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VanRaden & Miller
https://www.usda.gov/media/blog/2020/06/18

/data-saydairy-has-changed

 Did it work?

5 breeds e ssGBLUP with APY
e 3 traits e 72 hours
* >200 M equations * 1 TB RAM
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B YAA
2 Zfl;”;pl (1 o pl) VanRaden (2008)

4 M genotyped individuals G

RAMpg = N % M * 8/1024*

RAMqg = 4M * 4M *8/1024% = 116 TB

https://www.hp.com/us-en/shop/tech-takes/what-are-gigabytes-of-ram

RAM



gasii— Algorithm for Proven and Young (APY)

* Realized relationship matrix in ssGBLUP -1y

0 0 ]
S
0 G -4

Dense 2  w;jlug +up +us, .., Ujmg = Xjoq Pijuj + &

Misztal et al. (2014)
- — \'C .
Spa rse Ui|Uupeg + Upep + Ugz, oo, U = j=1DijU; + & Fragomeni et al. (2015)

-1 Lourenco et al. (2015
Gapy (2015)
Condition on a set of features or animals = CORE animals
N7
-1
1 e G sparse
Gapy . APY P Masuda et al. (2016)

e Efficient computations
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GBLUP with 4 M genotyped animals

 4M genotyped — 45k core
 30M pedigree and 45M records

5 breeds

0.54 0.55

AY (181)

0.44 0.43

BS (2,423)

Accuracy for cows - Protein

0.52 0.52

0.39
0.34

GU (750) HO (577,340)
SINGLE W ALL 45k

Dimensionality within each breed
AY, BS, GU =5k each
HO, JE = 15k each

UPG: altered-QP
UPG: breed, YOB, sex
Breed-specific fixed effects

0.51 0.52

JE (90,666)

e 2.7 days for solutions

* 5 days for computing Gxpy and Ai%



G Updates in A,, for blending

0 0 ]
1 1
0 Gapy—-Ap

Matias Bermann

A33 components: Azl = A% — A21(Al1)"1412
-1, 1 _|Geet 0] 4 [-Ged Gen] m=1 —1
APY G . GAPY_ ((:)C 0 + [ CCI ] Mnn [_GnCGCC I]

* Blending: G=0.95G  +0.05A,,
e Colleau (2002)
e Rearranging Colleau for core and noncore: from ~4 days to 12.5 minutes



Updates in Azz for blending

Elapsed time in minutes for old and new me

Alberto
Cesarani

1TB of RAM

* From 5 days to 8 hours to compute G,#y and Ai% in ALL_45k
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* |teration on data
* Datain disk and parallelization by splitting data and pedigree files
* Genomic matrices in memory

« Large genomic datasets -> APY

—1
Gle!hl:"':r

* Largest memory usage

* n, Xny, X8byte x9.31x107'° GB/byte

—

*» For n, = 30,000 and n, = 3,500,000 -> 782.04 GB



Better memory management

L : Bermann et al.
" & : ----------------- [ GW T'I:ﬂ' [:l'l'.luﬂl.ll:ln .
T IEERRIEE pch D : L LW (Unpublished)
- i Virtual memaory for production model
DLD s el . .:. ........ H e e K o o= TYEL e TLIET O GWT‘E"’E““IWM‘MQI
: 1 , ] ¥
: Disk Physical
=k Data and pedigree for fertility memory
miodel

Virtual memory for fartility moded



G ssGBLUP with Memory Mapping

Memory mapping

2

» use “memory mapping” mmap () to handle G5y Bermann et al.
(Unpublished)

* A memory-mapped file is a segment of virtual memory!" that has been
assigned a direct byte-for-byte correlation with some portion of a file
l...] this correlation between the file and the memory space permits
applications to treat the mapped portion as if it were primary memory.

* 720 Cb RAM become 720 Cb disk

* modern alternative to “read from file and compute” iteration-on-data

CLUB "

Credits: Andres Legarra
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e 4 fertility traits: CCR, HCR, DPR, and EFC
Tabet et al.

