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Abstract

Brown rot, caused by Monilinia spp., is one of the most important postharvest diseases of stone fruits worldwide. Brown rot resistance in peach is
a polygenic trait controlled by multiple genes with a small effect. In this study, we assessed the feasibility of genomic prediction (GP) for brown
rot resistance in peach using eight contrasting methods (GBLUP, rrBLUP, BayesA, BayesB, BayesC, Bayesian Ridge Regression, Bayesian Lasso and
RKHS). A testing panel of 38 cultivars/advanced selections and 288 F, individuals from 27 pedigree-related breeding families with 'Bolinha' and/or
‘Contender' or almond source of resistance was phenotyped over six seasons (2015 to 2020). GP models outperformed MAS models under five-
fold cross validation, and low to moderate predictive accuracy (PA) was achieved by fitting GP model for wounded (W) (0.092—0.449) and low PA
for non-wounded (NW) disease severity index (0.129-0.295). An alternative cross validation approach using disease severity index recorded in lab
to predict field disease incidence (FDI) in unphenotyped accessions revealed moderate correlation (0.548—0.553). Genomic predicted breeding
value distinguished accessions with low FDI from those with high FDI. The results presented here demonstrated feasibility of incorporating GP in
peach breeding.
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INTRODUCTION

Peach [Prunus persica (L) Batsch], belongs to the Prunus
genus and Rosaceae family and is the third most produced
temperate tree fruit species behind apple and pearl"! with an
estimated worldwide production of over 25 million metric
tons(2l,

Peach breeders are constantly developing cultivars with high
horticultural and fruit quality traits along with improved
disease resistancel34. However, like in other woody perennial
crops, breeding of peach is not an easy task. Due to the long
juvenile stage and large plant size, peach breeding requires
significant time and labor input®l. Developing peach cultivars
with disease resistance is particularly challenging. Sources of
disease resistance are often present in exotic germplasm (land-
races, wild relatives, and unadapted material) with unfavorable
horticultural traits. Thus, introgression of resistance alleles to
elite cultivars can take many generations, especially for those
disease resistance traits that are polygenic in nature and
controlled by many genes with small effect!346-8l, The use of
predictive DNA information provides tools to make precise
selection in different breeding stages (pre-breeding, parental
and seedling selection, and advanced selection), which can
accelerate genetic improvement and increase breeding
efficiencyl”l,

DNA-informed breeding is becoming conventional for peach
and other Rosaceae cropsl’l. Using trait associated markers or
tagging genes, breeders can select desirable individuals early in
the development stage, and this strategy is called marker-
assisted selection (MAS)['911], In peach, markers associated with
fruit quality traits'2 and disease resistancel'3] have been
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identified and applied in breeding. However, MAS is suitable
only for monogenic traits or simple quantitative traits which are
controlled by small numbers of genes with relatively large
effectsl'. Many complex traitsl®8! are controlled by multiple
QTLs with relatively small effects and are highly sensitive to
environmental conditions. Although the combined effects of
those QTLs could be significant, the individual effects are
difficult to capture, thus under this scenario, MAS would not be
effectivel’d. To overcome the limitation of MAS, genomic
selection (GS) was proposed as an alternative approach. Instead
of using only the markers with large effect, GS accounts for
effects of whole genome markers simultaneously to predict
genomic estimated breeding value (GEBV) for each individual,
and can potentially explain more genetic variance than MAS,
therefore is more appropriate for handling complicated traits
with low heritability>'4. In Rosaceae crops, genomic prediction
models have been successfully applied to different traits, for
example, fruit texturel'), fruit firmness, soluble solids
concentration and weighted cortical intensityl'®! in apple;
harvest time, fruit weight, flesh firmness, sugar content and
heart rot in pearl’”); fruit weight, yield and soluble solids
content in strawberry!'8l; and fruit weight, sugar content and
titratable acidity in peach!"l.

A number of genomic prediction (GP) models have been
developed as tools to facilitate GS. Different statistical methods
have been implemented to solve the problem of limited
number of phenotypic data and large number of genotypic
datal20l, These models differ in their assumptions of the
underlying genetic models. GBLUP[2':22l and rrBLUP[23] assume
all markers have equal variances, thus shrinkage is performed
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equally to all marker effects. Bayesian models including BayesA,
BayesB, BayesCl2324], Bayesian Ridge Regression (BRR), and
Bayesian Lasso (BL)2%! differ by applying different priors on
marker variances!26l, Compared to GBLUP and rrBLUP, Bayesian
models are more flexible with respect to genetic architecture,
and better suited for traits controlled by QTLs with major
effects(27],

Peach breeding germplasm has very narrow genetic back-
ground as the same group of cultivars can be found in the
pedigrees of most of the accessions/cultivars 5-6 generations
back[28291 Presently, Brazilian landrace cultivar Bolinha and
peach cultivar ContenderB%, released by North Carolina State
University's peach breeding program, are the only confirmed
sources of tolerance or resistance to brown rot in peach. In
addition to the 'Bolinha'B", University of California Davis' peach
breeding program is also using almond as a source of brown
rot resistancef3233, Previous studies have shown that brown rot
resistance in peach is a complex polygenic trait with low
heritability, and limited phenotypic variance explained by the
detected QTLs/significant SNPs6:30.33341, Under this scenario, GS
is suggested as a more promising approach in comparison to
MAS. The objective of this study was to evaluate the potential
of applying GS for brown rot resistance in peach. The focus of
this study was to evaluate different GP models using materials
with different sources of resistance. To obtain reliable results,
different cross validation schemes were applied to the analysis,
as well as empirical cross validation using unphenotyped
material. To our knowledge, this is the first GP study of brown
rot resistance in peach, and the results presented here provide
an important foundation for applying GS in peach.

RESULTS

Phenotypic analysis of fruit response to brown rot
infection

A total of 326 pedigree-related accessions (Supplemental Fig.
S1) from the Clemson University's peach breeding program
were evaluated for fruit response to Monilinia fructicola
infection. Parallel inoculation to non-wounded (NW) and
wounded (W) fruits was applied to investigate skin and flesh
resistance to brown rot, respectively. Brown rot disease severity
index (DSI) in NW and W peach fruit, analyzed in six seasons
(2015 to 2020) (Supplemental Table S1), ranged from 0-27.67
and 0.25-42.54 respectively, with the highest mean DSI
observed in 2017 (5.92 for NW and 31.64 for W) (Supplemental
Table S2).

NW and W DSI exhibited low (0.261) to moderate correlation
(0.648) (p < 0.01) within the same year, except for 2019
(Supplemental Table S3), with the highest correlation observed
in 2016 (r = 0.648). Considering the same treatment across
different seasons, significant correlations (p < 0.01) for NW DSI
were observed between 2015 and 2016 (r = 0.349), as well as
2019 and 2020 (r = 0.474); while W DSI had significant
correlations (p < 0.05) between 2015 and 2016 (r = 0.507); 2015
and 2020 (r = 0.481); 2018 and 2019 (r = 0.397); 2019 and 2020
(r=0.674).

Three different datasets were generated based on the source
of resistance: the Bolinha dataset including 122 F1 progeny
from nine breeding families with 'Bolinha' contributing the
source of resistance (mainly phenotyped in 2015, 2016 and
2019); the Contender dataset including 81 F1 progeny from 14
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breeding families with 'Contender' contributing the source of
resistance (mainly phenotyped in 2017 and 2018); and the
Combined dataset including all accessions in the testing panel.
In order to eliminate the year effect and deal with missing data,
best linear unbiased predictions (BLUPs) of NW and W DSI for
each accession across all seasons were estimated and used as
phenotype variables in the subsequent analysis of GWAS and
GP. BLUPs varied from 0.26-9.04 and 20.38-30.69 for NW
(mean = 2.38) and W (mean = 25.93) DSI, respectively (Supple-
mental Table S2). As expected, BLUPs were significantly (p <
0.05) associated with observed DSI in each year (Supplemental
Table S3) and were used in the subsequent GWAS and GP
analyses.

