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The Blueberry Breeding Program
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Statistical Genetics
● Genomic Selection
● Genome-wide association
● Statistical Learning

Computational Biology
● Variant discovery
● Genome assembly
● Pan-genome
● RNAseq

Molecular Biology
● Transformation
● CRISPR
● Tissue culture

Phenomics
● Computer vision
● Robots
● Mobile technologies

Blueberry Breeder
Associate Professor

Horticultural Science Department
University of Florida
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Background
My research line

Goal
Explore problems at the interface of Statistics 
and Genetics.

Developing novel methods and software, or 
learn something new compared with existing 
approaches.
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Importance
● Blueberry is the second most important soft fruit 
● Per capita consumption has increased 97% in the past 10 years
● Reason: 

○ Delicious !!
○ Health benefits
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University of Florida
● UF plays an important role on cultivar development
● Released more than 60 cultivars (from 1970 to 2023)
● PLUS ~45 releases in collaboration or directly from our crosses
● Physolosofy: breeding & research running side-by-side

www.blueberrybreeding.com

http://www.blueberrybreeding.com
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How and when do we start implementing GS?
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Genomic Selection 1.0
Past and present in blueberry 
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Genomic Selection 1.0

Questions:

● Is genomic selection better than phenotypic selection?
● What are the best predictive models? 
● What is the importance of better genomic resources? 
● Can we unify prediction and discovery in a single framework? 
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Is genomic selection better than phenotypic selection?

Field year Stage # Plants Goal

0 0 ~150 crosses Crossing + Seedlings

1 I 20.000 High-density nursery– Single Plant Selection

2-4 II 2.000 Single Plant Selection

5-9 III 200 Farm Condition – Experimental design

10-15 IV 20 Regional Yield Trial – Experimental design

16 V 1-2 Cultivar Release
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Background

Challenges
● Time-consuming (15 years -> cultivar)
● High level of inbreeding depression
● Autotetraploid  (2n=4x)



Is genomic selection better than phenotypic selection?
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Genomic Selection 1.0
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Selecting crosses in early 
stages 

Skip stages in a breeding 
cycle

Genomic SelectionBackground

Field year Stage # Plants Goal

0 0 ~150 crosses Crossing + Seedlings

1 I 20.000 High-density nursery– Single Plant Selection

2-4 II 2.000 Single Plant Selection

5-9 III 200 Farm Condition – Experimental design

10-15 IV 20 Regional Yield Trial – Experimental design

16 V 1-2 Cultivar Release

Challenges
● Time-consuming (15 years -> cultivar)
● High level of inbreeding depression
● Autotetraploid  (2n=4x)
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Genomic Selection 1.0
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Challenges on Quantitative Genetics analyses applied to polyploid analyses
● More genotypic classes -> allele dosage
● Multisiomic segregation -> relationship matrix
● More complex gene actions -> multiple levels of non-additive effects
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Challenges on Quantitative Genetics analyses applied to polyploid analyses
● More genotypic classes -> allele dosage
● Multisiomic segregation -> relationship matrix
● More complex gene actions -> multiple levels of non-additive effects

updog R package
● ~20000 downloads
● Inference on allele dosage,
● Accounting by common features 

of NGS data

AGHmatrix R package
● Pedigree (A), genomic (G) and 

hybrid matrices (H)
● Any ploidy level
● Fast and user friendly

University of Florida
Felipe Ferrão
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Challenges on Quantitative Genetics analyses applied to polyploid analyses
● More genotypic classes -> allele dosage
● Multisiomic segregation -> relationship matrix
● More complex gene actions -> multiple levels of non-additive effects

Additive vs. non-additive
● Multiple gene actions
● Different dominance levels

University of Florida
Felipe Ferrão
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Is genomic selection better than phenotypic selection? 
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Genomic Selection 1.0
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Back to 2017 …
● Population: large population (~2000 ind) representing our breeding collection
● Phenotype:  fruit quality traits (firmness, size, brix, acidity and weight)
● Models: ABLUP (pedigree), G2 (GBLUP assuming diploid markers), G4 (GBLUP accounting for 

allele dosage)



Is genomic selection better than phenotypic selection? 
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Trait Matrix Accuracy Method
Firmness A 0.375 Pedigree
Firmness G2 0.415 GBLUP  (2n=2x)
Firmness G4 0.426 GBLUP (2n=4x)

