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Quantitative Traits Directly transmitted through generations

Additive Effects

Phenotype = Fixed Effects + Genetics + Environment +
Residuals
_Rep 1 I Rep2 | [ Re 1 I Rer2
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Will these plants have the same phenotype?



Quantitative Traits
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Quantitative Traits
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Quantitative Traits

[ Rep 1 | Rep 2 | | Rep 1 | | Rep 2
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Coefficients

Linear Model
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Linear Model
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Linear Model - Assumption
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Correlation, Variance, and Covariance
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Correlation, Variance, and Covariance

X = [1 2 1 3]
Y = [4 3 2 5 |

cov(X,Y) = % D i1 (@i — pa) (Y — py)

cov(X,Y)
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Covariance Matrix




Linear Mixed Effects Models
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Linear Mixed Effects Model

Y, ., 10100 0]e, 10 |[g, 0, .,
Y, ., 100100]e, 10 |lg, 0,
Y, 010010 e : I 10 I 0,
Y, |=010001]|e:r, 10 0,
Y, 101000]|e,:r 0 1 0,
Y, 100100]|e,:r, 0 1 0,
Y, . 010010]|- - 0 1 0,
v, 01000 1] (0 1| O, ,




Linear Mixed Effects Model
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Phenotype = Fixed Effects + Random Effects +

Residuals

Xb + Zu + [

y:



Xb + Zu + [
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Linear Mixed Effects Model
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Linear Mixed Effects Model
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Henderson Equations
y = Xb + Zu + []
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Henderson Equations
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Henderson Equations

y = Xb + Zu + []
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Variance Components
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Henderson Equations

y = Xb + Zu + L[
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What about the distribution of y?




Phenotypic Variance
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The Infinitesimal Model
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Infinitesimal Model (Fisher, 1918)

- Quantitative traits are polygenic: very small genetic effects
over a very large number of genes

- Random sampling of alleles at each locus results in
continuous and normally distributed phenotypes in the
population

- Assumes that phenotypic variation due to genetics is
constant
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Single Nucleotide Polymorphisms

Geno |Allele1 |Allele 2 | Code
G1 C C 0
G2 C G 1
G3 G G 2

32



One Locus Model
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Infinitesimal Model

yi = p+ > Mija; + ¢



Infinitesimal Model

Ml M2 M3 M4

ACTGCTATGCGCGATATCGCGATCG Allele 1
ACTGCTATGCACGATATCGCGATCG Allele 2

Ind 1

Y1 = G1 + E1
(= H + Mmac1 + M1,2a2 + Ml’gat3 + Mma4 + E1

ACTGTTATGCACGATATCGCGATCG Allele 1y _ . .
CCTGTTATGCACGATAACGCGATCG Allele 2 N

Ind2 <

, = H + Mz’lac1 + M2,2a2 + M2’3a3 + MMa4 + E2

CCTGCTATGCGCGATAACGCGATCG Allele 1 Y, =G, +E,
CCTGTTATGCGCGATAACGCGATCG Allele 2

Y3 =u-+ M3’1a1 + M3,2a2 + M3’3at3 + M?)Aa4 + E3

Ind3 ~«



Infinitesimal Model
Only Additive Effects

yi = p+ > Mijaj + ¢

The individual additive effect of each locus is very small
Epistasis and dominance effects are disregarded



Infinitesimal Model
m — OO

yi = p+ > Mija; + ¢

The number of loci affecting the trait is so large that
approximates infinity, assuming that many additive effects
can absorb epistasis and dominance



Infinitesimal Model

yi =+ iy Mijag + €

Genetic (Breeding) Values



Infinitesimal Model

yi =+ iy Mijag + €

Genetic (Breeding) Values

Yi =BT Ggi T €



Marker-Assisted and Genomic Selection
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Simplified Breeding Program
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How to Maximize the Genetic Gains?

