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e Artificial selection over the years

Increase the
Genetic Gain




gasa - Genomic Selection 15 years ago

Dairy Cattle
Age (yrs) $Net Merit Accuracy
Freddie 4 918 83
Al 1 914 82
Russell 1 854 81
Alan 1 841 82
O-Man 10 778 99

40k daughters with records
Semen price: S40/unit
Income: > S5 million/year

Adapted from VanRaden (2009)

“Lower accuracy for
young genomic bulls
almost prevented this

technology from being
adopted!”
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Changes after genomics - dairy

Tiy,

—-"’Ju\;;.,‘ J. Dairy Sci. 106:1110-1129
g \.-,; = https://doi.org/10.3168/jds.2022-22205

L] L]
4 > 2 X a fte r e n O I I l I CS fo r H O I Ste I n S iy !,’ © 2023, The Authors, Published by Elsevier Inc. and Fass Inc. on behalf of the American Dairy Science Association®
2 This is an open access article under the CC BY license (http://creativecommeons orglicenses/by/4.0/),

Changes in genetic trends in US dairy cattle since
the implementation of genomic selection

F. L. Guinan," © G. R. Wiggans,? © H. D. Norman,? © J. W. Diirr,? © J. B. Cole,* © C. P. Van Tassell,*
I. Misztal,' © and D. Lourenco'

8.0 to 2.2

5.0 to 2.2



UNIVERSITY OF

GEORGIA

Changes after genomics - dairy

b\ ¢, J. Dairy Sci. 106:1110-1129
@) © https:/idoi.org/10.3168/jds.2022-22205

© 2023, The Authors. Published by Elsevier Inc. and Fass Inc. on behalf of the American Dairy Science Association®
This is an open access article under the CC BY license (http://creativecommeons orglicenses/by/4.0/),

Changes in genetic trends in US dairy cattle since
the implementation of genomic selection

F. L. Guinan," © G. R. Wiggans,? © H. D. Norman,? © J. W. Diirr,? © J. B. Cole,* © C. P. Van Tassell,*
I. Misztal,' © and D. Lourenco'

* Adoption: 2013 vs 2009
e Genotypes: 16k vs. 5.5M



Changes after genomics - beef

Standardized genetic progress before and after the implementation of genomics
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Changes after genomics - Pigs
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Genomics vs non-genomic - Poultry
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JIDURMAL ARTICLE

Detecting effective starting point of genomic
selection by divergent trends from best linear
unbiased prediction and single-step genomic best
linear unbiased prediction in pigs, beef cattle, and
broilers
Rostam Abdollahi-Arpanabi @, Daniela Lourenco, Ignacy Miszt

of Animol Science, Volume 99, Issue 8, September 2021, skab243,

Difference (in SD) between
ssGBLUP and BLUP



BLUP vs ssGBLUP

* BLUP Henderson (1949 - 1976) * Single-Step GBLUP |
(ssGBLUP) Chritensen and Lund (2010
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Single-step GBLUP
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Accuracy in ssGBLUP vs. BLUP

Accuracy

NBLUP W::GBLUP

0.71

0.43

7 8
32% 44% 39% 63% 29%

11

11
Tsuruta et al. (2021) Lourenco et al. (2018) Lourenco et al. (2016) Lourenco et al. (2015) Garcia et al. (2018)



Persistence of accuracy in broilers

®BLUP ssGBLUP small data ®ssGBLUP large data —
Investigating the persistence of accuracy of
1.0 genomic predictions over time in broilers @
' Jorge Hidalgo ™, Daniela Lourenco, Shogo Tsuruta, Yutaka Masuda, Vivian Breen,

O 9 Rachel Hawken, Matias Bermann, Ignacy Misztal
O 8 Journal of Animal Science, Volume 99, Issue 9, September 2021, skab239,
' https://doi.org/10.1093/jas/skab239

0.2
0.1 e 1.2M birds from 7 years

0.0 e 150K genotyped

Generation 1 Generation 2 Generation 3 Generation 4

Accuracy of predictions




@esicii  Trends for accuracy — validation per generation

Accuracy
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@esici  Trends for accuracy — validation per generation
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@esicii  Trends for accuracy — validation per generation
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@esicii  Trends for accuracy — validation per generation
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@esicii  Trends for accuracy — validation per generation
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@esicii  Trends for accuracy — validation per generation
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Why greater gain for poultry?

* Several factors
* Large full-sib groups
* Pedigree relationships = 0.5
* Genomic relationships = 0.25 to 0.72

Expected relationship

e | | mmmmm)  Extra information

| | |
0.2 0.3 0.4 0.5 0.6 0.7

Genomic relationship for full-sibs
Adapted from Lourenco et al. (2015)



Why greater gain for poultry?