Size A 0.386 Pedigree
Size G2 0.400 GBLUP  (2n=2x)
Size G4 0.432 GBLUP (2n=4x)
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27
(i) Genomic > Pedigree

(ii) Use polyploid methods

Take-home message 

Back to 2017 …
● Population: large population (~2000 ind) representing our breeding collection
● Phenotype:  fruit quality traits (firmness, size, brix, acidity and weight)
● Models: ABLUP (pedigree), G2 (GBLUP assuming diploid markers), G4 (GBLUP accounting for 

allele dosage)



Genomic Selection 1.0

Questions:

● Is genomic selection better than phenotypic selection?
● What are the best predictive models? 
● What is the importance of better genomic resources? 
● Can we unify prediction and discovery in a single framework? 
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Genomic Selection 1.0
What are the best predictive models?
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Background

● Polyploid is complex ! 
● Most of prediction models are based on linear methods and additive gene actions
● Can we use more elaborate models? 

○ Bayesian alphabet + mixed models
○ Different gene actions
○ Deep learning methods that can incorporate non-linearity
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Bayesian vs. Mixed Models vs. Gene actions

● Blueberry (5 traits) vs. Potato (2 traits)
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Bayesian vs. Mixed Models vs. Gene actions

● Blueberry (5 traits) vs. Potato (2 traits)
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Genomic Selection 1.0
What are the best predictive models?

On the relevance of additive models

Take-home message
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Bayesian vs. Mixed Models vs. Deep Learning
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Bayesian vs. Mixed Models vs. Deep Learning
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Genomic Selection 1.0
What are the best predictive models?

On the relevance of additive models² !!!

Take home message
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Genomic Selection 1.0
What are the best predictive models?

More recently …

● New paper using a transformer DL architecture
● Similar architecture used by ChatGPT
● The authors tested in multiple data set …
● … and made some strong claims !!
● Ok, let’s test it !!

University of Florida
Felipe Ferrão
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Genomic Selection 1.0
What are the best predictive models?

Trait #data points GPFN GBLUP (2x) GBLUP (4x)

pH ~3000 0.31 0.32 0.35

Brix ~1000 0.28 0.27 0.28

Eucalyptol ~1000 0.42 0.37 0.40

Yield ~250 0.33 0.36 -

Maturation ~250 0.11 0.21 -

Vigor ~250 0.08 0.13 -

Camila Azevedo. Deep Learning for Genomic Prediction in Blueberry (work in progress). 2023

University of Florida
Felipe Ferrão
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What is the importance of better genomic resources? 
Genomic Selection 1.0
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Background
● Back to 2019, no genome reference for blueberry.
● Available only a poor draft
● Challenges:

○ Design our genotyping platforms
○ Poor gene annotation for gene mining
○ Complex to design markers for marker assisted selection (MAS)
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Background
● Back to 2019, no genome reference for blueberry.
● Available only a poor draft
● Challenges:

○ Design our genotyping platforms
○ Poor gene annotation for gene mining
○ Complex to design markers for marker assisted selection (MAS)

Good news:
● Started a collaboration with the Michigan State (Patrick Edger)
● Access to a high-quality and haplotype-phased reference genome (Colle et al., 2019)
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What is the importance of better genomic resources? 
Genomic Selection 1.0
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More associations

Better understanding of the 
genetic architecture
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What is the importance of better genomic resources? 
Genomic Selection 1.0

Reduced the number of probes (from 30k to 10k) only using bioinformatic
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What is the importance of better genomic resources? 
Genomic Selection 1.0

Reduced the number of probes (from 30k to 10k) only using bioinformatic

Good genomic resources can 
help plant breeders 

Take home message
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Genomic Selection 1.0
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Can we unify prediction and discovery in a single framework? 
Genomic Selection 1.0
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Can we unify prediction and discovery in a single framework? 

What is Flavor? 

● Flavor is the sum of inputs from multiple senses that inform our brain what we are eating

Genomic Selection 1.0
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Can we unify prediction and discovery in a single framework? 

