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Abstract
Persian walnut (Juglans regia L.) is a widespread cultivated nut tree species in tem-

perate regions. Advances in genomic tools, such as the high-density Axiom J. regia
700K single nucleotide polymorphism (SNP) genotyping array, enable the explo-

ration of genomic prediction (GP) for this crop. This study is the first to evaluate

GP accuracy and several influencing factors in walnut for traits related to phenology

and nut quality. A core-collection of 170 accessions was phenotyped for 25 traits

over 1 or 2 years. Highly heritable traits, such as budbreak date and female flow-

ering date, were predicted with high accuracy (∼0.75) using ridge regression best

linear unbiased prediction (rrBLUP). Three key factors influencing GP performance

were examined: marker density, prediction model, and training set size. Selecting

the top 1% of 364,275 SNPs based on their variance (∼3600 SNPs) was sufficient

to achieve accurate predictions. Bayesian models slightly improved prediction accu-

racy for some traits when using this reduced SNP set, but rrBLUP provided robust

results, balancing accuracy, simplicity, and computational efficiency. Training popu-

lation size also influenced accuracy, with a subset comprising 50% of the population

still yielding reliable predictions. Optimization of training set was assessed using

coefficient of determination mean, prediction error variance mean, and mean related-

ness (MeanRel) parameters, with MeanRel performing best for shell traits. However,

incorporating SNPs identified in genome-wide association study into the prediction

models did not enhance accuracy. In summary, this study demonstrates the feasibility

and potential of GPs for walnut breeding programs using a core-collection, offering

valuable insights for optimizing GP approaches in this crop.

Abbreviations: BGLR, Bayesian generalized linear regression; CDmean, coefficient of determination mean; DArT, diversity arrays technology; G × E,
genotype by environment; GP, genomic prediction; GS, genomic selection; GWAS, genome-wide association study; INRAE, Institut National de Recherche
pour l’Agriculture, l’Alimentation et l’Environnement; LASSO, least absolute shrinkage and selection operator; LD, linkage disequilibrium; MAS,
marker-assisted selection; MCMC, Markov Chain Monte Carlo; MeanRel, mean relatedness; PA, prediction accuracy; PEV, percentage of explained variance;
PEVmean, prediction error variance mean; QTL, quantitative trait locus; rrBLUP, ridge regression best linear unbiased prediction; SNP, single nucleotide
polymorphism; SSR, simple sequence repeat; STPGA, selection of training populations with a genetic algorithm; SVD, singular value decomposition.
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Plain Language Summary
Walnut is a popular nut grown in many temperate regions. Improving walnut traits

like flowering time and nut quality can help growers produce better crops. This study

tested a method called genomic prediction (GP), which uses genetic information to

predict these traits. We studied 170 walnut accessions, measuring 25 traits over 1 or

2 years. We found that GP works well for highly heritable traits, like budbreak date,

achieving 75% accuracy. By using fewer genetic markers and efficient models, pre-

dictions remained accurate while saving time and resources. Adjusting the training

population also improved results, especially for shell traits. However, adding markers

from genetic studies (genome-wide association study) did not make predictions bet-

ter. This research shows that GP can help breeders select the best walnut trees more

effectively, speeding up the development of improved varieties.

1 INTRODUCTION

Persian walnut (Juglans regia L.) is a monoecious tree belong-
ing to the Juglandaceae family (Rehder, 1947) and the
Juglans genus, which includes more than 20 species such as
black walnut (Juglans nigra) used for its wood quality (Man-
ning, 1978). Juglans regia, a diploid species with 2n= 2x= 32
chromosomes (Woodworth, 1930), originated from Central
Asia before its dispersal to western areas, in Iran, the Cau-
casus, and eastern Turkey (Forde, 1975; Zeven & Zhukovsky,
1975), and was introduced into Europe and the Balkans before
the last glacial period (Carrion & Sanchez-Gomez, 1992; Pol-
legioni et al., 2017). Appreciated for its high-quality kernel
with nutritious value, Persian walnut is a widespread culti-
vated nut tree species in temperate regions, with a constantly
increasing production that reached almost 3.9 million met-
ric tons in 2022 (https://www.fao.org/faostat/), with major
producers being China, the United States, Iran, and Turkey.

Walnut breeding programs started in the 20th century and
have been or are currently led in California, France, China,
Eastern Europe, and the Middle East with common goals:
higher yield, easier shell cracking, kernels of higher quality,
better adapted phenology, and better tolerance to diseases like
anthracnose (Bernard et al., 2018; Cosmulescu & Botu, 2012).
Breeding consisted traditionally in the selection of superior
genotypes based on phenological and pomological observa-
tions, for instance in Iran (Ebrahimi et al., 2015; Ghasemi
et al., 2012; Khadivi-Khub et al., 2015) and in India (Sharma
et al., 2014). Then, the emergence of molecular markers pro-
vided insights into the level of genetic diversity in plant
material used for breeding (Bernard et al., 2018; Shah et al.,
2021). The release of modern cultivars, such as Chandler
in California in 1979 or Fernor in 1995 in France, repre-
sents a significant milestone in genetic improvement of this
species with a long generation time and juvenile period. How-
ever, progress is still required to meet both producers and

consumers current demand in the context of climate change
strongly impacting phenological events, for example, in the
United States and Europe, where earlier flowering increas-
ingly exposes flowers and young fruits to late spring frosts
(Bernard et al., 2019; Luedeling & Gassner, 2012).

The first walnut genome sequence (Martínez-García et al.,
2016) facilitated genomic studies, including the development
of the high-density Axio J. regia 700K single nucleotide
polymorphism (SNP) genotyping array (Marrano, Martínez-
García et al., 2019). This tool enabled genome-wide associa-
tion studies (GWASs) for identifying numerous marker-trait
associations. Recently, 59 SNPs associated to calcium and
phosphorus accumulation were identified using a panel of 154
accessions of genetic resources in Turkey and diversity arrays
technology (DArT) genotyping (Akpunar et al., 2024), and
14 SNPs associated to shell thickness were identified using
a panel of 101 accessions from 12 genotypes in China and
Illumina resequencing (Wang et al., 2022). Phenology-related
traits were investigated using the Axiom SNP array and major
loci at the beginning of chromosome 1 were detected for
budbreak date (Bernard et al., 2020) and leafing date (Mar-
rano, Sideli et al., 2019) in panels from the United States and
France, respectively, whereas major loci at the beginning of
chromosome 4 were observed for leafing date in a walnut
collection in Turkey using DArT genotyping (Bükücü et al.,
2020). Regarding fruit quality-related traits, GWAS allowed
the discovery of numerous SNPs associated with a large range
of traits, such as nut weight, ease of cracking, nutritional com-
position, and pellicle pigment, using as well the Axiom SNP
array (Arab et al., 2019; Bernard et al., 2021; Sideli et al.,
2020). Even if the genomic regions involved in the varia-
tion of these traits of interest are not systematically consistent
between the panels and the statistical models used, we now
have a better knowledge of their overall genetic architecture in
walnut: the traits of interest are primarily highly quantitative,
indicating a polygenic inheritance.

https://www.fao.org/faostat/
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The marker-assisted selection (MAS) is increasingly
adopted in walnut. It is implemented in the California breed-
ing program in the framework of the “Walnut Genome and
Molecular Breeding Project” (https://nealelab.ucdavis.edu/
wgmb/); a kompetitive allele-specific PCR marker was devel-
oped for the budbreak date using the peak SNP associated
with chromosome 1 (Bernard et al., 2020), and Turkish simple
sequence repeat (SSR) markers associated with leafing date
(Kefayati et al., 2019) were validated in an Iranian popula-
tion to identify late-leafing genotypes (Fallah et al., 2024).
However, to our knowledge, no study explored the effective-
ness of genomic prediction (GP) in walnut. Genomic selection
is a modern breeding strategy proposed by Meuwissen et al.
(2001), which is particularly suitable for complex traits with
polygenic inheritance (R2D2 Consortium et al., 2021). This
strategy consists in the use genome-wide SNP genotyping
to predict breeding values, considering all markers effects
(Makowsky et al., 2011). In genomic selection (GS), a train-
ing population is both phenotyped for the traits of interest and
genotyped. The training population is used to train a predic-
tion model, the latter being tested in a validation population
only genotyped. The goal is to obtain high accuracy in the pre-
dictions of the phenotypes, as it was demonstrated in many
fruit species such as apple for harvest date and fruit weight
(Cazenave et al., 2022), apricot and citrus for fruit quality
(Minamikawa et al., 2017; Nsibi et al., 2020), peach for sol-
uble solids content (Hardner et al., 2022), and grapevine for
yield, berry composition, phenology, and vigor (Brault et al.,
2022).

