|
-4

IIIIIIIIIIII

GEORGIA

Os desafios do uso de Big Data
no melhoramento genético
animal

Daniela Lourenco, PhD

| Encontro de Modelagem Estatistica — DES — UEM
05/12/2017



L J +Daniela
V :

Postdoc - UGA:
Melhoramento Genético An_imal

Ocean

Professora e Pesquisadora - UGA

BT DY
Mexico}

Cuba. ™
Dominican
é Republic

Puerto Rico

oo

Quatémala
! =i Caribbean S¢ 7 500 K
e : m
Nicaragua \
AU
Costa Rica

¢ Panama {
»

& {  French Guiana
_~Guyana \

.\\ \\:\J/ (\I\S:gi?ﬂl\}r-/ ;
\A -~

]
Ecuador / "\ /
o7 ot

f

&/

Brazil

Graduacao - UEM:
Ciéncias Biologicas
O)Astorga.- PR
Mestrado e Doutorado - UEM:
Melhoramento Genético Animal

(100316

¢ Uruguay 9
1 ] 1 §



Grupo de Melhoramento Genético Animal




Melhoramento Genético Animal




Melhoramento genético animal

» Selecionar os melhores animais para serem pais das proximas geracoes
» Objetivo geral: melhorar/aumentar a producao

* Objetivo global: produzir alimentos para bilhdes de pessoas

'_‘.\-,," " I\ -
7 WWW.angus.org -
/ Ao




Como faz?

 Mensurar o fendtipo para a caracteristica desejada

U

Porcao herdada



Heranca de genes

* Genes determinam as caracteristicas
* Conjunto de genes = genoma
* Genoma = manual de instrucdes

* Criar

* Funcionar

(o
PAN
° Reparar

https://commons.wikimedia.org/wiki/File:ABO_system_codominance.svg



Valor genético

* Transformar o potencial genético do animais em numeros

Valor genético = EBV



Selecionando animais baseado no valor genético

Courtesy of Dr. Nick Dale, Poultry Science, UGA



BLUP
(Henderson, 1950)

Como estimar o valor genético?

|

y=Xb+Zu+te

)Z(;(( Z'-Z+A 1/1” ]
i

estrutura de covariancia

u~N(0, Aai)

Xy
1y

e~N(0,Ro?)




Matriz de parentesco entre os animais (A)

'x Z',Z»‘A] ﬁ] [

* A é facil de ser construida para poucos animais

* Proporcao de genes compartilhados entre parentes

* A deve serinvertida

* Custo computacional para inversdao de matrizes = O(n3)



“Nossa habilidade de gerar dados em melhoramento genético animal esta ultrapassando nossa habilidade de analisa-los
Arthur Gilmour

1963

Reprinted From

CAL GENETICS AND LAN
NAS-NRC 582 1963

[X'x Z'Z+A‘1,1] [ﬁ] FZ(;] -

Selection Index and Expected Genetic Advance

C. R, HENDERSON
Department of Animal Husbandry, Cornell University, 1thaca, New York

Sem recursos tecnoldgicos para inverter a
matriz A in 1963 oo 52, 055 1976

March, 1976

A SIMPLE METHOD FOR COMPUTING THE INVERSE OF A NUMERATOR
RELATIONSHIF MATRIX USED IN PREDICTION OF BREEDING VALUES

C. R. HeNpERsON
Department of Animal Science, Cornell University, Ithaca, New York 14853, U8 4.

BLUP MME ficou inativo por -
e 1988

u m te m po Research-Article J. Dalry Sci.
Additive Genetic Model with Groups and Relationships

RL. Quaas’

”



Como construir a Al

e Aédensa

 Aléesparsa

e Recursdo para Al
ui |u11u2,--1ui—1;ui+11--,un — ui |uSi1udi

u; = 0.5(u, +u,) + o 4 —Purt® Al =(1-P)'M(1-P)