NW DSI BLUPs exhibited non-normal distribution (Shapiro-
Wilk test p < 0.001) skewed to low DSI for all datasets. In
contrast, W DSI BLUPs showed normal distribution in all three
datasets (Bolinha, p = 0.325; Contender, p = 0.806; Combined,
p =0.776) (Fig. 1). Estimated broad-sense heritability (H?) of the
datasets ranged from 0.09 (Contender NW DSI) to 0.47 (Bolinha
W DSI) (Supplemental Table S4). Overall, the Contender dataset
had the lowest and the Bolinha dataset had the highest
estimates of H2 for both NW and W DSI. The Combined dataset
had similar but lower estimates of H2 than the Bolinha dataset.

Genetic relationship and population structure in the
testing panel

A total of 256 accessions, with genotyping rate > 90%, were
included in the testing panel and used in GWAS and GP
analyses (Supplemental Table S1). Out of 16,038 SNPs, 9,067
were polymorphic in the testing panel. SNP quality control was
performed separately for each dataset, and SNPs with > 10%
missing genotype and MAF < 0.05 were excluded from the
subsequent analyses. The final number of SNPs included in
Bolinha, Contender and Combined datasets were 8,014, 8,014
and 8,442, respectively, with 7,314 SNPs shared between all
three datasets (Fig. 2).
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Fig. 1  Disease severity index (DSI) distribution in the three

datasets (Bolinha, Contender, Combined).
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Number of SNPs included in genome wide association study and genomic prediction analysis for the three datasets (Bolinha,

Contender and Combined). (a) Number of SNPs per chromosome. (b) Venn diagram for SNPs shared by all three datasets.

Kinship matrix suggested two main clusters in the testing
panel, with breeding families derived from only the 'Contender’
source of resistance grouping in one and individuals with the
'‘Bolinha' sources of resistance grouping in another cluster
(Fig. 3a). The principal component analysis (PCA) also resulted
in two clusters, separating individuals based on their sources of
resistance (Supplemental Fig. S2).

Population structure analysis of each dataset, using Bayesian
clustering, suggested number of populations (K) of 8 for the
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Bolinha dataset, 5 for the Contender dataset and 13 for the
Combined dataset (Fig. 3b; Supplemental Fig. S3). Q matrices
obtained from population structure analysis were used in
subsequent GWAS analyses.

Genome wide association study

GWAS was carried out separately for M. fructicola infection
responses in peach flesh (W) and skin (NW) in the three datasets
(Bolinha, Contender and Combined) (Supplemental Table S5).
Fixed and random model Circulating Probability Unification
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(FarmCPU) analysis revealed a total of 11 significant (p < 0.01
with Bonferroni correction) marker-trait associations for skin (6)
and flesh (5) resistance to brown rot, spanning all chromo-
somes (Chr) except Chr 1 (Supplemental Table S5; Supplemen-
tal Fig. S4). Phenotypic variance explained (R?) by the detected
markers ranged from 0.34% to 15.8%. Due to Bonferroni
correction often being too conservative for detecting impor-
tant loci, we considered also an exploratory less stringent
significance threshold of p < 0.0001. An additional list of 24
markers on all chromosomes were identified, with 13 of them
associated with NW DSI, while 11 of them were associated with
W DSI. For NW DSI, the markers detected with lowest p-value
were Peach_AO_0422949 (p = 8.04E-10, R2 = 7.64%), SNP_IGA _
261410 (p = 1.57E-06, R2 = 15.80%) and Pp05_12552668 (p =
8.19E-07, R? = 4.28%), detected in the Bolinha, Contender and
Combined datasets, respectively. Markers SNP_IGA_249273 (p
= 1.40E-06, R2 = 4.93%), Peach_AO_0771463 (p = 1.31E-09, R2 =
12.7%) and Peach_AO_0692414 (p = 2.97E-07, R? = 3.27%) were
most significantly associated with W DSI, in the Bolinha,
Contender and Combined dataset, respectively. One marker on
Chr 4 (Peach_AO_0446589) was associated with both W and
NW DSl in the Bolinha dataset. No common significant SNPs
were detected among the three datasets. However, a region on
Chr 4, spanning 10,582,092 to 11,108,143 bp, containing four
markers detected in the three datasets was observed; with one
marker (Peach_AO_0446589,) associated with both skin (RZ =
6.63%) and flesh (R2 = 4.14%) resistance in the Bolinha dataset,
and one (SNP_IGA_409901, R2 = 11.37%) and two markers
(Peach_AO_0446892, R2 = 3.82%; SNP_IGA_434655, R2 = 3.54%)
associated with skin or flesh resistance in the Contender and
the Combined datasets, respectively. All markers detected
under the exploratory threshold were included in the further
analysis of fitting marker-assisted selection (MAS) model.

Genomic prediction

Predictive accuracy (PA) of GP and MAS models, estimated by
five-fold cross validation for each dataset, were low to
moderate for GP models, and low for MAS model. In most of
the cases, PA of GP models had significantly higher PA than
MAS model according to ANOVA and Tukey test (p < 0.05)
(Fig. 4; Supplemental Table S6). When predicting NW DSI, the
highest average performance was achieved in the Bolinha
dataset (BayesB, 0.295 + 0.059), and the lowest was in the
Contender dataset (GBLUP, 0.129 + 0.065). Similarly, the highest
PA for W DSI was also observed in the Bolinha dataset (RKHS,
0.457 + 0.033), and the lowest in the Contender dataset
(rrBLUP, —0.089 + 0.081). The overall mean PA of all GP models
among the datasets corresponded to the ranking of H?
estimated in each dataset (Spearman's rank correlation, p <
0.01). For both NW and W DSI, PA exhibited high stability in
both the Bolinha and Combined datasets, with Combined
dataset having the narrowest range (0.138-0.168 in NW_DSI
and 0.122-0.200 in W_DSI). The PA obtained in the Contender
dataset was less stable exhibiting wide range (NW_DSI,
0.271-0.450; W_DSI, 0.348-0.550). Comparison of the PA of
different GP models for the same treatment and dataset
revealed significant differences, except for NW DSI in the
Combined dataset. Overall, the Bayesian models showed
similar or higher PA than GBLUP and rrBLUP in all datasets.
Among the Bayesian models, BL showed lower PA than other
models. For both NW and W DSI, BayesB and RKHS models
showed superior or same PA to other GP models tested.
Moreover, GBLUP and rrBLUP showed similar performance in all
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datasets, and were among the best performed models for W
DSl in the Bolinha dataset and NW DSI in the Combined
dataset. However, negative PA was observed for W DSI in the
Contender dataset with both GBLUP and rrBLUP models (Fig. 4).
The MAS model revealed significantly lower PA compared to all
GP models in all datasets (Fig. 4), thus, it was excluded from the
following analyses.

To further evaluate GP models performance, we applied
leave-one-family-out (LOF) cross validation for the Bolinha and
Contender datasets. Due the significantly lower PA observed in
the MAS model in the five-fold cross validation, the LOF
validation strategy was not applied in this model. Low PA
obtained from LOF ranged from —0.167 (Contender, GBLUP, W
DSI) to 0.344 (Bolinha, RKHS, W DSI) (Fig. 5). The LOF cross
validation strategy was not applied in the Combined dataset,
because it contains the breeding families from Bolinha and
Contender datasets as well as a group of cultivars/advanced
selections and breeding families with almond background.
Considering the same GP model in different datasets, the GP
models were better fitted when applied to the Bolinha dataset
for W DSI, however, when predicting NW DSI GP models
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Fig. 4 Predictive accuracy for five-fold cross validation of several
genomic prediction models and marker-assisted selection (MAS)
model in three datasets (Bolinha, Contender and Combined) for
wounded (W) and non-wounded (NW) disease severity index (DSI).
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showed higher PA in the Contender dataset than the Bolinha
dataset.