Are we loosing anything by using genomics?



gesici Are we loosing anything with genomics?

* |s genetic variability decreasing?

JOURNAL ARTICLE
Temporal dynamics of genetic parameters and SNP
effects for performance and disorder traits in
poultry undergoing genomic selection
Jennifer Richter @, Jorge Hidalgo, Fernando Bussiman, Vivian Ereen, Ignacy Misztal,

smol of Animal Science, \l e 102, 2024, skae097,
} i 1093/jas/skae097

* 55 mating groups
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gasai Are we loosing anything with genomics?

* |s heritability decreasing?

JOURNAL ARTICLE
Temporal dynamics of genetic parameters and SNP
effects for performance and disorder traits in
poultry undergoing genomic selection

Jennifer Richter @, Jorge Hidalgo, Fernando Bussiman, Vivian 8reen, Ignacy M

[ Science, Volume 102, 2024, skae097,
1093/jas/skaet97

* Really different
* Selective genotyping



h* with and without genomics

* Heritability for body weight

Heritability Heritability Richter et al.
0.8 0.9 (2024)
0.7
0.72
0.6
0.5
0.4 0.27 0.27 0.26
AR R
0.2
N \ © o o
°t1 2 3 4 5 67 8 9 10 11 12 13 & && Nl %7 Sl
5 ®\,§ ‘\Q’@ ‘\Q’é\
_ _ S 4 N4
PED GEN ég,‘% (33,@ bqg?\\
&
Group SD
Non-genotyped females 1.00
. Genotyped females

» Selection of females to genotype Non_gZiotyped males 1.00

Genotyped males 0.89 23




gasai Are we loosing anything with genomics?

* Are genetic correlations changing?

JOURNAL ARTICLE
Temporal dynamics of genetic parameters and SNP
effects for performance and disorder traits in
poultry undergoing genomic selection

Jennifer Richter @, Jorge Hidalgo, Fernando Bussiman, Vivian 8reen, Ignacy M

[ Science, Volume 102, 2024, skae097,
1093/jas/skaet97



Correlation of SNP effects

JOURNAL ARTICLE
Temporal dynamics of genetic parameters and SNP
effects for performance and disorder traits in
poultry undergoing genomic selection
Jennifer Richter @, Jorge Hidalgo, Fernando Bussiman, Vivian Breen, Ignacy M

Scienca, Volume 102, 2024, skae097,

* Lower correlations
* Genetic distance
* Magnitude of genetic interactions
* Distribution of allele frequencies
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Variance explained by SNP

Breast Percentage
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p Changes in variance explained by top SNP windows over
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Accuracy of production and health

0.8 651 | .
0.7 T &
0.6
82 Zhang et al.
0.3 (2018)
0.2
8% | + 17 points with genomics
GROW DT
SEBV ®GEBV
1.0
0.8
0.64
0.6 0:54 050 0.46 0.48 045 0.55
0.4 0.40
0.2
+ 7 points with genomics <:I ORT 0IS1 — DIS3

wEBV mGEBV



gasici Reviewing the definition of mortality

* Mortality is a complex trait
* Different genetic and biological factors in different life stages

JOURNAL ARTICL

T h res h 9] I d Reviewing the definition of mortality in broiler
. chickens and its implications in genomic
- evaluations ¢
Jennifer Richter ®, Fernando Bussiman, Jorge Hidalgo, Vivian Breen, lgnacy Misztal,
Daniela Lourenco

Journal of Animal Science, Volume 102, 2024, skae190,
https://doi.org/10.1093/jas/skae190

Dead @

Susceptibility to disease Adapted from:

https://triyambak.org/free-resources/csir-net-life
-sciences/pointer/2065

Number of
individuals

Healthy

e Overall mortality as a binary trait
* Alive=1
* Dead =2



Incidence of mortality

Weekly Mortality

Line 1
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Redefining mortality

Trait Definition

weo [ENENENENEIEE

EHEEEIE
BMORT
Died within first 6 weeks (1,2)

EMORT

Died within first 3 weeks (1,2)

= " oal.® H "L i 1 D)
ey within last 5 weaake |
pieg witnin 1ast o weeks } 2 L]

30



Redefining mortality

Accuracy

0.8 -

0.6 -

0.4 -

0.2 -

BMORT EMORT LMORT

31



Early and late mortality

* Genetic correlations

LM A
,1, EM +
R BM A

Broiler Mortality (BM)

