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Learning objectives

• Introduce the concept of breeding simulations

• Differentiate deterministic and stochastic simulations

• Showcase one AlphaSimR simulation

• Differentiate backward- & forward-in-time simulations



Modelling/simulation mindset in breeding

• Breeding programs are complex, costly, and can be slow!
(genetics, reproduction, production, disease, data, statistics, …)

• A need for an in-silico modelling sandbox

• Capture major components to identify key drivers of population 
management and improvement

AnalyseDesign

Revise

Idea/Theory Deploy
(in-vivo experiment)

Model
(in-silico experiment)



Basic elements of a breeding programme simulation

Reproduction
(inheritance)

Phenotype
(quantitative genetics)

Selection
(data science)

Biology, Logistic, & Economy constraints

Genome



Evolution of our modelling/simulation platform
• …
• 2006 – Multi-trait polygenic breeding values in livestock

• 2008 – Genomes and markers
• 2010 – First attempt at complex populations under selection
• 2012 – Released a simple package (AlphaDrop)
• 2012 – Plant breeding features and adding complexity (mating structures, etc.) 

• 2014 – Released a complex package (AlphaSim)
• 2015 – Complex simulations required lots of “glue-scripting” 

• 2017 – Migrate from Fortran to R/C++ and pop. objects - AlphaSimR!!!
• 2017 – Realistic dominance model (total genetic, breeding, and dominance values)

• 2018 – Complete migration, develop many blueprints, EiB use, industry, …
• 2022 – AlphaSimR course
• 2023 – Collection of plant breeding simulations published (animal version in progress)
• …



AlphaSimR scripting



Architecture & Construction analogy

https://www.dreamstime.com/illustration/home-architecture-project-completion.html



Two core areas of every breeding programme

Product
development

Population
improvement

Select
Test

Cross

Product



Examples
Animal breeding Plant breeding



Used across many species



CGIAR - Excellence in Breeding Platform



AlphaSimR is our core tool!

AlphaSimR

Teaching

IndustryResearch



www.edx.org/course/breeding-programme-modelling-with-alphasimr

http://www.edx.org/course/breeding-programme-modelling-with-alphasimr


www.edx.org/course/breeding-programme-modelling-with-alphasimr

• 5 weeks, ~20h (with huge variance!)
– Week 1: Introduction
– Week 2: Simulation of DNA and traits
– Week 3: DNA lottery
– Week 4: Selection
– Week 5: Complex breeding programmes

• Open “indefinitely” – share with colleagues & students

http://www.edx.org/course/breeding-programme-modelling-with-alphasimr


www.edx.org/course/breeding-programme-modelling-with-alphasimr

1600+ participants
100+ countries

http://www.edx.org/course/breeding-programme-modelling-with-alphasimr


What is AlphaSimR?

• R package for stochastic simulation of genetics & breeding

• Two types of simulations
– Stochastic (AlphaSimR and other fine simulators)
– Deterministic

• Deterministic simulations are common
– Breeder’s equation
– Optimizing multistage selection
– Simple, until maths became unwieldy



Breeder’s equation (R code)
# Deterministic simulation
h2 = 0.5
Va = 1
i = dnorm( qnorm(0.9) ) / 0.1 # top 10%
i * sqrt(h2) * sqrt(Va) # 1.240961

# Stochastic simulation
a = rnorm(10000, sd=1) # additive genetic values, Va = 1
e = rnorm(10000, sd=1) # environmental and non-additive genetic values
p = a + e # phenotype, h2 = 0.5
best = order(p, decreasing=TRUE)[1:1000] # top 10%
mean(a[best]) - mean(a) # ~1.240961



Why use stochastic simulation?

• Doesn’t require a deterministic formula
– Long-term selection
– Genomic prediction accuracy
– Other complex processes

• Handles very complicated simulations
– Whole breeding programs



Take home message no. 1

Stochastic simulations are cool and powerful!



Let’s whet your appetite!

• Genomic selection in wheat as an example
– Template for our simulations
– Example of interpreting results
– Highlights strengths and weakness

Gaynor et al. (2017) A Two-Part Strategy for Using Genomic Selection 
to Develop Inbred Lines. Crop Science 57: 2372–2386.