In addition to LOF cross validation, we tested the perfor-
mance of GP models using an across-population cross valida-
tion strategy, in which individuals with only Bolinha or Conten-
der sources of resistance were used as a training population to
predict the rest of the accessions in the testing panel. For NW
DSI, when using the 'Bolinha' derived population as the training
population, the observed PAs were higher than when using the
'‘Contender' derived population as the training population.
Overall, PAs achieved by predicting W DSI were low in both
datasets, and when the 'Contender' derived population was
used as the training dataset, negative PAs were observed for all
GP models (Table 1).

Lastly, we tested GP models in a practical cross validation, in
which individuals in the testing panel were used as the training
population to predict brown rot DSI for the validation panel
(Supplemental Table S7). Spearman's rank correlation between
the GEBV and field disease incidence (FDI) BLUP was estimated.
Since BLUPs for NW FDI in 2019 and 2020 showed low
variability, we only included W FDI BLUPs in GP analysis. High
correlations (p < 0.01) among GEBVs between different GP
models was observed, as well as moderate correlations
between GEBVs to W FDI BLUPs (Table 2).

To further validate our results, we selected two groups of
individuals in the validating panel: low FDI group with FDI
lower than 0.1 in both seasons (2019 and 2020) and high FDI
group with FDI higher than 0.7 in both seasons (2019 and
2020). Independent Samples t-Test revealed significant differ-
ences (p < 0.002) of the mean GEBVs between low and high FDI
groups (Fig. 6).
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validation of several genomic prediction models in the Bolinha
and Contender datasets for wounded (W) and non-wounded (NW)
disease severity index (DSI).
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Table 1. Predictive accuracy of genomic prediction models for wounded
(W) and non-wounded (NW) disease severity (DSI) traits when using the
Bolinha or Contender datasets as the training population.

Trait Training set Validation set Model Predictive accuracy
NWDSI Bolinha  Contender Bayes A 0.154
Bayes B 0.166
Bayes C 0.147
Bayesian LASSO 0.156
Bayesian Ridge 0.156
GBLUP 0.158
RKHS 0.128
rrBLUP 0.154
Other Bayes A 0.279
Bayes B 0.292
Bayes C 0.307
Bayesian LASSO 0.279
Bayesian Ridge 0.289
GBLUP 0.293
RKHS 0.301
rrBLUP 0.293
Contender  Bolinha Bayes A 0.06
Bayes B 0.057
Bayes C 0.057
Bayesian LASSO 0.079
Bayesian Ridge 0.066
GBLUP 0.063
RKHS 0.052
rrBLUP 0.06
Other Bayes A -0.129
Bayes B -0.139
Bayes C -0.107
Bayesian LASSO 0.012
Bayesian Ridge -0.117
GBLUP —-0.095
RKHS —-0.132
rrBLUP -0.095
WDSI  Bolinha  Contender Bayes A 0.157
Bayes B 0.131
Bayes C 0.125
Bayesian LASSO 0.097
Bayesian Ridge 0.121
GBLUP 0.147
RKHS 0.147
rrBLUP 0.13
Other Bayes A 0.121
Bayes B 0.104
Bayes C 0.105
Bayesian LASSO 0.11
Bayesian Ridge 0.097
GBLUP 0.106
RKHS 0.116
rrBLUP 0.106
Contender  Bolinha Bayes A -0.133
Bayes B -0.15
Bayes C -0.133
Bayesian LASSO -0.132
Bayesian Ridge —-0.147
GBLUP —-0.096
RKHS —-0.137
rrBLUP —-0.103
Other Bayes A -0.169
Bayes B -0.139
Bayes C -0.177
Bayesian LASSO -0.192
Bayesian Ridge -0.139
GBLUP -0.219
RKHS -0.142
rrBLUP -0.218
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Table 2. Spearman's correlation between BLUP of field observed flesh disease incidence (W_FDI) and genomic estimated breeding value obtained from
genomic prediction models.

BLUP rrBLUP GBLUP BayesA BayesB BayesC BayesLasso BayesRidge RKHS
FDI_BLUP -
rrfBLUP 0.550%* -
GBLUP 0.549%* 1.000%* -
BayesA 0.548** 0.995** 0.995** -
BayesB 0.549** 0.998** 0.999** 0.991** -
BayesC 0.550%* 0.998** 0.998** 0.998** 0.995** -
BayesLasso 0.537** 0.994** 0.994** 0.984** 0.997** 0.989** -
BayesRidge 0.553** 0.995** 0.994** 0.999%* 0.990** 0.998** 0.982** -
RKHS 0.552** 0.991** 0.991** 0.994** 0.986** 0.994** 0.978** 0.994** -
** — Correlation detected at the significant level of 0.01.
rrBLUP GBLUP
32.00 p=0.001 32.00 p=0.001
% 30.00 * - 30.00 n -
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26.00 26.00
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Fig. 6 Comparison of mean genomic estimated breeding value (GEBV) between individuals with low and high field observed disease

incidence (FDI).
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DISCUSSION

Phenotypic variation for brown rot disease severity
index

Brown rot disease severity exhibited similar seasonal varia-
tion. Mean DSI of material with the 'Contender' source of
resistance (31.64 for 2017; 30.05 for 2018) was higher than that
observed in accessions with the 'Bolinha' source of resistance
(19.97 for 2015; 20.37 for 2016; 29.36 for 2019) (Supplemental
Table S3), confirming 'Bolinha' as an important brown rot
resistance donorB'. However, NW DSI observed in the 'Bolinha’
derived population in 2019 was much less variable, as well as
the distribution of W treatment shifted to higher DSI, than
those observed in 2015-2016 seasons. Although, significant
low to moderate correlations were reported for NW and W DSls
between 2015 and 2016 seasons, no significant correlations
were observed between 2019 and the other two datasets (2015
and 2016). A low degree of correlation of brown rot resistance
across seasons along with strong seasonal effect on peach skin
and flesh responses to brown rot infection were also reported
by Baré - Montel et al.?4 in an interspecific almond x peach
population. Given that in our study we applied disease assay in
a controlled lab environment with the same fruit ripening stage
and inoculum strength, a possible explanation of the observed
phenotypic variation might be due to the field environmental
influences altering phytochemical compounds and physical
structure of peach fruits. Inconsistency of evaluation across
years suggested multi-year assays are recommended to gather
reliable resultsBs], Despite differences in phenotypic response,
significant low (0.261, 2018) to moderate (0.648, 2016)
correlations were observed between NW and W treatments,
except in 2019. Similar correlations between NW and W DSI
within the same season were previously reported in peachl®3%,
suggesting peach skin and flesh resistance might be under
different genetic control.