Henderson (1976); Quaas (1988)

e Custo computacional alto se P é densa

e P—>2 elementos ¢ 0 por linha



Como construir a Al

read(Z,*,iostat=1ic) animal, sire, dam,par stat

ImPE= {f r r f}
Minv=(/2., 4/2., : /)
ainv=

do

if (ie /= 0) exit

pl{l)=animal

ol{Z)==ire

p(2)=dam

do 1=0,nanimal
do k=1,
do 1=1,

ainv(k,l)=ainv(k,1l)+ImP (k) *ImP (1) *Minv (par stat)

enddao
enddo
enddo



Exemplos de banco de dados (AB&G - UGA)

e US Holsteins

70 milhoes de animais no pedigree
42 milhdes usados nas analises
Al=42Mx 42M

32 milhoes de animais com fenotipo
Modelos multi-caracteristica

Varios efeitos aleatorios

Caracteristicas continuas e categoricas

* American Angus

10 milhdes de animais no pedigree
10 milhdes usados nas analises
Al=10M x 10M

8.7 milhdes de animais com fendtipo
Modelos multi-caracteristica

Varios efeitos aleatorios

Caracteristicas continuas e categoricas



Numero de equacoes

* American Angus

 Peso 1, 205, 365 dias
y= X +Ziu+Z,m+ Wmpe + e

B=640.985 * 3

 u=10.173.507*3
 m=10.173.507*3

« mpe=10.173.507*3

v Nimero de equacoes = 93.484.518



Numero de equacoes

* US Holsteins

* Leite, gordura, proteina aos 305 dias
y = X + Khs +Zu + Wpe + e

B=(388.6799+273+1+1)*3

hs = 7.311.252*3

* u=29.651.923*3

+ pe =21.527.040* 3
v Numero de equacgoes = 187.131.867



Numero de equacoes

 US Holsteins

* 18 caracteristicas de tipo racial
y = X + Khs + Zu + Wpe + e

B=(392.069+704+32) * 18

hs = 3.387.024* 18

u=9.730.972*18
* pe =6.550.442* 18
v' Numero de equacdes = 361.102.374



Numero de equacoes

* Canadian Holsteins

* Leite, gordura, proteina no dia do teste *3 partos = 9 caracteristicas

4 4 4 4
j=0 j=0 j=0 j=0

10 classes de variancia

31 =136.017 *9; BZ =06 *Q *§ residual cada caracteristica

hy = 15.984*9 *5

u=198.555*9 *5

. pe=118.404*9*5

v Numero de equacgoes = 430.167.393



Grandes
problemas

Sim
étodo
Precisa de . fo
3o disponiveis
novos resolvem o
[ ] [ ] ?
algoritimos sroblema?

Sim




Big Data — AB&G UGA software

&« (AN () nce.ads.uga.edu/wiki

Apps | computing I R

application_programs

Trace: # readme.renumf30 & readme.blupf30 * start # application_programs

The programs support mixed models with multiple-correlated effects, multiple animal models and deminance.

Most of the programs now support being called with the parameter file as an argument, e.g.

BLUPF30 - BLUP in memory
REMLF20 - accelerated EM REML
QXPAK - joint analysis of QTL and polygenic effects (M. Perez-Enciso) @QxPak web page
AIREMLFS0 - Average Information REML with several options including EM-REML and heterogensous residual variances (S. Tsuruta)
CBLUP20 - solutions for bivariate linear-threshold models
CBLUPQOTHR - as above but with thresholds computed and many linear traits (B. Auvray)
CBLUPSOREML - as above but with quasi REML (B. Auvray)
GIBBSFS0 - simple block implementation of Gibbs sampling
GIBBS1FS0 - as above but faster for creating mixed model equations only once
GIBBS2F90 - as above but with joint sampling of correlated effects
GIBES3F20 - as above with support for heterogeneous residual variances
= GI - support censored data (J. Arango) FO RT RA N

R - support recursive models (1. P. Sanchez)

GIBBSF20 - statistics and graphics for post-Gibbs analysis (S. Tsuruta)

THRGIBESF20 - Gibbs sampling for any combination of categorical and linear traits (D. Lee) C t X 4 H H t ,f.
THRGIBES1F90 - as above but simplified with several options (S. Tsuruta) 0 m p u a ga O n u m e r I Ca e C I e n I I Ca
REMUMFS0 - a renumbering program that also can check pedigrees and assign unknown parent groups; supports large data sets

