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Abstract Genomic selection (GS) is becoming
increasingly widespread and applied due to the
promising results obtained, cost savings in generating
single nucleotide polymorphism (SNP) markers, and
the development of statistical models that allow to
improve the analysis robustness and accuracy. The
composition and size of the training population have
a major influence on GS, which poses challenges for
interspecific biparental populations. Another factor
is the use of different reference genomes from other
species to perform SNP calling, which could make
it possible to explore variability in interspecific
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crosses comprehensively. Late leaf rust is a disease
caused by the pathogen Acculeastrum americanum,
and there are reports on genetic resistance in Rubus
occidentalis, which leads to the need for interspecific
hybridizations, aiming to combine the fruit quality
of R. idaeus with the resistance of R. occidentalis.
The present study was carried out with a population
of 94 interspecific raspberry hybrids. We evaluated
the effect of different reference genomes on the SNP
markers discovery, as well as training population
optimization strategies on the accuracy of genomic
predictions, namely the CV-a, leaving-one-family-out
(LOFO), pairwise families, and stratified k-fold. The
average predictive accuracies ranged from —0.33 to
0.44 and We demonstrated higher prediction accuracy
and more precise estimates when we combined
stratified sampling to compose the training set (CV-a
and k-fold stratified CV) and the panel of Unique
markers. These results corroborate that genomic
prediction aligned with SNP calling and training
population optimization strategies can significantly
increase genetic gains in interspecific biparental
Crosses.

Keywords Interspecific - Hybrids - Training set -
Genomic selection - Rubus

Abbreviations
ANOVA Analysis of variance
CvV Cross-validation

GBLUP  Genomic best linear unbiased predictor

@ Springer


http://orcid.org/0000-0001-6686-1768
http://orcid.org/0000-0001-5926-1617
http://orcid.org/0000-0002-3454-0596
http://orcid.org/0000-0002-9596-9388
http://orcid.org/0000-0002-7424-2227
http://orcid.org/0000-0003-1694-114X
http://orcid.org/0000-0003-4132-0636
http://orcid.org/0000-0001-9793-0850
http://orcid.org/0000-0001-9429-5855
http://orcid.org/0000-0003-4310-0047
http://crossmark.crossref.org/dialog/?doi=10.1007/s10681-024-03406-2&domain=pdf

146 Page 2 of 12

Euphytica (2024) 220:146

GBS Genotyping by sequencing

GS Genomic selection

LD Linkage disequilibrium

LOFO Leave-one-family-out

PF Pairwise family

SNP Single nucleotide polymorphism
SS Sum of squares

TS Training population
Introduction

Every year, genomic selection (GS) (Bernardo 1994;
Meuwissen et al. 2001) becomes more widespread
and applied due to the promising results obtained,
cost reduction in the generation of SNP markers, and
the development of statistical models that allow the
inclusion of more and more data (Crossa et al. 2017;
Lebedev et al. 2020; Montesinos-Lopez et al. 2023).
In addition, GS makes it possible to shorten the
selection cycle, which has a major impact, especially
for perennial species, allowing early selection of
plants that are still small and before fruiting (Kainer
et al. 2015; Iwata et al. 2016; Lebedev et al. 2020).
The application of GS in perennial species saves
physical space and maintenance costs in trials since
superior genotypes are early selected and all efforts
are focused on the selected individuals (Kainer et al.
2015; Fritsche-Neto et al. 2012).

For genomic prediction, the models are developed
from a set of genotyped and phenotyped individuals,
which form the training population (TS) and applied
to the test population, containing individuals that
connect the two populations by kinship, making it
possible to obtain an estimate of the breeding values
of the individuals in the breeding population without
the need to know the phenotype of these individuals,
using only genotypic data and the genetic relationship
between individuals (Desta and Ortiz 2014; Kwong
et al. 2017; Xu et al. 2019). Selection based solely
on genotypic data can be carried out in the early
developmental stages, speeding up the breeding
program by shortening the crop cycle (Xu et al. 2019;
Montesinos-Lépez et al. 2023).