H2 estimated separately for both treatments and each
dataset (Supplemental Table S4), was low for NW DSl in all
three datasets. However, H2 observed for W DSI was moderate
in the Bolinha and Combined datasets, and low in the
Contender dataset. Different levels of H2 between NW and W
DSl revealed lower phenotype consistency of NW DSI,
suggesting seasonal influence might have a higher effect on
skin than flesh resistance. Most of the individuals from the
Contender dataset were evaluated only in 2017 and 2018,
therefore lack of correlation of the two-year observation
affected H? in this dataset. Moderate H2 observed in Bolinha W
DSI (0.57), suggested that the variance of the trait in this
dataset was mainly determined by genetic factors. The
estimated H2 for W DSl in this study were higher than those
reported by Fu et al.l8l but similar to those reported by Pacheco
et al.;% and Dini et al.B¢. The H2 of the trait affects the GS
prediction accuracy in simulation studiesB7l. Previous studies
have also demonstrated that traits with higher heritability have
achieved higher PAB8., However, the selection of the statistical
method is an important parameter in the performance of GS for
predicting low/moderate/high heritability traitsi37.38],

Genome wide association study

GWAS revealed significant SNPs (p < 0.01 with Bonferroni
correction) associated with skin (NW_DSI; 6) and flesh (W_DSI;
5) resistance to brown rot. Out of the six SNPs associated with
skin resistance, only one (Peach_AO_0422949; Chr 4, 4.09 Mbp)

Fu et al. Fruit Research 2022, 2: 2
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detected in the Bolinha dataset was previously reported(, Five
markers detected under the exploratory threshold (0.0001, with
no Bonferroni correction) were located within the same genetic
region associated with skin or flesh resistancel®30. The SNP on
Chr 3 (9.80 Mbp) was identified in the vicinity of brown rot flesh
resistance QTL (FL_rd_2020) reported by Pacheco et al.B%, In
addition, four markers detected on Chr 1, 4 and 6 were close to
the associated signals detected by Fu et al.lel, Out of the five
significantly associated SNPs (p < 0.01 with Bonferroni correc-
tion) with W DSI, one on Chr 6 (30.69 Mbp) was previously
reported as reliable QTN in a GWAS panel of 26 cultivars and
138 accessions with 'Bolinha' source of resistancel®. Further-
more, two SNPs, detected on Chr1 and Chr 6 under the
exploratory threshold, were previously associated with flesh
resistance to brown rot. The location of the SNP detected on
Chr 1 (26.62 Mbp), matched with the position of brown rot
resistance QTL (QTL1.2) reported by Martinéz-Garcia et al.33!
using an interspecific F1 progeny derived from a cross between
peach cultivar Dr. Davis and an almond x peach F2BC2
introgression line F8,1-42. The SNP detected on Chr 6 (26.62
Mbp), was located within the haploblock (H6_3) associated
with peach flesh resistance to brown rot infection reported by
Fu et all®! using material with the 'Bolinha' source of resistance.

Overall, the GWAS results showed low consistency among
the datasets. The possible explanation could be different
sources of brown rot resistance and different set of markers
included in the analysis. Although no common SNPs were
detected among the datasets, a group of markers on Chr 4,
located in the genomic interval spanned by 10.58-11.11 Mbp,
was associated with either NW or W DSI in all datasets
suggesting an important role of this genetic region in brown
rot resistance.

Genomic prediction

The main objective of this study was to test the feasibility of
using GP in early selection for brown rot resistance in peach.
Performance of MAS model to eight different GP models under
five-fold cross validation revealed that the majority of GP
models had higher PA than MAS model in all three datasets
(Fig. 4). This observation is in agreement with previous studies
in crops such as winter ryeB39 and citrus*® in which higher PA
was achieved for GP than MAS when predicting traits
controlled by genes with small effect. Therefore, the results
obtained in this study suggested that GS promises a better
outcome in improving brown rot resistance in peach than MAS.
Overall, PA of GP models obtained with the Contender dataset
were relatively lower than that obtained with the Bolinha and
Combined datasets. A possible reason could be the lower H2. In
the Contender dataset, estimated H2 of both NW and W DSI was
almost half of those observed in the other two datasets. The
previous study in maizeB8 also suggested increase in PA with
an increase in broad-sense heritability. In addition, the
relatively small sample size of the Contender dataset could also
decrease PA. The influence of sample size within the analyzed
dataset has also been observed in GP study of peach fruit
quality traitsl'], suggesting performance of GP can be
improved by increasing sample size. Furthermore, we observed
decrease in PA variability with the increased sample size, which
agrees with the observation by Biscarini et al.l' that larger
sample size is an important factor in achieving reliable (less
variable) estimates of PA. Similar PA for NW DSI was achieved in
the Combined and Bolinha datasets. W DSI was best predicted
with the Bolinha dataset, indicating that a higher diversity in
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training population might not be useful for improving
predictive accuracy for both W and NW DSI.

Bayes B and RKHS models had constantly superior PA within
the same dataset, while BL had lower PA. The same level of PA
was observed using either GBLUP and rrBLUP, which agreed
with Habier et al.l22 that GBLUP and rrBLUP are fundamentally
equivalent. Predictive accuracy of GBLUP and rrBLUP was
among the highest when predicting NW and W DSl in both the
Bolinha and Combined datasets, however, it was poor in the
Contender dataset. PA of both GBLUP and rrBLUP obtained
with the Contender dataset was negative and might be
explained by the systematic bias*'! when calculating Pearson
correlation coefficient. Different performance for GP models
can be explained by genetic architecture of the evaluated traits.
GBLUPR2" and rrBLUP23! assume equal variance for the effect of
all loci, thus are more suitable for traits influenced by large
numbers of genes with minor effects. Both BayesB and BayesC
have strong shrinkage towards marker effects and are better
suited for traits controlled by a few QTLs with large effect.
BayesA has a weaker shrinkage degree than BayesB and
BayesC, thus can be widely adaptablel2324, RKHS method
performs non-linear regression in high-dimensional space and
might be able to capture non-additive genetic effects*?! and
has shown better results than other GP modelst*3-451, Although
the performance of GP models using the Bolinha and
Contender datasets were statistically different, the observed
differences were small. Thus, both GBLUP and rrBLUP would be
good choices as they require lower computational time. Over-
all, five-fold cross validation suggested GP models are feasible
for GP for brown rot resistance in peach.

We further evaluated GP models using LOF cross validation
and an independent cross validation method using the Bolinha
and Contender datasets as a training population separately to
predict the rest of accessions in the testing panel. The LOF and
independent cross validation are suggested to more realis-
tically resemble how predictions would perform in a breeding
program than five-fold cross validation. For LOF cross valida-
tion, predictive ability of all GP models decreased compared to
five-fold cross validation. Although under this scenario,
relatedness between training and testing population was close,
we did not observe predictive accuracy improvement as seen in
previous studies['546], One possible explanation might be due
to less common QTNs shared by the breeding families. The
choice of the training populations, with either the 'Bolinha' or
'‘Contender’ resistance, was influenced by the pedigree connec-
tions among the germplasm used in the study, and our desire
to evaluate feasibility of using material with one source of
resistance to predict brown rot DSI in the rest of the
germplasm. The source of resistance in our study is either
'‘Bolihna' or 2nd generation descendant of 'Bolinha', with the
cultivar O'Henry in the pedigree, versus 'Contender' and
almond source of resistance from UC Davis' breeding program.
Individuals from different breeding families were not always
half-sibs, for example, in the Bolinha dataset some of the
breeding families were direct descendants of 'Bolinha’, while
others had 'Bolinha' descendant ('BYOOP6346U"), two genera-
tions removed from 'Bolinha' as a parent. Therefore, although
the relatedness within the population is high, there is a chance
that unique alleles of effective QTLs are present in each
breeding family for which we do not have evidence of the
brown rot resistance. Also, the size of our dataset was small, as
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numbers of individuals from each breeding family varied from
1-29 (Supplemental Table S1), which might have caused bias
when predicting the models, and suggests the need to increase
the size of the dataset included in this analysis. Independent
cross validation using the Bolinha and Contender datasets
revealed low predictive accuracy in all tested models. Such
decreases in predictive accuracy of GP models has also been
observed in wheat*”}, and might be explained by the relatively
lower genetic relationship between training and testing
populations, small training set and/ or G X E interaction. Even
though we applied disease assay in lab to minimize the
environmental effect, and BLUPs were estimated and used as
NW and W DSl in GP, disease incidence data from accessions
included in the Bolinha and Contender datasets were collected
in different seasons thus environmental effects might be
confounded in the BLUP adjusted means.

