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Studying multi-trait dynamics by APSIM with genotype-specific parameters (Daniela Bustos Korts)

Role of secondary phenotyping & genotype specific crop growth simulations in environmental characterization
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Correlations between target (yield), intermediate and physiological parameters over time (Australian wheat)
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Problem

" Primary traits, like yield, can be predicted to a certain extent from molecular markers
" New phenotyping tools and devices produce large amounts of additional data on secondary phenotypes
(spectra, root growth, biomass assessments)
" Can these secondary phenotyping data be useful to predict primary traits or made useful to better
understand the genetic basis of primary traits (pleiotropic QTLs)?
® Suggestion
e Convert the secondary phenotyping data into genotypic covariables / responses and use
them for prediction of primary traits / QTL mapping
® Problems (secondary traits)
e often come as time series
® occur as discrete realizations of underlying continuous processes (wavelengths)
® genetic signal requires adjustment as well as smoothing in multiple dimensions (spatial,
temporal, wavelength)
e no standard or default analysis methods available
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Prediction scenarios
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Introduction JRA2: Design & analysis

Develops tools for statistical design and analysis of phenomics experiments across
platforms and scales of plant organization

Standardize statistical analyses and facilitate the combined analysis of data coming
from multiple installations and measurement scales (including field)

» (i) outlier detection and data quality control

» (ii) statistical design and analysis of single platform experiments

» (iii) data integration between platforms and platform/field.

Start EPPN2020 clear demand for a unified set of tools and methods to analyze platform
data. Diversity phenotyping techniques and increasing amount of data prevented direct
application of designs, models and analysis methods originally developed for field trials

Main objectives (strategic):
» Level 1

» Describe installations in a statistically intelligible way and give a motivation for
design and analysis choices for the current state

» Level 2
» Description of the properties of the platform
» Documented routine use of automated statistical methods and tools

» Traceability and reversibility of decisions
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JRA2: Statistical design & analysis - Tasks

TJRA2.1 Outliers & data quality control

<

Flagging different types of outliers
<« Point, time series, set of time series (plant)

TJRA2.2 Design & analysis of single platform experiments

<

A 4 4

Row-column blocking to neutralize spatial variation

Choosing standard genotypes and allocating them

Spatial adjustment of phenotypic traits at single and multiple time points
Simultaneous analysis of multiple growth curves

TJRA2.3 Data integration

<+

A4 4 4

Analysis of multiple platform trials

Trans platform EPPN2020 experiments

Combining analysis of field trials with analysis of platform trials
Analysis of genotype x environment interactions

Multi-trait analyses (platform & field)



JRAZ2: Design & analysis outputs

<« Statistical methodology

« Software (R procedures)

« Web-applications (design generator)

<« Instructions on how to apply the methodology
<« Teaching material & courses

<« Guidelines & recommendations

<« Consultation & support
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Outliers

Nadine Hilgert, Isabel Sanchez,
Emilie Millet

» Single points

» A time series

» Aset of time series (plant)

Trait

A - Corrected data and p-spline model
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Guidelines, software & support for
choosing suitable statistical designs and
corresponding statistical analyses
Experimental design with row and
column block structures to correct for
spatial trends

Choice and allocation of standard
genotypes

Unbiassed estimates of treatment
differences with good precision at
acceptable costs
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BT Userfriendly Web App Design Generator

EPPN 2020

Robert Horne & Darren Murray VSNi
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A Raw phenotypic data
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ANOVA-type decomposition of the smoothed surface:
Modelling spatial trends in sorghum breeding field trials using % _
a two-dimensional P-spline mixed model fr.e) = fur) + f(c) + frc(r, ©) B

Jullo G. Velazco' & « Maria Xosé Rodriguez-Alvarez*® - Murtin P. Boer' «
David R. Jordan® - Pasl H. C. Kilers* - Marcos " - Fred A.van K .
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P M Correction fro spatial effects:

g LTI % - Blocks
. = Spatially-dependent error
., -ARI®ART (Gilmour et al., 1997)
-2D-splines
(Rodriguez-Alvarez et al., 2018,
Velazco et al., 2017)

Spatial Statistics 23 (2018) 52-71
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VA | vV N
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3& Spatial Statistics ) C Genotypic values (BLUEs)
¢ Sl Fitted Spatial Trend Genotypic BLUPs Resuius
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Correcting for spatial heterogeneity in plant ) i : &
breeding experiments with P-splines S < &
E o
e

Maria Xosé Rodriguez-Alvarez ****, Martin P. Boer ¢,
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? BCAM — Basque Center for Applied Mathematics, Alameda de Mazarredo, 14. E-48009 Bilbao, Basque
Country, Spain GenOtype G2
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Modelling steps
5 Model

Choosing the experimental . *%s  Sizeof dependence
design **" inputdata of output
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Correcting for design factors

Level2 and spatial trends

Level 3 Dynamical modelling

Modelling dependence on

Level 4 : :
environmental gradients

Tem perature ,i?