The implementation of GS in biparental
interspecific populations becomes complex (Olatoye
et al. 2020). In this scenario, the composition and size
of the training population have the greatest influence
on predictive ability, as genetic structure within

@ Springer

families and between species are common (Tan
et al. 2017). In addition, interspecific hybridization
is a naturally occurring phenomenon that generates
great genetic variability, new haplotypes, and major
changes in population allele frequencies and is
one of the main mechanisms responsible for plant
adaptation to abrupt environmental changes and the
emergence of new species (Runemark et al. 2019).
These factors must be considered when building
the training population to mitigate bias in predictive
models. Another possibility arising from using
these interspecific populations is the availability of
alternative reference genomes from the different
species to perform SNP calling, which may allow the
variability and compatibility of crosses to be explored
(Lara et al. 2019).

In this context, the best-known raspberry species
are the black raspberry (Rubus occidentalis) and the
red raspberry (Rubus idaeus), with the red ones being
economically more important and more consumed
than the black ones (Baby et al. 2018). In addition,
the most widely cultivated varieties worldwide have
a narrow genetic base. Wild relatives occur in diverse
environments, and this variability represents a genetic
resource available for study and the development of
new cultivars (Hall et al. 2009). Specifically in this
crop, late leaf rust is a disease caused by the pathogen
Acculeastrum americanum, which is responsible
for causing premature defoliation, increasing
susceptibility to winter damage. The pathogen
also infects the fruit, making it unsuitable for the
fresh fruit market. The disease begins with small
orange spots on the abaxial part of the leaf, turning
brown over time. Young leaves are the last to show
disease symptoms; middle-aged leaves are the most
susceptible (Ellis et al. 1991; Hall et al. 2009). The
literature on the genetic basis of disease resistance in
the “Jewe’” variety is scarce, as well as adaptations
to tropical climatic conditions. The rare reports on
genetic resistance to this pathogen are in Rubus
occidentalis species (Hall et al. 2009), which leads to
an urgent need for interspecific hybridization aiming
to combine the fruit quality of the R. idaeus species
with the resistance of the R. occidentalis species.
Prado et al. (2024) in a recent study have found
evidence that resistance to raspberry late leaf rust is
polygenic, with regions of major effects and minor
effects that play significant roles in rust resistance in
raspberry.
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Given the above, the objective was to evaluate
the effect of the reference genome for the discovery
of SNP markers and the training population
composition strategies on the accuracy of genomic
predictions models for late leaf rust in biparental
and interspecific populations of the Rubus genus.

Material and methods
Biological material

Ninety-four raspberry hybrids were obtained from
crosses in partnership with the Plant Production
department at ESALQ/USP. The crosses were made
using a testcross scheme, in which the first group
consisted of three parents of the Rubus idaeus
species of the “Golden Bliss”, “Salmon”, and
“Himbo Top” varieties, with favorable morpho-
agronomic characteristics and different levels of
susceptibility to late leaf rust. The second group
comprised Rubus occidentalis parents of the "Jewel"
variety, a source of late leaf rust resistance alleles.
Different numbers of hybrids were obtained from
each cross, and in all crosses, the “Jewel” variety
was used as the female parent (Table 1).

More details about the materials used can be
found in the work published by Campos et al.
(2023). In this work, the authors characterized this
panel of hybrids’ diversity and genetic structure,
which initially had 116 genotypes. Still, because
they are temperate climate materials, some of the
genotypes were lost in the process of adapting to
the climatic conditions found in Piracicaba, Sdo
Paulo, Brazil (22°42'S, 47°38'W, 540 m), where the
experiment was conducted. In addition to climatic
adversities, genetic incompatibility may have led to
the loss of some materials.

Table 1 Number of hybrids (N) obtained from crosses
between the Jewel variety, as the female relative in all crosses,
and the Golden Bliss (JG), Salmon (JS), and Himbo Top (JT)
varieties

Parent Jewel Golden Bliss Salmon Himbo Top
Family - IG IS JT
N - 35 28 31

Inoculation

The inoculum of the fungus Acculeastrum
americanum was prepared by the Phytopathology
Department of ESALQ/USP. Suspensions were
obtained using 50 mL of distilled water, Tween
20 (0.01%), and A. americanum urediniospores.
The suspension concentration was adjusted to 10*
urediniospores/mL in a Neubauer chamber and used
to inoculate by spraying the abaxial side of the leaves
up to the point of oozing. In order to guarantee the
development of the disease, the pots were covered for
24 h with a plastic bag to create a humid chamber.