(Under review)

* 50M records, 60M in pedigree, ~¥2M animals genotyped, ~500M equations

e ssGBLUP with APY: 45k core

 Multi-breed



G ssGBLUP with Memory Mapping

Running of APY

*  PreGSf90: Set up G55y (with blending of [5% or 10%] Ar,; ).
* RAM = 720 Gigabytes [not us@] It also has memory mapping now!
* Blup90iod3 (PCC iteration on data)

* uses “memory mapping” mmap () to handle G},
* As aresult, only 120 Cb (non-genomic parts, including the 4 x 60M animals

GEBVs... ) are needed for the iteration
accfo0GS2 for reliabilities (Bermann et al 2022a) also uses mmap( )

CDCB * memory mapping assigns memory to disk space
. * 720 GB of RAM -> 720 GB of disk o

Credits: Andres Legarra * 120 GB of RAM



Approximating reliabilities

e Accuracy based on PEV
* Approximated for large populations

i We | g htS ba Se d O n a p p rOX| m atl On S E H.iriﬂm .;]J]Jrn'-;ilamrin:n of reliabilities for single-
step Eenomic i._:m.t linear f.ml'.:-iaml predictor models
° BIOCk Spa rse |nve I"SIOn Wlth APY with the hi,f_:nnlhm for Proven and Young
I Addition of Block sparse I
welghts inversion 1
w (;.APY w+GAPY (W+GAPY)

) diag((Wpn + Mp2) ™1 4+ (Wp, + M) “1GPS(W,¢ + GE€ — G(W,,, + M7 D) 716G ~1GN(W,, + M) 1)
diag(W + Gapy) =
diag((We. + G — GEN(W,,,, + ML) ~1Gno)-1)
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Equivalence APY ssGBLUP — ssSNPBLUP

* Equivalent models under same assumptions and data

Equal estimable functions

Za

=)
|

= kZ'G 1

QD
=)

Var(a|t) = kZ'G™1(G — C"2"2)G~1Zk

p-value;= 2 (1 — P (

aj
sd(@;)

)) =2  ssGWAS

Stranden and Garrick (2009)

Guladron-Duarte et al. (2014)

"k
Cher B |
Frequentist p-values for large-scale-single
step genome-wide association,
with an application to birth weaight in American
Angus cattle




gasici - Equivalence APY ssGBLUP — ssSSNPBLUP

* |f using APY in ssGBLUP

1=

On the equivalence between marker effect

° Equivalent APY ssSNPBLUP model models and breeding value models and direct

genomic values with the Algorithm for Proven
and Young

c Alu=kZ'G'u = d|u=kZ.G_]1,

e Var(al|ti) = kZ'G™1(G — C"2"2)G™1Zk =2 Var(@|u) = kZ.GZ} (G.. — C"2c"2c)G 1Z k

r

Function of CORE animals
How to get it?



dasisi - Single-step GWAS — now unlimited

* Genomic evaluation process
* GEBV using APY ssGBLUP + accuracy using block sparse inversion

Bl 3T 5O

Genetic s Selecibon Evolution

o (CY2cY%2c = (W+ GAPY)_ RESEARCH ARTICLE
PR _ _ Marker effect p-values for single-step GWAS =
* Var(alw) = kZ(Gs' (Gee — CY2c¢"2e) G Zck with the algorithm for proven and young

in large genotyped populations

50k genotyped animals 500k genotyped animals
?.fi T iiiiuiiili“i 1uiuiﬁuiiuiiiuui
123456 ;' 8 91011121314151617181920212223242526272829 2 12 3 4 5 ¢ BUASIBITIRIDNON RNV BN

Chromosome Chromozome
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- Genotypes

