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Equivalence between GBLUP and SNP-BLUP

GBLUP SNP-BLUP (Ridge Regression)
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* Assumption of GBLUP: Var(u) =
* |n SNP-BLUP: u = Za

Are GBLUP and SNP-BLUP equivalent?
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Var(u) = Goy; » GBLUP assumption!!!



GBLUP and SNP-BLUP are equivalent!

If we can get u (u = Za) from SNP-BLUP, we can get a from GBLUP!
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GBLUP and ssSNP-BLUP are also equivalent!
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Misztal et al. (2009)

Legarra et al. (2009)

Aguilar et al. (2010)
Christensen & Lund (2010)
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sSSNPBLUP or ssBR

Fernando et al. (2014)
Liu et al. (2014)
Mantysaari & Stranden (2016)

We confirmed that regular ssGBLUP and ssBR with
an cxtra polyeenic effect led to the same predictions.
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SNP effects in ssGBLUP
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’—> Matrix of SNP content
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a = blending parameter for G h=1-— % A= %(EEAZZU _ EEG”)
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What can we do with SNP effects?

1) Predictions for animals not included in the evaluation

Indirect Predictions

Indirect Genomic Predictions

2) Genome-Wide Association Studies (GWAS)

ssssssssssssssss

ARS-BFGL-NGS-107378

Hapmap30s3-BTC-005348

oooooooooo



1) Indirect Predictions

* Interim evaluations
e Between official runs

* Not all genotyped animals are in the evaluations
* Animals with incomplete pedigree increase bias and lower R?

* Commercial products
e e.g., GeneMax -> genomic testing for non-registered animals



1) Indirect Predictions

X'y R 1 A
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Indirect Prediction: IP = u,,, = Za



1) Indirect Predictions

Indirect Prediction: u,,, = Za

|_. Fine if comparing among animals with IP

* Not fine if comparing IP with GEBV (u) from the main evaluation

 Need to put IP in the pedigree scale

a = blending parameter for G

Uy = B+ Uy,

1
A= _2( A22ij - Gl])
. ii=a\'Gla IRREEDP)
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1) Indirect Predictions

Za

GEBV - U,

Legarra et al_2017

—
Double_Fitting

-

Average_GEBV
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How to compute Indirect predictions

1) Pedigree + phenotypes + genotypes

2) renumf 90

4) blupf9o0+
* Good practice to save time: OPTION saveGInverse + OPTION saveA22Inverse

5)postGS£90
 BLUPF90 family software to compute SNP effects (+more)

 Same parameter fileasblupf90+

* Good practice to save time: OPTION readGInverse + OPTION readA22Inverse



Output from postGSf90

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

contains solutions of SNP and weights

- trait

. effect

SNP

- Chromosome
. Position

- SNP solution
- weight

= = = =

"= =B B0
~ Oy O

snp_pred

= 1st]ine: model, tuning, blending information
= 2nd |ine: Trait/effect info

= AFin 10 columns

" mu_hat, var_mu_hat

= SNP effects
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How to compute Indirect Predictions

6) pred£f90
* Reads snp_pred
* Have to provide a SNP file for the new genotyped animals to receive IP
* same SNP as in the clean file
predf90 --snpfile newgen.txt --use mu hat

AN k

* The last statement adds the base, so that we have: wu,, = U + u,,



Output from predf90

SNP_predictions

Animal ID SNP call rate Indirect Predictions

0.17414457
0.72332874E-01
1.0016705
0.17190497
0.98674759E-01
-0.60623702E-01
-0.17860851
-0.21597147
-0.69586390
1.0600574
-0.28602412
-0.12758011

1.
1.
1.
1.
1.
1.
1.
1.
1.
1.
1.
1.

pred£90 can also compute accuracy of indirect predictions

.Evc\ tion
OPTION snp p value #inblupf90+
OPTION snp wvar #in postGS£90 Theoretical accuracy for indirect predictions

. based on SNP effects from smgle step GBLUP
__a.CC #In Predfgo Andre Garcia Ignacio Aguilar’, Andres Legarra®, Shogo Tsuruta’, Ig sztal' and Daniela Loure



2) Genome-wide Association Studies

~logio(p)

ARS-BFGL-NGS-4338
ARS-BFGL-NGS-57620

ARS-BFGL-NGS-107379

Hapmapa0383-BTC-008848
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Genome-wide association

IN GENOME-WIDE ASSOCIATION
STUPIES, (R GWAS, RESEAR(CHERS
INTERRDGATE SNPs THAT
COMMONLY ARISE IN THE
POPULATION . ANP ASK

WHETHER A

VARIANT OF

| THAT SNP

o YOU COULD THINK OF IT AS IF SOME SNPs ARE
S CARRYING A TINY CAMPAGN SIGN SUGGESTING
WHICH GENE THEYRE ASSOCIATED wWiTH,

Adapted from:
https://www.broadinstitute.org/visuals/explainer-genome-wide-association-studies
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Current standard for GWAS

* Single marker regression with G to compensate for relationships
- y=Xb+za tu+e
e Z: gene content {0,1,2}
* a:SNP effect

What are we testing?