Prior biological information 
can improve prediction 

ability

Take home message

Genomic Selection 1.0
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Genomic Selection 2.0
Present and future in blueberry 
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What is the future?
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Questions
● Can we reduce the number of markers and optimize our training set? 
● Is multi-omic predictions a good alternative? 
● What is the impact of phenomics on fruit quality prediction?
● How AI can shape the future of modern breeding programs?
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How low can we go? 
Genomic Selection 2.0

Adunola et al., 2023.  Optimizing Genomic Selection in Blueberry. In preparation

Target Capture Sequencing
● 30k probes originally designed in 2013 (Ferrão et al., 2018)
● 10k probes redefined after the reference genome (Benevenuto et al., 2019)
● Probes are targeting genomic regions aligning to the 4 homologous, and well distributed
● Different #SNPs per probe, and quality parameters

University of Florida
Felipe Ferrão
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How low can we go? 
Genomic Selection 2.0

Adunola et al., 2023.  Optimizing Genomic Selection in Blueberry. In preparation

● Data-driven methods to select a final number of probes
● It includes quality and genetic information
● We used a selection index to weight all these information

University of Florida
Felipe Ferrão



60

How low can we go? 
Genomic Selection 2.0

Adunola et al., 2023.  Optimizing Genomic Selection in Blueberry. In preparationUniversity of Florida
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How low can we go? 

# probes Brix Firmness TTA

All (10k) 0.31 0.50 0.42

2500 0.32 0.48 0.40

5000 0.32 0.49 0.41

Can we keep reducing the number of probes?

● All prediction abilities computed in cross-validation
● Probes are regions in the genome where SNPs will be mapped
● 2500 probes (~25% of the total costs) results in good predictive ability for multiple traits

Genomic Selection 2.0

Adunola et al., 2023.  Optimizing Genomic Selection in Blueberry. In preparationUniversity of Florida
Felipe Ferrão
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How low can we go? 
Genomic Selection 2.0

What about the TRN population ?
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How low can we go? 

We can reduce number of markers and optimize our 
TRN population to maximize the accuracy

Take home message

Genomic Selection 2.0

University of Florida
Felipe Ferrão



Questions
● Can we reduce the number of markers and optimize our training set? 
● Is multi-omic predictions a good alternative? 
● What is the impact of phenomics on fruit quality prediction?
● How AI can shape the future of modern breeding programs?
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Genomic Selection 2.0
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Genomic Selection 2.0
Metabolomic  Selection
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Genomic Selection 2.0
Metabolomic  Selection

How to evaluate flavor? 

● Most accurate way to evaluate flavor preference is 
by providing consumers with a sample set of 
diverse food and quantify their opinion 

● Limitations: 
○ Expensive 
○ Time-consuming
○ Low throughput

University of Florida
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Genomic Selection 2.0
Metabolomic  Selection

How to evaluate flavor? 

Predict consumer preferences using chemical and genetics information  
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Genomic Selection 2.0
Metabolomic  Selection

Can we predict flavor preference?

● We tested different machine learning and 
statistical approaches for prediction

● Historical sensory and chemical data
● Tomato and blueberry as our biological models

University of Florida
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Genomic Selection 2.0
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Metabolomic  Selection

Cazorso., 2024. A multi-omic roadmap for flavor prediction in blueberries. In preparation

2022 Blueberry Example

● 1060 blueberry samples
● 60 volatiles, 5 FQ traits and ~50K snps  
● Sensory: aroma (1-5) and liking (1-5)
● Two breeders evaluated sensory traits
● Multi-Kernel mixed model
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Metabolomic  Selection

Cazorso., 2024. A multi-omic roadmap for flavor prediction in blueberries. In preparation

2022 Blueberry Example

● 1060 blueberry samples
● 60 volatiles, 5 FQ traits and ~50K snps  
● Sensory: aroma (1-5) and liking (1-5)
● Two breeders evaluated sensory traits
● Multi-Kernel mixed model

Better predictive abilities when multiple 
source of information are combined
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Genomic Selection 2.0
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Metabolomic  Selection

Cazorso., 2024. A multi-omic roadmap for flavor prediction in blueberries. In preparation

2022 Blueberry Example

● 1060 blueberry samples
● 60 volatiles, 5 FQ traits and ~50K snps  
● Sensory: aroma (1-5) and liking (1-5)
● Two breeders evaluated sensory traits
● Multi-Kernel mixed model

Multi-omic data is a valid tool for predicting complex traits

Take home message



Questions
● Can we reduce the number of markers and optimize our training set? 
● Is multi-omic predictions a good alternative? 
● What is the impact of phenomics on fruit quality prediction?
● How AI can shape the future of modern breeding programs?
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Genomic Selection 2.0
Phenomic Selection