Different factors are known to influence the prediction
accuracy, including the marker density across the genome, the
heritability and the genetic architecture of the traits, the size
and the composition of the training set with regards to the val-
idation test, and the prediction models (Alemu et al., 2024;
Heslot et al., 2012; X. Liu et al., 2018). One of the first models
proposed for GPs was the ridge regression (RR). This model
is an equivalent to best linear unbiased predictions (BLUPs)
for mixed models, allowing to fit the effects of a number of
markers (p) largely exceeding the number of observations (n);
a dilemma experienced by many plant breeders thanks to the
evolution of genotyping methods (Hoerl & Kennard, 2000).
Endelman (2011) developed the R package “ridge regres-
sion best linear unbiased prediction (rrBLUP)” that facilitated
the use of RR for predictions. Because many models exist
to implement these “large-p-with-small-n” regressions, based
on various parametric and nonparametric shrinkage and vari-
able selection procedures, Pérez and de los Campos (2014)
developed the R package “Bayesian generalized linear regres-
sion (BGLR),” combining different models from Bayesian
methods (Gianola et al., 2009). According to the genetic
architecture of the trait considered, some models seem to per-
form better as it was observed in grapevine: RR is adapted
for a trait underlined by many minor quantitative trait loci

Core Ideas
∙ Genomic prediction (GP) accurately estimates

traits in walnut using ridge regression best linear
unbiased prediction (rrBLUP) and reduced single
nucleotide polymorphism (SNP) set of 3600 SNPs.

∙ Marker density, training set size, and model signif-
icantly influence GP accuracy for phenology and
nut traits.

∙ Bayesian models can enhance GP accuracy
slightly, but rrBLUP offers robust, efficient
performance overall.

∙ Training set optimization using mean relatedness
improves GP accuracy for shell traits.

(QTLs), while least absolute shrinkage and selection opera-
tor (LASSO) is preferred for an oligogenic trait (Brault et al.,
2021). Regarding training set design, its composition was first
proved to influence the reliability of GP in maize inbreds (Rin-
cent et al., 2012). Akdemir (2017) developed the R package
“selection of training populations with a genetic algorithm
(STPGA),” proposing different methods such as based on pre-
diction error variance mean (PEVmean) and coefficient of
determination mean (CDmean) (Laloë, 1993). CDmean was
found to perform well to better predict firmness in apple
(Roth et al., 2020), and criteria from mixed model theory such
as CDmean and PEVmean perform well except in the case
of large population structure (Isidro y Sánchez & Akdemir,
2021; Isidro y Sánchez et al., 2015). Prediction accuracy can
also be improved when including markers identified in GWAS
or QTLs as fixed-effects in GP models, as it was shown in
Capsicum annuum for capsaicinoid contents (G. W. Kim et al.,
2022).

Here, we evaluated the potential of GP using the Insti-
tut National de Recherche pour l’Agriculture, l’Alimentation
et l’Environnement (INRAE) walnut core-collection of 170
accessions as a training set, resulting from sampling per-
formed in 23 countries. The core-collection was phenotyped
for 25 traits related to phenology, such as flowering dates
and fruit quality, including nut size, shell characteristics, and
nutritional quality. It was genotyped using the high-density
Axiom J. regia 700K SNP array. We assessed several factors
influencing the GP accuracy: number of SNPs, heritability
of the trait, prediction model, and size of training set. Addi-
tionally, we tested different training set optimization criteria,
and evaluated the impact of including GWAS-identified SNP
peaks as fixed-effect cofactors. We hypothesize that different
categories of traits will be best predicted by different types
of models, and that both training set optimization and inclu-
sion of GWAS results as cofactors will improve GP accuracy.

https://nealelab.ucdavis.edu/wgmb/
https://nealelab.ucdavis.edu/wgmb/
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Our objective is to compare the performance of MAS and GS
based on performance metrics and provide insights for future
walnut breeding programs.

2 MATERIALS AND METHODS

2.1 Plant material

The plant material used in this study is a core-collection of 170
unique J. regia accessions originating worldwide and main-
tained at the INRAE Prunus-Juglans Biological Resources
Center (Roux-Cuvelier et al., 2021; https://doi.org/10.17180/
WN42-3J20). Trees are grafted with one replicate by acces-
sion and located in the Fruit Experimental Unit of the INRAE,
Toulenne, France (44˚34′37.442″ N–0˚16′51.48″ W, https://
doi.org/10.17180/9ST1-4J21), near Bordeaux. In Toulenne,
the soil is deep fertile alluvium, homogeneous across the trees,
and the climate is oceanic. The walnut germplasm collection
results from large samplings performed between 1988 and
2000 in 23 countries including the European, North and South
American, and Asian continents. The final core-collection is
based on a previous study integrating genetic diversity anal-
yses using 13 SSR markers and the evaluation of phenotypic
variability (Bernard et al., 2018). Information about origin of
the accessions is available in the mentioned article.

2.2 Phenotyping for phenology and fruit
quality, BLUPs calculation, and heritability

A total of 25 traits related to phenology and fruit quality
were phenotyped over 1 year or two consecutive years dur-
ing the period 2017–2019. The phenotyping was carried out
in the framework of GWAS analyses already published by
Bernard et al. (2020) for phenology-related traits and Bernard
et al. (2021) for fruit quality-related traits. The 25 traits are
categorized into five types of traits, namely, phenological,
nut-related, shell-related, kernel-related, and nutritional traits
(Table S1). More precisely, four phenological traits were phe-
notyped on 155 accessions (dichogamy: PHENO_d, budbreak
date: PHENO_bd, female flowering date: PHENO_ffd, male
flowering date: PHENO_mfd); seven nut traits were pheno-
typed on 160 accessions (nut length: NUT_l, nut face diam-
eter: NUT_fd, nut profile diameter: NUT_pd, nut volume:
NUT_v, empty space volume: NUT_esv, nut filling ratio:
NUT_fr, nut weight: NUT_w); seven shell traits were phe-
notyped on 160 accessions (shell sphericity: SHELL_s, shell
rugosity: SHELL_r, shell volume: SHELL_v, shell thick-
ness: SHELL_t, shell surface area: SHELL_sa, shell suture
strength: SHELL_ss, shell face strength: SHELL_fs); five
nutritional quality traits were phenotyped on 165 accessions
(saturated fatty acids content: QUAL_sfa, monounsaturated

fatty acids content: QUAL_mufa, polyunsaturated fatty acids
content: QUAL_pufa, tocopherols content: QUAL_t, vitamin
E activity: QUAL_vea); and two kernel traits were pheno-
typed on 160 accessions (kernel volume: KERNEL_v, kernel
weight: KERNEL_w). Complete information about pheno-
typing methods and raw data are available in the mentioned
articles.

The means of genotypic effects were obtained for each
accession (one replication by accession) by adjusting for envi-
ronmental factors using a mixed linear model to produce
BLUPs. When using 2-year data, the BLUPs were predicted
by adjusting for year as a fixed effect as follows:

𝑃𝑖𝑘 = 𝜇 + 𝑌𝑖 + 𝑔𝑘 + 𝑒𝑖𝑘,

where Pik is the observed phenotype of the kth accession in the
ith year, μ is the mean value of the trait, Yi is the fixed effect
of the ith year, gk is the random effect of the k genotype, and
eik is the residuals of the model. The BLUPs were performed
using the “R” package “lme4” (Bates et al., 2015).

Based on the previous mixed linear models, broad-sense
heritability (H2) of each trait was estimated using the variance
components when 2-year data are available:

𝐻2 = 𝜎2𝐺∕[𝜎2𝐺 + (𝜎2𝜀∕𝑛𝑦)],

where σ2
G is the genotypic effect variance, σ2

ε is the variance
of residuals, and ny is the number of years = 2 (for 2017 and
2018 or 2018 and 2019, depending on the trait). A summary
of the data available for each trait (minimum, maximum, and
range) and broad-sense heritabilities are given in Table S1.

2.3 SNP genotyping and quality control

The genomic DNAs were extracted from young leaves as
described in Bernard et al. (2018). Accessions were genotyped
using the Axiom J. regia 700K SNP array containing 609,658
SNPs uniformly distributed over the 16 J. regia chromo-
somes (Marrano, Martínez-García et al., 2019). These SNPs
were then filtered through several criteria described previ-
ously (Bernard et al., 2020), such as SNP call rate > 90%,
minor allele frequency > 5%, and redundancy in the genome
(SNP probes aligning in duplicated regions). Finally, 364,275
polymorphic SNPs were retained for GPs.

2.4 Genomic predictions

A global overview of the pipeline of the analyses conducted
in this study is given in Figure 1.

