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• Crossbreeding: maximize strengths and minimize weaknesses from different breeds,

• Heterosis (hybrid vigor) can increase productivity, fertility, and health,

• Terminal crossbreeding systems greatly benefit from these aspects,

• Non-terminal crossbreeding systems: selection of the crossbred animals to serve as

parents for future generations.
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Background
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• Predicting genetic merit in crossbreds is harder than in purebreds,

• Different LD patterns, confounding of heterosis with additive effects, …

• Purebred-based prediction often lose accuracy in crossbreds,

• BUT, accounting for the breed of origin of the alleles improves crossbred prediction,

• Traditional genomic models focus include heterosis as a mean crossbred effect.

3

Challenges
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Objectives

• Use deep learning for crossbred prediction under varying heterosis levels,

• Combine additive genetic effects and heterosis for better prediction accuracy.
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Can Deep Learning improve crossbred prediction 
accuracy, and provide individual estimates of 

heterosis?
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Simulated Data
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Simulated Data
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• Simulated 10,000 SNPs genotypes (500 QTL)

• Breed-of-origin of alleles (BOA) tracked for all

crossbred animals.

• Heterosis introduced for crossbred animals at

heterozygous loci in which alleles were from

different breeds.

• Different portions of total genetic variance due

to heterosis variance (heterosis ratio):

• 0 (none), 0.1 (low), 0.2 (moderate), 0.3 (high).
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Genomic Prediction
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Training set

6,300 purebred animals + 2,600 crossbred animals

Test set

1,200 crossbred animals

1,200 crossbred animals as validation set  

in Deep Learning methods



• GBLUP without considering BOA.

• Admixture Model considering BOA and SNP effects of purebred animals at each SNP.

PAGVi = ෍

b=1

Nb

𝐮′𝐛 𝐰𝐢,𝟏ο 𝐬𝟏,𝐢,𝐛 + 𝐮′𝐛 𝐰𝐢,𝟐ο 𝐬𝟐,𝐢,𝐛 + μb
σ 𝐬𝟏,𝐢,𝐛+ σ 𝐬𝟐,𝐢,𝐛

2m

• 𝑁𝑏 ​ = number of breeds (2)

• 𝒖𝒃 = the vector of estimated SNP effects for breed 𝑏

• 𝒘𝒊,𝒋 ​ = phased haplotype 𝑗 of animal 𝑖 (alleles coded 0/1)

• 𝒔𝒋,𝒊,𝒃 = breed indicator vector for haplotype 𝑗 of animal 𝑖 (BOA)

• 1 → allele from breed 𝑏

• 0 → allele from the other breed

• 𝜇𝑏 = the overall mean for breed 𝑏

• 𝑃𝐴𝐺𝑉 = predicted additive genetic value 8

Statistical Models

Eiríksson JH, Karaman E, Su G, Christensen OF. Breed of
origin of alleles and genomic predictions for crossbred
dairy cows. Genet Sel Evol. 2021 Nov 6;53(1):84.
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Statistical Models

Eiríksson JH, Karaman E, Su G, Christensen OF. Breed of origin of alleles and
genomic predictions for crossbred dairy cows. Genet Sel Evol. 2021 Nov 6;53(1):84.
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Predicted Additive 

Genetic Value Overall mean for breed 𝑏

Breed indicator of animal 𝑖 (BOA):

1 → allele from breed 𝑏

0 → allele from the other breed

Phased data (alleles coded 0/1)

Estimated SNP effects for breed 𝑏

Haplotype 1 Haplotype 2 



• DL: implicit heterosis encoding from

genomic data.

෢PGV = W2 z1 + b2

• DL heterosis model: explicit heterosis

encoding using BOA

• highlight heterosis information at

each SNP. BOA encoding: different

breed → 1 same breed → 0

෣PHGV = W2 z1 + b2
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Deep Learning Models
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Multilayer perceptron model
MSE Loss (Pheno, GV)
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• Predicts additive ( ෣PAGV) and heterosis ( ෣PHGV) genetic values separately.

• Using the phenotypes (𝒚), estimated weights for PAGV and PHGV using linear 
regression:

𝐲 = θ1 × 𝐏𝐀𝐆𝐕 + θ2 × 𝐏𝐇𝐆𝐕 + 𝐞

• Finally: ෣𝐏𝐓𝐆𝐕 = ෠θ1 × ෣𝐏𝐀𝐆𝐕 + ෠θ2 × ෣𝐏𝐇𝐆𝐕
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Weighted Sum Approach
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Results
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Deep Learning

Improvement of 

prediction accuracy 

as heterosis 

increases

Greater gain for 

lower 𝐡𝟐
Local Admixture DL ALLGBLUP DL heterosis Weighted Sum
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• DL effectively captures heterosis effects for each individual.

• Incorporating local admixture information (BOA) further

improves predictions.

• Weighted sum of additive and heterosis genetic values gives

the best overall results.

• Our method offers a robust and flexible approach that can be

applied for genomic selection in crossbreeding programs.
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Conclusions

For more:

Fatima SHOKOR - Deep Learning for crossbred genomic prediction – 76th EAAP Annual Meeting  - August 2025

THANK YOU!


	Diapositive 1 Deep Learning for Crossbred Genomic Prediction
	Diapositive 2 Background
	Diapositive 3 Challenges
	Diapositive 4 Can Deep Learning improve crossbred prediction accuracy, and provide individual estimates of heterosis?
	Diapositive 5 Simulated Data
	Diapositive 6 Simulated Data
	Diapositive 7 Genomic Prediction
	Diapositive 8 Statistical Models
	Diapositive 9 Statistical Models
	Diapositive 10 Deep Learning Models
	Diapositive 11 Weighted Sum Approach
	Diapositive 12 Results
	Diapositive 13 Results
	Diapositive 14 Results
	Diapositive 15 Results
	Diapositive 16 Conclusions

