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Animal Model
Breeding Value for Meat Tenderness
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Genomic Analyses
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Quality Control

✓ Redundant position

✓ X, Y and MT Chromosome

✓ Minor Allele Frequency < 5%

✓ Deviation from HWE (p<10-6)

✓ Linkage Disequilibrium > 0.8

575 samples and 219,863 SNP
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Training and Validation Population
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2006 2014

Training Validation

510 samples and 219,863 SNP

2002 2010 2017
65 samples and 219,863 SNP



Bayesian Regression Models

Bayes A
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Bayesian Ridge Regression
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▪ Genomic prediction

▪ Successful examples

Artificial Neural Network

9



• Delivery high prediction accuracy

• Can handle large number of variables

• Can capture non-linear relationship
between predictors and outcome
variable

• No assumption about the distribution
of predictors and output variable

• Biological interpretation

• Overfitting

Artificial Neural Network

Input Layer

Hidden Layer

Output Layer
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Deep Neural Network

SNP WBSF

Input Layer

Hidden Layer

Output Layer

Topology

✓ 1 to 4 hidden layers

➢ 10, 35, 75, 105 and 250 neurons

✓ Rectifier and Maxout activation

✓ Dropout (50%)

✓ Quadratic loss function

✓ 10K Epochs

✓ ADADELTA adaptive learning 

rate algorithm

➢ Rho: 0.99

➢ Epsilon: 1e-08

✓ Stopping criterion: 1e-06
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Genomic Prediction Ability
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Pedigree / Genomic 
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Mating
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Animal Breeding Framework
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Thank you!
camult@gmail.com