Phenotyping and conducting the experiment

The experimental unit was defined as a single plant in
a 5-L pot. The plants were grown in a greenhouse in
Piracicaba-SP, Brazil (22°42'S, 47°38'W, 540 m). The
experimental units were arranged in an augmented
block design repeated across time, with three blocks,
where the parents (“Golden Bliss,” “Salmon,”
“Himbo Top,” and “Jewel”) were used as checks
and were present in each one of the blocks. The
experiment was repeated twice, once in November
2021 and again in April 2022. Phenotyping was
carried out based on the classification of the plants in
terms of the severity of the disease on the leaves of
the plants. The severity of the disease was classified
on the seventeenth day after inoculation based on the
diagrammatic scale proposed by Dias et al. (2022)
with eight levels, from 0 to 8, with 0 being the
absence of the disease and 8 being the most severe
stage. Three measurements were taken for each plant
by three different evaluators, and an arithmetic mean
was generated from the three observations to establish
the final classification.

Genomic characterization

The DNA from the samples was extracted from the
leaf tissue according to the protocol suggested by the
manufacturer of the extraction kit (Qiagen), using the
DNeasy Plant Mini Kit. After extraction, the genomic
library was built based on the protocol proposed
by Poland et al. (2012) with some adaptations. The
enzymes Pstl (rare cut) and Msel (frequent cut) from
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New England BioLabs Inc.® were used to digest the
DNA. Libraries were sequenced on a HiSeq 2500
System sequencer (Illumina, Inc).

The samples were sequenced on the Illumina
platform in collaboration with the Genetic Diversity
and Improvement Laboratory of the Genetics
Department at ESALQ/USP. SNP calling was carried
out using TASSEL-GBS (Glaubitz et al. 2014).
The sequences were aligned using two reference
genomes available for raspberries: the genome of
the red raspberry, Rubus idaeus (scaffolds), and the
genome of the black raspberry, Rubus occidentalis
(chromosomes). A total of 275,904,265 sequences
were identified and submitted to quality control. Only
SNPs with a minimum allele frequency (MAF) of 20%
and a call rate of over 90% were selected. This MAF
value was used to control possible errors from the
genotyping platform and because we were interested
in the resistance alleles of the maternal progenitor.
Missing data was imputed using the kKNNI method from
the impute package (Hastie et al. 2022). In the filtering
for missing data, no individuals with a percentage of
missing data greater than 30% were identified.

After quality control, three marker matrices were
generated. The Moc matrix, with 20,382 SNPs,
was obtained by aligning the sequences to the
reference genome of the R. occidentalis species.
The Mid matrix, with 20,133 SNPs, was generated
by aligning the sequences to the genome of the R.
idaeus species. The third matrix with 30,398 SNPs,
the Unique matrix, was obtained by joining the Moc
and Mid matrices but eliminating redundant markers
between the two matrices (Campos et al. 2023).
The markers were also filtered for the LD (Linkage
Disequilibrium) parameter; the LDs between the
markers were calculated between 100 Kbp intervals
using the correlation method, and the 99% threshold
was used to filter the markers. The three marker
matrices used were the same as those used in a
previous work published by Campos et al. (2023)
in which, using principal component analysis, we
evaluated how the hybrid population is grouped
according to each of the matrices.

Phenotypic analysis
The phenotypic data was analyzed using the

statgenSTA package (Rossum et al. 2023) in the R
environment using the following model:
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y=Xr+X,g+7Zb+e D

where y is the vector of observed severity values in
a given stage; r is the fixed effect of repetition; g is
the fixed effect of genotype; b is the random effect of
block nested with repetition, where N(0, Io-lf); e is the
random effect of the residuals, where N(0O, Iaj); X,
and X, are the fixed effect incidence matrices; Z; is
the random effect incidence matrix; I is an identity
matrix. The adjusted means for each genotype and
stage from this model were used in the subsequent
analyses.