Level 5 Target trait prediction

Contents lists available at ScienceDirect

Plant Science

ELSEVIER journal homepage: www.elsevier.com/locate/plantsci

Modelling strategies for assessing and increasing the effectiveness of new
phenotyping techniques in plant breeding
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Baseline genotype to phenotype model includes GXxE

Published August 30, 2016
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m Environmental quality Environmental quality

® Phenotype = .

YP What Should Students in Plant Breeding . (oneroorce)

Know About the Statistical Aspects g E% @ g :% @
® GenOtype + of Genotype X Environment Interactions? i3 14

£ / g l
. Fred A. van Eeuwijk.* Daniela V. Bustos-Korts, and Marcos Malosetti g / g S —
. E n VI ro n m e n t + Environmental quali ity Environmental quality

P(Iasllcity, Gx)E P:asticfjfy. Gx)E
e Genotype by Environment Interaction + 1R

Genotype perform:
(yield)
El
\i |
Genotyj rform:
(yield)

® Error

Environmental quality Environmental quality

" Two-way ANOVA, fixed genotypes and environments, GxE fixed (lack of fit) term
® vy =u+g;+e+gej+ej; €;~N(0,0f)
e Subscript / for genotype, j for environment

" Mixed model formulation, random genotypes, GXE as heterogeneity of genetic variances and
correlations

® Vi = Wij + Gij + €ijs VCOV(}/U) = Egge + R,
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GXE and separability

" yij = wij + Gij t+ €
e Multi-environment (multi-trait) model
" Mean p;;
® uij=u(B? B x:1,2;) = Lin mibm;
e p7: genotypic sensitivities
® x;: genotypic covariables / molecular markers / groupings
e p7: environment related quality / QTL
® z;: environmental covariable / index / classification / management
® Variance-Covariance matrix G;;: VCOV(G;;);
® VCOV(Gy)) = Xy Ay ® B
® VCOV(G)=2=29 ® 2°
e Structuring G;; on genotypic dimension
® Markers (GRM), pedigree, omics, phenotyping, grouping
e Structuring G;; on environmental dimension
e Weather, soil, management, indices, classifications
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Product models for GxXE (separable)

" Finlay-Wilkinson / AMMI / GGE / SREG; implicit genotypic and environmental characterization
® y;0; + ¢
" Explicit genotypic characterization: QTL mapping (markers) & secondary phenotyping
(platform / field)
® xBj +¢&;
® yi B+ ey
o (¥y)'BS +&ij
o (Y(x)))'BS + &
" Explicit environmental characterization (factorial regression)
® plzj+e;
o pls(z) + ¢
" Modelling using genotypic and environmental covariates
® ﬁ(xl-)zj + eij = KXiZj + ,BL*Z] + gij
® B(yi)zj+ &y = Ky zj + Pz + &;
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Kernel methods
® Generalized GE-BLUP

® Vij = Mij + Gyij + G5 + €
® VCOV(Gy;) = X291 @ X° with 291 = Klag1 and K, a function of markers (genotypes)

® VCOV(G,;) =292 @ X¢ with 292 = Kzag2 and K, a function of omics / secondary
phenotyping, defined on genotypes

® X°is a structuring matrix defined on the environments

v
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Introducing a time component in GXE models

2-way P-spline ANOVA and 3-level hierarchical P-spline model

" Martin Boer: P-spline 2-way ANOVA
® y;;i(t) = u(®) + fF ) + f5(0) + 55 () + &;(O)
® y;i(t) = {u+lin(t) +spl(t)} + {g + e+ g.e}.{lin(t) + spl(t)} + &;(t)
e Sparse mixed model equations, special choice of basis functions

e Wood. Generalized additive models: an introduction with R. CRC press, 2017.
" Diana M. Perez & Maria Xose Alvarez-Rodriguez

® yii(t) = u() + fF () + f700) + £ @) + e (0)
e Choice of number of basis splines critical
e Brumback and Rice. JASA, 1998; Durban, Harezlak, Wand and Carroll. Stat Med, 2005.
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Dynamical predictions of biomass (G+E+G.E) and first derivatives
Data: APSIM wheat simulation — Daniela Bustos Korts