Field year Stage # Plants Goal

0 0 ~150 crosses Crossing + Seedlings

1 I 20.000 High-density nursery– Single Plant Selection

2-4 II 2.000 Single Plant Selection

5-9 III 200 Farm Condition – Experimental design

10-15 IV 20 Regional Yield Trial – Experimental design

16 V 1-2 Cultivar Release

University of Florida
Felipe Ferrão



79

Genomic Selection 2.0
Phenomic Selection

Field year Stage # Plants Goal

0 0 ~150 crosses Crossing + Seedlings

1 I 20.000 High-density nursery– Single Plant Selection

2-4 II 2.000 Single Plant Selection

5-9 III 200 Farm Condition – Experimental design

10-15 IV 20 Regional Yield Trial – Experimental design

16 V 1-2 Cultivar Release

Selection Criteria

Visual

GEBV

GEBV + metabolites + 
phenotypic data
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Genomic Selection 2.0
Phenomic Selection

Motivation Phenomic Selection

● Near-infrared spectroscopy (NIRS) is a non-destructive high-throughput method
● It is based on the absorption of electromagnetic radiation in the near-infrared region
● While NIR has been used to predict target traits, recent studies suggested phenomic 

selection as a low-cost and high-throughput method
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Felipe Ferrão



82
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Phenomic Selection

Motivation Phenomic Selection

● Near-infrared spectroscopy (NIRS) is a non-destructive high-throughput method
● It is based on the absorption of electromagnetic radiation in the near-infrared region
● While NIR has been used to predict target traits, recent studies suggested phenomic 

selection as a low-cost and high-throughput method

DOI: 10.1002/ppj2.20027

Example in soybean

University of Florida
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Genomic Selection 2.0
Phenomic Selection

Adunola and Tavares et al., 2023.  Phenomic  Selection in Blueberry. In preparationUniversity of Florida
Felipe Ferrão

Material and Methods
● Population Size: ~400 ind
● MicroNIR OnSite-W kit: 900-1700 wavelength
● Tissue: mature berries
● Model: P-GBLUP (multi kernel mixed model)
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Adunola and Tavares et al., 2023.  Phenomic  Selection in Blueberry. In preparationUniversity of Florida
Felipe Ferrão

Material and Methods
● Population Size: ~400 ind
● MicroNIR OnSite-W kit: 900-1700 wavelength
● Tissue: mature berries
● Model: P-GBLUP (multi kernel mixed model)

Be careful…
● Very sensitive to GxE
● Very sensitive to tissue (berry vs. fruit vs. juice)
● Working in progress
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Genomic Selection 2.0
Phenomic Selection

Adunola and Tavares et al., 2023.  Phenomic  Selection in Blueberry. In preparationUniversity of Florida
Felipe Ferrão

Material and Methods
● Population Size: ~400 ind
● MicroNIR OnSite-W kit: 900-1700 wavelength
● Tissue: mature berries
● Model: P-GBLUP (multi kernel mixed model)

Be careful…
● Very sensitive to GxE
● Very sensitive to tissue (berry vs. fruit vs. juice)
● Working in progress

An alternative to genomic selection

Take home message



Questions
● Can we reduce the number of markers and optimize our training set? 
● Is multi-omic predictions a good alternative? 
● What is the impact of phenomics on fruit quality prediction?
● How AI can shape the future of modern breeding programs?
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Genomic Selection 2.0
Artificial Intelligence
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Genomic Selection 2.0
Artificial Intelligence

Motivation

● The naturally occurring cuticular wax covering the fruit (a.k.a 
bloom) is what gives the blueberries their whitish looking

● Important for consumers, post-harvest and disease resistance
● Trait traditionally scored using visual scales
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Genomic Selection 2.0
Artificial Intelligence
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Ferrão et al., 2024. Computer vision tool integrated to genome-wide association identifies candidate 
genetic loci controlling waxy bloom in blueberries. In preparation
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Genomic Selection 2.0
Artificial Intelligence

berryCV vs. Traditional Visual scores
● Across different time-points during the post-harvest
● Higher heritability values

University of Florida
Felipe Ferrão

Ferrão et al., 2024. Computer vision tool integrated to genome-wide association identifies candidate 
genetic loci controlling waxy bloom in blueberries. In preparation

Computer vision tool

Visual scores
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Genomic Selection 2.0
Artificial Intelligence

● Hits identified only using computer vision
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Ferrão et al., 2024. Computer vision tool integrated to genome-wide association identifies candidate 
genetic loci controlling waxy bloom in blueberries. In preparation
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Genomic Selection 2.0
Artificial Intelligence

