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What are SNP used for?
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* Genotyping will become cheap
* Thousands of SNP
* Compute GEBV based on SNP
* High accuracy
« Animals with no phenotypes
« Select the best animals earlier




Genotyping became cheaper in 2008

* First genomic evaluation for dairy and beef cattle in 2009
* $300in 2009 vs. $30 in 2022
* 50,000 SNP

What about statistical methods able to fit
genomic information?

Statistical methods before genomics

¢ BLUP (Henderson, 1949 - 1976)
* Best: minimizes MSE
* Linear: linear function of the data
* Unbiased: E(u) = E(@1)
* Prediction: for random effects

That BLUP Is a Good Thing: The Estimation of
Random Effects
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Henderson’s MME

* Model
y = Xp+Wu+e
 Joint probability of phenotypes and EBV

p(y,w) = p(uly) p(y) = p(y|u) p(u)
« Joint probability density function of phenotypes and EBV
p(y,w) = =

XR-IXB+ XR-TWu = XR-y XX XW

_
WRXB + (WRIW+G)u = WR 'y [E] = [W'y]

D—Z
WX WW+A"1=
0,
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Henderson’s MME for dairy in 1989

* BLUP (Henderson, 1949 - 1976) o Lo, E

* Implementation for dairy in 1989 Implementation of an Animal Model for Genelic

Evaluation of Dairy Cattle in the United States

National genetic improvement programs for dairy cattle in the United States
G.R. Wiggans ¢ 9.5 M animals
* 11 M lactations
J Anim Sci 1991. 69:3853-3860. .
« 23.5 M equations to solve
* 7.5 hours
Cratienges

Genetic improvement programs are in a
period of rapid change. Advances in computer
capability cnable adoption of sophisticated ACKNOWLEDGMENTS
computational procedures. Advances in repro-
This research was conducted using the Cornell
National Supercomputer Facility, a resource of the




From 1989 to 2009

* How to add genomic information to the evaluation system in 2009?

Pseudo observations B
(deregressed EBV) T o
Parent Average
Pedlgrse Prediction
. GEBV
Multistep

Bayesian Alphabet

* SNP effect models = outputs SNP effects

* BayesA (Meuwissen et al., 2001)
Al SNPs have effect on the trait (few with large effect) a; ~N(u, 031)
« Different variances for each SNP

* BayesB (Meuwissen et al., 2001)

t(0,v,6%)or N(0,02) with probability (1 — m)

. g2 =
p(ailod, m) 0 with probability «

* When 7 = 0, BayesB becomes BayesA

10

Bayesian Alphabet

* BayesC (Habier et al., 2011)
. plaglo?) = N(0,07) with probability (1 — )
bl - 0 with probability m

* BayesR (Erbe et al., 2012)
« plaglm,02) = myx N(0,0%a2) + myx N(0,10*x02) + m3xN (0,10 3x02) + m4xN(0,1072xa2)

* BayesRC (MaclLeod et al., 2016)
* BayesR using biological information to assign SNP to classes

* High computing cost and simple models
« After > 10 years, assumption of normality is good enough!

SNP-BLUP (ridge regression)

* SNP effect model = outputs SNP effects

* a~N(0,62)
y=XB+Za+e
XX X'Z
X'y GEBV = Zi
Z'X Z'Z+I—

* All SNP explain the same proportion of variance on the trait
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SNP-BLUP (ridge regression)

* SNP effect model = outputs SNP effects

* All SNP explain the same proportion of variance on the trait

GEBV = Za
u=17za

Var(u) = Var(Za)
Var(u) = ZVar(a) Z'
Var(u) =ZZ'c}

ai

crlf = s
2% (1 —p)

[
Var(u) = ZZ'——gm———
23 pi(1 - )

Var(u) 7' 2 Genomic
AT(U) = e—— . .
2Y5NVPy (1 —p)| % relationship matrix
Zizipt =0 VanRaden (2008)
77’
G = SNPo 1 — o)
2%5pi(1 - po)
Var(w) = Gof GBLUP assumption!!!