1,2
4 ]s 6
Early Late
Mortality (EM)  Mortality (LM) EM LM
1,2 1,2

32



Early and late mortality

JOURNAL ARTICLE
Reviewing the definition of mortality in broiler
chickens and its implications in genomic

evaluations &
Jennifer Richter ®, Fernando Bussiman, Jorge Hidalgo, Vivian Breen, lgnacy Misztal,

Daniela Lourenco

Journal of Animal Science, Volume 102, 2024, skae190,

https://doi.org/10.1093/jas/skae190

* Having early and late mortality may lead to better selection against mortality



gasa - Always looking for improvements

* Redefining traits AG =
* Refining selection indexes
e Using genomic information

* Increase in accuracy and genetic gain

* Success stories in poultry

* Have we reached the limit of genomic selection?



gesi - Have we reached the limit of GS?

Best chromosomes in the Us Holstein population

We want to get the best DNA together in one animal

John Cole

e (2019)

350 EBV (NM$) = $7,304
@ 300
2
B 250
. Sum of the effects of SNP
S in each chromosome
g 150 .
s for each animal
S 100

50

O
789101 21o“&u1 AA8;92O21222324232o27282cX
Chromosome

* Hypothetical animal based on chromosomal EBV: NMS 7,304
* The top bull available for sale in 08/2024: NMS 1,509 (born in 4/23)

35



What is next?

Whole-genome sequence
* Enviromics

Metabolites

* More accurate EBV for many traits
Gut microbiome >
* Improve farm animal populations

* Phenomics

* Self-tracking sensors and cameras



gasa - Phenomics - are phenotypes important?

Genomics Phenotypes

‘‘‘‘‘
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s« Digital phenotypes — are they new?

Misztal (1986)

Rocs. Nauk. Zoot, T. 13. 5. 2 (1986) 9-15

Phot. 1. Photos of a the heifer before being processed by the picture processing svstem

ESTIMATION OF CARCASS COMPOSITION IN LIVE CATTLE
USING PICTURE PROCESSING SYSTEM
lgnaecy Misztal
Institute of Cattle Breeding and Milk Production Warsaw Agricultural University — SGGW-AR
Carcass composition in lve cattle was evaluated using picture processing system and

sibhouette analysis. The aceuracy of this evaluation wwas comparuble to voaluation
using measurements obtained monuatly, and the et methed could be fully ausomuted.

Phot. 2. Photos of a the heifer after being processed by the picture processing system



gasa - Digital phenotyping - decades apart

e Cameras and sensors

* High-throughput phenotyping (phenomics): 24/7 collecting data

* Feed intake, grazing behavior, temperature, gas emission, fertility, weight, size, ...

* Machine learning (artificial intelligence)
* Algorithms to automatically learn from the data and make predictions
* Expensive to teach a machine (computing resources and time)

* Image recognition comes with an appetite for computing power



$1000 of computing power
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https://www.youtube.com/watch?v=7XrbzlR9QmI

Feed efficiency in broilers

Measuring Feed-Efficiency in Broilers using RFID Systems

Cloud with database
ONE FAMILY.
ONE PURPOSE.
@ = F & M
£
Ty .
4 &
|
LI |
= 4

=
Antenna Reader % 300
((l)) l [ I> é’
Wing tag with : E
microchip 5
\V§ Micro- \ 4 e
T controller = . . 2.0
()]
R —— e ’ Trial days
scale
0.25 £ 0.01
0.32 £ 0.02

0.31+0.01

Anderson Alves
Assist. Professor
UGA

* 100M visits
e 96K birds



Behavior in broilers

Going Beyond Feed Efficiency...

Intervals Intervals
within meals between meals

] & i Anderson Alves

50000
|

Assist. Professor
UGA

40

Frequency
30

Individual
Behavior 1

30000
|
Frequency
20

0 10000
1
10

Social
interactions

T T = T 3 o -
0 10 20 30 40 50 T T T T T 1

" | 15 25 35 45
‘ ‘ Visit duration (minutes)

log10 (Interval, seconds)

Computing feeding or drinking behavior from raw RFID data can be done using a combination
of appropriate visit criteria

42
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gasich Feeding behavior as welfare indicators
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Take home messages

* Genomic selection
* Important factor in poultry breeding programs
* Contributes to the increased genetic gain
* Higher accuracy
* More genotyped animals with phenotypes = higher accuracy

* Opportunities for increased genetic gain
* Digital phenotyping => more precise phenotyping
* Removes subjectivity
* Define new traits

e Current status: GS is entering the digital phenotyping era
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