Hy: genotypic classes do not differ in phenotype for a given SNP
H, : genotypic classes differ in phenotype for a given SNP

Example: do resistant and susceptible individuals have different genotypes at a given SNP?

18



Current standard for GWAS

Single marker regression with G to compensate for relationships

Estimate SNP effects
aj
sd(@;)

Get p-values as pval; = 2 (1 — & ( ))

Apply Bonferroni to correct for multiple testing

Assumption: Genotyped individuals have phenotypes

Hapmap383-6TC-005848

oooooooooo



GWAS in livestock populations

* Most animals are non-genotyped

* Animals may not have phenotypes Ty
B IV A

L ORI Qgi@ R 3
* Single marker regression - 4= &} "

. . - N
* Only genotyped animals with phenotypes B 1Y . T
* Deregressed EBV . 1

. o R IV h
e Some traits are sex-limited |

* milk, fat, protein

B 2V 0

* Need a method that fits the livestock data
e ssGWAS



Single-step GWAS (historical)

VanRaden 2008
Stranden and Garrick 2009
Wang et al. 2012

1 1.

a=ab Z'G U
2).pi(1—pi)

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

d; = ai2p;(1 —py)

b) NonlinearA SNP variance (vanraden, 2008)

|d;]

d; = 1.12554@
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% Variance Explained

Single-step GWAS

Fat — US Holsteins No P-value!!!

Manhattan plot of Variances
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Single-step GWAS

Figure 2. Proportion of SNP variance explained by 5-SNP moving windows for rectal temperature from a single-step GBLUP analysis
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Dikmen S, Cole JB, Null DJ, Hansen PJ (2013) Genome-Wide Association Mapping for Identification of Quantitative Trait Loci for Rectal
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https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0069202

Can we have p-values in sSGWAS?

Gualdron Duarte et al. BMC Bioinformatics 2014, 15:2246
httpy//www.biomedcentralcom/1471-2105/15/246
BMC

Bioinformatics
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P-values in ssGWAS

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

8 blupf90+
2) Solve the MME for [E] using the sparse Cholesky factor P |
u Ignacio
Aguilar
3) Extract coefficients for genotyped animals (C*2%2) from LHS?
4) Obtain individual prediction error variance of SNP effects:
1 1
Var(a;) = ab 'G™1(GoZ — CH2¥2)G 1z a
ar(@;) = a 2y pi(1-p;) %i (Goy ) L2Ypi(1-py) _ L
(Gualdron-Duarte et al., 2014) pOStGngo Andres
Legarra
5) Backsolve GEBV to SNP effects (@): @ = ab L 7'¢ g
2. piqi
a Yutaka
; = — L Masud
6) p-value; = 2 (1 CID( sa@@D) )) asuda

@ is the cumulative standard normal function 25



How to run ssGWAS with p-values in BLUPF90

e After renumf90 and preGSf90 to save clean files:

* blupf90+ to estimate GEBV

OPTION SNP file snp.dat clean
OPTION map file mrkmap.txt clean
OPTION saveGIlInverse

OPTION saveA2Z2Inverse

OPTION snp p value

OPTION no quality control

postGSfI0 to backsolve GEBV to SNP effect

OPTION SNP file snp.dat clean

OPTION map file mrkmap.txt clean

OPTION readGInverse

OPTION readA22Inverse

OPTION snp p value

OPTION windows variance X #1if need variance explained by X SNP
OPTION no quality control



chrsnp_pval

contains data to create plot by GNUPLOT

- trait

- effect

- -log10(p-value)
- SNP

- Chromosome

- Position in bp

W N -

o
oy

Pftle2.gnuplot
Pftle2.R

Output from postGSf90

chrsnp

contains data to create plot by GNUPLOT

- trait

. effect

- values of SNP effects to use in Manhattan plots — [abs(SNP_i)/var(SNP)]
SNP

- Chromosome

- Position

BwW N =

o
oy

Sftle2.gnuplot
Sftle2.R
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Output from postGSf90

