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The UF strawberry breeding program
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Categories of big data in strawberry breeding

Other omics data

Transcriptome

Metabolites (Volatile)

Genomics data

Short reads (Illumina®)

Long reads (Pacbio® Hifi)

SNP array

Remote sensing data

Canopy reflectance

High resolution image

Survey/Field data

Sensory evaluation

Field phenotyping



Volatile + Sensory

Volatiles modulating eating experience

Objectives:
• Identification of volatiles important for consumer liking
• Prediction of consumer liking with metabolites data
Materials and methods:
• 154 genotype/harvest date combinations, over 15,400

sensory/liking evaluations (consumer panel)
• 213 genotype/harvest date combinations, over 2,130

sensory evaluations (descriptive panel)



Volatile + Sensory

Volatiles modulating eating experience
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RNAseq + Hifi + Volatile + SNP array

Discovering flavor genes and their regulatory elements

Objectives:
• Identification of biosynthetic genes for volatile production
• Exploration of natural variation in their regulatory regions 
Materials and methods:
• RNAseq data for 196 breeding accessions
• Pacbio Hifi reads for a UF variety; short reads for parents
• Volatile quantification for a GWAS panel with over 300 individuals



RNAseq + Hifi + Volatile + SNP array

Discovering flavor genes and their regulatory elements
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• GP Methods: GBLUP, Bayes B, RKHS, Deep learning 
models

• Software: ASReml-R, BGLR, Tensorflow
• GP Models: Additive
• GBVs: Phenotype Ranking & Selection Index

GS Methodology

Objectives
1. Predict parents from the seedling population 
2. Predict parents from current Advanced 

selection trials

Genomic Selection 

SNP array + GS

Dr. Luis Osorio Dr. Sujeet Verma



Trait PBLUP

GS Methods

GBLUP Bayes B RKHS

AWT 0.44 0.49 0.49 0.52
SSC 0.37 0.43 0.44 0.45
EMY 0.14 0.29 0.3 0.3
TMY 0.24 0.31 0.35 0.33
TC 0.14 0.32 0.35 0.32

SNP array + GS

Predictive Ability 

Parent Selection Efficiency (PSE)

P𝑆𝐸 = ⁄𝐺𝐺!"#$ 𝐺𝐺%&%'(

Predictive Ability:   𝑐𝑜𝑟𝑟 𝑦, &𝑦



SNP array + GS

Validation of GS over multiple cycles

Backward predictionsForward predictions
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Strawberry breeding cycles



High-resolution images

Modeling strawberry biomass and leaf area

Objectives:
• Modeling strawberry biomass and leaf area 

using object-based analysis of high-resolution 
images

Materials and methods:
• Vegetation Mobile Mapping System (VMMS) 

consisted of two digital cameras, a GPS and a 
GNSS receiver
• Total leaf area and dry biomass of the plants 

were measured using destructive methods.

DR. AMR ABD-ELRAHMAN



High-resolution images

Modeling strawberry biomass and leaf area



Canopy reflectance spectrometry + GS

Prediction of powdery mildew resistance in strawberry

Ronald Tapia
PhD student



Canopy reflectance spectrometry + SNP array

Prediction powdery mildew resistance in strawberry
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