Lastly, a practical cross validation was applied to all GP
models. In this cross validation strategy, all individuals from the
testing panel were used as a training population to predict
unphenotyped validation panel. High correlation of GEBVs
across different GP models was observed, as was previously
suggested*8l, Although different phenotyping protocols were
used in training and validation panels, we found GEBVs pre-
dicted by DSI obtained from lab disease assays to be mode-
rately correlated (p < 0.01) with disease incidences observed in
field, indicating ability of lab assays to predict field perform-
ance (Table 2). Comparison of GEBV means between low (FDI <
0.1) and high FDI groups (FDI > 0.7), revealed significantly lower
GEBVs for accessions in low FDI group (Fig. 6), indicating ability
of GP models applied in our study to distinguish between
brown rot tolerant and susceptible genotypes.

CONCLUSIONS

Brown rot resistance in peach is a complex trait controlled by
multiple genes with minor effects which complicates breeding.
This is the first report supporting GP as a tool in breeding for
disease resistance in peach, as GP models outperformed the
MAS model. Moderate correlations between GEBVs and
observed field disease incidence, reported in this study, are
establishing trust in using data obtained in lab assays for
predicting field performance. In addition, significant differences
among GEBVs between accessions exhibiting low and high
brown rot field resistance further support using GP in early
selection for brown rot resistance. With the three known
sources of resistance included in this study, we have a
comprehensive germplasm that can be used as a reference for
any peach breeding program in North America and Europe.
This research establishes a foundation for using genomic
prediction of breeding values to further increase genetic gain
in breeding for complex traits such as brown rot resistance in
peach.

MATERIALS AND METHODS

Plant material and phenotypic data collection

A testing panel comprised of 38 cultivars/advanced selec-
tions and 288 F, individuals from 27 pedigree-related breeding
families was included in the study (Supplemental Table S1;
Supplemental Fig. S1). Among the 27 F; breeding families,
eight were derived from the 'Bolinha' source of resistance, 13
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from the 'Contender' source of resistance, three had both the
'‘Bolinha' and 'Contender' sources of resistance, and three
families had almond background. In addition, an F2 population
of 114 individuals from selfing of an advanced selection
'‘BYOOP6346u' (‘Bolinha' descendant) was used as a validation
panel (Supplemental Table S7). All plant material was
maintained at Clemson University Musser Fruit Research Center
under standard commercial management practicesl®, except
the material used in the validating panel was grown with the
absence of fungicides.

Phenotypic data collection

Fruit responses to M. fructicola infection in the testing panel
were evaluated over six years (2015 to 2020). Accessions with
the 'Bolinha' source of resistance were mainly evaluated in
2015, 2016 and 2019, accessions with the 'Contender' source of
resistance were mainly evaluated in 2017 and 2018. Breeding
families with both 'Bolinha' and 'Contender' sources of
resistance were evaluated annually from 2015 to 2019. In 2020,
accessions with almond source of resistance and 32 accessions
with 'Bolinha' and/or 'Contender' source of resistance were
evaluated (Supplemental Table S1). Brown rot disease severity
index (DSI) for wounded (W) and non-wounded (NW) peach
fruit was recorded using the phenotyping strategy described in
Fu et al.l649, Descriptive analysis of the phenotypic data was
performed with SPSS Statistics v. 27 (IBM®). To eliminate the
year effect, mean W and NW DSI were estimated by a mixing
linear model (MLM) using R package 'Ime4'>% with year
selected as a random effect:

Yij=p+gi+yj+8y;+e

in which, Yj; is the trait of interest, p is the overall mean, g; is the
genetic effect of ith genotype, y; is the effect of the jth year, and
gy; as the interaction effect of ith genotype with jth year, € is the
residual of the model. Best linear unbiased predictions (BLUP)
obtained from the MLM were used for subsequent analysis in
GWAS and genomic prediction analyses. As some accessions were
phenotyped in different seasons, we used an ad hoc method
proposed by Holland et al.®" to calculate H? using the following
equation.

(oa

8
H? = 5 .
Tor T

o+ +
n nr

where o2 is the genotype variance, o2, is the measure of
variability attribute to accession X year interaction, n is the
harmonic mean of years in the experiment and r as the replicates
within each year (in our case r=1).

Fruit responses to M. fructicola natural infection in the
validating panel were evaluated in 2019 and 2020. For each
available accession from the validating panel, at least 20
unblemished fruits were harvested at the commercial ripening
stage and incubated in the dark under humid conditions at
room temperature (22 + 1 °C). Brown rot disease incidence
(proportion of fruit with symptoms) was recorded after seven
days of incubation.

Genotyping

All accessions were genotyped with newly developed 9+9K
peach SNP array’®2, and SNP genotypes quality control was
applied following the method described in Fu et alll. For
further analysis, SNP genotypes was converted to 1 (AA
homozygotes), 0 (AB heterozygotes) and —1 (BB homozygotes).
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Population structure and kinship analysis

To estimate the genetic structure of the testing panel, a
Bayesian clustering method was applied in fastSTRUCTURE[3!,
Clusters ranging from 2 to 20 were tested by the default prior,
each K was repeated 20 times and the most probable number
of K was estimated considering the chooseK.py script and plo-
tting out the average marginal likelihood using StructureSe-
lectorl54, Results of all replicates of each K cluster were aligned
and summarized using CLUMPP5], and the estimated admix-
ture proportions of each genotype were visualized using
DISTRUCT plotst®l. Kinship matrix of the testing panel was
estimated using the VanRaden method2 and visualized
through a heat map in GAPIT version 3657, PCA analysis was
performed using Tassell>8), the first three principal components
were plotted in R using Scatterplot3D R package!®9l.

Genome wide association study

Genome wide association study (GWAS) was conducted
using FarmCPU38l in R package FarmCPU. Q matrices obtained
from fastSTRUCTURE were incorporated as covariates in the
association test model. Since the default p-value (0.01) with
Bonferroni correction of FarmCPU to select the pseudo-QTNs
into the first iteration of the model can be overly restrictive, we
set this threshold to 0.05. Marker-trait associations were
defined as significant when the p-value was lower than 0.01
with Bonferroni correction. R2 for each significant marker was

estimated using a mixed linear model as described in Zhao et
al.leol,

Genomic prediction and marker-assisted selection
model

Eight contrasting methods were assessed to evaluate the
performance of GP: GBLUPR2'22], rrBLUPI23], BayesA, BayesB,
BayesC[23.24] BRR, BL[25! and RKHS[#2],

Both GBLUP and rrBLUP are mixed linear model-based
methods. GBLUP uses an estimated additive genomic relation-
ship matrix to estimate the breeding value of the individuals.
We used the 'Amat' function in R package rrBLUP" to
calculate the additive relationship matrix, inverse of the matrix
was generated using 'mat2sparse’ function in R package
Matrix62, the later was used for fitting GBLUP model using
ASReml-R packagel®3], The GBLUP model can be represented as:

y=Xb+Za+e

in which y is the vector of phenotypes; b is the vector of fixed
effect to the overall mean; a is the vector of random additive
genetic effects following normal distribution N(0,Ac2), where A
is the estimated additive genomic relationship matrix and o2 is
the variance of a; e is the vector of random residuals with a normal
distribution N(O, Io-g), where 1 is the identity matrix and o2 is the
variance of residue; X and Z were incidence matrices linking b and
atoy, respectively.