Prediction models

Two prediction models were tested, the additive and
the additive-dominant (VanRaden 2008):

y*x=Xpf+Za+ Zd+ e 2)

where y* corresponds to the adjusted measurements
of the individuals in the first stage, with dimension
nX1 where n corresponds to the number of
observations; X corresponds to the matrix of
incidence of the fixed effects, f corresponds to
the vector of the fixed effect of the intercept, Z
corresponds to the matrix of incidence of the random
(genetic) effects with dimension n x n, where n is
equal to the number of genotypes, o and & correspond
to the vectors related to Z of the effects of dominance
and additivity, respectively, where a~N(0, Ga 03),
0~N (0, Gd 05), Ga and Gd are genetic relationship
matrices of additivity and dominance, respectively,
obtained by the methodology described by VanRaden
(2008) using the snpReady package (Granato et al.
2018). The residual is represented by e, where e ~N(O0,
I 63). The prediction models were implemented in the
R software with the help of the BGLR package (Perez
and Los Campos 2014) using 15,000 burn-ins and
30,000 iterations.

Genomic heritability in the restricted sense was
calculated based on the variance components obtained
with the G matrix from fitting the additive GBLUP
(Genomic Best Linear Unbiased Predictor) model in
the BGLR package. We used the ratio between the
genetic variance based on the markers and the sum
of the genetic variance based on the markers and the
residual variance. Heritability was estimated for each
of the marker panels.
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Table 2 Factors considered when evaluating the accuracy of
the prediction models tested

Factors

CvV Panel Model
CV-a Mid A
LOFO Moc AD
PF Unique

K-fold

Four cross-validation (CV) strategies were evaluated:

the CV-a method (Yassue et al. 2021), leave-one-family-
out (LOFO), pairwise families (PF), and stratified k-fold
(STRAT). The three marker matrices (Panel) are represented
by Mid (generated from the reference genome of the R.
idaeus species), Moc (generated from the reference genome
of the R. occidentalis species), and Unique (generated from
combining the unique markers present in the other two
matrices). A and AD, respectively, represent the additive and
additive-dominant models

Cross-validation of prediction models

Four cross-validation schemes were used (Table 2).
In the first (Fig. la) we used the CV-a method
(Yassue et al. 2021) with five folds and four
repetitions. In the second method (Fig. 1b), the
K-fold was stratified with five folds, in which each
family contributed 20% of its individuals to the
composition of the training population. In the third,
LOFO (leave-one-family-out), one family was used
as the validation population, and the other two
families constituted the training population, with
a total of three repetitions (Fig. 1c). In the fourth
scheme (Fig. 1d), (PF) we separated the families
into pairs and used one of the families as the TS
and the other as the validation population in all six
possible combinations between the three families
JG/8S, ISAG, JGAT/, JTAG, JSAT and JT/IS). In
each scenario, the accuracy of the prediction was

Fig. 1 Cross-validation schemes evaluated in the study. The
number (1-5) indicates the folds and JG (Jewel x Golden
Bliss), JS (Jewel x Salmon), JT (Jewel x Himbo Top) the
crossings. a CV-a, b K-fold with stratification balanced by

a b
CV-a
Testing Training
1 2,345
G
2 1,3.4,5
Fold 1 20%
Folds 3 1,2,4,5
4 1.2.3,5 Fold5  20%
5 1,234
LOFO
C d
Testing Training
IG JS,JT
IS JG,JT
JT JG,JS

Stratification

IS

20%

20%

K-fold
Testing Training
1 2,3,4,5
JT
o 2 1,3,4,5
Folds 3 1,2,4,5
20% 4 1,2,3,5
5 1,2,3,4
PF
Testing Training
IG JS
G T
JS G
IS JT
JT G
T IS

family keeping 20% and 80% of the families in the testing and
training set, respectively, ¢ LOFO (leave-one-family-out), d PF
(pairwise family)
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estimated using Pearson’ correlation between the
adjusted mean values and the values estimated by
the GBLUP model.