Understanding SNP variance

— Ou
23N (1 —po)

o

How do we get the yariance of SNP effects, o2 ?
1) You can estimate it (Bayes C, REML)
2) You can « guess » from the_genetic variance 072
SNP 1 contributes 2p, g, a? to the genetic variance

SNP 2 contributes 2p,q,a3 to the genetic variance

ot =22piqia? zZ( Wh-) X(a?)zZ(Zqu.>63 o2 ol

G pa)
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GBLUP: equivalent to SNP-BLUP

* GEBV-based model = outputs genomic predictions

* u~N(0, Go?)

XX
WX

Bernardo (1994)
Nejati-Javaremi et al. (1997)

y=XB+Wu+e

2|0~V

_ 77’
2¥pi(1—py) VanRaden (2008)

Genomic relationship matrix

Shifted to refer to the
Genotypes {0,1,2} average of a population
with allele frequencies p

77’ _ (M—2P)(M - 2P)'

RS X = RS A =S

Scaled to refer to the
genetic variance of a
population with allele
frequencies p
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Reversing the expression gives




What are genomic relationships?

« Relationships were conceived as standardized covariances (Fisher, Wright)
* Cov(u,w) = Ryjof
* R;j “some” relationship
o genetic variance

« True relationships: two individuals are genetically identical (for a trait) if they carry the
same genotype at the causal QTL or genes

« Genomic relationships: due to shared (Identical By State) alleles at causal genes
* If I share the blood group A with someone, we are like twins!
* Most of the genes are unknown
* We use proxies (SNP markers)

a

Early use of markers to infer A

« A =pedigree relationships: due to shared (Identical By Descent) alleles at causal genes

* In conservation genetics

* Gather markers, then reconstruct pedigrees, then construct A
* Either estimates of Axy, or estimates of « the most likely relation » (son-daughter, cousins, whatever)

Li and Horvitz 1953, Cockerham 1969, Ritland 1996, Caballero & Toro 2002, and many others

* With abundant marker data we can do better than this
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Pedigree vs. Genomic relationships

Identical By Descent Relationships based on pedigree are average relationships which
assume infinite loci

« Real » IBD relationships are a bit different due to finite genome size (Hill and Weir, 2010)
* Therefore A is the expectation of realized or observed relationships

* SNPs more informative than A
« Two full sibs might have a correlation of 0.4 or 0.6

* Many markers needed to better estimate relationships
« Estimators of IBD

Pedigree vs. Genomic relationships

Expected relationship. (A)

Observed relationship (G)

‘Genomic relationship for full-sibs

Adapted from Lourenco et al. (2015)
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Genomic relationships

Shifted to refer to the
Genotypes {0,1,2} average of a population
with allele frequencies p
_ 7’ _ (M—-2P)(M - 2P)’
2Xpi(1—p) 2Xpi(1—p)

G

Scaled to refer to the

genetic variance of a

population with allele
frequencies p

If base allelic frequencies

IBD realized relationships

are used, G is an unbiased
and efficient estimator of

Some “interesting” properties of G

* If p are computed from the data
This implies that E(Breeding Values)=0

Positive and negative inbreeding
Some individuals are more heterozygous than the average of the population

(OK, no biological problem)

Positive and negative genomic relationships
Individuals i and j are more distinct than an average pair of individuals in the data
Fixing negative estimates of relationships to 0 is a wrong praxis
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Some “interesting” properties of G

* VanRaden (2008)
- G can be singular if few SNP or identical genotypes (twins)

- G must be singular if number of individuals > number of SNP

« Stranden and Christensen (2011)

- Gissingular if p’s are averages across the sample

yA 77’
G = (.95 mmm— 4 (.05] OR G = 0.95 memm———— + 0.05A > G=aGy+BA
2Zp - p) 2p - p) otk

* Blending = Adding a residual polygenic effect

Some “interesting” properties of G

72 (M—2P)(M—2P)

* For all matrices of the kind G=
2Xpi(1-p) 2Xpi(1-p)