For rBLUP, the model was implemented using the
'mixed.solve' function in R package rrBLUPS', Since no missing
genotypic data is allowed in rrBLUP, we input the missing
genotype with the mean for each marker. The rrBLUP model is
fitted using a standard linear regression formula:

y=u+7Zg+e
where p represents the overall mean of phenotype vector y; g is
the vector of marker effect with a normal distribution N(O,Io-f,)
with variance of 10'§; eis the vector of random residuals
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All Bayesian models were conducted by BGLR packagel?d! in
R with the default parameters. A minimum of 15,000 iterations
of sampling followed by a burn-in period of 5,000 iterations
was applied for each run. Missing genotypic data are not
allowed in the BGLR, thus the same input dataset for rrBLUP
were used. The Bayesian models can be represented by the
equation:

y=u+XB+e
where p is the overall mean; B is the vector of marker effects
corresponding to the columns of marker incidence matrix X; e is
the vector of residuals. These methods use different prior
densities which induce different conditional distribution of
marker effects?. BayesA uses scaled-t prior density!?®). BayesB
and BayesC implement two finite mixture priors: a point of mass
at zero and a scaled-t slab for BayesB and a mixture of a point of
mass at zero and a Gaussian slab for BayesC'®.. For BRR, the
Gaussian prior shrinks all marker effects to a similar extent, and for
BL a double-exponential prior density is used to induce the type
of shrinkage based on size-of-effect!®4,

A single-kernel RKHS regression model was also
implemented by BGLR, using the kinship matrix estimated from
GAPITB7, In the RKHS method, Reproducing Kernel (RK)
provides a linear combination of the basis function. RK maps
from pairs of vectors of genotypes, {x;,x,}, from input set into
the real line which must satisfy ;3. a,-a'l./K(x,-xir) >0, for any
non-null sequence of coefficient @;1261. RKHS uses a Gaussian
prior evaluated by the square Euclidean distance between
markers to substitute the observed genetic relationship matrix
by the kernel matrix!26421, Similar to the implementation of the
Bayesian models, RHKS was conducted using 15,000 burns,
5000 burn-in iterations and the smoothing parameter h was set
to the default value of 0.5.

We also fitted a marker-assisted selection (MAS) model by
multilinear regression (MLR). Markers included in the MAS
model were selected by the markers detected in GWAS.
Considering the Bonferroni correction in GWAS is typically
stringent, and important loci associated with small effect can
be excluded, we included all markers with an exploratory
significant threshold of p < 0.0001 (without Bonferroni
correction)B9 in the MAS model. MAS model was fitted in R
using the function 'Im()":

N
y= b0+Zb,-x,-+e
i=1
where by is the intercept of the regression line; b; is the coefficient
of ith marker included in the model; and x; is the genotype of i
marker.

Model evaluation

To evaluate the model performance for both MAS and GP
models, a five-fold cross-validation scheme was used to
estimate the predictive accuracy (PA) for all three datasets
(Bolinha, Contender and Combined). All accessions within the
dataset were randomly divided into five groups, each group
was predicted using four other groups as the training
population. PA was calculated as Pearson's correlation between
the genomic estimated breeding values (GEBVs) and observed
BLUP values for normal distributed datasets and Spearman's
rank correlation for skewed datasets (NW DSI). For each model
described in the previous section, the five-fold cross-validation
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was repeated 100 times with different random resampling. PA
was calculated after each run. Mean PA of the eight GP models
and MAS model were calculated and compared in SPSS
Statistics v. 27 (IBM®).

In addition to the five-fold cross-validation, we applied two
other cross validation strategies: (1) To study the GP
performance of close genetic relationships between training
and testing populations, leave-one-family-out (LOF) cross
validation was conducted separately to the Bolinha and
Contender datasets, in which the phenotypes of one breeding
family are masked and predicted by all other breeding families;
(2) To study the GP performance when the genetic relationship
between training and testing populations is relatively distant,
we used the Bolinha and Contender datasets separately as the
training population to predict the rest of the individuals in the
testing panel.

Lastly, all individuals in the testing panel were used as the
training population and fitted to the GP models to predict the
DSl in the validating panel. Since the phenotypic data in the
testing and validating panel were obtained using different
methods (disease assay for testing panel; field evaluation for
validating panel) in different seasons (2015-2020 for testing
panel; 2019-2020 for validating panel), to account for season
effect, GP models were fitted to BLUPs of 2019 and 2020 DSls.
Correlation analysis between GEBVs and brown rot disease
incidence of the field collected data was performed using
Spearman's rank correlation.

ACKNOWLEDGMENTS

The authors thank Prof. Guido Schnabel for providing M.
fructicola isolate and inoculation protocol, Mr. Ralph Burrell for
assisting in data collection, Musser Fruit Research Farm staff for
their technical assistance and the Clemson University's Pal-
metto Cluster for providing an effective platform for computa-
tion analysis. This work was supported by USDA's National
Institute of Food and Agriculture for the Specialty Crop
Research Initiative through the competitive project 'RosBREED:
Combining disease resistance with horticultural quality in new
rosaceous cultivars' (2014-51181-22378) and by NIFA/USDA,
under project number SC-1700530. Technical Contribution No.
6982 of the Clemson University Experiment Station. Any
opinions, findings, conclusions or recommendations expressed
in this publication are those of the author(s) and do not
necessarily reflect the view of the USDA. Funders had no role in
the experimental design, data collection and analysis or writing
of the manuscript.

Conflict of interest

The authors declare that they have no conflict of interest.

Supplementary Information accompanies this paper at
(http://www.maxapress.com/article/doi/10.48130/FruRes-2022-
0002)

Dates

Received 22 May 2021; Accepted 16 December 2021;
Published online 24 January 2022

Fu et al. Fruit Research 2022, 2: 2


http://www.maxapress.com/article/doi/10.48130/FruRes-2022-0002
http://www.maxapress.com/article/doi/10.48130/FruRes-2022-0002
http://www.maxapress.com/article/doi/10.48130/FruRes-2022-0002
http://www.maxapress.com/article/doi/10.48130/FruRes-2022-0002

Genomic prediction for brown rot in peach

REFERENCES

1.

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Byrne DH, Raseira MB, Bassi D, Piagnani MC, Gasic K, et al. 2012.
Peach. eds. Badenes ML, Byrne DH. Boston, MA: Springer US. pp.
505-69

FAOSTAT. 2019. http://www.fao.org/faostat/en/#data/QC Last
Accessed: April 21,2021

Byrne D. 2002. Peach breeding trends: A world wide perspective.
In V International Peach Symposium, eds. Scott Johnson R,
Chrisosto CH. ISHS Acta Horticulturae 592, pp. 49-59 http://dx.
doi.org/10.17660/ActaHortic.2002.592.5

Sansavini S, Gamberini A, Bassi D. 2006. Peach breeding, genetics
and new cultivar trends. In ISHS Acta Horticulturae 713: VI Interna-
tional Peach Symposium, ed. Infante R. ISHS Acta Horticulturae 713,
pp. 23-48 https://doi.org/10.17660/actahortic.2006.713.1

van Nocker S, Gardiner SE. 2014. Breeding better cultivars, faster:
applications of new technologies for the rapid deployment of
superior horticultural tree crops. Horticulture Research 1:14022

Fu W, da Silva Linge C, Gasic K. 2021. Genome-wide association
study of brown rot (Monilinia spp.) tolerance in peach. Frontiers in
Plant Science 12:635914

lezzoni AF, McFerson J, Luby J, Gasic K, Whitaker V, et al. 2020.
RosBREED: bridging the chasm between discovery and application
to enable DNA-informed breeding in rosaceous crops. Horticulture
Research 7:177

