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Simulation of multi-environment trials



Lecture overview

• Introduction
• Framework for simulating GxE interaction
• Framework application

– Statistical model comparison
– Breeding simulation 



Why implement GxE into simulation?

• Introduces more realistic structure and complexity to 
simulated field trial data

• Answer more targeted questions
– What level of (partial) replication is required?
– How many locations are required?
– Where should material be deployed?

• Fine tuning a breeding pipeline
– Comparison of breeding strategies, experimental designs and statistical 

analysis approaches in long-term



Genotype by environment (GxE) interaction
Genotype by environment (GxE) interaction complicates breeding
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Plant breeding program



MET: Multi-environment trials
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Field trials with pre-defined experimental design
grown in selected environments



Multi-environment trial (MET) dataset

Id Env Block Column Row Phenotype
1 1 1 1 1 1.20
2 1 1 5 2 1.07
3 1 1 2 3 0.75

… … … … …

50 1 1 6 3 1.19

… … … … …

50 5 1 1 1 0.77



Overview of plant breeding field trials

Data collection

Statistical analysis

Experimental 
design & trials
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Overview of plant breeding field trials

Simulate this!

Data collection

Statistical analysis

Experimental 
design & trials
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Simulating phenotypes

𝐲 = 	𝟏!µ + 𝐗𝛕 + 𝐙𝐠𝐞 +𝐖𝐛 + 𝐞	
Plot errors
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Multiplicative models
• Effective at capturing and interpreting GxE
• Decompose GxE into a small number (𝑘) of multiplicative terms
• Each term is the product of genotype effects and environment effect

𝐠𝐞 = 𝐬"⊗ 𝐟" + 𝐬#⊗ 𝐟# +⋯+ 𝐬$⊗ 𝐟$
= 𝐒$⊗ 𝐈𝒗 𝐟$

Environment effects Genotype effects



Overview of plant breeding field trials

Data collection

Statistical analysis

Experimental 
design & trials
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Simulating genotype by environment effects

Between-environment 
genetic variance matrix, 𝐆!

1.

𝐆! = 𝐃!
⁄# $𝐂!𝐃!

⁄# $

Simulate or provide 
𝐆! and 𝐃!

Simulate or provide 
𝐆! and 𝐃!



𝐆!=

Simulating genotype by environment effects

EigenvaluesEigenvectors Eigenvectors
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genetic variance matrix, 𝐆!

1.
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2. Decompose variance matrix, 𝐆𝐞, and take k terms
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𝐆! and 𝐃!



𝐆!=

Simulating genotype by environment effects

EigenvaluesEigenvectors Eigenvectors

××

3. Obtain environmental covariates, 𝐒&, and 
simulate genotype slopes, 𝐟&

𝐒& = 	𝐔&

Between-environment 
genetic variance matrix, 𝐆!

1.

𝐆! = 𝐃!
⁄# $𝐂!𝐃!

⁄# $

2. Decompose variance matrix, 𝐆𝐞, and take k terms

𝐟& 	~	N 𝟎, 𝐋& ⊗𝐆!

𝐔& 𝐔&𝐓𝐋&

+⋯++Simulate or provide 
𝐆! and 𝐃!



Simulating genotype by environment effects

𝐆!=

EigenvaluesEigenvectors Eigenvectors

××

3. Obtain environmental covariates, 𝐒&, and 
simulate genotype slopes, 𝐟&

𝐒& = 	𝐔&

Between-environment 
genetic variance matrix, 𝐆!

1.

𝐆! = 𝐃!
⁄# $𝐂!𝐃!

⁄# $

4. Genotype by environment effects
𝐮 = 𝐒& ⊗ 𝐈( 𝐟&

2. Decompose variance matrix, 𝐆𝐞, and take k terms

𝐟& 	~	N 𝟎, 𝐋& ⊗𝐆!

𝐔& 𝐔&𝐓𝐋&

+⋯++Simulate or provide 
𝐆! and 𝐃!