An analysis of variance was carried out to assess
the influence of each factor on the mean prediction
accuracies. The effect size corresponds to the eta-
squared calculated for each of the effects from the
percentage corresponding to the sum of the squares
(SS) of each effect concerning the total sum of the
squares according to the following equation:

SS effect

Eta squared = ———
SS total

3

Results

The hybrids showed great phenotypic variability in
terms of disease severity. The values ranged from
the absence of the disease to the maximum level
of severity among the genotypes, and variation
could be observed within all the families (Fig. 2).
The calculated heritabilities for the Mid, Moc,
and Unique matrices were 0.37, 0.38, and 0.33,
respectively.

The average predictive accuracies ranged from
—0.33 to 0.44. The results obtained using the additive
and additive-dominant models (described by tables A
and AD in Fig. 3) show a similar pattern in terms of
mean and data dispersion when combined with the
panel of brands and the cross-validation method.

The different marker panels showed variation
in terms of mean and distribution depending on
the cross-validation method used. In the LOFO
and PF cross-validation methods, the three marker
matrices also showed a wide dispersion in prediction
accuracy across folds, although PF generated a
higher prediction accuracy mean (Fig. 3). Although
in the ANOVA, only the SNP panel appeared to be
significant in the average accuracy values obtained
(Table 3), we could see that the Unique matrix
provides better accuracy when combined with CV
methods which do not consider family structure.
In the CV-a method, we observed the smallest
dispersion of results around the mean. Using the
CV-a and K-fold methods, the Unique matrix results
indicated a gain in prediction accuracy compared to
the other two marker matrices.

@ Springer

Discussion

Ideally, a prediction model should enable GS on
individuals from several different populations while
maintaining satisfactory accuracy values for the
target trait. One of the assumptions of the GBLUP
model, and the majority of regression methods, is
that the effect of allelic substitution is homogeneous
for all traits among all individuals (de los Campos
& Sorensen 2014). However, prediction accuracy
is influenced by several factors, such as the size
and genetic diversity of the training population,
the heritability of the trait of interest, the density
of the marker panel, the effects of markers and
genes on the trait, the extent and distribution of LD
between markers and QTLs (Kaler et al. 2022), the
presence of population structure, differences in the
linkage phases of haplotypes and large variations
in allele frequencies in the different subpopulations
or families in the training set composition of the
population to be predicted.

In a preliminary study, Campos et al. (2023)
observed that the three marker panels performed
similarly in assessing genetic diversity and structure
parameters. In our study, we observed different
performances regarding prediction accuracy
between the marker panels, where the Unique
matrix performed best. One aspect that should
be taken into account is the different sizes of the
marker panels: the Unique matrix has 30,398
SNPs, the Moc matrix has 20,382 SNPs, and the
Mid matrix has 20,133 SNPs. A greater density of
markers can improve genomic predictions but also
results in higher genotyping costs, so it is important
to balance the gains in prediction accuracy with
the costs associated with obtaining a denser panel
(DoVale et al. 2022). In addition, it is commonly
agreed that the gains in prediction accuracy from
increasing the number of markers eventually reach
a plateau (Krishnappa et al. 2021). Using different
reference genomes from different species to
perform SNP calling has made it possible to explore
variability in interspecific crosses comprehensively
(Lara et al. 2019). In this context, the use of a
marker panel based on the two genomes may have
made it possible to capture rare variants of lesser
effect and different haplotypes at different linkage
stages. Thereby, this marker panel probably better
captured the effect of allelic substitution and
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Fig. 2 Barplot in ascending
order of the distribution of
values for disease severity
on the Y axis and each of
the hybrids and the parents
of each family on the X
axis. a distribution of
severity values for the JG
family, where the vertical
line in black represents

the value presented by the
“Jewel” parent (0.26) and
the line in red represents the
Golden Bliss parent (4.31).
b distribution of severity
values for the JS family,
where the vertical black
line represents the value
presented by the "Jewel"
parent (0.26) and the red
line represents the Salmon
parent (5.38). ¢ distribution
of severity values for the JT
family, where the vertical
black line represents the
value presented by the
“Jewel” parent (0.26) and
the red line represents the
Himbo Top parent (6.51)
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Fig. 3 Accuracy of severity prediction as a function of the
CV-A (CV-a), K-fold (with five folds and 20% representation
of each of the three families) LOFO (leave-one-family-
out), and PF (pairwise families) cross-validation schemes,
respectively. The values obtained from the additive model are