chrsnpvar

contains data to create plot by GNUPLOT

= 1: trait

= 2: effect

= 3: variance explained by n adjacents SNP
= 4: SNP

= 5: Chromosome

= 6: Position

Vftle2.gnuplot
Vftle2.R

28



Output from postGSf90

snp_sol

contains solutions of SNP and weights

- trait

- effect

- SNP

- Chromosome
- Position

- SNP solution
- weight

o
~N O O s WN -

if OPTION windows_variance is used
= 8. variance explained by n adjacents SNP.

if OPTION snp_p value is used

= 9 variance of the SNP solution (used to compute the p-value) <

29



P-values in ssGWAS for US Holsteins

 US HOL 2009 data: milk, fat, protein

* Single-trait models
10k genotyped bulls
752k records for 100k daughters

303k animals in ped



15+

—log1o(p)

P-values in ssGWAS - Milk
— DGATI

o ARS-BFGL-NGS-4939
o ARS-BFGL-NGS-57820

o ARS-BFGL-NGS-107379

o Hapmap30383-BTC-005848
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—log1o(p)

P-values in ssGWAS - Fat
— DGAT1

o ARS-BFGL-NGS-57820

@ ARS-BFGL-NGS-107379

3 4 5 6 7 8 9 10 12 14 16 18 20 22 24 27

Chromosome
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P-values in ssGWAS - Protein

2.0+
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ificant hits

Work/job satisfaction
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https://twitter.com/SbotGwa

-log10(p-value)

30

20

10

Manhattan plots we want to see

Manhattan Plot SNP p_value - Trait: 1 Effect: 2
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Manhattan plots we do NOT want to see

Manhattan Plot SNP p_value - Trait: 1 Effect: 5
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ssGWAS vs. EMMAX

* Simulated dairy population (1 QTN per CHR)

14k genotyped sires
Deregressed EBV
(10 daughters)

14k genotyped sires
500k Pedigree
250k phenotypes

Mancin et al. (2021)

-log10(p-value)

-log10(p-value)

15

Association EMMAX (Khang et al., 2010) ssGWAS (Aguilar et al., 2019)
True Positive 55.22 (3.7) 61.6° (8.7)
False Positive 0.0 0.0




ssGWAS vs. EMMAX

* Simulated fish population (1 QTN per CHR)

SSA-NoCor
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ssGWAS

ssGWAS works!!!

Heavy computations

Soft limit is the same as REML
10k genotyped animals

e 1M animalsin pedigree

e 1M phenotypes

Limited amount of information in ssGWAS



GWAS vs. amount of information

 Amount of information to identify causative variants

Ne=200 QTN=2000 i

Eig98 N=15,200 S
= QTN Jang et al.
(2023)
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GWAS vs. amount of information

 Amount of information to identify causative variants

 Animal with lots of information
* GEBV accuracy ~ 0.99

1

Jang et al.
* GEBV backsolved to SNP effects (2023)
GWAS resolution with sample size = Me = Eig98 animals with almost perfect accuracy
Ne=200 QTN=2000 i U1 36D
: Lots of records for each
) ﬂ genotyped animal
Whbnaiibind e D

Eig98

000000000000000000000000000000

15
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Ne vs. Segments

Theory of junctions Fisher (1949)

E(Me) =4N_L Stam (1980)

Strain
Strain
Strain
Strain
Strain

Cuppen (2005)

Points where the founder chromosome of origin changes

Me — Independent chromosome segments
N, — Effective population size
L — Length of genome in Morgans

1 s Ne
T e l

| | | |
] ] ] ] ] ] Ne

Limited # segments 2 limited dimensionality

Misztal (2016) 42



Average SNP Effect

Q

Finding causative SNP

Ne = 60
Animals = 6000

10 20 30 40 S50 60 70 80 90 100
Number of SNP

wasidl GENETICS

GENETICS, 2024, 227(4), iyae103

p: i.0rg/10. g ics/iyae103
Advance Access Publication Date: 24 June 2024
Genomic Prediction

Single nucleotide polymorphism profile for quantitative
trait nucleotide in populations with small effective size
and its impact on mapping and genomic predictions

Ivan Pocrnic (@ ,"*T Daniela Lourenco (" Ignacy Misztal @ "*
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N. vs. ability to find SNP