Simulating between-environment variance matrix 𝐆!
[0, 1]

Pair-wise correlations between environments

[-1, 1]
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• Simulate 𝐂$ by specifying mean, 
variability, skew, noise structure

• Measures for tuning 𝐂$

GxE

Variance explained
𝑣" 𝑣"# 𝑣$ 𝑣%

Low 0.51 0.49 0.67 0.33
High 0.08 0.92 0.24 0.76



Simulating between-environment variance matrix 𝐆!
• Simulate 𝐂$ by specifying mean, 

variability, skew, noise structure

• Measures for tuning 𝐂$

• Simulate 𝐃$ from inverse gamma 
distribution by adjusting shape and 
rate
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Variance explained
𝑣" 𝑣"# 𝑣$ 𝑣%

Low 0.51 0.49 0.67 0.33
High 0.08 0.92 0.24 0.76



Simulating phenotypes

𝐲 = 𝟏!µ + 𝐗𝛕 + 𝐙𝐠𝐞 +𝐖𝐛 + 𝐞

• 𝐲 is the n-vector of phenotypes 
• µ is the overall mean, 𝟏$ is a n-vector of ones

• 𝛕 is the p-vector of environmental effects, with n×n% design matrix 𝐗 which
links plots to environments

• 𝐠𝐞 is the n&-vector of genotype effects, with n×n& design matrix 𝐙 which links 
plots to genotypes ß new framework

• 𝐛 is the n'-vector of block effects, with n×n' design matrix 𝐖 which links plots 
to blocks 

• 𝐞 is the n-vector of residuals ß simulation of these demonstrated earlier

genotypephenotype block residualmean fixed



Simulate a MET dataset

𝐲 = 𝟏!µ + 𝐗𝛕 + 𝐙𝐠𝐞 +𝐖𝐛 + 𝐞
genotypephenotype block residualmean fixed



Demonstrating examples

1. Comparison of statistical models
à Answer a target question

2. Breeding program simulations
à Breeding program fine tuning
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Simulating target population of environments
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Example 1: Comparison of statistical models

1. Simulate 1000 x 1000 TPE

GxE: Low, Mod, High
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Example 1: Comparison of statistical models

1. Simulate 1000 x 1000 TPE

GxE: Low, Mod, High
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2. Sample 1000 MET datasets from TPE
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Example 1: Comparison of statistical models

1. Simulate 1000 x 1000 TPE 2. Sample 1000 MET datasets from TPE

3. Compare models (ASReml)

Comp    Compound Sym.
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MDiag  Main + Diag
FA        Factor analytic
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Environment

En
vi
ro
nm

en
t

Environment

En
vi
ro
nm

en
t

Environment
En
vi
ro
nm

en
t

Environment
En
vi
ro
nm

en
t Data 

5/10/50 envs
400 inds (IID)
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Example 1: Comparison of statistical models

• Model accuracy 
decreases as GxE 
increases

• More environments 
increase accuracy

• FA models are best 
overall

Average summary of 1000 reps
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New opportunities 

• Model comparison
• Non-additive genetic effects
• Spatial models
• Multiple phenotypic traits

• Experimental design optimization
• MET dataset design optimization



Example 2: Breeding program simulation

Simulation: 
• AlphaSimR
• 20-year breeding
• Yield trait
• Additive effects only
• 20 replicates

Program scenarios: Pheno & GS

Line breeding program

Action!!"RepsEnvsGenotypesStageYear

Make crosses100 crossesCrossing1

Produce DHs100 familiesF12

Advance 500 DHs81110,000Stage 13

Yield trial412500Stage 24

Yield trial22550Stage 35

Yield trial222010Stage 46

Release variety1Variety7

P1 × P2



Current plant breeding simulations
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Can be done with multiple correlated traits 
but becomes computationally challenging 
with large breeding simulations.



Sampling from TPE
1. Simulate 1000 x 1000 TPE 
     (constant across simulation reps)
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Sampling from TPE
1. Simulate 1000 x 1000 TPE 
     (constant across simulation reps)
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2. Sample for each simulation year

Simulation of TPE genetic effects
à True performance

Simulation of MET genetic effects
à Estimated/observed performance
     (e.g. Stage 1 ~ 1 env, 
             Stage 4 ~ 20 env)

Year 1

Year 2
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Year 4

Year 20



Phenotypic Selection Genomic Selection
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Genetic gain and variance in Stage 1

• Gain and variance loss 
decrease as GxE increases

• GS outperforms PS by 1.4-
1.7 times

• Too optimistic projections 
in absence of GxE



Phenotypic Selection Genomic Selection
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• Main effect accuracy and 
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decrease as GxE increases

• Main effect accuracy and 
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higher for GS
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New opportunities

• Long-term statistical model comparison 
• Model selection at different breeding stages
• Selection for genotype stability
• Long-term alignment with TPE 
• Recreation of long-term GEI patterns



Take home messages
Scalable and reproducible framework for simulating GxE
1. simulate realistic MET datasets 
2. model plant breeding programs

Framework can simulate
• large number of environments
• different magnitudes of non-crossover and crossover GxE
• different correlated genetic effects
• multiple TPE and multiple phenotypic traits