INBUPGF90 - a program to calculate inbreeding coefficients with incomplete pedigree (I. Aguilar)

SEEKPARENTFS0 - a program to verify paternity and parent discovery using SNP markers (1. Aguilar)

PREDICTF90 - a program to calculate adjusted y, y_hat, and residuals (I. Aguilar)

= PREDFS0 - a program to predict direct genomic value (DGV) for animals based on genotypes and SNP solution

Available by request

= MRF20 - Method R program suitable for very large data sets; contact T. Druet.
= COXF90 - Bayesian Cox model - contact 3. P. Sanchez (JuanPablo.Sanchez@irta.cat)
= BLUPF9OHYP — BLUPF90 with hypothesis testing (F and Chi2 tests) - contact 1. P. Sanchez as above

Available only under research agreement

= BLUP2OIOD2 - BLUP by iteration on data with PCG for very large models (S. Tsuruta)

= CBLUPSOIOD - BLUP by iteration on data for threshold-linear models

= ACCFO0 - approximation of accuracies for breeding values

= BLUPSOMBE - BLUP by iteration on data with support for very large models for multi-breed evaluations
= BLUPSOAD] - BLUP data preadjustment tool

Included in application programs

= PREGSFS90 - genomic preprocessor that combines genomic and pedigree relationships (1. Aguilar)
= POSTGSF90 - genomic postprocessor that extracts SNP solutions after genomic evaluations (single step, GBLUP) (1. Aguilar)



Como resolver grandes sistemas de equacoes?

e Métodos finitos

Ax=Db
LUx=b or LLUx=b or LDL'x=b
Solucdes com alta precisao
Custo O(n3)
Usados para obter PEV
Matrix esparsa
* FSPACK (Misztal et al., 1993)
 YAMS (Masuda et al., 2015)

 Meétodos iterativos
* Gauss-Seidel
* Gradiente conjugado precondicionado (PCG)

e M1Ax=M-1b

PCG + lteracao nos dados (Tsuruta et al., 2001)

Coeficientes do LHS gerados a cada iteracao
* Simples operacdes com vetores e escalares

* Baixo custo computacional



Resolvendo um grande numero de equacoes

OSas | He. Overview: HPMIXED Procedure

: . models with variance component strycture, The HPMIX
SAS/STAT" 9.3 User’s Guide estimation problems involving a large number of fixed ¢
Mixed Modeling number of observations.

(Book Excerpt)

Conjugate Gradient Algorithm and Iteration-on-Data Technology

Solving the mixed model equations is a critical component of linear mixed model analysis. The two main
components of the preconditioned conjugate gradient (PCCG) algorithm are preconditoning and matrix-
vector product computing (Shewchuk 1994). The algorithm 1s guaranteed to converge o the solution within
e iterations, where n, 15 equal 0 the number of distinet eigenvalues of the mixed model equations.
This simple yet powerful algorithm can be easily implemented with an iteration-on-data (I0D) technigue
(Tsuruta, Misztal, and Stranden 2001 ){that can yield significant savings of memory resources.

The combination of the PCCG algorithm and iteration on data makes it possible to efficiently compute
best linear unbiased predictors (BLUPs) for the random effects in mixed models with large mixed model
cquations.

SAS’ Documentation




Como resolver grandes sistemas de equacoes?

 Métodos iterativos
* PCG + Iteracao nos dados (Tsuruta et al., 2001)

* PCG + Iteracdao nos dados + OpenMP (Yutaka Masuda)

Datal Data 2 Data 3
WiR'w, | WoR'w, | W3R 1w,
Pedigree 1 Pedigree 2 Pedigree 3
A7t Ay 1 A7l
|

Master Thread

G-inverse

G—l

A22-inverse
-1
Ay,




Tempo de computacao

PCG (bloco-diagonal) + Iteracao nos dados + OpenMP

* American Angus * US Holsteins

e 3 caracteristicas * 18 caracteristicas

v Numero de equacdes = 93.484.518 v Nimero de equacdes = 361.102.374
v Tempo = 5:30h v’ Tempo = 10h



Tempo de computacao

PCG (bloco-diagonal) + Iteracao nos dados + OpenMP

e Canadian Holsteins

e 9 caracteristicas MRA

v Numero de equacdes = 430.167.393
v' Tempo = 4.3 dias



Resolver grandes sistemas de equacoes

v

Proximo desafio...