* We don’t need to put the same p’s in the upper and and in the lower part
* Changing allele frequencies in P shifts EBV’s by a constant

« Irrelevant if there is an overall mean or fixed effect in the model (Stranden and Christensen,

2011)

1
“scales”

* Changing allele frequencies in
ging qu iesi 5
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Not all individuals are genotyped

* Genomic evaluation would be simpler if all individuals were genotyped
*  What to do when there are genotyped and non-genotyped individuals?
*  SNPs are capturing relationships
* Pedigrees give information about relationships
* Genomic and pedigree relationships can be combined in a single matrix!

Aqq Alz] A=[A11 App =0, 0

= H=A+ N
A [A21 Az An G G-Az

Misztal et al., 2009

Not all animals are genotyped

* Genomic info can be extended to non-genotyped animals

« joint distribution of EBV for non-genotyped (u;) and genotyped (uy)
p(uy, uz) = p(u)p(usfuy) Legarra et al., 2009

:( var(uy) cau(ul,uz)) _(An +ALA(G - A)AGRA,  ApAGEG
cov(uz,uy)  var(uy) ) GA33Az; G

Variance of prediction
of genotypes for
Error in the non-genotyped animals
prediction

Prediction generates
a covariance

H= [Au — A12AZ3A21 + A12AZ3GAZIA ;| ARATRG Relationships from
GAZ3A21 G genotypes
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Understanding H

* It is a projection of G matrix on the rest of individuals “so that” G matrix makes sense
* e.g. parents of two animals related in G should be related in A

* It is a Bayesian update of the pedigree matrix based on new information from genotypes

* Typically
* Ain the millions
* G and A,; in the thousands
« Leads to a very efficient method of genomic evaluation:

Some properties of H

* Always semi-positive definite

« eigenvalues are always positive or zero
* Positive definite & invertible if G is invertible

* In practice, if G is too different from A,, (wrong pedigree or genotyping),

this gives lots of numerical problems
* If no one is genotyped, Single-step is BLUP

* If everyone is genotyped, Single-step is GBLUP

27
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Realized relationship matrix (H)

Animal  Sire Dam
1 0 0
2 0 0
1 2
1 2
Pedigree Ger?omic. Realized
Relationship Relationship Relationship
Matrix (A) Matrix (G) Matrix (H)
for animals 3 and 4
1.0 00 05 05 1.004 0.0 0507 0.507
1.0 05 05 . 1.004 0.507 0.507
1.0 05 [ ] . .
. 10

Single-step Genomic BLUP (ssGBLUP)

* Because not all animals are genotyped
* 5% to 10% in large populations

XX X'Z . .
%|[B] = [Xy
7'X Z'Z+H‘1? al ~ 1z
u
0 0 uilar et al.,
H_1=A_1+[0 G-l A_l] Chisnson and L 2010
22
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Combining two sources of relationships

A6 — Ap)AZ3AL  AAZH(G — Az

A
H-=A+ [ 12 =
(G — A)AZiA; G-Ay

Contains expected relationships

Is limited by the pedigree depth and completeness
Depends on accuracy of recording pedigrees

Contains number of alleles shared between animals weighted by heterozygosity

No limitations regarding to the number of past generations
Depends on allele frequency and quality of genomic data

Combining two sources of relationships

N Computed using Colleau’s
algorithm, which considers

( Computed using Henderson-
1 inbreeding

Quaas’ algorithm with
inbreeding

e N
Computed using VanRaden’s
formula, which considers
inbreeding
\ J

J

¢ Tuning
 Base of G is genotyped animals
* Base of A is founders of the pedigree
* For SSGBLUP, Vitezica et al. 2011 modeled a mean in genotyped animals:

pz) =N(1p G) ————" TriestoputGandAon |
Integrate 4 : G* = a + bG L thesamescale |
1 = (Pedigree base) — (Genomic base)
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@ Geswsix.

