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Motivation

Plant and animal breeders increasingly face significant challenges such as 
variability in the rate of productivity growth due to various factors 
including climate change and global competition. 

We want maintain the stability to achieve of long-term genetic gains.

Solution: Optimising parental selections by finding best mates 
combinations in each animal breeding generation.



Input data
Genomic data for individuals

Phenotypic traits

Linear mixed model
             (LLM)

Mate plan optimisation

Y=XB +ZU+ E

Genomic Parental Selection and Prediction 
Prediction and Selection

P(X )=∏
t=1

n

p(X t−1|X t−2 ,⋯, X 0)

GEBV



K1=ZgG Zg ' , G=WW ' /c , c=2∑
k=1

p

pk (1− pk ) ; K2=(Zk ϕ(X )Zk ')∘(Z tZ t ') ,

Y=11μ+g1+∑
k

gk+e , g1∼Ν(0 , K1 σ1
2) , gk∼Ν(0 , K kσ k

2) , e1∼Ν(0 , I σ e
2) ,

Y j=11μ j+g1 j+∑
k

gkj+e ,g1 j∼Ν(0 , K1 jσ1 j
2 ) , gkj∼Ν(0 ,K kjσ kj

2 ) , e1 j∼Ν(0 , Iσ e
2) ,

where j is jth trait.  

Linear mixed model

● Single trait model 

● Multi traits

Y=μ+ g1+e , g1∼M Ν(0 p ,G ,ΣT ),e i∼M Ν(0 p , I np ,Σ e)



Example in Salmon breeding

Biomass

Biomass, body length, etc Fish lavea selection

Optimal mate plan

Offspring generation



Optimal mating strategies

X=X 0∪X2⋯∪Xn



p(X k ,θ)=∏
l=1

p (θl)∏
t=1

k−1

∏
i=1

|X t|

N ( yk|X k−1 ,⋯, X0 ;θ)

Bayesian inference

Simulate θ∼p (θ|Y t−1 ,Y t−2 ,⋯Y 0 , X t−1 , X t−2 ,⋯X0)

θ={μ ,σ2 ,β}

Ŷ tPredicted 

p( y t| ^Y t−1 , ^Y t−2 ,⋯Y 0 , X t−1 , X t−2 ,⋯X 0 ,θ̂ )



Design objective?

Maximising GEBV and minimising inbreeding value

GEBV

Inbreeding value



Multi Objective Functions

GEBV (Genetic estimated breeding value)

Inbreeding value (Kinship—pedigree)

F=∑
k

h (xk , pk) .

Y=XB +ZU+ E

Constraints



Selection Criteria

U (X k )=∫Y∫θ
U (Y k ,θ ,|{X k−1 ,⋯X 0 , Y

k−1 ,⋯Y 0 ,}) p(Y k|θ , {X s ,Y s}) p (θ|Y s ,X s)d y
kd θ

Optimization strategy

Expected Utilities

Stochastic optimiser 
MCMC

Expected utility

U (X k )=
1
M

∑
m=1

M

U (Y k ,θ ,|{X k−1 ,⋯X0 , Y
k−1 ,⋯Y 0

})

 EI



Simulation results

Simulation data were generated by mimic real breading scenarios





Pareto frontier



Summary

● The complexity of likelihood model can be increased by taking 
care of more variables, such environment, management.
 

● Design objective and the choices of utility functions.

● There may be no optimal can be achieved. (High dimensional, 
multi-objectives). 

● Optimisation problems: choices of optimiser; multi modals; 
mixing rate; computational efficiency. 

● We need good designs to achieve good results!
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Thank you very much!

Wagdy Mekkawy, 
Hobart Tasmania, CSIRO
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