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Selection Response
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Plant Breeding
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What is the Phenotype?




GXE Interaction
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Dealing with GXE

1. Ignore
2. Avoid
3. Exploit Bernardo (2010)
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QTLXE

Genomewide scan with QTLXE
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a; = Environment - specific QTL effect 7

Gutierrez et al., 2015 (TAG 128: 506-521)




Handling GxE for QTL Mapping L)
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QTLXE in a RIL population for saline
stress in Lotus
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Quero et al., 2014 (Crop Pasture Sci. 65(2): 139-149)




Handling GxXE for QTL Mapping 5i1/-
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QTLXE on a GWAS population for
disease resistance traits in Barley
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detected. Different strategies
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Gutierrez et al., 2015 (TAG 128: 506-521)




QTL for Marker Assisted Selection
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Gutierrez et al., 2013 (Adv. Barley Sci.: 209-216)
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(The Plant Genome 4(1): 76-91) (The Plant Genome 4:256 — 272)




Some Limitations of MAS

LIMITATIONS OF MAS (BEAVIS EFFECT)

1. Underestimation of the number of QTL
2. Over-estimation of effects
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Molecular Breeding

SELECTION RESPONSE VS. UNDERLING CAUSES

Bqumg blocks

Trait | Genetic Population used | Accuracy of gene/QTL | Molecular

control for selection position Breeding
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Genomic Selection

STEPS IN GENOMIC PREDICTION

1.

Create/choose a Training Population: this is a group of individuals
that will be used to train the model (i.e. obtain marker predictors).
Things to take into account:

a) Population size

b) Trait: h?, number of QTL, and trait per se
c) Population structure

d) Relationship to Testing Population

e) Markers: Number and platform

f) Genotype by Environment Interaction

Genotype and Phenotype individuals in the Training Population.

Train the model: use one of the methods described previously to
obtain marker predictors.

Create/choose a Testing Population: this is a set of individuals
whose merit we wish to determine.

Genotype individuals in the Testing Population.

Predict Breeding Values for the Testing Population: use the model
created with the training population and the genotypic information of ,
the testing population to determine their merit (i.e. to get the GEBV).



Handling GXE In GS

Genomic Selection with GxE
v=lu+2Zg+e¢

GBLUPNf
Ynx1)- VECtor of mean performance
g ~ N(O, Apn%)
N: number of genotypes

GBLUP(gxe):
Y(nx1)- VECtOr of mean performance

g ~ N(O, Anxny®@P xioy 0’29)
n: number of genotypes (N) by number of environments (k)
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Lado et al., 2015 (Crop Sci.)




Handling GxXE for GS
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Handling GxXE for GS
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Testing location

. LE YOuU DOL R2
Testing
Set Training set Year 1 2 1 2 1 2 1 2

By year' All locations 2010 0.31 0.31 012 017 0.71 0.71 0.57 0.44

in tebittirgngeaf 2011 0.42 0.39 0.39 0.31 0.52 0.37 0.44 0.57

2012 0.74 0.79 0.44 0.54 078 0.81 0.57 0.65

2013 0.03 0.05 0.40 0.74 0.36 0.59 0.28 0.36

2014 0.23 ~014 0.30 019 0.58 0.71 0.30 0.19

By location? All years 2010 016 017 0.01 —0.02 —0.06 0.04 0.01 011

fOrt?u'tﬂgﬁtEiO” 2011 0.23 0.18 0.27 0.34 0.08 014 019 0.29

2012 0.50 0.31 010 0.04 0.33 0.29 0.05 015

2013 0.23 0.10 -0.05 0.08 0.31 0.56 0 0.19

2014 0.21 0.20 0.06  -0.05 0.08 0.36 ~0.05 0.33
Bymega- Al environments 2010 oi0()Y  0.20(1) 011 ()  018() 072(1) 072() 032(3 0.35(3

environment®  for a specific 2011 0.36(2) 035(2 036(2) 044 030(1)  0.28(1) 038(1) 0391
mega-environment
but one 2012 063(3 0453 0462 0542 075(3) 0.80(3) 063(3 0.30(3
2013 028(1) 018{1) 046(3  0.43(3) 043(2) 0502 044(1)  0.32 (1)
2014 024(2) 025(@ -001(2) 0112 063(3 078(3 -003(3 0203
16

Lado et al., 2015 (Crop Sci.)