GenOmica — um novo desafio

Phenotype

[Z'X Z'Z+A 1,1] ’B] [ ]

— X efeitos dos genes
= 2




GenOmica — um novo desafio

E se conseguissemos alguma informacao a
respeito dos genes?

v

Conseguiriamos estimar EBV de forma mais acurada?

Real proporcao de genes X esperanca da proporcao de genes

b Melhor estrutura de covariancia



Qual tipo de informacao Gendmica?

* SNP =Erros no DNA
. 7 .
Individuo 1 Repara‘?“?s
e Transmitidos
e Alteram a performance
* Efeito benéfico
* Efeito deletério
Individuo 2
Caracteristica o
. Assoclacao
http://www.thinnergene.com/about-thinnergene/genetics-101/ I| real ndo
Associacao .' observada
observada Iu'

L4
SNP «—— GENES
LD



Qual tipo de informacao Gendmica?

 Caracteristicas de interesse sao poligénicas

Milhares de genes » Milhares de SNP



Qual tipo de informacao Genomica?

illumina

INnfinium® XT

Production-scale genotyping to
meet increased global demands

https://www.illumina.com/products

U

(gDNA)

lﬁ

(gDNA)

© Extend/Stain samples on
BeadChip

13
e et

© Image BeadChip

© Auto-call genotypes and
generate reports

e 50.000 SNP por animal
e 2009: S300
e 2017: 525 - S50



USA 287506
USA 287507
USA_ 287508
USA_ 287509
USA_ 287510
USA 287511
USA 287513
USA 287514
USA 287515
USA_ 287516
USA_ 287518
USA_ 287519
USA_ 287520
USA_ 287521
USA_ 287522
USA_ 287523
USA_ 287524
USA_ 287525
USA_ 287526
USA 287527
USA 287528
USA 287529
USA 287530
USA_ 287531

Qual o tamanho dos bancos de dados?

022101021221111100021111
220000111021212011021021
121100122121221111020110
220000222020222022020020
110101211111121121020010
121001010121102000022022
220000122121221111020110
121001121120111012011020
011002010121101101121111
121001211021212111121010
121001010121102000022022
220000222020222022020020
121001121120111012011020
220000222020222022020020
110101211111121121020010
022101021221111100021111
022101021221111100021111
121100122121221111020110
011002010121101101121111
220000111021212011020020
121001010121102000022022
220000222020222022020020
012111121220111111021122
112101020111102101012011

BB=0
Bb=1
bb =2
NA=5

_2

15Gb

0,000

https://www.usjersey.com/AJCA-NAJ-
JMS/AJCA/AnimalldentificationServices/HerdRegister.aspx

19Gb
400,000

http://www.angus.org/AGl/default.aspx

107Gb
1,900,000

http://www.holsteinusa.net/programs_services/backgrounds.html



USA 287506
USA 287507
USA_ 287508
USA_ 287509
USA 287510
USA 287511
USA 287513
USA 287514
USA 287515
USA_ 287516
USA_ 287518
USA_ 287519
USA_ 287520
USA_ 287521
USA_ 287522
USA_ 287523
USA_ 287524
USA 287525
USA_ 287526
USA 287527
USA 287528
USA 287529
USA 287530
USA_287531

Como usar a informacao gendmica?