We tested six statistical models for GPs, including rrBLUP
implemented in the R package “rrBLUP” (Endelman, 2011),

https://doi.org/10.17180/WN42-3J20
https://doi.org/10.17180/WN42-3J20
https://doi.org/10.17180/9ST1-4J21
https://doi.org/10.17180/9ST1-4J21


BERNARD ET AL. 5 of 20The Plant Genome

Budbreak date: top SNP

Budbreak date: 5 SNPs

MeanRel
R package STPGA

Kernel weight: 3 SNPsNut length: 4 SNPs

Random
R package STPGA

PEVmean
R package STPGA

CDmean
R package STPGA

50% TS
50% VS

80% TS*
20% VS*

75% TS
25% VS

66% TS
34% TS

Bayes B
R package BGLR

Bayes A
R package BGLR

Bayes C
R package BGLR

rrBLUP
R package rrBLUP

BRR
R package BGLR

BL
R package BGLR

Top 0.1% set
360 SNPs

Top 0.01% set
36 SNPs

Top 1% set
3600 SNPs

Total set (GWAS)
364,275 SNPs

1   PLANT MATERIAL
Type: core-collec�on of 170 J. regia unique 
gra�ed tree accessions (1 clone/accession)
Management: INRAE Prunus-Juglans Biological 
Resources Center
Loca�on: Fruit Experimental Unit, Toulenne, 
France (44°34’37.442’’N – 0°16’51.48’’W)
Origin: from 23 countries including European, 
American and Asian con�nents

3   PHENOTYPING – 25 traits
4 phenological traits on 155 accessions:
- Dichogamy
- Budbreak date
- Female flowering date
- Male flowering date 
7 nut traits on 160 accessions:
- Nut length
- Nut face/profile diameter
- Nut weight
- Nut volume
- Nut empty space
- Nut filling ra�o (2018)
7 shell traits on 160 accessions:
- Shell suture/face strength
- Shell sphericity/rugosity
- Shell volume
- Shell thickness
- Shell surface area 
5 nutri. quality traits on 165 accessions:
- Saturated fa�y acids content
- Mono/Polyunsat. FA content
- Tocopherols content
- Vitamin E ac�vity
2 kernel traits on 160 accessions: 
- Kernel weight 
- Kernel volume 

2   GENOTYPING – AXIOM J. regia 700K SNP array
Filters:
- PolyHighRes, MonoHighRes and NoMinorHom using Axiom™ Analysis Suite (510,169 SNPs)
- SNP call rate > 90% using Plink (495,515 SNPs)
- Minor allele frequency > 5% using Plink (371,764 SNPs)
- Redundancy in the genome using Plink (364,275 SNPs)

2018/2019*

2017/2018*

2018

2017/2018*

2018

2018

2017/2018*
2018 *BLUPs

4   GENOMIC PREDICTIONS – cross-valida�on (10 repe��ons)
Influence of SNP density: Influence of model: Influence of training set size:

Top 50% set
180,000 SNPs

Top 10% set
36,000 SNPs

rrBLUP + 
training set size 80%

3600 SNPs + 
training set size 80%

rrBLUP + 
3600 SNPs

*TS: training set
*VS: valida�on set

5   OPTIMIZATION OF GENOMIC PREDICTIONS
Algorithm of op�miza�on of training set:

rrBLUP + 3600 SNPs + training set size 80%

Addi�on of SNP peaks from GWAS (FarmCPU) as fixed-effect cofactors:

Fi
gu

re
 2

Fi
gu

re
 4

Fi
gu

re
 5

Ta
bl

e 
2

Su
pp

. d
at

a

Bonus:

Figure 3
Broad-sense
H² according 
to PA*

Table 1
Comparison 
of PA* 
(rrBLUP, 
3600 SNPs, 
TS size 80%) 
according to 
number of 
repe��ons 
(10 vs. 100)
*PA: predic�ve 
accuracy

© Walnut collec�on
INRAE, Fruit Experimental Unit

rrBLUP + 364,275 SNPs (same as GWAS set) + training set size 80% + op�miza�on

Kernel weight: top SNPNut length: top SNP

A

B

F I G U R E 1 Pipeline of the analyses, including detailed information about plant material, genotyping, phenotyping, genomic predictions, and
optimization. BGLR, Bayesian generalized linear regression; GWAS, genome-wide association study; INRAE, Institut National de Recherche pour
l’Agriculture, l’Alimentation et l’Environnement; PEV, percentage of explained variance; SNP, single nucleotide polymorphism; STPGA, selection
of training populations with a genetic algorithm; rrBLUP, ridge regression best linear unbiased prediction.

and five Bayesian models implemented in the R package
“BGLR” (Pérez & de los Campos, 2014). The rrBLUP model
assumes that all SNPs contribute equally to the trait, with
small effects and equal variance across markers. It is a com-
monly used method due to its computational efficiency and
robust performance, particularly for traits controlled by many
small-effect loci. Bayesian models differ from rrBLUP by
allowing heterogeneous marker variances, which can bet-
ter capture the genetic architecture of complex traits. These
models include: (i) BayesA that assumes each SNP with the
same minor allele frequency has a different variance, fol-
lowing a scaled-t distribution (suitable for traits with SNP
with small and large effects), (ii) BayesB that can be seen
as a complement to BayesA and assumes a fraction of SNPs
are not in linkage disequilibrium (LD) with no gene and
must have zero effect, while the remaining have large effects
with a t-distributed variance (suitable for trait with sparse
genetic architecture), (iii) BayesC that is similar to BayesB but
with a Gaussian prior for nonzero SNP effects (compromise
between sparsity and polygenic architecture), (iv) Bayesian
LASSO (BL) that applies a double-exponential prior to SNP
effects, inducing shrinkage while allowing for larger effect
sizes (suitable for moderately sparse genetic architecture), and
(v) Bayesian ridge regression (BRR) that is similar to rrBLUP
but with a Gaussian prior on SNP effects. Using “BGLR,” we
used the following parameters: “nIter = 6000” (total number

of iterations ran by the Markov Chain Monte Carlo [MCMC]
algorithm) and “burnIn = 1000” (number of initial iterations
to discard in order to allow the MCMC chain to reach a sta-
tionary distribution), after verifying convergence. For each
trait and each model, we conducted a cross-validation proce-
dure repeated 10 times, using a partitioning strategy (training
set and validation set). We considered Pearson correlation
between predicted and observed phenotype as a measure
of the prediction accuracy. For rrBLUP, 3600 SNPs, and
80% training set size, we compared the prediction accuracy
(PA) according to the number of repetitions in the random
cross-validation, 10 versus 100, to verify consistency.

2.5 Influence of SNP density and training
set size on the accuracy of genomic predictions

Because some factors influence the prediction accuracy, we
tested the impact of the SNP density and the training set size.
Concerning the impact of the SNP density on the PA, we
tested six sets of “top” SNPs selected according to their vari-
ance (considering the marker effects matrix) using rrBLUP
model and a training set size of 80%: total set (364,275 SNPs),
∼50% set (180,000 SNPs), ∼10% set (36,000 SNPs), ∼1%
set (3600 SNPs), ∼0.1% set (360 SNPs), and ∼0.01% set (36
SNPs). Concerning the impact of the training set size on the
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PA, we tested four sizes using rrBLUP model and the set of
3600 SNPs: random training set composed of 80% of the phe-
notyped accessions of the core-collection (and remaining 20%
for the validation set), 75% versus 25%, 66% versus 34%, and
50% versus 50% (Figure 1).

2.6 Optimization of the training set and
accounting for genetic architecture using SNP
peaks from GWAS

Using the R package “STPGA” (Akdemir, 2017) and the most
robust scenario previously identified for all traits (rrBLUP
model, the set of 3600 SNPs, and a training set size of
80%), we tested the impact on the PA of four algorithms
of optimization of the training set: no optimization (or ran-
dom composition), CDmean (Rincent et al., 2012), PEVmean
(Rincent et al., 2012), and mean relatedness (MeanRel)
based on the mean genomic additive relationship between
each accession of the training set and all accessions in
the validation set (VanRaden, 2008). We tested as well the
addition of SNP peaks from GWAS as fixed-effect cofac-
tors for PHENO_bd (five SNPs), NUT_l (four SNPs), and
KERNEL_w (three SNPs) based on previous marker-trait
associations identified in studies mentioned (Bernard et al.,
2020, 2021), using rrBLUP model, the total set of 364,275
SNPs identical to GWAS analyses, and a training set size of
80% optimized or not (Table S2; Figure 1).