XX

A Z'Z+H"%

Misztal et al. (2009)

X’

ssGBLUP

Single-step

. XX XZM X,Z,
- R .
Bl _ Xy MZX MZZM + 1 ; M,Z,Z, 4 Xy
al =lzy o | =|mzy
& Z,yn

zZX, ZZM, 7,7, +

ssSNPBLUP or ssBR

Fernando et al. (2014)

Legarra et al. (2009) Liu et al. (2014) ’
Aguilar et al. (2010) Mantysaari & Stranden (2016) Thsoeyesiebg SSSESLUE
Christensen & Lund (2010)

;1D i 1010082 10080
oo 201

X

e refr to s SSBV-BLUP Suppose g i partitioned ss:

[2)-[):

andE A iy

saartt

H. G301 M. Kolvlat J. densen 1. Standén,t P, Madsen,” T PItinent G. P Aamand;t an ext

Short communication: Genomic prediction using different single-step
methods in the Finnish red dairy cattle population

We confirmed that regular ssGBLUP and ssBR with
polygenic effect lod to the same prodictions.

Forncostal Geets Seecion Evluion 014 4650
e gefounal orgcoment 650

equation (3) results in the usual non.genomic MME for

Legarra et al. [11] proposed an ingenious strategy t©

UNIVERSITY OF
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College of Agricultural &
Environmental Sciences

Quality Control of SNP data and
creating of genomic matrices with
preGSf90

BLUPF90 TEAM, 11/2022
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SNP data

SNP

22145h248h 111048h122010201021000221121045h00122010

11010111 110111110010001221:
ZIT0TI01PZ401212222201210122201012022211 1112021222111 112102020101 1010201 TT1 11201 1012110
12101002)111/202111120002121 1000211 12211 110221 020001112020
12000120p22012121110012100222211021122110201121222120022002121212111120211 100
102122112002200122221110122020211, 1222121011201021022010011010
1011021 1122111021001111100102211212022111111020221001201222012111021021021012000:
12100212p270011221100011112220100101120112121211121201221002102002021211222022010022110;
1110010 0210201011012220200121221111221221121111222002201112011212111022000022012
21101202p211112101211021102220101001221212221102220201221020212112010211122022112011010
22000111P2210122101010211025202011121202221222122201101210111, 10121022010022125:
21010220p121221211212021012222002012210212110201121021221002211011020211021112021012010
12201112p122230210210010002121001120120202001210020021210011201022021212111022010101100,
111221p1711 102210211020102112121 000000111220002211122020222112120012121110;
Saos0sa o1 taa0s 01002009571 10111255 02030091 1001011 1720011501 09501 050012 092010011020
12000102p221112200101021002211000202221212222220010110221110212012011212211111102112010
1110000 01212121002221101 0220011202110020201102022100021020;
1100001 1212022001210200 J1v2“m1u222v2mooozoozomzomummzjzmommmuuo

11210021p23/0010101111022002221200022211 101202012111222111112011011020;
21100202g)zmmzz;zozmmozzonzol12512]2L502252222225022A01]2\;;12]05L2022221]2u10]2“0
11001112p7401112111010200122210001 1112120022001 112001112011
21000212p241120221121021012221011012221222121211120201221012201121111211112022000012101
21 1 1 1102252200122001202111151001012022001012025(
1210212}{5H1002201200012101121201215110215122521121150220011102111050202221122011022010.
1110212}(540012212211020001220201 1 02201102021 111112110,
1211010211142220210101022002221201201121221012111110111221020202001010112212121002021021
2210001 10202021102221101012112022120222222200221002211121021202011022010111010,
11000122p270121220110022011121100011021122121220020112222002222111021111212022011022010:
121010011190011211110021112220111112122221210201111020221002112221001212111121012111110:
21010011p240122121211021102121012120221 01111110221001202121110211011021100022020
12100102p271121212210010002120201111221112122001111110221002201022012212121021000012020:

Quality control

Which software in the

* Callrate BLUPF90 family?