JE: 528,638

HO: 1,794,100
GU: 3,774

BS: 10,417

AY: 1,940

MULTI: 2,338,869

- Pedigree (all breed)
52,667,746

- Phenotypes (all breed)
106,982,064

oC01

SC02

0 Pl BRP . vabes = FY B} = B30
shes G0

00 P BRF g vales = FY B = S50
i G

Carrara et al.
(In progress)



ot Reliability of IP

e Approximate reliability of Indirect Predictions

Var(@) = kZ¢Gee' (G — C"2e"2¢)Geg Zck

I I Diagonal for GWAS

Full matrix for REL,,

Zj Var(a)zj

ol

Liu et al. (2017)

RELij —



Holstein Dataset

« Pedigree: 2,240,568 animals
 MilkYield: 1,422,330 Records
« (Genotypes: Total: 33,338

L
!3 D :

Training: 32,570 bulls Tabet et al.
] ] (In progress)
Validation (2017): 768 bulls

« Exact reliabilities based on the inverse (training + validation)

* Reliabilities of IP (for validation) with exact C"2"z (from training)

 Reliabilities of IP (for validation) with approximated C"2¢"2c (from training)



Reliabilities

1.004
bo = 001 bo = 007
b, = 0.99 b, = 0.90
L]
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Reliability of IP with exact C"2"2 Reliability of IP with approximated CY2c!zc



dasici - Genomic predictions — binary/categorical

N

* Threshold models - Binary or categorical traits Wi SR a———

° > 1OX more t| me to I’eaCh conve rge nce Converting estimated breeding values from the
observed to probability scale for health traits

J. Dairy Sci. TBC

Jorge Hidalgo," Shogo Tsuruta,’ Dlanetys Gonzalez,” Gerson de Oliveira,” Miguel Sanchez,” Asmita

d I— I a b I I Ity S O I u t I O n S I nto p ro b a b I I I tl e S P[(q-lka.fm'." C‘ory _"myh.” Giovana Vofglls_.’ N;u:fh{a ‘.'.”A"’t.‘“‘?"'.‘?;’ ignacy Misztal,' and Danlela Lourenco'

Loetn Cenetics and Mrecmion Arsmal Heats, Kalamazoo, M

* Linear solutions into probabilities (??7?)

3}
el | Mastitis
o h? = 0.09

E _ GEBV, % = 27

3u+051

2005 |

Frequency
.4

Conr = 068
5
0+00 1 _.-:‘fjt[.l
-2 1

Te+ 08 4

GEBV, obsarvac / labity scale
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de+05 4
3e+0 Mastitis
h? =0.09
g % =27
e
3 2640
w
u0s
0e+00
-2 1 C -2 1 0 1 40 &0 90 100
GEBV, observed / liabi'ity sca'e GEBV, liability scale GEBV, probability scale

22
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Fraquancy

UNIVERSITY OF

rﬁ1 (€] 50):{€] .\

a)

1200000 4

2000001 ot = 096

00000 1

J

SOC000 4

2 1 0 1
GEBV, observed / liabilty scale

Pi: — o

Genomic predictions — binary/categorical

AR
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Converting estimated breeding values from the
observed to probability scale for health traits

Jorge Hidalgo," Shogo Tsuruta,’ Dlanetys Gonzalez,” Gerson de Oliveira,” Miguel Sanchez,” Asmita
Kulkarnd,” Cory Przybyla,” Giovana Vargas,” Natascha Vukasinovic,” ignacy Misztal,' and Danlela Lourenco'
[R¥ ¥ " et M, 0602 USA
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gasisi— Genomic predictions — binary/categorical

Hidalgo et al.: Estimated breeding values in probability scale

Model |1 Linear L] Threshold
a) b) c)
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dewsen - Genomic predictions — binary/categorical

* Second approach for categorical/binary traits:

-
&

1) Linear model until convergence (BLUP)

Jennifer

2) Compute pseudo-phenotypes based on residuals (EM approach; Quaas, 1994) Richter

Ak ol

3) lterate back to 1 using pseudo-phenotypes

-
Andres
Legarra

4) Do it until pseudo-phenotypes “do not change anymore”