3 RESULTS

3.1 Influence of SNP density on prediction
accuracy using rrBLUP and a training set size
of 80%

We tested six sets of SNPs selected according to their variance
using rrBLUP model and a training set size of 80% to observe
the impact of the SNP density on the PA: total set (364,275
SNPs), 50% set (180,000 SNPs), 10% set (36,000 SNPs), 1%
set (3600 SNPs), 0.1% set (360 SNPs), and 0.01% set (36
SNPs). For all traits and all SNPs sets, the mean PA is 0.36
(Figure 2). The lowest PA (−0.20) is obtained for QUAL_vea
with 36,000 SNPs, while the highest PA (0.81) is obtained
for PHENO_bd with the total set. By considering the five
types of traits, the best predicted are phenological traits (mean
PA = 0.61), followed by kernel traits (mean PA = 0.47), nut
traits (mean PA = 0.39), shell traits (mean PA = 0.25), and
nutritional quality traits (mean PA = 0.20).

Generally speaking, the larger the SNP set, the better the
PA obtained (Figure 2). For instance, for PHENO_bd and
PHENO_ffd, the PA reaches more than 0.74 for 364,275
SNPs, 180,000 SNPs, 36,000 SNPs, and 3600 SNPs, but

decreases for 360 SNPs (0.69 for PHENO_bd and 0.64 for
PHENO_ffd), and decreases more for 36 SNPs (0.44 for
PHENO_bd and 0.48 for PHENO_ffd). The drop in PA is
all the more observable for the types of traits that are better
predicted (phenology and kernel), compared to those that are
less well predicted inaverage (nutritional quality). However,
if both 36 and 360 SNPs sets are not sufficient to obtain satis-
fying PA, a plateau is obtained for most of the traits with only
3600 SNPs.

3.2 Correlation between broad-sense
heritability and prediction accuracy using
rrBLUP, 3600 SNPs, and a training set size of
80%

For the 11 traits for which we have two consecutive years
of phenotyping data, we calculated the broad-sense heritabil-
ity values (Table S1). Phenological traits are highly heritable
(e.g., for PHENO_bd with H2 = 0.96) and shell and kernel
traits have a lower heritability (e.g., for KERNEL_w with
H2 = 0.79). We calculated the correlation between H2 val-
ues and PA using rrBLUP, 3600 SNPs, and a training set
size of 80% (Figure 3). With a Pearson correlation coefficient
R = 0.68 and a p-value < 0.05, H2 is positively correlated
with PA, indicating that the higher the heritability of the trait,
the better the PA obtained. One exception is KERNEL_w, for
which the PA is high (0.53), despite a lower H2 (0.79).

3.3 Influence of prediction model on
prediction accuracy using 3600 SNPs and a
training set size of 80%

We tested six statistical models using 3600 SNPs and a train-
ing set size of 80% to observe the impact on the PA: BayesA,
BayesB, BayesC, BL, BRR, and rrBLUP. The models perform
differently according to the trait (Figure 4), but the range of
variation is limited for all the traits. For the types of traits that
are better predicted (phenology and kernel), the variation of
PA between models is very low inaverage. For example, for
PHENO_bd, the PA varies from 0.73 with BayesA to 0.75
with BL model.

However, some variations can be observed between mod-
els. For instance, BayesA gives higher PA for PHENO_d
(PA = 0.51 vs. 0.49 in average for the five other models)
or QUAL_sfa (PA = 0.41 vs. 0.38 in average for the five
other models); however, it gives worst PA for SHELL_ss
(PA = 0.13 vs. 0.19 in average for the five other models) and
KERNEL_w (PA = 0.51 vs. 0.53 in average for the five other
models). Using a random cross-validation of 10 repetitions,
BRR tends to give more unstable PA when observing the dis-
persion of the boxplots. For example, for KERNEL_v, BRR
gives a PA of 0.47 ± 0.07, while the five other models give an
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F I G U R E 2 Prediction accuracies obtained using ridge regression best linear unbiased prediction (rrBLUP) and a training set size of 80%
according to the single nucleotide polymorphism (SNP) density (364,275, 180,000, 36,000, 3600, 360, and 36 SNPs) for (A) phenological traits, (B)
nut traits, (C) shell traits, (D) nutritional quality traits, and (E) kernel traits. General trend: traits related to phenology, nut, and kernel are well
predicted, contrary to traits related to shell and nutritional quality; for most of the traits, 3600 SNPs are sufficient to give satisfying PA.

average PA of 0.50 ± 0.03. This tendency is also observable
for PHENO_d, NUT_l, SHELL_s, and QUAL_sfa, so for the
five types of traits. The model rrBLUP performs as well as
the other models in general: for highly heritable traits such as
phenological traits or kernel traits, rrBLUP is in the average
model, but for nut traits such as NUT_fd and NUT_pd, which
are less heritable, rrBLUP is not necessarily the best model.

3.4 Influence of training set size on
prediction accuracy using rrBLUP and 3600
SNPs

We tested four training set sizes using rrBLUP model and
3600 SNPs to observe the impact on the PA: 80%, 75%,

66%, and 55%. As previously observed for the SNP density,
the larger the training set size, the better the PA obtained
(Figure 5). However, differences are very low (e.g., for
PHENO_bd, between 0.74 using 80% and 0.70 using 50%),
and the dispersion of the boxplots is higher with a training
set size of 50%, as we can particularly observe for NUT_esv
(PA = 0.37 ± 0.11 vs. 0.43 ± 0.06 in average for the three
largest training set sizes) and NUT_v (PA = 0.35 ± 0.12 vs.
0.43 ± 0.05 in average for the three largest training set sizes),
for which the range of the phenotypic data is the larger (Table
S1).

We compared, for rrBLUP, a training set size of 80%, and
3600 SNPs, the random cross-validation using 10 or 100
repetitions. Results indicate that means and standard devia-
tions are highly similar for the 25 traits between 10 or 100
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H

F I G U R E 3 Broad-sense heritability (H2) values of 11 traits
phenotyped over two consecutive years, depending on PA for ridge
regression best linear unbiased prediction (rrBLUP), 3600 single
nucleotide polymorphisms (SNPs), and a training set size of 80%. The
pink dashed line represents the regression line (linear model). R is the
Pearson correlation coefficient and p is the p-value measuring the
significance of the correlation. PA is significantly positively correlated
with H2.

repetitions (Table 1). For example, a PA of 0.59 ± 0.03
is obtained for PHENO_mfd using 10 or 100 repetitions.
Using 100 repetitions does not necessarily decrease the stan-
dard deviation (e.g., for NUT_v, PA = 0.45 ± 0.02 using 10
repetitions vs. 0.40 ± 0.06 using 100 repetitions).

3.5 Optimization of the training set using
CDmean, PEVmean, and MeanRel algorithms

We tested four algorithms of optimization for a training set
size of 80% using rrBLUP model and 3600 SNPs to observe
the impact on the PA: random, CDmean, PEVmean, and
MeanRel criteria. Results show that PA is higher in most
cases (20 out of 25 traits) when an optimization algorithm
is applied (Table 2). CDmean, PEVmean, and MeanRel give
highest PA for five, seven, and nine traits, respectively. When
considering the type of traits, MeanRel gives lowest PA for
most of phenological traits, but highest PA for most of shell
traits. For instance, for PHENO_mfd, MeanRel gives a PA
of 0.22, whereas CDmean, PEVmean, and random give a PA
higher than 0.60; however, for SHELL_ss, all optimization
methods give a PA lower than 0.29, except for MeanRel for
which PA = 0.54. Within a type of trait, the use of CDmean
or PEVmean leads to contrasted results according to the trait.
As an example, when considering the nut traits, CDmean and
PEVmean give higher PA for NUT_l and NUT_fr but lower
PA for NUT_pd, NUT_v, and NUT_w. This observation is

T A B L E 1 Comparison of prediction accuracy for rrBLUP, 3600
SNPs, and 80% training set size according to the number of repetitions
in the random cross-validation.

