (Masuda et al., 2014)

2) Solve the MME for 
Cβ
'> using the sparse Cholesky factor



OPTION in blupf90 and postGSf90
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• Single option for both programs

OPTION snp_p_value

• Output

trait effect -log10(p-value) SNP CHR POS
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P-values in ssGWAS for US Holsteins

• Single-trait models

• 10k genotyped bulls

• 752k records for 100k daughters

• 303k animals in ped

• US HOL 2009 data: milk, fat, protein
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P-values in ssGWAS - Milk
DGAT1
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P-values in ssGWAS - Fat
DGAT1
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P-values in ssGWAS - Protein
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How to run ssGWAS with p-values in BLUPF90
• Should not use iterations!
• After renumf90 and preGSf90 to save clean files:

• Blupf90 to estimate GEBV
• OPTION SNP_file snp.dat
• OPTION chrinfo mrkmap.txt
• OPTION saveGInverse
• OPTION saveA22Inverse
• OPTION snp_p_value

• postGSf90 to backsolve GEBV to SNP effect
• OPTION SNP_file snp.dat
• OPTION chrinfo mrkmap.txt
• OPTION readGInverse
• OPTION readA22Inverse
• ##OPTION which_weight nonlinearA
• OPTION windows_variance 1
• OPTION snp_p_value
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Output from postGSf90



nce.ads.uga.edu/wiki
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