GDSL lipolytic enzyme family
Genes expressed in the epidermal cells , 
also reported for tomato and pepper

salicylic acid methyl transferase
recent studies in blueberry have 
reported a direct effect of salicylic acid 
on the cuticular wax during storage

● Hits identified only using computer vision

University of Florida
Felipe Ferrão

Ferrão et al., 2024. Computer vision tool integrated to genome-wide association identifies candidate 
genetic loci controlling waxy bloom in blueberries. In preparation
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Genomic Selection 2.0
Artificial Intelligence

GDSL lipolytic enzyme family
Genes expressed in the epidermal cells , 
also reported for tomato and pepper

salicylic acid methyl transferase
recent studies in blueberry have 
reported a direct effect of salicylic acid 
on the cuticular wax during storage

● Hits identified only using computer vision

University of Florida
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AI can improve data collection and shed 
new light on the genetic architecture 

Take home message



Conclusions
FInal message
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Other key tools used to support breeding decisions

1) To predict the future: stochastic simulations
2) To optimize the future: mate allocation for design crosses
3) To save time and money: Marker-Assisted Selection (MAS) for seedling selections
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Other key tools used to support breeding decisions

1) To predict the future: stochastic simulations
2) To optimize the future: mate allocation for design crosses
3) To save time and money: Marker-Assisted Selection (MAS) for seedling selections
4) For biological validation: new protocols for transformation and gene editing
5) For an effective use of plant genetic resources: pre-breeding and introgressions
6) To speed up: testing a new generation of techniques for speed-breeding
7) Artificial Intelligence is everywhere:

a) Sensory Panels (DeepFlavor)
b) Field data collection (Computer Vision)
c) New methods for prediction

Conclusions
Final considerations
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Conclusions
Final considerations

Seven main lessons from the last 7 years

● Genomic Selection works!

● Solid gains using data driven methods

● Prefer statistical genetics methods designed for polyploid systems

● "Simplicity is the Ultimate Sophistication"1: on the Relevance of Additive GBLUP Models

● GS can be optimized, after having a good understanding about the breeding pipeline

● Knowledge is power: decisions based on multi-layer (or omics) on information

● AI has an important play to role on data collection and analyses

                                                                                                                    1 Quote by Leonardo da Vinci

University of Florida
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Conclusions
Final considerations

My personal opinion for practical implementation in polyploids:

● Genomic selection is a tool to assist breeding and not the other way around

● Implementation require a solid breeding program

● Genotyping might be not so easy and cheap

● Collect good phenotype is imperative

● Test new methods is valid. But don’t forget to include an additive GBLUP as a benchmark

● Genomic Selection is multidisciplinary topic

● Biological discovery and prediction can run side-by-side

University of Florida
Felipe Ferrão
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Abstract #53417 
Fruit Phenomic-Assisted Selection: 
Assessment of the Potential of Near-Infrared 
Spectroscopy for Blueberry Breeding

Abstract #53796
Genome-Wide Association Analyses Reveal 
Candidate Genes Associated with Health 
Components in Blueberry

Talk: Plant Reproductive Genomics 
Workshop
Identification of markers and candidate 
genes for blueberry parthenocarpy 
through integration of GWAS and GS 
methodology 

Abstract #53463
Enhancing Blueberry Fruit Quality Traits Using 
Consumer-Centric Genomic Breeding

Talk: Fruit and Nuts Workshop
Let’s be Categorical: Different Genetic 
Statistical and Logistic Strategies to 
Increase Accuracy of Genomic Selection 
in an Apply Breeding Program

Abstract #53389
GWAS and Genomic Selection 
Strategies for Breeding Anthracnose 
Resistance in Southern Highbush 
Blueberries

Patricio Munoz
PI Blueberry Breeding Program

Felipe Ferrão
Breeding Program

Talk: Coffee Workshop
Genomic-assisted breeding for 
climate-smart coffee cultivars

Abstract #52794
Chromosome-Level Assembly of Vaccinium 
stamineum: Unlocking the Genetic Basis of 
Anthocyanin Accumulation

Join us in PAG !
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Extra Questions
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Questions
● What is the impact of genomic selection in the long term?
● Can we reduce the number of markers and optimize our training set? 
● Is multi-omic predictions a good alternative? 
● What is the impact of phenomics on fruit quality prediction?
● Is marker-assisted selection an alternative for seedlings selections? 
● How AI can shape the future of modern breeding programs?