Trait
Mean ± standard variation
for 10 repetitions

Mean ± SD for
100 repetitions

PHENO_d 0.48 ± 0.03 0.49 ± 0.03

PHENO_bd 0.74 ± 0.02 0.73 ± 0.02

PHENO_ffd 0.76 ± 0.01 0.76 ± 0.01

PHENO_mfd 0.59 ± 0.03 0.59 ± 0.03

NUT_l 0.44 ± 0.04 0.46 ± 0.05

NUT_fd 0.46 ± 0.04 0.48 ± 0.04

NUT_pd 0.42 ± 0.04 0.43 ± 0.04

NUT_v 0.45 ± 0.02 0.40 ± 0.06

NUT_esv 0.44 ± 0.03 0.43 ± 0.04

NUT_fr 0.43 ± 0.05 0.42 ± 0.04

NUT_w 0.37 ± 0.06 0.35 ± 0.05

SHELL_s 0.30 ± 0.04 0.29 ± 0.04

SHELL_r 0.31 ± 0.03 0.29 ± 0.04

SHELL_v 0.23 ± 0.05 0.21 ± 0.06

SHELL_t 0.15 ± 0.04 0.14 ± 0.04

SHELL_sa 0.36 ± 0.05 0.38 ± 0.05

SHELL_ss 0.22 ± 0.03 0.21 ± 0.04

SHELL_fs 0.18 ± 0.05 0.16 ± 0.05

QUAL_sfa 0.37 ± 0.04 0.39 ± 0.03

QUAL_mufa 0.39 ± 0.05 0.41 ± 0.03

QUAL_pufa 0.34 ± 0.03 0.36 ± 0.04

QUAL_t 0.08 ± 0.04 0.06 ± 0.04

QUAL_vea −0.08 ± 0.08 −0.05 ± 0.06

KERNEL_v 0.49 ± 0.03 0.48 ± 0.04

KERNEL_w 0.53 ± 0.02 0.51 ± 0.03

Abbreviations: rrBLUP, ridge regression best linear unbiased prediction; SNP,
single nucleotide polymorphism.

the same when considering shell traits, for which CDmean
and PEVmean give higher PA for SHELL_s, SHELL_t,
and SHELL_sa, but lower for SHELL_v, SHELL_ss, and
SHELL_fs. We calculated the gain of each optimization
method for all traits (Table 2). Considering all traits, the aver-
age gains using CDmean, PEVmean, and MeanRel are 24%,
37%, and 8%, respectively, compared to random. The results
confirm the best PA for shell traits using MeanRel (e.g., a
gain of 104% for SHELL_s), with an average gain of 60%
compared to random.

We compared, for rrBLUP, a training set size of 80%,
the 0.1% set of 3600 SNPs, and the random cross-validation
using 10 repetitions, the PA given by using the “rrBLUP” R
package or using the “STPGA” R package, the latter auto-
matically implementing a step of dimensionality reduction of
the genotyping matrix using the singular value decomposi-
tion (SVD) method. Results indicate that means are highly
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F I G U R E 4 Prediction accuracies obtained using 3600 single nucleotide polymorphisms (SNPs) and a training set size of 80% according to the
prediction model (BayesA, BayesB, BayesC, Bayesian LASSO [BL], Bayesian ridge regression [BRR], and ridge regression best linear unbiased
prediction [rrBLUP]) for (A) phenological traits, (B) nut traits, (C) shell traits, (D) nutritional quality traits, and (E) kernel traits. General trend: the
range of variation of PA between models is limited; BRR gives more unstable PA; rrBLUP performs in the average. LASSO, least absolute shrinkage
and selection operator.

similar for the 25 traits (Table S3). For example, a PA of
0.74 ± 0.02 is obtained for PHENO_bd not considering SVD,
or PA = 0.75 ± 0.06 considering SVD. However, the standard
deviation is higher considering SVD (e.g., for NUT_w, PA of
0.37 ± 0.06 not considering SVD and 0.35 ± 0.25 considering
SVD).

3.6 Addition of SNP peaks from GWAS as
fixed-effect cofactors

For three traits (PHENO_bd, NUT_l, and KERNEL_w), we
added SNP peaks from GWAS previously conducted, as fixed-
effect cofactors using rrBLUP model, the same set of 364,275

SNPs as used in GWAS, and a training set size of 80%, to
observe the impact on the PA. We tested two configurations:
including all significant SNPs and only the “top” SNP based
on significance. For PHENO_bd, five SNPs were previously
identified including two with a percentage of explained vari-
ance (PEV) higher than 25% using FarmCPU model (Table
S2). For NUT_l and KERNEL_w, four and three SNPs were
previously identified, respectively, with a PEV lesser than
15% using Fixed and random model Circulating Probability
Unification (FarmCPU) model.

Regarding PHENO_bd, the addition of the five SNPs
associated to the trait by GWAS as fixed-effect cofactors dras-
tically decreases the PA. Without optimization, a PA of 0.78 is
obtained, and when SNPs are included as fixed-effect cofac-
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F I G U R E 5 Prediction accuracies obtained using ridge regression best linear unbiased prediction (rrBLUP) and 3600 single nucleotide
polymorphisms (SNPs) according to the training set size (80%, 75%, 66%, and 50%) for (A) phenological traits, (B) nut traits, (C) shell traits, (D)
nutritional quality traits, and (E) kernel traits. General trend: a larger training population size gives higher PA.

tors, the PA drops to 0.39 (Table S4). The PA is drastically
decreased as well when applying a training set optimization
algorithm such as CDmean or PEVmean (e.g., for PHENO_bd
and CDmean: PA = 0.78 vs. when SNPs are included as
fixed-effect cofactors: PA = 0.56). For NUT_l, the results are
similar, with an average PA of 0.25 and 0.46, when including
or not the four SNPs associated to the trait by GWAS as fixed-
effect cofactors, respectively. Concerning KERNEL_w, the
combination of training set optimization algorithm and addi-
tion of three SNPs peaks from GWAS as fixed-effect cofactors
can slightly increase the prediction (e.g., for PEVmean, PA of
0.34, and when SNPs are included as fixed-effect cofactors,
PA of 0.35).

When including only the “top” SNP identified previously
in GWAS as one single fixed-effect cofactor, the decrease of
PA is much more limited. For instance, for PHENO_bd, we

previously observed a decrease of PA of 0.39 in random con-
dition including the five significant SNPs, but the decrease
is only 0.05 in random condition as well including only the
“top” SNP. We still observe a slight increase of PA for KER-
NEL_w when using the combination of CDmean or PEVmean
and “top” SNP as fixed-effect cofactor (e.g., PA = 0.33 with
PEVmean and PA = 0.36 with PEVmean + “top” SNP).

4 DISCUSSION

The objective of this study was to explore, for the first time,
the potential of GP in walnut, regarding traits related to phe-
nology and walnut quality, using a core-collection of 170
accessions. We investigated three factors influencing PA: the
SNP density (from total set of the Axiom J. regia 700K SNP



BERNARD ET AL. 11 of 20The Plant Genome

T A B L E 2 prediction accuracies obtained using rrBLUP and 3600 SNPs according to the training set optimization algorithm for a training set
size of 80%.