[ (PR, MR 9

 CATEGF90 as a wrapper for BLUPS0IOD3

e [ o
» Benefit: allows for multiple categorical/binary traits Fernando
Bussiman
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# of Records 1 pJ
. 161,950 2,021
Ascites (AC) 163,971 (98.8%) (1.2%)
_ . 57,995 1,129
Tibial Dyschondroplasia (TD) 59,124 (98.1%) (1.9%)
i 167,389 13,609
Mortality (MT) 180,998 (92.4%) (7.5%)
. 13,112 2,295 1,463
Femoral Head Necrosis (FN) 16,870 (77.7%) (13.6%) (8.7%)
GIBBS CBLUP CATEGF90 GIBBS CBLUP CATEGF90
________________________ AC D
GIBBS 1 0.99 0.99 1 0.99 0.99
CBLUP 1 1 1 1
_.CATEGF20 1 1
________________________ MT FN
GIBBS 1 1 1 1 1 1
CBLUP 1 1 1 1
CATEGF90 1 1

Jennifer
Richter

Ak alhd

-
Andres
Legarra

[

?" g . ', ' v‘ :‘.?1.
=

x| o
Fernando
Bussiman
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# of Records 1 2
1,083,836 8,201
Ascites (AC 1,092,037 R ’
scites (AC) (99.2%) (0.8%)
4,14 11
Tibial Dyschondroplasia (TD) 365,676 34, . 3 '533 '
(96.8%) (3.2%) Jennifer
1,093,992 97,183 .
Mortality (MT 1,191,175 e ’ Richter
ortality (MT) 2L (91.8%) (8.2%)
58,817 16,935 12,260 "
F | Head N is (FN 88,012 ’ ’ '
emora ea ecr05|s( ) ) (66.8%) (19'2%) (13-9%)

e\

Andres
Legarra

CBLUP CATEGF90 CBLUP CATEGF90

AC TD
CBLUP 1 1 1 1 -
CATEGF90 1 1 Rl B~
MT EN Fernando
CATEGF90 iter = 515 Bussiman
CBLUP 1 1 1 1 BLUP90IOD3 iter = 461,546
CATEGF90 1 1

Wall-clock time (min) = 15,897




Limitations - VCE

* Faster changes with genomic selection
* Different genetic parameters with and without genomics

cTl FT1-GT1
50
45 1 0.0
40 1 0.1
53:]
230 1 % :0:4 .
g 25 1 E -0.5
‘q:.; 20 1 8 -0.6 1
T 15 - S 0.7 -
10 1 (O] -0.8 -
5 1 -0.9
0 - - - - - - | -1.0 -
09-11 10-12 11-13 12-14 13-15 14-16 15-18 09-11 10-12 11-13 12-14 13-15 14-16 15-18
Interval Interval

* Hard to estimate VC with many genotyped individuals
e Software optimization
* New methods

Changes in genetic parameters for fitness and

growth traits in pigs under genomic selection
=

Tsuruta et al. (in progress)
Gowane et al. (in progress)



gasici Efficient VCE — software optimization

VCE

2

Bermann et al.
120 (unpublished)

140

100

80

YAMS
DENSE

60

Time (hours)

40

20

0 10000 20000 30000 40000 50000 60000
Number of equations



Efficient VCE — New methods

Formulas for estimating heritability

h? iz (y = Xb, 1)/ h
: |————= corr(y—Xb,U
Nh2 + M,

¢+ et +4ciM, /N

h¢ = , ¢ = corr(y — Xb,1i)

2
How to estimate genetic correlations?
T
SE(RD) = —=—|c i vy P8 2
ek e2420e i Predictivity for trait i corr(y; — Xb;, 11;) = acc; h;

N —# animals in reference N, — number of animals in validation

What is predictivity from trait i to trait j? ED?‘T(}-’,_- — Xb;, ﬁ})= ?

cﬂrr(}ri — Xb;, ﬁ}} = accj corryj h;

-::m'r[:y,- — Xb;, ii‘;]
CorTy; = 1
/ hi ﬂcgj 3D{corr,) =

-
fty acg; o

HI-'I”
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