Goal

• Evaluate standard & novel approaches to genomic selection

• Two-part strategy for genomic selection
– Splits breeding program into two components

• Population improvement
• Product development

• Compare against more standard designs
– Two-part design is risky
– Does potential justify the risk?
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Two-part strategy
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Basic simulation scheme

1. Coalescent simulation (MaCS)
– Backward-in-time
– Model species’ genome



Backward-in-time simulation of DNA
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Im
age: Laura Kubatko’s slides

AlphaSimR uses
MaCS (SMC algorithm)



Basic simulation scheme

1. Coalescent simulation (MaCS)
– Backward-in-time
– Model species’ genome

2. Gene drop simulation (AlphaSimR)
– Forward-in-time
– Model traits and genetic recombination
– Model breeding programs



Forward-in-time simulation of DNA
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Detailed simulation scheme
Simulation*Stage Key*Features
Genome*Sequence 100,000*generations*of*evolution

Wheat*historical*effective*population*size
21*chromosome*pairs
1.43*Morgans*per*chromosome

8x108*base*pairs*per*chromosome

2x10F9*mutation*rate
Founder*Genotypes 50*inbred*founders

21,000*SNP*markers
21,000*QTN
Normally*distributed*QTN*effects

Recent*Breeding 20*years*of*modern*breeding*(F19*to*0)
Double*haploid*lines
No*genomic*selection

Ev
al
ua
tio

n Future*Breeding 20*years*of*breeding*(1*to*20)
Testing*alternative*breeding*programs
Equal*cost*programs
Ridge*regression*for*genomic*selection
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Genetic gain
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Genetic variance
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GS accuracy, headrows
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GS accuracy, population improvement
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Main messages

• Reducing cycle time is key
– 2-Part(+H) > Head GS > PYT GS > Conv GS

• Genomic selection can improve accuracy
– Conv GS > Conv

• Genomic selection accuracy can rapidly decay
– Primary limiter of two-part methods



Limitations

• Simple trait model 
– High genomic selection accuracy and persistence

• Only one trait (yield)

• Open questions
– Germplasm exchange
– Conservation of diversity
– Lots of fine tuning



Suggestions

• Focus on reducing cycle time
– Main driver of genetic gain

• Phased deployment of two-part strategy
– Build infrastructure
– Gain confidence
– Mitigate risks



Example: Balancing selection & diversity



Example: Dairy cattle breeding programme



Example: Spatial modelling & smallholders



Example: Analysis of genetic variance
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Example: Partitioning genetic trends



Example: GxE simulations 
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Example: Honey bee extension



Example: Gene drives in gray squirrels



Take home message no. 2

Stochastic simulations support development of 
new breeding programs / methods / theory / …!



AlphaSimR’s strengths

• Very flexible
– Not limited to preset designs
– Access to inner workings

• Fast
– Leverages modern computing techniques

• Alignment with classic quantitative genetics
– Strong foundations
– Genetic effects, values, and variance components



AlphaSimR’s weaknesses

• Limitations of all simulations
– Simplified versions of reality

• Moderate learning curve
– Designed for scripters
– Limited documentation of complex tasks

• Output on demand
– Must rerun simulations if you forget something 



AlphaSimR hands-on

• All examples will use R Markdown
– We’ll briefly explain how they work

• We will work through R Markdown files in folder
– Day_1_Intro_AlphaSimR

• 01Practical_DNA
• 02Practical_Selection
• 03Practical_Breeding program



Questions?!



Other fine simulators

• MoPBS (R) – a competitor!
• PyBrOpS & ChromaX (Python)
• XSim & GEAS (Julia)
• Many other fine simulators!
à Spend time on a few more or contribute to the existing? ;)

• msprime (Python/C)
• SLiM (Eidos/C++)
• stdpopsim (Python)



msprime (backward-in-time simulator)

https://pypi.org/project/msprime

https://pypi.org/project/msprime


SLiM (forward-in-time simulator)

https://messerlab.org/slim

https://messerlab.org/slim


stdpopsim (standard population genetics library)

https://pypi.org/project/stdpopsim
Frontend for:
• msprime
• SLiM

https://pypi.org/project/stdpopsim


Take home message no. 3

AlphaSimR is cool & there are additional fine 
genetics simulators!



Takeaways

• Learning objectives
– Introduce the concept of breeding simulations
– Differentiate deterministic and stochastic simulations
– Showcase one AlphaSimR simulation
– Differentiate backward- & forward-in-time simulations

• Take home messages
– Stochastic simulations are cool and powerful!
– Stochastic simulations support development of new

breeding programs / methods / theory / …!
– AlphaSimR is cool & there are additional fine genetics simulators!



Questions?!
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