Trait
Random
Mean ± SD

CDmean
Mean ± SD

PEVmean
Mean ± SD

MeanRel
Mean ± SD

Gain %
CDmean

Gain %
PEVmean

Gain %
MeanRel

PHENO_d 0.49 ± 0.15 0.44 ± 0.06 0.45 ± 0.08 0.47 ± 0.00 −10 −8 −4

PHENO_bd 0.75 ± 0.06 0.80 ± 0.01 0.80 ± 0.01 0.55 ± 0.00 7 7 −27

PHENO_ffd 0.77 ± 0.08 0.78 ± 0.01 0.79 ± 0.01 0.66 ± 0.00 1 3 −14

PHENO_mfd 0.61 ± 0.11 0.65 ± 0.03 0.63 ± 0.02 0.22 ± 0.00 7 3 −64

NUT_l 0.47 ± 0.13 0.54 ± 0.01 0.51 ± 0.01 0.56 ± 0.00 15 9 19

NUT_fd 0.46 ± 0.08 0.49 ± 0.09 0.44 ± 0.06 0.50 ± 0.00 7 −4 9

NUT_pd 0.50 ± 0.09 0.46 ± 0.04 0.39 ± 0.05 0.30 ± 0.00 −8 −22 −40

NUT_v 0.46 ± 0.20 0.46 ± 0.01 0.39 ± 0.07 0.43 ± 0.00 0 −15 −7

NUT_esv 0.46 ± 0.11 0.52 ± 0.02 0.43 ± 0.05 0.50 ± 0.00 13 −7 9

NUT_fr 0.48 ± 0.10 0.53 ± 0.00 0.56 ± 0.05 0.44 ± 0.00 10 17 −8

NUT_w 0.35 ± 0.25 0.27 ± 0.08 0.20 ± 0.07 0.28 ± 0.00 −23 −43 −0

SHELL_s 0.23 ± 0.16 0.26 ± 0.02 0.29 ± 0.01 0.47 ± 0.00 13 26 104

SHELL_r 0.30 ± 0.17 0.25 ± 0.02 0.29 ± 0.01 0.47 ± 0.00 −17 −3 57

SHELL_v 0.23 ± 0.20 0.15 ± 0.07 0.12 ± 0.09 0.27 ± 0.00 −35 −48 17

SHELL_t 0.11 ± 0.12 0.20 ± 0.10 0.21 ± 0.15 0.17 ± 0.00 82 91 55

SHELL_sa 0.35 ± 0.11 0.40 ± 0.00 0.32 ± 0.07 0.42 ± 0.00 14 −9 20

SHELL_ss 0.28 ± 0.15 0.16 ± 0.03 0.02 ± 0.14 0.54 ± 0.00 −43 −93 93

SHELL_fs 0.14 ± 0.10 0.08 ± 0.03 0.09 ± 0.10 0.24 ± 0.00 −43 −36 71

QUAL_sfa 0.45 ± 0.11 0.46 ± 0.02 0.47 ± 0.04 0.37 ± 0.00 2 4 −18

QUAL_mufa 0.38 ± 0.13 0.49 ± 0.03 0.48 ± 0.01 0.18 ± 0.00 29 26 −53

QUAL_pufa 0.38 ± 0.09 0.33 ± 0.01 0.35 ± 0.03 0.13 ± 0.00 −13 −8 −66

QUAL_t 0.11 ± 0.12 0.24 ± 0.10 0.27 ± 0.04 0.20 ± 0.00 118 145 82

QUAL_vea 0.02 ± 0.09 0.12 ± 0.11 0.21 ± 0.03 0.02 ± 0.00 500 950 0

KERNEL_v 0.49 ± 0.14 0.46 ± 0.05 0.41 ± 0.04 0.43 ± 0.00 −6 −16 −12

KERNEL_w 0.47 ± 0.07 0.39 ± 0.08 0.30 ± 0.04 0.47 ± 0.00 −17 −36 0

Mean 24 37 8

Note: Best prediction accuracies considering standard deviation are given in gray. Gain in prediction accuracy is estimated as follows: [(Optimum method −
Random)/Random] × 100.
Abbreviations: CDmean, coefficient of determination mean; MeanRel, mean relatedness; PEVmean; prediction error variance mean; rrBLUP, ridge regression best linear
unbiased prediction; SNP, single nucleotide polymorphism.

used for GWAS to 0.01% set of 36 SNPs), the model used
(rrBLUP, Bayesian alphabet, BL, and BRR), and the training
set size (from 80% to 50%). We explored as well two optimiza-
tion levers: the optimization of the composition of the training
set (using CDmean, PEVmean, and MeanRel algorithms), and
accounting for prior information about genetic architecture of
the traits, based on GWAS (using SNPs associated to the trait
as fixed-effect cofactors).

4.1 Genomic prediction in walnut using a
core-collection and the Axiom J. regia 700K
SNP is promising

Walnut breeders are compelled to wait 6–7 years before
observing the first fruit characteristics of any hybrid resulting

from a biparental cross. Our study revealed that GP within
a diversity panel gives promising results in walnut, since
PA reached 0.74 for PHENO_bd and 0.53 for KERNEL_w
(rrBLUP, 3600 SNPs, training size of 80%), two major traits
related to phenology and fruit quality, respectively. Because of
the long generation time and juvenile period, such promising
results can give new perspectives in any new walnut breeding
program. In diversity panels, typically consisting of unrelated
individuals, a broader allelic diversity of the species is rep-
resented. This leads generally to a faster LD decay along
the genome, contrary to family-based panels, in which large
blocks with high LD come from shared ancestry. A broad
genetic background could make harder the evaluation of the
effect of SNPs on the traits in diversity panel, potentially lead-
ing to lower PA for specific traits, but may make it more
applicable across diverse populations. In other words, high
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PA obtained within a family can drop dramatically when the
trained model is applied to a progeny from unrelated popula-
tions. Ben Hassen et al. (2018) showed in rice that maximum
PA of 0.65, obtained with a model trained within a diversity
panel of 284 accessions for “days to flowering” trait, drops
to 0.51 in 97 inbred lines from 36 biparental crosses, involv-
ing 31 accessions of the diversity panel. This study confirms
this statement, but also the reliability of such diversity pan-
els to predict progenies, especially if they come from parents
included in the diversity panel.

In annual species, such as pea, a diversity panel of 372
accessions was investigated as well to predict complex traits,
such as “beginning of flowering,” for which PA varied from
0.28, using SPLS-DAPC model, to 0.46 using genomic best
linear unbiased prediction (GBLUP) model, for the same year
of phenotyping (Burstin et al., 2015). However, on perennial
species, many investigations of GP involved an F1 pseudo-
testcross population as training set, as conducted in apricot
(Nsibi et al., 2020), or several families, as conducted in
citrus (Minamikawa et al., 2017) and pear (Kumar et al.,
2019). Fortunately, as we have done on walnut, several stud-
ies investigated the reliability of GP models trained using a
diversity panel, particularly in grapevine. A diversity panel
of 279 grapevine accessions was genotyped with SNPs from
genotyping-by-sequencing and microarray, and both datasets
are suitable to train an rrBLUP model to predict 152 response
variables, with an average PA of 0.42 (Flutre et al., 2022).
Brault et al. (2022) trained models from the same diversity
panel and 15 traits including phenology and fruit quality, and
tested 10 pseudo-F1 biparental families obtained by crossing
five cultivars: an average per-trait PA of 0.60 was obtained at
the scale of the cross mean. In apple, Roth et al. (2020) inves-
tigated the GP of fruit texture using acoustic and mechanical
measurements in biparental families using a training set con-
sisting of 259 accessions and PA varied depending on the
family considered.

When comparing these findings to walnut, our study sup-
ports the trend observed in other fruit species that diversity
panels can be used effectively for GP. Despite having only 170
accessions, the INRAE Prunus-Juglans Biological Resources
Center core collection could still serve as a valuable GP
resource. This suggests that our core collection is well-defined
and suitable for key traits such as phenology, nut size, and ker-
nel size, helping to reduce both phenotyping and genotyping
costs and time.

4.2 Several factors influence PA and choice
of the model has to be made according to the
trait

Several factors can influence PA including the heritability of
the trait as it was shown in previous studies (Desta & Ortiz,

2014; Poland et al., 2012). We observed in walnut as well a
positive correlation between PA and broad-sense heritability.
Since phenological traits are highly heritable, it is not surpris-
ing to obtain high PA. However, KERNEL_w is surprisingly
well predicted while less heritable compared to SHELL_ss for
which H2 is the same (0.79). This result cannot be explained
by the range of the BLUPs. In fact, we investigated the level of
correlation between the range of the phenotypic data of the 25
traits and PA for rrBLUP, 3600 SNPs, and a training set size
of 80% (data not shown), and results showed no correlation
(Pearson correlation coefficient R= 0.09 and a p-value= 0.7).
This indicates that PA is not influenced by the level of vari-
ability of the trait, which is, however, extremely different in
our study: We have a low range considering the BLUPs val-
ues for the traits phenotyped over 2 years, but a high range for
the other traits phenotyped only 1 year. The high PA of KER-
NEL_w may be due to hypothetical high LD between SNPs
and causal variants that may enhance the model’s ability to
capture the genetic architecture of the trait.

A previous study on pepper highlighted that highly cor-
related traits showed similar patterns of PA between the
models tested (Hong et al., 2020). We observed this tendency
as well in walnut. For phenological traits, PHENO_bd and
PHENO_ffd are highly positively correlated with a coefficient
of correlation of 0.83 (Bernard et al., 2020), and both traits
share the same pattern: a PA of 0.74 and 0.76, respectively,
with no important difference between models. For nut traits,
NUT_fd and NUT_pd, positively correlated with r = 0.87
(Bernard et al., 2021), the pattern was similar as well: the best
PA was obtained with BayesC (0.54 and 0.50, respectively),
and the worst PA was obtained with rrBLUP (0.46 and 0.42,
respectively).

Not surprisingly, a higher density of SNPs led to a better
PA, thanks to a higher probability to include markers in LD
with the causal variants. This was already demonstrated in
apricot (Nsibi et al., 2020), in which a plateau is reached with
6103 SNPs, representing only 10% of the total set of markers,
which is comparable to our study, in which a plateau is tended
to be reached with 3600 SNPs. While increasing SNP den-
sity generally improves PA, the gain is not linear and adding
more SNPs may bring marginal improvements, particularly if
they are in strong LD with existing ones. Increasing SNP den-
sity can even sometimes reduce the PA, such as for SHELL_s
in our study, probably because of multicollinearity between
markers, that leads to overfitting the model (Muir, 2007). For
practical purposes, identifying the optimal minimum number
of SNPs needed to achieve sufficient PA while reducing com-
putational requirements, is fundamental for developing a new
low-density array that would be cost-effective and useful in
breeding program.