— Animals

— SNP

Minor Allele Frequency (MAF)

* Hardy-Weinberg Equilibrium (HWE)
* Non-mapped SNP

* Mendelian Conflicts

Duplicate genotypes

* Linkage disequilibrium (LD)
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preGSfo0

* Interface program to the genomic module to process the genomic
information in the BLUPF90 family of programs

preGSfo0

tGSf90
blupfo0+ IO post
module
gibbsf90+ blup90iod*

qcfo0

preGSf90

* Performs Quality Control of SNP information V

* Creates the genomic relationship matrix (G)
« and relationships based on pedigree (Az)
« Inverse of relationship matrices

37
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preGSfo0

* Same parameter file as for all BLUPF90 programs

* Needs an extra OPTION in renf90.par
* OPTION SNP_file marker.geno

* Reads 2 extra files (besides data and pedigree):
* marker.geno
* marker.geno_ XrefID (created by renumfo0)

_XrefID has2 columns: Renumbered ID Original ID

Run renumf90 before preGSf90

* Use renumf90 for renumbering data and creating XrefID and files

EFFECT
1 cross alpha
RANDOM
animal
FILE
ped3.txt
FILE_POS
12300
~SNP_FILE
“~marker.gen:
PED_DEPTH
0
(CO) VARIANCES
0.30
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Parameter files

DATAFILE renf. dat
phenotypes.txt > .
AT NUMBER_OF_TRAITS
3 NUMBER_OF_EFFECTS
FIELDS_PASSED TO OUTPUT 2
OBSERVATION(S)
WEIGHT(S)
WEIGHT(S)
RESIDUAL_VARIANCE
EFFECTS: POSITIONS_IN_DATAFILE NUMBE
0.9038 :
sFFECT pha # 3 15800 cross
cross alpha mu RANDOM_RESIDUAL VALUES
EFFECT N
2 cross alpha # animal RANDOM_GROUP
RANDOM 2
animal RANDOM_TYPE
_FILE add_animal
digree =~ ———

_SNP_FILE ——> renadde2.ped
marker.geno (CO)VARIANCES

0.99510E-01
(CO)VARIANCES OPTION SNP_file marker.geno
0.9951E-01

New pedigree file from RENUMF90

1-renumbered animal ID
2 - parent 1 number or UPG
3 - parent 2 number or UPG
4 - 3 minus number of known parents
5 - known or estimated year of birth
6 - number of known parents

if animal is genotyped 10 + number of known parents
7 - number of records
8 - number of progenies as parent 1
9 - number of progenies as parent 2
10 - original animal ID

41
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SNP file, XrefID, and ped from renumf90

SNP File First col: original ID
Second col: SNP genotypes {codes: 0,1,2, and 5 (missing)}
AlI SNP should start in the same column!!!

80 211010110020120110110101101111
8014 211101015111011202211101115111
516 211001012022520211202101211021
181 211101111122011205502000201010

Renumbered ID

Cross ReferenceiD (_XrefID) Pedigree File (renaddXX.ped)

N A 1732 11010 10584 1 3 12 1 0 0 80

8474 8014 8474 8691 9908 1 3 12 1 0 0 8014

406 516 406 8691 98251 3 12 10 2 516

9441 181 9441 8691 8829 1 3 12 1 0 0181
Original ID

preGSf90

* Same parameter file as for all BLUPF90 programs

* Needs an extra OPTION in renf90.par

* OPTION SNP_file marker.geno

* Reads 2 extra files (besides data and pedigree):

* marker.geno
* marker.geno_XrefID (created by renumf90)

_XrefID has2 columns: Renumbered ID Original ID
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SNP map file — new default

* OPTION map_file <file>
* For GWAS and QC

* Format:
* A header must be provided

* Names for SNP, chromosome, and physical position are mandatory

* SNPID for SNP
* CHR for chromosome
* POS for position

Saving ‘clean’ files

* SNP excluded from QC are set to missing (i.e., Code=5)
* 5is replaced by 0 in calculations

* OPTION saveCleanSNPs
* Save clean genotype data without excluded SNP and individuals
* For example, for a SNP_file named marker.geno
* Clean fles will be:
* marker.geno_clean
* marker.geno_clean_XrefID
« Removed SNP/animals will be output in files:

* marker.geno_SNPs_removed
* marker.geno_Animals_removed
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Only QC in preGSf90

* Quality control

* Genomic relationship matrices and inverses
* Inverse is costly
* How to do only QC avoiding the inverses:
* OPTION SNP_file marker.geno
* OPTION saveCleanSNPs
* OPTION createGInverse 0
* OPTION createA22Inverse 0
* OPTION createGimA22i 0

No QC in the application programs

* ONLY use:
« If QC was performed in a previous run
« and “clean” genotype file is used

* OPTION SNP_file marker.geno clean
* OPTION no_quality control

47
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SNP_FILE
marker.geno

Use in application programs

* Use renumf 90 for renumbering and creation of XrefID and files

EFFECT
1 cross alpha
RANDOM

animal

FILE

ped3.txt

marker.geno
PED_DEDTH

o
(CO) VARTANCES
0.30

* Run preGS£90 with quality control, saving clean files

* Run further programs with clean files as needed
* blupf90+, gibbs2£90+, ...

PreGSfo0 wiki

7% BLUPF90
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preGSf90

« Creates the genomic relationship matrix (G)
 and relationships based on pedigree (A;)
* Inverse of relationship matrices

* Performs Quality Control of SNP information

v

BLUP-based models

X'X X'W _
|- )

WX Ww+AT = [g] T [wry
O

X'X X'wW

o2|[B] = [XY
WX w'w+c*1?" il = lwry
a

X'X X'W _ i
2|7 W]

wx ww+H=| [§] T [wry
Oa.

AL Al27 [0 0
w- [ Al 6 ag]

BLUP Henderson, 1363

GBLUP "™ ™

VanRaden, 2008

sSGBLUP ot
Aot st L. (210

Christensen & Lund
(2010)

0
1= p-1
woaefy ol ]
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PreGSf90 Genomic Relationship Matrix - G
* Created to construct the matrices using in ssGBLUP 27’
*G= (VanRaden, 2008)
ZZP,'(I—P,')
’ 0 0 * Z = matrix for SNP marker

H'=A +[0 G1 A—l] * Dimension of Z = n*i gm:.mr_cnies

- . i — Homozygous

22 n animals 1 - Heterozygous

* imarkers 2 - Homozygous
5 — No Call (Missing)

G G!
SNP file
|
Az A}% . .
80 21101011002012011011010110111111211111210100
8014 21110101511101120221110111511112101112210100
G1-a;l 516 21100101202252021120210121102111202212111101
22 181 21110111112201120550200020101022212211111100
Genomic Matrix default options
PreGSf90
* Efficient methods 77
« create the genomic relationship matrix and the relationship matrix based on pedigree * Go (VanRaden, 2008)

« Invert the relationship matrices 2% P,'(l‘P,')

» Computes statistics for the matrices * With:
« Z centered using current allele frequencies

* Means, Var, Min, Max « Current genotyped animals
¢ Correlations between diagonals
* Correlations for off-diagonals

* Correlations for the full matrices
* Regression coefficients
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Genomic Matrix Options

* OPTION whichfreq x

* 0: read from file freqdata or other specified name (needs OPTION FreqFile)
* 1:05
« 2: current calculated from genotypes (default)

* OPTION FregFile file
* Reads allele frequencies from a file

Genomic Matrix default options
* Blending - to avoid singularity problems
G = 0.95*Go+ 0.05*Ay
« OPTION AlphaBeta 0.95 0.05 #(default)