105

Genomic Selection 2.0

University of Florida
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Genomic Selection 2.0
Marker-assisted selection (MAS)

Motivation
● First breeding stages generates large volume of seedlings (~20.000)
● Moving all plants to the field is expensive and time-consuming for evaluation
● Genomic Selection is not an alternative at this level ($$$$) 
● Can we use few markers, for key traits, to discard plants at the greenhous level? 

University of Florida
Felipe Ferrão
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Genomic Selection 2.0
Marker-assisted selection (MAS)

Goals
●  Develop a rapid and cheap assay for DNA extraction
● Establish protocols for SNP genotyping using HRM and KASP 
● Validate association between markers and phenotypes 

Motivation
● First breeding stages generates large volume of seedlings (~20.000)
● Moving all plants to the field is expensive and time-consuming for evaluation
● Genomic Selection is not an alternative at this level ($$$$) 
● Can we use few markers, for key traits, to discard plants at the greenhous level? 

University of Florida
Felipe Ferrão
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Genomic Selection 2.0
Marker-assisted selection (MAS)

Ferrão et al., (2020) 
https://doi.org/10.1111/nph.16459

University of Florida
Felipe Ferrão

sensory~VOC
Eucalyptol negatively impact consumer preference
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Genomic Selection 2.0
Marker-assisted selection (MAS)

Ferrão et al., (2020) 
https://doi.org/10.1111/nph.16459

University of Florida
Felipe Ferrão

sensory~VOC
Eucalyptol negatively impact consumer preference

Genome-wide association analyses
Eucalyptol has a simple genetic architecture
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KASP markers

● Target: Eucalyptol
● Population: 384 individuals
● Single marker explaining > 50% 

phenotypic variance

Genomic Selection 2.0
Marker-assisted selection (MAS)

University of Florida
Felipe Ferrão
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Genomic Selection 2.0
Marker-assisted selection (MAS)

University of Florida
Felipe Ferrão

KASP markers

● Target: Eucalyptol
● Population: 384 individuals
● Single marker explaining > 50% 

phenotypic variance

Multiplex vs. Duplex
Discriminate high vs. low eucalyptol
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Can we combine markers? 

● Markers from two different chromosomes
● Marker1 + Marker2 = pseudo-haplotyple
● Pseudo-haplotypes 22 (duplex-duplex) and 23 (duplex-triplex) high levels of eucalyptol

Genomic Selection 2.0
Marker-assisted selection (MAS)

University of Florida
Felipe Ferrão
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Can we combine markers? 

● Markers from two different chromosomes
● Marker1 + Marker2 = pseudo-haplotyple
● Pseudo-haplotypes 22 (duplex-duplex) and 23 (duplex-triplex) high levels of eucalyptol

Genomic Selection 2.0
Marker-assisted selection (MAS)

University of Florida
Felipe Ferrão

Cheap and low density marker 
platforms can be used to discard 

plants in the seedling stage

Take home message



Simulation 
● We can use stochastic oriented simulation to project the future
● Oriented because we can use real information from the breeding program
● AlphaSim package, to simulate a complex trait (h2=0.30, 100 QTL)
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What is the impact of genomic selection in the long term?
Genomic Selection 2.0

University of Florida
Felipe Ferrão



Simulation 
● We can use stochastic oriented simulation to project the future
● Oriented because we can use real information from the breeding program
● AlphaSim package, to simulate a complex trait (h2=0.30, 100 QTL)
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What is the impact of genomic selection in the long term?
Genomic Selection 2.0

University of Florida
Felipe Ferrão



Simulation 
● We can use stochastic oriented simulation to project the future
● Oriented because we can use real information from the breeding program
● AlphaSim package, to simulate a complex trait (h2=0.30, 100 QTL)
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What is the impact of genomic selection in the long term?
Genomic Selection 2.0

Example from AlphaMate

University of Florida
Felipe Ferrão
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What is the impact of genomic selection in the long term?
Genomic Selection 2.0

Azevedo et al., 2023. Stochastic Simulation  in Blueberry. In preparation

University of Florida
Felipe Ferrão
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What is the impact of genomic selection in the long term?
Genomic Selection 2.0

Azevedo et al., 2023. Stochastic Simulation  in Blueberry. In preparation

University of Florida
Felipe Ferrão

GS and mate allocation can 
maximize the gains in the 

long term

Take home message