Handling GxXE for GS

USING ENVIRONMENTAL COVARIATES

Year GBLUP(M) GBLUP(gxe)  GBLUP(gxe) + Cov  GBLUP(cov) GBLUP(M) + Cov
2010 0.204 0.669 0.742 0.243 0.324
2011 0.469 0.652 0.688 0.236 0.237
2012 0.475 0.372 0.484 0.176 0.185
2013 0.551 0.622 0.496 0.292 0.286
2014 0.234 0.646 0.679 0.243 0.269

17
Gonzalez-Barrios et al., (in prep)




reeding at UW-Madison
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Oat Breeding at UW-Madison
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Oat Ideas
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« BREEDING PROGRAMS f S sTURGEONBA

GBS Data (Nick Tinker)
Historical Phenotypic data (highly unbalanged) ...,
Good GS predictions (Jean-Luc Jannink)

GXE characterization
Strategic Phenotyping
Strategic Phenotyping

Devise a training GLOBAL Oats data-set
Use GXE to enhance prediction ability 20
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Genomic Selection

A) POPULATION SIZE AND B) TRAIT h?;

Larger population sizes and higher heritabilities increase genomic
selection accuracy
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Hayes et al., 2009; Lorenzana and Bernardo, 2009; Lorenz et al., 2011; Asoro et al., 2011




Genomic Selection

B) TRAIT: per se
The trait is relevant not

only for its heritability,
but for the trait per se.

Combs and Bernardo, 2013
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G e n O m | C Sel eCtl O n ' Pavon76 Juchi KBird K-Nyangumi Muu

C) POPULATION STRUCTURE
AND D) RELATIONSHIP TO INDIVIDUAL

Training®

PBW343/ PBW343/ PBW343/K- PB'V343/ PBW343/

Juchi  Kingbird  Nyangumi Muu  Pavon
Testing
PBW343/ — 0.48 0.14 0.28 0.31 Bayes
Juchi LASSO
PBW343/ 0.53 — 0.29 0.25 @
Kingbird
PBW343/ 0.14 0.30 — 0.28 0.28
K-Nyangumi
PBW343/ 0.18 0.30 0.33 — 0.29
Muu
PBW343/ 0.37 0.51 0.22 033 —
Pavon76

GBLUP

5 wheat populations with N= 92, 176, 148, 90, 176

for stem rust with DArTs
Crossa et al., 2013 24




Genomic Selection

C) POPULATION STRUCTURE

AND D) RELATIONSHIP TO INDIVIDUALS
O|del‘ training ~ BetaGlucan ‘ DaysToHeading
populations have smaller
or no prediction accuracy

difference. 047 /\

Related training and
testing populations have
larger prediction
accuracy.
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Mixed training it

populations have lower 0.0 ~--- RR-BLUP
accuracy unless mixed
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421-446 Oat lines, 1005 DArT markers

Asoro et al., 2011 25




Genomic Selection

E) NUMBER OF MARKERS | BetaGlucan
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Lorenzana and Bernardo, 2009: Heffner et al., 2011; Asoro et al., 2011 26




Genomic Selection

PREDICTION METHOD

Prediction method (BayesC, RR-BLUP) did not affect accuracy as much as
trait, marker density, and training population size, depth (increasing
population size by including older lines increased selection accuracy) and
age (older populations have lower accuracy for some traits).

Source of variation df Marker density Training population size Training population depth Training population age

Trait! 4 <0.0001 <0.0001 <0.0001 <0.0001

Method? | 0.22 0.02 0.21 0.06

Design® i <0.0001 <0.000T <0.0001 <0.01

Trait x method 4 0.03 0.14 0.56 0.31

Trait x design i <0.01 <0.01 <0.0001 <0.01

Method x design 2 0.26 0.11 0.64 0.52

Error i

Total 29

421-446 Oat lines, 1005 DArT markers

Asoro et al., 2011 27