- Increasing the intensity of selection

- Minimizing the environmental effect (replicate and
randomize)

- Increasing the genetic variability

- Using more accurate or less time-consuming breeding
schemes



Genetic Gain Obtained

Original population
. Selected population

Average Average
performance performance
(original) (selected)
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1

Selection gain
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Estimated Genetic Gain
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Marker Assisted Selection

QTL Mapping

Low allelic diversity
Biparental population
needs to be created

Lower resolution (few
recombination events)

Low resolution, large QTLs

GWAS

Sometimes results are not
replicated across
populations

Results need to be
validated

Size of population and
markers



Meuwissen et al. (2001)

Copyright © 2001 by the Genetics Society of America

Prediction of Total Genetic Value Using Genome-Wide Dense Marker Maps

T. H. E. Meuwissen,* B. J. Hayes' and M. E. Goddard"*

* Research Institute of Animal Science and Health, 8200 AB Lelystad, The Netherlands, Victorian Institute of Animal Science,
Attwood 3049, Victoria, Australia and *Institute of Land and Food Resources,
University of Melbourne, Parkville 3052, Victoria, Australia

Manuscript received August 17, 2000
Accepted for publication January 17, 2001



Past Perspectives
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Past Perspectives
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Past Perspectives
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Strategy Evaluations
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Genomic Selection
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Grattapaglia, Dario. "Status and perspectives of genomic selection in forest tree breeding." Genomic selection for crop
improvement: New molecular breeding strategies for crop improvement (2017): 199-249.



Genomic Selection Applied to Breeding Programs

- Reducing the time to develop cultivars
- Increasing the effective size and selection intensity
- Increasing the genetic gain per unit time

54



Genomic Prediction Models
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Genomic Prediction
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Daetwyler, Hans D., et al. "Genomic prediction in animals and plants: simulation of data, validation, reporting, and
benchmarking." Genetics 193.2 (2013): 347-365.
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Henderson Equations

y = Xb + Zu + []
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SNP-BLUP

SNP Matri
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Cross Validation Strategies
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Cross Validation Strategies
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Cross Validation Strategies

Five-fold Folds Tested Untested Tested Untested
Iteration 1 F1 F2 F3 F4 F5 cvi cvo
E1 | E2 | E3 | E4 | E5 | E6 E1 | E2 | E3 | E4 | E5 | E6
Iteration 2 F1 F2 F3 F4 F5
e— = = & = = Gl | 61| 61|61 | 61|61 61| 61| 61| 61| 61|61
frorationd = = = = = G2 | 62 | 62| 62| 62| 62 62| 62| 62| 62| 62|62
Tested Tested
lteration 5 [ F1 F2 F3 F4 F5 pes| G3 | 63 | 63 | 63 | 63 | 63 pes| G3 | 63 | 63 | 63 | 63 | 63
G4 | G4 | G4 | G4 | G4 | G4 G4 | G4 | G4 | G4 | G4 | G4
Loocv Genotypes G5 | 65 | G5 | 65 | 65 | 65 65 | G5 | 65 | 65 | 65 | 65
Iteration 1 G1 G2 G3 | G4 | G5 G6 G7 | GB | G9 |G10 [--~--> n
G6 | G6 | G6 | G6 | G6 | G6 G6 | G6 | G6 | G6 | G6 | G6
Iteration 2 61 G2 G3 | G4 | G5 G6 G7 | G8 | G9 |[G10 [---—» N
- 67 | 67 | 67 | 67 | 67 | 67 67 | 67| 67| 67 | 67 | 67
Iteration 3 G1 G2 G3 [ G4 | G5 G6 G7 G8 [ G9 [GI0|---—»{ n
lteration4 | 61 | 62 | 63 | 64 [ 65 | 66 | 67 | 68 | 69 [G10 |--- n G8 | G8 | GB8 | G8 | G8 | G8 Untested g [ g [ g8 | 68 | 68 | 68
Iteration5 | 61 | 62 | 63 | G4 | G5 | G6 | 67 | G8 [ G9 | G10 |---— n G9 G9 G9 G9 G9 | G9 G9 G9 G9 G9 G9 | G9
7 T
[ ! G10 | 610 | 610 | G10 | 610 | G10 610 | 610 | 610 | G10 | G10 | G10
v v
Iteration n G1 G2 | G3 | G4 G5 G6 G7 | 68 | G9 (G610 [---»| N
Tested environments Untested Tested Untested
environments i i
cv2 CVv00
E1 | E2 | E3 | E4 | E5 | E6 E1| E2 | E3 | E4 | E5 | E6 .
| | Training set
G1 | 61 | 61 | 61 | 61 | 61 61 | 61| 61| 61| 61|61
62 | 62 | 62 | 62 | 62 | G2 62 | 62| 62| 62| 62| G2 |:| Test set
Tested Tested
es| 63 | 63 | 63 | 63 | 63 | 63 | G3 | 63 | 63 | 63 | 63 | 63
G4 | G4 | G4 | G4 | G4 | G4 G4 | G4 | G4 | G4 | G4 | G4
G5 | 65 | 65 | 65 | G5 | G5 G5 | G5 | 65 | G5 | G5 | G5
G6 | G6 | G6 | G6 | G6 | G6 G6 | G6 | G6 | G6 | G6 | G6
67 | 67 | 67 | 67 | 67 | &7 67| 67| 67 | 67 | 67 | 67
Untested | o5 | G5 | Gg | 68 | 68 | 68 Untested | qg | g | 68 | G8 | G8 | 8
69 | 69 | 69 | 69 | 69 | GO 69 | 6o | 69 | 69 | 69 | GO
610 | 610 | 610 | G10 | G10 | G10 G10 | G10 | G10 | G10 | G10 | G10