Cirilli M, Rossini L, Geuna F, Palmisano F, Minafra A, et al. 2017.
Genetic dissection of Sharka disease tolerance in peach (P. persica
L. Batsch). BMC Plant Biology 17:192

Peace CP. 2017. DNA-informed breeding of rosaceous crops:
promises, progress and prospects. Horticulture Research 4:17006
Ribaut J, Hoisington D. 1998. Marker-assisted selection: new tools
and strategies. Trends in Plant Science 3:236—39

Collard BCY, Mackill DJ. 2008. Marker-assisted selection: an
approach for precision plant breeding in the twenty-first century.
Philosophical Transactions of the Royal Society of London Series B,
Biological Sciences 363:557—72

Vendramin E, Pea G, Dondini L, Pacheco |, Dettori MT, et al. 2014. A
unique mutation in a MYB gene cosegregates with the nectarine
phenotype in peach. PLoS One 9:¢90574

Fleming MB, Miller T, Fu W, Li Z, Gasic K, et al. 2021. Ppe. XapF:
High throughput KASP assays to identify fruit response to
Xanthomonas Arboricola pv. pruni (Xap) in peach. Preprint

Xu'Y, Liu X, Fu J, Wang H, Wang J, et al. 2020. Enhancing genetic
gain through genomic selection: From livestock to plants. Plant
Communications 1:100005

Roth M, Muranty H, Di Guardo M, Guerra W, Patocchi A, et al. 2020.
Genomic prediction of fruit texture and training population
optimization towards the application of genomic selection in
apple. Horticulture Research 7:148

Kumar S, Chagné D, Bink MC, Volz RK, Whitworth C, et al. 2012.
Genomic selection for fruit quality traits in apple (Malus x
domestica Borkh.). PLoS One 7:€36674

Minamikawa MF, Takada N, Terakami S, Saito T, Onogi A, et al.
2018. Genome-wide association study and genomic prediction
using parental and breeding populations of Japanese pear (Pyrus
pyrifolia Nakai). Scientific Reports 8:11994

Gezan SA, Osorio LF, Verma S, Whitaker VM. 2017. An experimental
validation of genomic selection in octoploid strawberry.
Horticulture Research 4:16070

Biscarini F, Nazzicari N, Bink M, Arus P, Aranzana MJ, et al. 2017.
Genome-enabled predictions for fruit weight and quality from
repeated records in European peach progenies. BMC Genomics
18:432

Desta ZA, Ortiz R. 2014. Genomic selection: genome-wide
prediction in plant improvement. Trends inPlant Science
19:592-601

VanRaden PM. 2008. Efficient methods to compute genomic
predictions. Journal of Dairy Science 91:4414-23

Fu et al. Fruit Research 2022, 2: 2

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Fruit
Research

Habier D, Fernando RL, Dekkers JCM. 2007. The impact of genetic
relationship information on genome-assisted breeding values.
Genetics 177:2389-97

Meuwissen THE, Hayes BJ, Goddard ME. 2001. Prediction of Total
Genetic Value Using Genome-Wide Dense Marker Maps. Genetics
157:1819-29

Habier D, Fernando RL, Kizilkaya K, Garrick DJ. 2011. Extension of
the Bayesian alphabet for genomic selection. BMC Bioinformatics
12:186

de los Campos G, Naya H, Gianola D, Crossa J, Legarra A, et al.
2009. Predicting quantitative traits with regression models for
dense molecular markers and pedigree. Phytopathology
182:375-85

Pérez P, de los Campos G. 2014. Genome-wide regression and
prediction with the BGLR statistical package. Genetics 198:483—-495
Sverrisdéttir E, Byrne S, Sundmark EHR, Johnsen H@, Kirk HG, et al.
2017. Genomic prediction of starch content and chipping quality
in tetraploid potato using genotyping-by-sequencing. Theoretical
and Applied Genetics 130:2091-108

Scorza R, Mehlenbacher SA, Lightner GW. 1985. Inbreeding and
coancestry of freestone peach cultivars of the eastern United
States and implications for peach germplasm improvement.
Journal of American Society for Horticultural Sciences 4:547—52
Aranzana MJ, Abbassi EK, Howad W, Ards P. 2010. Genetic
variation, population structure and linkage disequilibrium in
peach commercial varieties. BMC Genetics 11:1-11

Pacheco |, Bassi D, Eduardo |, Ciacciulli A, Pirona R, et al. 2014. QTL
mapping for brown rot (Monilinia fructigena) resistance in an
intraspecific peach (Prunus persica L. Batsch) F1 progeny. Tree
Genetics & Genomes 10:1223-42

Feliciano A, Feliciano AJ, Ogawa JM. 1987. Monilinia fructicola
resistance in the peach cultivar Bolinha. Phytopathology 77:776—80
Gradziel TM. 2002. Almond species as sources of new genes for
peach improvement. In ISHS Acta Horticulturae 592: V International
Peach Symposium, eds. Johnson RS, Chrisosto CH. pp. 81-88
http://doi.org/10.17660/ActaHortic.2002.592.9

Martinez-Garcia PJ, Parfitt DE, Bostock RM, Fresnedo-Ramirez J,
Vazquez-Lobo A, et al. 2013. Application of genomic and
quantitative genetic tools to identify candidate resistance genes
for brown rot resistance in peach. PloS One 8:e78634

Bar6-Montel N, Eduardo |, Usall J, Casals C, Aras P, et al. 2019.
Exploring sources of resistance to brown rot in an interspecific
almond x peach population. Journal of the Science ofFood
and Agriculture 99:4105-13

Mustafa MH, Bassi D, Corre MN, Lino LO, Signoret V, et al. 2021.
Phenotyping brown rot susceptibility in stone fruit: A literature
review with emphasis on peach. Horticulturae 7:115

Dini M, Scariotto S, Raseira MCB and Ueno B. 2021. Heritability and
segregation of resistance to brown rot in peach fruits. In ISHS Acta
Horticulturae 1304: IX International Peach Symposium, eds. Stanica
F, Delong T. pp.339-46 https://doi.org/10.17660/ActaHortic.
2021.1304.47

Zhang H, Yin L, Wang M, Yuan X, Liu X. 2019. Factors affecting the
accuracy of genomic selection for agricultural economic traits in
maize, cattle, and pig populations. Frontiers in Genetics 10:189
Zhang A, Wang H, Beyene Y, Semagn K, Liu Y, et al. 2017. Effect of
trait heritability, training population size and marker density on
genomic prediction accuracy estimation in 22 bi-parental tropical
maize populations. Frontiers in Plant Science 8:1916

Gaikpa DS, Koch S, Fromme FJ, Siekmann D, Wirschum T, et al.
2020. Genome-wide association mapping and genomic prediction
of Fusarium head blight resistance, heading stage and plant
height in winter rye (Secale cereale). Plant Breeding 139:508—20
Minamikawa MF, Nonaka K, Kaminuma E, Kajiya-Kanegae H, Onogi
A, et al. 2017. Genome-wide association study and genomic
prediction in citrus: Potential of genomics-assisted breeding for
fruit quality traits. Scientific Reports 7:4721