022101021221111100021111
220000111021212011021021
121100122121221111020110
220000222020222022020020
110101211111121121020010
121001010121102000022022
220000122121221111020110
121001121120111012011020
011002010121101101121111
121001211021212111121010
121001010121102000022022
220000222020222022020020
121001121120111012011020
220000222020222022020020
110101211111121121020010
022101021221111100021111
022101021221111100021111
121100122121221111020110
011002010121101101121111
220000111021212011020020
121001010121102000022022
220000222020222022020020
012111121220111111021122
112101020111102101012011

M

X'X

X'Z

7’X Z'Z+A" A

p

G = MM'/K

Proporcao de SNP compartilhados entre TODOS

X'X X'
7'X 7'7+G

L

-

X'y
1y

X'y
1y

BLUP

GBLUP



Comparando Ae G

Expected relationship

d

[ | I I |
0.2 0.3 0.4 0.5 0.6 0.7

Genomic relationship for full-sibs

Lourenco et al. (2015a)



Problemas?

[)Z(;( Z'z+g‘1a [ﬁ] 3,{] GBLUP

 Apenas animais genotipados no modelo

* Angus
e 10M de animais na A
e 400milna G

 Solucaol
* GBLUP para animais genotipados
* BLUP para nao genotipados
 Multiplos passos para combinar as informacoes



Solucao 2

e Combinar as estruturas de covariancia Misztal et al., 2009
 Unica matriz com as informacdes de A e G

v’wv "

Joint distribution of EBV for ungenotyped and genotyped

p(uy,u,)=p(u,)p(u|u,)

Legarra et al., 2009
p(u,)=N(0,G) === var(u,)=G

P (u1 ‘uz) =N (Alegguz Ay — AleggAzl)



Solucao 2

e Combinar as estruturas de covariancia
* Unica matriz com as informacoes de Ae G

Legarra et al., 2009 Variancia da predigéo de
genotipos para animais nao

genotipados

Var[ul _ |: 11 H12:|
H21 H22 A —

A —A A_1A21+A12A;2LGA;A21 A,ALG
GAA,, G

Erro de predicéo

A predicdo «gera» uma
covariancia

[ G construida com base nos SNP

Misztal et al.,

2009



Solucao 2 - Single-step GBLUP

X' UGA

,y] ssGBLUP Misztal et al., 2009

L7y Legarra et al., 2009
Aguilar et al., 2010

[Z'X Z'-Z+H_1A] [B]

e Hécomplicada

e [t 9| ufpilpe

 H'ésimples

0 0
—1_r—-1
oA +[o G‘l-AEzl]



Problemas?

e Recursdo para Al
up = 0.5(u, +u, )+ @ u=Pu+ P

- A3

Az;q = A*?q— (A®)'[(AT) 7 [Aq]]
Recursdo para G
* Dividir os animais genotipados em core and non-core

Ui | Up,Uz,...,Uj_g = Z Pijuj t&i u, = Ppou; + Py

J= core

Misztal et al. (2014)
Lourenco et al. (2015b)



USA 287506
USA 287507
USA 287508
USA 287509
USA 287510
USA 287511
USA 287513
USA 287514
USA 287515

APY — algoritimo para core e non-core

— core

USA 267516
USA_ 287518
USA 287519
USA 287520
USA 287521
USA 287522
USA 287523
USA 287524
USA 287525
USA 287526
USA 287527
USA 287528
USA 287529
USA 287530

oo|

— hon-core

GCC
Gnc

Gcn]
Gl‘ll‘l

GE%Y: [

G-l
0

-1
g] + [ Gf;Gf”] M;L[-G, GL 1]

-1
GAPY

Mrm = diag{g;}" - 8ic G-C:tli' gcf}




GA PY

APY — algoritimo para core e non-core

-1
GAPY

O(n3) cost and n? memory

G,py € esparsa
Computacao mais eficiente
core = O(n3) cost and n? memory

Non-core = O(n) cost and n memory



APY — Numero de Animais core

GENOMIC SELECTION mmm

* Adimensionalidade da G é limitada
The Dimensionality of Genomic Information and Its
* Depende do tamanho da populacao Effect on Genomic Prediction

Ivan Pocrnic,*' Daniela A. L. Lourenco,* Yutaka Masuda,* Andres Legarra,’ and Ignacy Misztal*
*Department of Animal and Dairy Science, University of Georgia, Athens, Georgia 30602, and TInstitut National de la Recherche

PY N l:l m e ro d e S N P i n d e pe n d e ntS Agronomigue, Génétique, Physiologie et Systémes d'Elevage, F-31326 Castanet-Tolosan, France