Analysis: Martin Boer

Biomass Growth rate
Emerald_1993 Emerald_2005 Merredin_2002 Merredin_2007 Emerald_1993 Emerald_2005 Merredin_2002 Merredin_2007
0.20-
104 0.15-
0.10- ;
eno = eno
5- 9 0.05- g
— g001 — g0i4 0.00- — g001 — g014
0- — g002 — g015 0.05- — g002 — g015
Narrabri_1998 Narrabri_2003 Marrabri_2008 ~ 9003 — g018 Narrabri_1998 Narrabri_2003 Narrabri_2008 gy 9°03 gt 9018
— g004 — g017 020~ S — g004 — g017
| — g005 — g018 ® 0.15- — @005 — g018
o 10 ®
E — gO006 — g019 E 0.10- ; — g006 — @019
S 5- — goo7 — Q020 £ o0s- g7 & — g007 — g020
— g008 — g021 S 0.00- & — g008 — g021
0- — g009 — g022 -0.05- — g009 — g022
Marrabri_2011 Marrabri_2013 Yanco_1993 Yanco_1996 — g010 — g023 Narrabri_2013 Yanco_1993 — @010 — g023
— go11 — go24 0201 — go11 — g024
10- — Q012 — Q025 0154 — g012 — g025
— 013 010~ & — o013
5- 0.05- 287
0.00-
40 80 120 160 40 80 120 160 40 80 120 160 40 80 120 60 40 80 120 160 40 80 120 160 40 80 120 160 40 80 120 160
days after sowing days after sowing

Vij () = u(@) + f6(8) + fe() + foxp(t) + &;(t)

e

100years

1918 —— 2018

WAGENINGEN

UNIVERSITY & RESEARCH




Illustration 3 level hierarchical splines and derivatives
Analysis: Diana M. Perez & Cote Alvarez Rodriguez (BCAM - Bilbao)
Data: wheat - group Andreas Hund (ETH Zurich)

Population growth curve Genotype-specific deviations Plot- and genotype-specific growth curves
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Data integration

Use dynamical parameters or full functional information of secondary phenotypes in a better

prediction of target traits like yield (including GXE) (Daniela Bustos-Korts)
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Combining crop growth modelling and statistical genetic
modelling to evaluate phenotyping strategies
Daniela Bustos-Korts*, Martin P. Boer’, Marcos Malosetti:, Scott Chapman’ *, Karine Chenu’, Banyou Zheng®
and Fred A. Van Eeuwijk*
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Modelling principles: phenology and multiple traits

" Multiple kernel models

® integrate genomic information with omics, phenotyping and
environmental information

e usually little attention for feature selection

" Feature selection in the form of characterization of genotypes and
environments always pays off (mean and VCOVs)

e adaptation & maturity groups (phenology)
® eCOo zones, mega environments, environmental scenarios
" Yield = integrated output of processes triggered by environmental and ' l SSTOLE ig

internal stimuli following interactions between upstream traits starting from a
DNA basis

® Predicting GXE requires multi-trait modelling
e Phenotyping platforms give access to many traits

" Prediction models for GXE need to include phenology/ timing of
developmental events implicitly or explicitly

e phenotyping platforms / devices provide temporal information et point
e feature selection needs to respect phenology, scalability and topuk Statas value |,

Measuring

granula r|ty W TRENDS in Plant Science Vol ““;q;e;":d“ ﬂisturbunce—;O—} System  |—3| alament —.';O

o . _ { i
Models for navigating biological Feedback‘ Command

i I i : Eff "
complexity in breeding improved crop Bt ||| s ComtraRAT

WAGENINGEN % plants
UNIVERSITY & RESEARCH Graeme Hammer', Mark Cooper?, Francois Tardieu®, Stephen Welch?, Bruce Walsh®,
looyears Fred van Eeuwijk®, Scott Chapman’ and Dean Podlich?




Wrap up

Choosing the experimental .
: Size of dependence
design input data  of output

Model

Level 1 Feature extraction

Statistical approaches / tools
5 Correcting for design factors

Level and spatial trends « Design
« Data quality control
. : | PR « Single experiment analysis
tevel3  Dynamical modelling allli== : gLongiliz:.)udinal data a¥1a|ysis

Sl i - Data integration
Modelling dependence on r‘l - Primary trait prediction
environmental gradients |1, « Multi-experiment analysis
¢ « Multi-trait hierarchical
models

Level 4
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Yield as part of a trait network with a genetic root

" Networks help visualizing genetic and phenotypic trait relationships (biomass plays a central role for yield)

" Topologies / adaptive mechanisms differ between environmental types with an important role for
phenology

® Trait organisation shows ‘modules’ that are environment type dependent, such modules can guide
feature selection in prediction models (including kernel models)

® Elucidation of direct and indirect genetic effects on target traits
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Data integration

GrainYield ;= Grain Number ; X Grain Weight,
GrainYield;= u+e +91+Z Bz, J,I ) X Grain Weight,
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= Can be predicted using marker profile and/or environmental indices
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