The method of SNP density reduction can have an impact
as well. In our total set of SNPs, a previous filtering based
on minor allele frequency and redundancy in the genome was
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conducted for GWAS analyses. Then, to select the reduced set
(top 50%, top 10%, etc.), a choice was made based on the vari-
ance of the SNPs, that is to say on their level of polymorphism.
However, such method may lead to a bias if some genomic
regions are more polymorphic, and another solution would be
to reduce the SNP density based on LD pruning, in order to
keep all the potential genomic regions associated to a trait. In
our study, similarly to a higher SNP density, a higher training
set size led to a better PA, as it was observed as well in apricot
(Nsibi et al., 2020), for which a training set size of 75% sys-
tematically gives a higher PA for all traits compared to a size
of 50%.

For most of our traits studied, the impact of the model
on PA was observable, but not tremendous, compared to the
work of Heslot et al. (2012). There was no model that clearly
outperforms the others. For instance, for the four phenolog-
ical traits, the best model was different (BL, BRR, BayesA,
or BayesC depending on the trait). Regarding the relatively
fast computational time of rrBLUP model (Ahmadi et al.,
2021), one can consider to test this model first in order to
obtain an idea of the ability to predict one trait. However,
a limitation in using rrBLUP would be assumption of equal
contribution of all SNPs to the variation of the trait, that may
not be suitable for oligogenic traits governed by major loci.
In the case of a trait with few underlying loci of large effect,
Bayesian models will outperform rrBLUP, as it was demon-
strated in loblolly pine (Resende et al., 2012). The choice of
model depends on the trait and whatever the model, some
traits are not well predicted. In our study, this is the case for
two traits, QUAL_t and QUAL_vea, that even reached nega-
tive PA, indicating that the prediction models underperformed
than a random permutation. Tocopherols are vitamin E deriva-
tives with antioxidant properties, and together with vitamin E
activity, they are both traits that were quantified in one single
year. A work conducted by Amaral et al. (2005) showed that,
besides significant differences in tocopherols content between
nine walnut cultivars, these differences were significant as
well considering 3 years of walnut production, indicating that
vitamin E composition is influenced by environmental factors.
Even though walnut is a valuable source of vitamin E, consid-
ering that 100 g of kernels provides 140% of daily need (Şen
& Karadeniz, 2015), the content may be more dependent on
orchard management and climatic conditions than genotype,
potentially leading to a low heritability of this trait.

4.3 Optimization levers are still to be
investigated

Our results highlighted the contribution of CDmean,
PEVmean, and MeanRel as training set optimization methods
for some traits using rrBLUP, but not systematically. Our
results were not able to give a trend. For instance, PEVmean

was the best method for seven traits but the worst for 10 traits.
Similarly, using MeanRel gave the best PA for nine traits,
but the worst for nine other traits, while using CDmean gave
the best and worst PA for five and three traits, respectively.
CDmean takes into account covariance among genotypes and
prevents the selection of closely related individuals (Isidro y
Sánchez et al., 2015; Rincent et al., 2012). While this can be
beneficial for maximizing genetic diversity, it may introduce
higher variability in cross-validation, reducing PA stability.
In our study, CDmean was a stable method, considering
the standard deviation, but did not emerge as a universally
effective method for all our traits. PEVmean was the best
method for nine traits in walnut and has been shown to
outperform random method in winter wheat (Sarinelli et al.,
2019). However, it also performed poorly for other traits,
suggesting that its benefits are trait-dependent. MeanRel,
which prioritizes genetic relatedness, consistently selects
highly related individuals. This reduces variability but may
also lead to overfitting and redundancy in cross-validation.

In our study, the average gain across all traits was pos-
itive for the three optimization methods. However, high
levels of gain were observed for QUAL_t and QUAL_vea
using CDmean and PEVmean because the PA obtained
without optimization was tremendously low. Although the
gain seemed substantial, the PA after optimization remained
low. When discarding these two traits to estimate the gain,
the average gains were −1%, −7%, and 8% for CDmean,
PEVmean, and MeanRel, respectively. The higher potential
gain of MeanRel was due to its superior capacity to predict
shell-related traits only. This suggests that MeanRel may be
more suitable for traits influenced by highly related genetic
backgrounds, while CDmean and PEVmean may be more
beneficial when maximizing genetic diversity is important.
The challenge lies in determining which traits benefit more
from selecting related versus distant individuals.

In our core-collection of 170 accessions, a structure of
K= 2 was previously determined, and no specific effect of this
structure was shown on the traits in average (Bernard et al.,
2020, 2021). It means that, by using principal component
analysis, there is no group that contains more large-fruited
accessions or earlier accessions in phenology. However, it
would be interesting to verify, trait by trait, the propor-
tion of representativeness of each group according to the
optimization method. Our results tended to show that the
method of training set optimization has more impact than
the choice of the model on PA, and this was also proved by
Fernández-González et al. (2023).

Nsibi et al. (2020) in apricot showed that the inclusion
of GWAS markers as fixed effect cofactors can improve PA
using rrBLUP for most of fruit quality traits tested. However,
adding SNPs from GWAS as cofactors worsened most of PA
in our study, even though the same panel, the same phenotypic
data and the same genotypic data were used for both GWAS
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and GP. We considered SNP peaks from GWAS previously
identified using FarmCPU (Bernard et al., 2020, 2021), and
while this model can reduce confounding effects, it does not
model epistatic interactions (X. Liu et al., 2016); if the GWAS
SNPs are tightly linked, including them as fixed effects can
lead to overfitting in the GP model. We did not investigate
epistatic interactions for our traits in walnut but flowering
date, for instance, is a trait known to involve epistasis in bar-
ley (Afsharyan et al., 2020), soybean (K. H. Kim et al., 2020),
and rice (C. Liu et al., 2021). Epistatic interactions may play
a role as well in fruit tree species flowering, as it was already
observed in apricot (Morgane Roth, personal communication,
April 2, 2024). Bayesian methods can better accommodate the
inclusion of SNPs from GWAS by assigning different priors
to the SNP effects, contrary to methods based on regression
such as rrBLUP. When comparing the results by the inclu-
sion of all significant SNPs or only the “top” SNP, we clearly
observed a lower decrease of PA, indicating a lower overfit-
ting of the model. However, we would not suggest to include
SNP from GWAS as fixed-effect cofactors to improve PA in
our experimental design.

4.4 Comparison of GWAS and GP based on
performance metrics

In order to know if GS is a promising method for walnut breed-
ing compared to more classical MAS based on GWAS results,
we compiled for each trait a table summarizing key statistics
(Table 3). We chose the following criteria to evaluate the per-
formance of both methods: (i) MAS is suggested if less than
three SNPs explain a percentage of variance higher than 30%
(PEV > 30%) based on GWAS results using FarmCPU model
previously identified (Bernard et al., 2020, 2021); (ii) GS is
suggested if PA is higher than 0.40.

Based on our criteria, GS is the only method of selec-
tion suggested for 3 traits: PHENO_mfd, NUT_pd, and
KERNEL_w. On the contrary, MAS is the only method of
selection suggested for 3 traits: SHELL_sa, QUAL_mufa,
and QUAL_t. Interestingly, both MAS and GS can be suit-
able for most of traits related to phenology and nut, and for
KERNEL_v (Table 3). For most of shell traits and nutritional
quality traits, neither method can be recommended because of
missing marker-trait association explaining a sufficient per-
centage of variance identified in GWAS and low PA in GP.
These traits were phenotyped for one single year and it could
be the reason why we did not find any associated SNP in
GWAS neither satisfying PA in GP. For most of phenologi-
cal traits, both methods are suitable, but given the cumulative
PEV of the “top 3” SNPs identified in GWAS, we could pre-
conize MAS as a first approach. Moreover, for PHENO_bd, a
marker based on the top SNP detected in GWAS on chromo-
some 1 is already developed for breeding and validated using

plant material from 96 breeding line accessions of the Walnut
Improvement Program of the University of California, Davis
(Bernard et al., 2020).

While both approaches offer valuable insights, they serve
different purposes in breeding programs. GWAS is a powerful
tool for identifying loci associated with key traits, facilitat-
ing MAS when major QTLs are involved. However, it is less
effective for highly polygenic traits. GP, in contrast, leverages
genome-wide marker data to estimate breeding values, mak-
ing it particularly useful for complex traits. In walnut breeding
applications, both methods can be complementary, depending
on the objectives.