Table 3 Analysis of variance carried out to assess the
influence of each factor on the mean prediction accuracies

Source Df SumSq F Pr(>F) Eta-squared
Ccv 3 0.1198  2.000 0.1188  0.0511
Panel 2 0.1676  4.194 0.0178* 0.0722
Model 1 0.0155 0.775 0.3808  0.0066
Residuals 101 2.0176

CV corresponds to the cross-validation scheme, Panel

corresponds to marker panel used (Mid, Moc, or Unique), and
model corresponds to the prediction model (additive GBLUP
or additive and dominant GBLUP). The size effect corresponds
to the eta-squared calculated for each effect (Cohen 1988)

*Statistically significant with p < 0.05

consequently improved the accuracy (Rooney et al.
2022; MacLeod et al. 2016).

Genomic selection in populations with family
structure becomes complex and challenging, as with
the interspecific population used (Tan et al. 2017;
Olatoye et al. 2020). The presence of genetic structure
can reduce the stability and predictive accuracy of
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Panel

BE wid
BS moc
‘ Unique

...

CVA K-fold LOFO PF

on the left, represented by A, and the values from the Additive
and Dominant model are on the right, represented by AD. The
variation in the coloring of the box plots represents the three
panels of SNPs

a model across populations due to different aspects.
Lehermeier et al. (2015) observed differences in
marker effect estimates between different clusters
in the same population due to differences in the LD
pattern of markers and QTL. Legarra et al. (2021)
observed that allelic substitution effects could
vary between populations and across generations
due to changes in genetic relationships, magnitude
of additive and non-additive variances and allele
frequencies. In this scenario, the composition and
size of the training population have a major impact
on the predictive capacity of the model since the
model tends to perform better if trained on a group
of individuals that best represent all these aspects
of population diversity (Isidro et al. 2015; Tan et al.
2017; Berro et al. 2019; Montesinos-Lépez et al.
2024). These factors must be considered when
building the training population in order to mitigate
bias in predictive models.

Raspberry is an allogamous species, and it is
important to highlight that in the specific case of
this population under study, the F1 segregating
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generation was generated from a set of interspecific
crosses. Nevertheless, there is a lack of background
knowledge on the genetic architecture of resistance
against leaf late rust disease in raspberries. In this
scenario, we sought to expand the GBLUP model to
evaluate the inclusion of the dominance effect in the
GBLUP model. The use of this model, considering
the effects of additivity and dominance, has had a
positive impact on gaining prediction accuracy and
selecting elite clonally propagated materials (Resende
et al. 2017; Nadeau et al. 2023) such as raspberry.
However, we observed that the inclusion of the
dominance effect did not generate gains in prediction
accuracy compared to the additive model. It may
be due to the absence of a significant dominance
effect or other influencing factors. The total size of
the population and the number of individuals per
family are factors that influence the estimation of
the dominance effect and, consequently, can impact
the gain in prediction accuracy from the inclusion
of dominance (Tan et al. 2018). The limited number
of individuals in our populations makes it difficult
to accurately estimate dominance effects. So, we did
not observe any differences between the accuracies
obtained with and without the inclusion of the effect.
Regarding the cross-validation scheme and the
composition of the training population, we observed
higher prediction accuracies when we combined the
CV-a and the K-fold method with stratified sampling
for the composition of the TS together with using the
Unique brand matrix. Although the panel was the
only statistically significant factor according to the
ANOVA analysis, we observed that the Unique matrix
generated similar accuracies to the other matrices
when we considered the family structure (LOFO and
PF) in the cross-validation scheme. Due to the larger
number of markers, we expected the Unique panel to
improve prediction accuracy across all CV schemes.
However, our results suggest that the increase in the
number of markers was not sufficient to compensate
for the lower relatedness between the training and
testing sets in the LOFO and PF schemes. The CV-a
method provided estimates of prediction accuracy
with less dispersion than the other CV methods
evaluated, as the main purpose of the method is to
allow genotypes to be allocated to folds in such a
way as to maximize the independence of accuracy
estimation errors (Yassue et al. 2021). The K-fold
method with a stratified composition of the training