* Beta may vary from 0.2 to 0.01

57 58
Genomic Matrix default options
Options for matching G to A,,
* Tuning
* Adjust G to have mean of diagonals and off-diagonals equal to Ay,
* OPTION tunedG x
* OPTION tunedG 2 #(default) Chen et al. (2011) .
* 0: no adjustment
* 1: mean(diag(G))=1, mean(offdiag(G))=0
* Base of GBLUP is genotyped animals * 2: mean(diag(G))=mean(diag(A,;)), mean(offdiag(G))=mean(offdiag(Az)) (default)
* Base of pedigree is founders of the pedigree * 3: mean(G)=mean(Ay,)
+ For SSGBLUP modelled as a mean for genotyped animals * 4: Use Fst adjustment. powell et al. (2010) & vitezica et al. (2011)
-p(u) =NAp, 6
— Integrate pu : G* = 11'}\+(1—)‘/Z)G 1 g Y
— 1 = (Genomic base) — (Pedigree base) " “Z(ZZA“"- ZZG") @ =1+ (=76
— Vitezica et al. 2011
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Storing and Reading Matrices

* preGSfo0saves G=1 — A3} by default (file: GimA22i)

To save ‘raw’ genomic matrix:
* OPTION saveG [all]
« If the optional all is present all intermediate G matrices will be saved!!!

To save G

* OPTION saveGlnverse
* Only the final G, after blending, scaling, etc. is inverted !!!

To save Ay, and inverse
* OPTION saveA22 and OPTION saveA22Inverse

Storing and Reading Matrices

* OPTION saveG [all], OPTION saveGlnverse, ...
* Saves in binary format
* “Dumped” format to save space and time
* To save as row, column, value:

« OPTION no_full_binary

« Still binary, but can be easily read and converted to text
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Storing with Original IDs

Some matrices could be stored in text files with the original IDs extracted from
renaddxx.ped created by the RENUMF90 program (col #10)
For example:

¢ OPTION saveGOrig

* OPTION saveDiagGOrig

* OPTION saveHinvOrig

* Values

« origlD_i, origID_j, val

Genomic Matrix - Population structure

OPTION plotpca

Plot first two principal components to look for stratification in the population.

OPTION extra_info_pca file col

Reads from file the column col to plot with different colors for different classes.
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Genomic Matrix - Population structure

Tricks to setup G for GBLUP #1

* Tricks are needed because preGSf90 is set up for ssGBLUP

1) Use a dummy pedigree
100
200

2) Use PED_DEPTH 1 in renumf90
3) Change blending parameters

* OPTION AlphaBeta 1.00 0.00 - G = 1.00*G + 0.00*|
* OPTION AlphaBeta 0.950.05 - G =0.95*G + 0.05*I

4) No adjustment for compatibility with A,
* OPTION tunedG 0
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Tricks to setup G for GBLUP #2

1) In renum.par, remove any information about the pedigree. Example:
FILE

pedigree.txt

FILE POS

12300

PED DEPTH

3

3) Change blending parameters
* OPTION AlphaBeta 1.00 0.00 ->G=1.00*G+0.00*
* OPTION AlphaBeta 0.95 0.05 - G=0.95%G +0.05*I

4) No adjustment for compatibility with Ay,
* OPTION tunedG 0

PreGSf90 inside BLUPF90 ??

* Almost all programs from BLUPF90 support creating genomic relationship matrices
* OPTION SNP_file xxxx

* Why preGSF90 ?

* Same genomic relationship matrix for several models, traits, etc.

* Just do it once and store GimA22i or Gi and A22i separate
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Use in application programs

* Use renumf90 for renumbering and creation of XrefID and files
SNP_FILE
marker.geno

* Run preGSf90 with quality control, saving clean files

* Option 1:
run blupf90 with clean files
* Option 2:

run preGSfo0 with clean files (program saves GimA22i)
run blupf90 with option to read GimA22i from the file

Reading external matrices

* BLUPF90 programs accept external matrices created outside

* hito//nceads.uga = defined files for covariances of random effects

« File should be row, column, value in plain text format (lower OR upper triangular)

renf90.par

RANDO_GROUP Valid format Non-valid format

111
1205
221

# matrix file
« user_file: if providing the inverse of the covariance structure

« user_file_inv: if the program has to invert the covariance structure
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http://nce.ads.uga.edu/wiki/doku.php?id=user_defined_files_for_covariances_of_random_effects

