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• Traditional breeding methods rely on 
pedigree, which has limitations due to: 

• Low accuracy in early generations
• Long breeding cycles
• High costs of phenotyping

• Advances in molecular markers (e.g., 
SNPs) and sequencing technologies have 
enabled high-throughput genotyping, 
making genomic selection feasible.

Modified from Werner et al 20233

Pedigree breeding methods: 



What is Genomic Selection (GS)?

Genomic Selection (GS) is a breeding method that uses genome-wide 
molecular markers to predict the genetic potential of individuals for a 
given trait. 

Unlike traditional selection methods, which rely on phenotypic 
evaluation or pedigree information, GS uses genotypic data and 
advanced statistical models to estimate Genomic Estimated 
Breeding Values (GEBVs).



Breeding value = genetic merit of an individual

Breeding value components:

• ~ 50% due to parent average component
 This part of the breeding value comes from the additive genetic 

effects passed down from the parents. It is essentially the average 
of the parents’ breeding values.

• ~ 50% due to Mendelian sampling component
 Sampling of parents’ genes. It arises due to the random 

segregation and recombination of alleles during meiosis.



Benefits of GS in Breeding Programs

GS provides multiple advantages over conventional 
breeding methods:

• Increases Selection Accuracy 
• Reduces Breeding Cycle Time (L)
• Enhances Genetic Gain
• Cost-Effective 
• Captures Mendelian Sampling Variance
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Genetic gain is about the population not the individual.

Even if you can’t reliably pick the best individual every time, if you are 
consistently selecting individuals that are on the average better than the 
rest, you can still move the population forward.

Think like this:

• If you are picking from a pool of thousands, and your predictions allow 
you to enrich the top 10% with somewhat better individuals, the 
average of your selected group will be better than the overall 
population, even if some individuals in that group aren’t the best.

• Repeating this over multiple generations accumulate genetic gain – 
small, consistent improvements over time.
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Here is a key point of genomic selection: even if r is 
small, you can compensate  with:

• High selection intensity (i.e., selecting from a larger group)

•  Shortening generation interval (L) due to early-stage genotyping 
and genomic selection

• And by doing this every generation genetic gain keeps adding up



How is Genomic Selection Done?

1. Training Population Development: A set of individuals with 
known genotypic and phenotypic data is used to build the predictive 
model.

2. Genotyping: High-throughput sequencing or SNP arrays are used 
to determine genetic markers across the genome.

3. Model Training: Statistical or machine learning models (e.g., 
GBLUP, Bayesian methods, machine learning approaches) are 
applied to associate genotypic data with phenotypic performance.

4. Prediction of GEBVs: The trained model is used to estimate 
breeding values for new individuals without phenotypic evaluation.

5. Selection Decisions: The best-performing individuals (based on 
GEBVs) are selected for further breeding, reducing reliance on time-
consuming and expensive phenotyping.
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Genomic selection overview
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Genomic selection, the prediction part

Note: Some of the phenotypes (γijk) can be missing!



Model Assumptions Pros & Cons

GBLUP (Genomic 
Best Linear Unbiased 
Prediction)

Assumes equal 
effects of all markers 
(ridge regression)

Simple, robust, but 
may not capture 
large-effect QTLs 
well.

BayesA/B/C Prior distributions on 
marker effects

Captures large-effect 
loci but 
computationally 
intensive.

BayesR Mixture model with 
multiple effect sizes

More flexible but 
computationally 
demanding.

LASSO
Shrinks some marker 
effects to zero 
(feature selection)

Useful for sparse 
models but struggles 
with polygenic traits.

Random Forest & 
Machine Learning 
Methods

Non-parametric and 
capture interactions

Can handle complex 
traits but may overfit 
small datasets.

Statistical Methods for Genomic Prediction



An example from the BreedingValue project: 

Raspberry breeding material from Sant’Orsola
 

Pics.: Paolo Zucchi, Sant’Orsola
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Distribution and density of RNAseq 
derived SNPs in two raspberry panels 
(NJOS & S’O). 

We identified 7574 biallelic SNPs and 
1149 biallelic indels in ~500 samples 
using targeted sequencing data.

A raspberry genotyping assay was established in collaboration between 
JHI, NIAB, and NIBIO.