population can be a tool used to minimize the effect
of genetic structure by sampling in proportion to the
size of each cluster, thus potentially capturing genetic
diversity in the training population and improving
the model’s predictive capacity (Isidro et al. 2015;
Hoque et al. 2024). The K-fold method considers
balanced sampling across families, with 20% of the
individuals from each family being sampled to form
each of the five folds. The sampling of individuals
within each family was done randomly. In contrast,
CV-a sampling remains random and does not account
for the existence of three different families or their
sizes. Our population is small, and we have different
numbers of individuals within each family. Although
the numbers are relatively close, the JG family has
35 individuals, while the JS family has 28, meaning
the JG family has 25% more individuals than the JS
family. These differences in family size and sampling
methodology may explain the variations in prediction
accuracy between the methods with random
sampling.

Overall, our results highlight the importance of
carefully designing the training set for raspberry
breeding when using genomic selection to make
predictions across populations. When dealing
with structured populations or family structures,
it is crucial to balance and stratify the breeding
population into training and testing sets to minimize
potential bias in effect estimation, especially in
small populations. This approach helps reduce the
risk of encountering negative accuracies observed
in pairwise and leave-one-family-out (LOFO) cross-
validations. Strategies such as test-and-shelf may
present a viable alternative for implementing genomic
selection in raspberry breeding (Boyles et al. 2024).
On the other hand, these strategies require much
larger and more diverse training sets, and this aspect
should be carefully analyzed to balance the costs
of genotyping and phenotyping a larger number of
individuals against the gains in prediction accuracy
(Wu et al. 2023).

Genetic structure can arise from different
levels of genetic relatedness between individuals,
including separating individuals into families
(Wiirschum et al. 2017). Studies show that genomic
prediction within families can generate significant
gains in prediction accuracy in the presence of
different patterns of LD of the markers, allele
frequencies, and different substitution effects
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(Wiirschum et al. 2017; Berro et al. 2019). Thus,
making predictions within raspberry families
would be a useful tool to elucidate the impact of
genetic structure at the family level. However, one
of the biggest challenges in making predictions
in raspberry is the difficulty in obtaining and
maintaining hybrids since the limited number of
individuals commonly sampled makes it impossible
to build training and validation populations with a
satisfactory number of individuals (Montesinos-
Loépez et al. 2024). In regions with a hot and humid
climate, raspberries have limitations regarding
vegetative development, flower production, and
fruit set. Long-term exposure to stress caused by
high temperatures can inhibit photosynthesis and
cause premature plant death (Fernandez et al. 2018).
This study was carried out in the municipality of
Piracicaba, State of Sido Paulo, Brazil (22°42'30"
S, 47°38'00" W, 546 m). The location has a tropical
climate with a dry winter season, classified as Aw in
the Koppen climate classification (Dias et al. 2017).
The experiment was planned to accommodate more
individuals, with more than 160 hybrids obtained
from the crosses. Still, unfortunately, many of the
individuals did not adapt to the tropical climatic
conditions and were lost during the planning phase
of the work. In addition to the difficulty in obtaining
viable individuals from interspecific crosses due to
gametic incompatibility (Pinczinger et al. 2021).

With this work, we have provided the community
with an initial attempt to implement GS in a
population of interspecific raspberry hybrids.
Among the factors that added complexity to the
development of the study, we can highlight the
limited size of the populations analyzed and the
scarce literature on the genetic basis of disease
resistance in the “Jewel” wvariety, as well as
adaptations to tropical climatic conditions. We
demonstrated higher prediction accuracy and more
precise estimates when we combined stratified
sampling to compose the training set (CV-a and
k-fold stratified CV) and the panel of Unique
markers. We have provided important information
on the complexity of efficiently sampling the
genetic diversity of the genomes of the two species
and a first direction in developing a strategy for
constructing TS. Additionally, we demonstrated the
effect of population structure under different CV
schemes in interspecific raspberry hybrids.
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