4.5 Comparison of genomic prediction
across fruit tree species and implication for
walnut breeding

The application of GP has emerged as a powerful tool
for accelerating breeding programs in various fruit tree
species, including apple, pear, peach, sweet cherry, citrus,
and grapevine. Similar to our findings in walnut, these stud-
ies consistently demonstrate the potential of GP for complex
traits, particularly those related to fruit quality, often a prior-
ity in breeding (Iwata et al., 2016). In apple, more than 1000
seedlings from a factorial mating design involving four female
and two male parents were genotyped using an 8K SNPs array,
and rrBLUP was then applied to predict various fruit quality
traits with high accuracy, such as astringency (PA = 0.67),
firmness (PA = 0.83), and soluble solids content (PA = 0.89)
(Kumar et al., 2012). More recently, Minamikawa et al. (2024)
demonstrated that GP accuracy for traits such as skin col-
oration, harvest time, and malic acid content was improved
by combining SNP array data with newer genotyping tech-
nologies, such as random amplicon sequencing-direct systems
(more than 22K SNPs in total), when using parental and
breeding populations. In pear, a biparental population of 310
individuals was genotyped using genotyping-by-sequencing,
and a fivefold cross-validation with rrBLUP revealed that PA
ranged from 0.33 for fruit core vertical diameter to 0.65 for
stone cell content (Sun et al., 2024). Additionally, the authors
showed that as few as 2000 SNPs were sufficient to achieve
reasonably accurate PA.

In peach, a European study analyzed 1147 individuals from
biparental populations derived from four crosses in Italy, two
in France, and five in Spain. These individuals were geno-
typed using a 9K SNPs array (Biscarini et al., 2017). By
applying the GBLUP model in a fivefold cross-validation, PA
varied considerably across crosses. However, when averaged,
PA ranged from 0.72 for sugar content to 0.65 for titratable
acidity and 0.60 for fruit weight. Hardner et al. (2022) fur-
ther explored the integration of genotype by environment (G
× E) interactions in GP using both univariate and multivariate
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T A B L E 3 Comparison of performance metrics between GWAS using FarmCPU and GP using rrBLUP for suggesting a selection method
(marker-assisted selection [MAS] or genomic selection [GS]).

Trait
GWAS
significant SNPs

Top SNP PEV
(%)

Cumulative top
three SNP PEV (%)

Mean GP
accuracy

Suggested
methoda

PHENO_d 1 77.2 77.2 0.48 MAS/GS

PHENO_bd 5 30.6 64.7 0.74 MAS/GS

PHENO_ffd 2 36.2 67.4 0.76 MAS/GS

PHENO_mfd 2 6.1 8.0 0.59 GS

NUT_l 4 15.4 44.4 0.44 MAS/GS

NUT_fd 4 26.4 52.0 0.46 MAS/GS

NUT_pd 2 16.5 16.6 0.42 GS

NUT_v 6 17.33 50.8 0.45 MAS/GS

NUT_esv 4 17.1 50.1 0.44 MAS/GS

NUT_fr 4 20.4 42.6 0.43 MAS/GS

NUT_w 5 17.1 24.8 0.37 No method

SHELL_s 0 – – 0.30 No method

SHELL_r 0 – – 0.31 No method

SHELL_v 0 – – 0.23 No method

SHELL_t 1 13.7 13.7 0.15 No method

SHELL_sa 2 16.5 32.6 0.36 MAS

SHELL_ss 2 14.8 27.0 0.22 No method

SHELL_fs 2 16.1 27.4 0.18 No method

QUAL_sfa 0 – – 0.37 No method

QUAL_mufa 5 17.7 45.6 0.39 MAS

QUAL_pufa 0 – – 0.34 No method

QUAL_t 8 18.2 44.8 0.08 MAS

QUAL_vea 2 13.8 19.1 −0.08 No method

KERNEL_v 3 25.0 65.5 0.49 MAS/GS

KERNEL_w 3 11.5 26.7 0.53 GS

Note: MAS if < 3 SNPs explain a PEV > 30%; GS if GP accuracy > 0.4.
Abbreviations: GP, genomic prediction; GWAS, genome-wide association study; PEV, percentage of explained variance; rrBLUP, ridge regression best linear unbiased
prediction; SNP, single nucleotide polymorphism.
aThreshold for decision.

linear models for soluble solids content, and 577 accessions
from three peach breeding programs across four trial locations
in the United States. The results showed that in some cases,
PA was higher when data from multiple trials were combined.
In grapevine, using genotyping-by-sequencing and individ-
uals of two breeding programs, application of the GBLUP
model in a fivefold cross-validation revealed that PA varied
from 0.50 to 0.86 across traits (Brault et al., 2024). In this
study, traits related to anthocyanin content were better pre-
dicted than those related to sugar and acid content. In sweet
cherry, using the GBLUP model in a fivefold cross-validation
as well, Munyengwa et al. (2023) showed that GP based on
both individual SNPs and genealogy-based haplotypes fit-
ted as pseudo-biallelic loci can lead to high PA for firmness
(0.67). However, using pseudo-biallelic loci instead of indi-
vidual SNPs did not improve or reduce PA. As a final example,

a study on citrus focusing on fruit weight, sugar content,
and acid content showed that the use of single-step GBLUP,
a GP method combining the kinship information from both
genotyped and non-genotyped relatives, can improve PA for
non-genotyped individuals (Imai et al., 2019).

This review of the literature highlights many similarities
across fruit tree species with a long juvenile period: the pre-
diction of polygenic traits, the use of rrBLUP or GBLUP
models, a genotyping primarily based on SNP arrays, the
application of fivefold cross-validation, and the assessment of
factors such as SNP density and training population size that
can influence PA. While the general methodology and objec-
tives of predicting complex traits are similar across species,
there are notable differences and unique challenges. A key fac-
tor in building robust GP models is the availability of genomic
resources and appropriate plant material for training. In most
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fruit tree species, GP models have been trained using classical
SNP data, but in walnut, complementary genotyping informa-
tion such as haplotypes or sequence data is still lacking, while
it is beginning to emerge in other species. Similarly, the oppor-
tunity to test models within a breeding population remains a
milestone for validating trained models—yet this step has not
been achieved in walnut so far. Another important aspect is the
presence of species-specific traits that probably have distinct
genetic architectures. For example, the fatty acids composi-
tion is specific to nut species. As a result, there is likely less
information available in the literature to guide the choice of
appropriate models for these traits. Moreover, the integration
of prior knowledge from quantitative genetics studies is not
consistently effective. Finally, we anticipate the development
of more complex models incorporating epistasis. In our study,
we explored kinship matrices based on additive, dominance,
and epistatic effects. The results (data not shown) suggest that
allelic interactions, both within and between loci, are very lim-
ited in our panel of accessions and with the SNPs used from
the array, probably because of a limited heterozygosity rate of
0.3.

Despite these challenges, GS holds significant promise for
walnut breeding, as our findings align with the broader trend
of applying GS to accelerate improvement in perennial fruit
crops. However, the unique biological characteristics of wal-
nut may require adapted strategies. Continued progress in
developing genomic resources, refining phenotyping meth-
ods, and optimizing statistical models will be essential to
fully harness the potential of GS for enhancing cultivar
development in this species.

5 CONCLUSION

This study highlights that the use of the INRAE core-
collection of 170 walnut accessions as a training set and the
Axiom J. regia array can give high PA for several complex
traits, particularly for phenological traits that are crucial for
future climate change adaptation. The results showed (i) a
plateau of PA considering an SNP set of 1% from the total
set of the array for all traits, (ii) a limited impact of the model
and the training set size on PA for all traits, (iii) an improve-
ment of PA when applying an optimization method for most
of the traits, but (iv) an overcorrection when including SNP
peaks from GWAS as fixed-effect cofactors. For any walnut
breeding program, this work can represent a valuable tool to
improve the traits governed by many loci with low effects in
order to reduce the time of breeding and reduce the labor in
phenotyping the walnut quality of hybrids.

As a perspective, it would be interesting to test the mod-
els trained using this diversity panel, having a wide range of
alleles, in an F1 population from a biparental cross. However,
since the walnut breeding program has ceased in France, we

can only hope that walnut breeders worldwide will use our
data and genotype their populations using the same array, with
likely better results if the parents are part of our core collec-
tion. Considering the priorities in selection—phenology and
kernel—and our comparison of performance between MAS
and GS, we suggest to implement MAS for selecting indi-
viduals for budbreak date, but we recommend to develop GS
for selecting individuals for other traits, including the ker-
nel weight. However, GS is more complex to implement, and
breeders must be proficient in R scripts and interpreting GP
results, which are often more intricate than classical MAS.
Therefore, the choice of approach will ultimately depend on
the breeder’s financial resources and the support they can
access for the analyses.

We could consider to test multi-trait models and investiga-
tion of G × E interactions as well in a next step. Multi-trait GS
can improve PA by leveraging genetic correlations, enabling
the selection of low-heritability traits using information from
correlated, higher heritability traits. However, challenges
include increased model complexity, the need for large high-
quality datasets, and potential conflicts between traits with
unfavorable correlations. G × E interactions can provide
insights into the effects of loci associated with specific cli-
matic conditions, but this requires planting the core collection
across multiple sites with contrasting climates.
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