* Numero de animais genotipados

core = numero de autovalores que explicam 98% da variancia da G



Number of Eigenvalues

APY — Numero de Animais core

° ~
SVDdeZ vs. Decomposicao de autovalor de G
AAA — 82k AAA - 82K
1,00
14555 = . Lo
16000 % 0.98
14000 L .
12000 10602 % 0,96 10605; 0,99 14555, 0,99
1(:8)888 6166 é\ 0,94 6166; 0,98
O
6000 3654 =
0,92 :
4000 8 , 3654; 0,96
2000 0,90
0 2000 4000 6000 8000 10000 12000 14000 16000
90 95 98 99

NUMBER OF EIGENVALUES
% of Variance

Lourenco et al. (2015b)



APY — Numero de Animais core

»  Tempo de computacdo e memodria: G™1 vs. Gxpy

e 10.000 coree 72.000 non-core

* Regular * APY

AAA — 82Kk , ,
e 213 e 28
g 100 » 230Gb » 16Gb
= 14000
2 15000 10605
2 10000
5 8000 6166
5 6000 3654
€ 4000
< 2000
0
90 95 98 99

% of Variance

Lourenco et al. (2015b)
CPU 2.90GHz 16 cores 256 Gb



APY — Por que usar 98%?

98%

-1 99%
APY G—l
95% APY
-1
GAPY
0.494

v Regular G2
il i 100%

047

0.46

0.45+

0.44 -

90 91 92 93 94 95 96 97 98 99 100
Percentage of variance explained

Pocrnic et al. (2016)



Com e sem informacao genomica

PCG (bloco-diagonal) + lteracao nos dados + OpenMP

* American Angus

e Peso 1, 205, 365 dias
* Numero de equacoes = 93.484.518

Al H-1
5.5 horas core = 15k

non-core = 320k
34 horas

CPU 3.0GHz 24 cores 1Tb



ssGBLUP APY

* American Angus HANGUS @
e 400k animais genotipados
e 19k core
e 18 cacacteristicas > Julho/2017
« ~68Gb RAM

 ~1 hour (G1APY)

. US Holstei oetis
OB l" Novembro/2016

 >250k animais genotipados
e 7 caracteristicas



6 cores

O maior sistema de equacoes com ssGBLUP APY

 US Holsteins

42M pedigree

32M phenotypes

Leite, gordura, proteina
760k animais genotipados
18k core

~ 74Gb RAM

Conv_crit=10"1

Tempo =41 horas

Masuda et al. (2017)



E possivel usar 2M de animais genotipados?

-1 -1
G VS. GAPY

| !

29 Th 208 Gb oo oot

CPU 3.0GHz 24 cores 1Tb




Milhares
de genes

<

Milhares
de SNP
(50k)

L,

Proximo Desafio

Dados de sequenciamento
3.000 bovinos

“If you torture the data long enough,
it will confess to anything.”

- Ronald Coase,
Nobel Prize winning economist

=)

EBV com
maior
accuracia?

]

Milhoes
de SNP
(32M)



Big data em Melhoramento Genético Animal

* Big data é um desafio desde ~ 1970 e esta se tornando maior
* Meétodos e Algoritimos estao acompanhando

* Problemas resolvidos com sucesso

* Melhoristas = codebreakers

* Poder computacional esta aumentando

v Pessoas capacitadas para resolver problemas
v" Conhecimento estatistico

v Habilidade de programacao



Grupo de Melhoramento Genético Animal - UGA
http://nce.ads.uga.edu/

&« & 0 @ nce.ads.uga.edu/wiki/doku.php?id=course_information_-_uga_2016

course_information_-_uga_2016

Trace: » readme.renumf3d » readme.blupf30 » application_programs « start « courses « course_information_-_uga_2016

Short course - Programming and computer algorithms in animal breeding with focus on single-step GBLUP and reality of genomic selection

e 3 Semanas

l‘ «
:"j‘ NPy I," i

7 Kt
| :i o\ N ‘ |

‘{. 'w-vvw Sryw yiisn & § e 7/5/2018 a 25/5/2018
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