Thorne density:

Plant vigour:

Pics: Paolo Zucchi, SantOrsola
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Analysed traits 



Manhattan plots using the Sant’Orsola phenotype scores (plant vigour and thorne density BLUEs) over 
four experimental years and 5369 useful SNPs. The statistical method used was BLINK implemented in the 
R-based GAPIT. The blue dotted horizontal line indicates a suggestive significance (-log10(p) = 5) while the 
red dashed horizontal line indicates a genome-wide significance (-log10(p) ≈ 7.3). Markers exceeding this 
latter threshold are named in the plots.
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Manhattan plots of analysed traits
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Genomic selection, the prediction part

Note: Some of the phenotypes (γijk) can be missing!



• Variance component estimates and confidence intervals derived from Bayes 

Ridge Regression (BayesRR) and BayesB (BB) models for plant vigour and 

thorn density. 

• Phenotype scores were standardized to unit variance and hence the estimates 

can be interpreted as the proportion of the variance explained by each 

component. 

Variance components by two Bayes estimation methods:
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Genomic selection, the prediction part

Note: Some of the phenotypes (γijk) can be missing!



Cross-validation of the Sant’Orsola data set 2020 - 2023
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R-kode: adapted from Enciso-Rodriguez et al 2018



• Prediction accuracies observed in fivefold cross-validation of plant vigour (left) and 

throne density (right) in Sant’Orsola’s raspberry breeding population. 

• The prediction accuracies are quantified as the correlation between the actual score 

and the predicted score in 100 permutations of the phenotypic data set over four years 

of phenotypic evaluation. 

• Red bars are standard deviations (SDs), and black bars are the confidence intervals 

(CIs).
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Prediction accuracies



• Phenotype-predictions correlations from 100 training-testing partitions with plant 

vigour (left) and thorn density (right) using the additive + dominance allele 

specifications. 

• For plant vigour the statistical method appears to have no impact on the prediction 

accuracies, while for thorn density the BayesB improved the prediction accuracies 

relative to Bayes Ridge Regression.   
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Prediction accuracies



What does this increase in prediction accuracies imply?

Since the genetic gain (∆G) is proportional 
to accuracy  (rTI), the relative increase in 
genetic gain should be:

So, a 50% increase in genetic gain due to inclusion of SNP data is indicated.

In addition, genomic selection is particularly useful in reducing the generation (L) 
interval and selection intensity (i) which will further boost the genetic gain per 
time unit.
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Modified from Werner et al. 2023

These data go into the  
accumulating training 
population data base.

If I were a small fruit breeder
- or any clonal species breeder:

Based on genomic prediction
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Contributors:

The genotyping assay: NIAB, NIBIO, JHI
The phenotype data:  Sant’Orsola
The sequencing:   LGC (Germany)
SNP calling:    NIBIO
Genomic predictions: NIBIO

Funding:    The European Union’s Horizon 2020 research 
      and innovation program (grant agreement 101000747)  
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Here us a key point of genomic selection: even if r is small, you can 
compensate  with:

• High selection intensity (i.e., selecting from a larger group)

•  Shortening generation interval (L) due to early-stage genotyping and 
genomic selection

• And by doing this every generation genetic gain keeps adding up



Genomic Selection in Breeding Programs

Genomic selection has been widely implemented in animal breeding  
and plant breeding (at least in major crops).

•Benefits: 
• Reduces generation interval → Faster genetic gain.
• Increases selection accuracy → Uses thousands of markers 

instead of limited pedigree information.
• Improves selection of hard-to-measure traits (e.g., disease 

resistance, drought tolerance).
•Challenges: 

• Requires a large training population to build accurate models.
• Computational complexity increases with marker density.
• Decline in prediction accuracy across generations due to 

recombination.

Pics from The Atlantic May1 2012 



• Genomic Prediction (GP) refers to the use of genome-wide 
marker data to predict the genetic potential (breeding values) of 
individuals for complex traits.

• Genomic Selection (GS) is an application of GP in breeding 
programs, where individuals are selected based on genomic 
estimated breeding values (GEBVs) instead of phenotypic or 
pedigree-based selection.
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Key Concepts in Genomic Prediction

3.1. Genetic Architecture of Traits
•Quantitative traits are controlled by multiple genes with small effects.
•Marker effects are estimated using a statistical model that links genotype 
with phenotype.

3.2. Genomic Estimated Breeding Values (GEBVs)
•The GEBV is the predicted genetic merit of an individual based on genome-
wide markers.
•The accuracy of GEBVs depends on: 

• Marker density
• Training population size
• Trait heritability
• Relationship between training and target populations
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