Alemu, Admas, et al.
17.4 (2024): 552-578.

"Genomic selection in plant breeding: Key factors shaping two decades of progress." Molecular Plant
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Factor Affecting Prediction Accuracy

- Marker density
- Population diversity and effective population size
- Training set

- Genetic relationship between training population and selection
candidates

- Rare alleles

- Missing data and imputation
- Ploidy

- GxE



Multi-Omics Approaches
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Unraveling Complex Phenotypes

Phenotype

Y [
Agronomic Traits

Nutritional Traits >

Associations

Resistance to Stresses

_/ Genotype
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Breeding Stages

BREEDING 1.0

Incidental selection
by farmers

BREEDING 2.0

Statistical and
experimental design
to improve selection
effort

BREEDING 3.0

Integration of
genetic and
genomic data;
current state of
the art

H\\”\\”\\[

Wallace, Jason G., Eli Rodgers-Melnick, and Edward S. Buckler. "On the road to breeding 4.0: unraveling the good, the bad,
and the boring of crop quantitative genomics." Annual review of genetics 52 (2018): 421-444.



Breeding Stages

BREEDING 4.0

Ability to combine
any known alleles
into optimal
combinations; will
be reached soon for
some crops

Wallace, Jason G., Eli Rodgers-Melnick, and Edward S. Buckler. "On the road to breeding 4.0: unraveling the good, the bad,
and the boring of crop quantitative genomics." Annual review of genetics 52 (2018): 421-444.



Unraveling Complex Phenotypes

G + E + GE —> P

Genotype Environment Internal Phenotypes External Phenotype

/" Genome /" Diet / /  Transcriptome / /Production Traits,”

/ Epigenome /" Drug / /  Proteome  /  Health 3
/" Infection / / Metabolome
/Temperature / /  Microbiome /"

Benis, Nirupama, et al. "Multi-level integration of environmentally perturbed internal phenotypes reveals key points of
connectivity between them." Frontiers in Physiology 8 (2017): 388.
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Enviromics
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Environmental Changes
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= D
(a8
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Environmental Factor

\

Kusmec, Aaron, Natalia de Leon, and Patrick S. Schnable. "Harnessing phenotypic plasticity to improve maize yields."
Frontiers in Plant Science 9 (2018): 1377.



Environmental Changes

Resende, Rafael Tassinari, et al. "Enviromics in plant breeding." Frontiers in Plant Science 13 (2022): 935380.
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