Page 110f 12


http://www.fao.org/faostat/en/#data/QC
http://dx.doi.org/10.17660/ActaHortic.2002.592.5
http://dx.doi.org/10.17660/ActaHortic.2002.592.5
https://doi.org/10.17660/actahortic.2006.713.1
https://doi.org/10.1038/hortres.2014.22
https://doi.org/10.3389/fpls.2021.635914
https://doi.org/10.3389/fpls.2021.635914
https://doi.org/10.1038/s41438-020-00398-7
https://doi.org/10.1038/s41438-020-00398-7
https://doi.org/10.1186/s12870-017-1117-0
https://doi.org/10.1038/hortres.2017.6
https://doi.org/10.1016/S1360-1385(98)01240-0
https://doi.org/10.1098/rstb.2007.2170
https://doi.org/10.1098/rstb.2007.2170
https://doi.org/10.1371/journal.pone.0090574
https://doi.org/10.21203/rs.3.rs-452756/v1
https://doi.org/10.1016/j.xplc.2019.100005
https://doi.org/10.1016/j.xplc.2019.100005
https://doi.org/10.1038/s41438-020-00370-5
https://doi.org/10.1371/journal.pone.0036674
https://doi.org/10.1038/s41598-018-30154-w
https://doi.org/10.1038/hortres.2016.70
https://doi.org/10.1186/s12864-017-3781-8
https://doi.org/10.1016/j.tplants.2014.05.006
https://doi.org/10.3168/jds.2007-0980
https://doi.org/10.1534/genetics.107.081190
https://doi.org/10.1093/genetics/157.4.1819
https://doi.org/10.1186/1471-2105-12-186
https://doi.org/10.1534/genetics.109.101501
https://doi.org/10.1534/genetics.114.164442
https://doi.org/10.1007/s00122-017-2944-y
https://doi.org/10.1007/s00122-017-2944-y
https://doi.org/10.1186/1471-2156-11-69
https://doi.org/10.1007/s11295-014-0756-7
https://doi.org/10.1007/s11295-014-0756-7
https://doi.org/10.1094/Phyto-77-776
http://doi.org/10.17660/ActaHortic.2002.592.9
https://doi.org/10.1371/journal.pone.0078634
https://doi.org/10.1002/jsfa.9640
https://doi.org/10.1002/jsfa.9640
https://doi.org/10.3390/horticulturae7050115
https://doi.org/10.17660/ActaHortic.2021.1304.47
https://doi.org/10.17660/ActaHortic.2021.1304.47
https://doi.org/10.3389/fgene.2019.00189
https://doi.org/10.3389/fpls.2017.01916
https://doi.org/10.1111/pbr.12810
https://doi.org/10.1038/s41598-017-05100-x
http://www.fao.org/faostat/en/#data/QC
http://dx.doi.org/10.17660/ActaHortic.2002.592.5
http://dx.doi.org/10.17660/ActaHortic.2002.592.5
https://doi.org/10.17660/actahortic.2006.713.1
https://doi.org/10.1038/hortres.2014.22
https://doi.org/10.3389/fpls.2021.635914
https://doi.org/10.3389/fpls.2021.635914
https://doi.org/10.1038/s41438-020-00398-7
https://doi.org/10.1038/s41438-020-00398-7
https://doi.org/10.1186/s12870-017-1117-0
https://doi.org/10.1038/hortres.2017.6
https://doi.org/10.1016/S1360-1385(98)01240-0
https://doi.org/10.1098/rstb.2007.2170
https://doi.org/10.1098/rstb.2007.2170
https://doi.org/10.1371/journal.pone.0090574
https://doi.org/10.21203/rs.3.rs-452756/v1
https://doi.org/10.1016/j.xplc.2019.100005
https://doi.org/10.1016/j.xplc.2019.100005
https://doi.org/10.1038/s41438-020-00370-5
https://doi.org/10.1371/journal.pone.0036674
https://doi.org/10.1038/s41598-018-30154-w
https://doi.org/10.1038/hortres.2016.70
https://doi.org/10.1186/s12864-017-3781-8
https://doi.org/10.1016/j.tplants.2014.05.006
https://doi.org/10.3168/jds.2007-0980
https://doi.org/10.1534/genetics.107.081190
https://doi.org/10.1093/genetics/157.4.1819
https://doi.org/10.1186/1471-2105-12-186
https://doi.org/10.1534/genetics.109.101501
https://doi.org/10.1534/genetics.114.164442
https://doi.org/10.1007/s00122-017-2944-y
https://doi.org/10.1007/s00122-017-2944-y
https://doi.org/10.1186/1471-2156-11-69
https://doi.org/10.1007/s11295-014-0756-7
https://doi.org/10.1007/s11295-014-0756-7
https://doi.org/10.1094/Phyto-77-776
http://doi.org/10.17660/ActaHortic.2002.592.9
https://doi.org/10.1371/journal.pone.0078634
https://doi.org/10.1002/jsfa.9640
https://doi.org/10.1002/jsfa.9640
https://doi.org/10.3390/horticulturae7050115
https://doi.org/10.17660/ActaHortic.2021.1304.47
https://doi.org/10.17660/ActaHortic.2021.1304.47
https://doi.org/10.3389/fgene.2019.00189
https://doi.org/10.3389/fpls.2017.01916
https://doi.org/10.1111/pbr.12810
https://doi.org/10.1038/s41598-017-05100-x

Fruit
Research

.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

Zhou Y, Vales MIl, Wang A, Zhang Z. 2017. Systematic bias of
correlation coefficient may explain negative accuracy of genomic
prediction. Briefings in Bioinformatics 18:1093

Gianola D, van Kaam JBCHM. 2008. Reproducing kernel hilbert
spaces regression methods for genomic assisted prediction of
quantitative traits. Genetics 178:2289-303

Crossa J, Beyene Y, Kassa S, Pérez P, Hickey JM, et al. 2013. Geno-
mic prediction in maize breeding populations with genotyping-
by-sequencing. G3 Genes|Genomes|Genetics 3:1903-26

Heslot N, Yang HP, Sorrells ME, Jannink JL. 2012. Genomic
selection in plant breeding: A comparison of models. Crop Science
52:146—-60

Pérez-Rodriguez P, Gianola D, Gonzdlez-Camacho JM, Crossa J,
Maneés Y, et al. 2012. Comparison between linear and non-
parametric regression models for genome-enabled prediction in
wheat. G3 Genes|Genomes|Genetics 2:1595-605

Kristensen PS, Jahoor A, Andersen JR, Cericola F, Orabi J, et al.
2018. Genome-wide association studies and comparison of
models and cross-validation strategies for genomic prediction of
quality traits in advanced winter wheat breeding lines. Frontiers in
Plant Science 9:69

Haile TA, Walkowiak S, N'Diaye A, Clarke JM, Hucl PJ, et al. 2021.
Genomic prediction of agronomic traits in wheat using different
models and cross-validation designs. Theoretical and Applied
Genetics 134:381-398

de los Campos G, Hickey JM, Pong-Wong R, Daetwyler HD, Calus
MPL. 2013. Whole-genome regression and prediction methods
applied to plant and animal breeding. Genetics 193:327-345

Fu W, Burrell R, da Silva Linge C, Schnabel G, Gasic K. 2018. Bree-
ding for brown rot (Monilinia spp.) tolerance in Clemson University
peach breeding program. Journal of American Pomological Society
72:94-100

Bates D, Méachler M, Bolker B, Walker S. 2015. Fitting linear mixed-
effects models using Ime4. Journal of Statistical Software 67:1-48
Holland JB, Nyquist WE, and Cervantes-Martinez CT. 2002.
Estimating and Interpreting Heritability for Plant Breeding: An
Update. In Plant Breeding Reviews, ed. Janick J. Oxford, UK: John
Wiley & Sons. pp. 9-112 https://doi.org/10.1002/9780470650202.
ch2

Gasic K, Da Silva Linge C, Bianco L, Troggio M, Rossini L, et al.
Development and evaluation of a 9K SNP addition to the peach
IPSC 9K SNP array v1. HortScience 54: S188 https://doi.org/10.
21273/HORTSCI.54.95.51

Page 120f 12

53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.

64.

Genomic prediction for brown rot in peach

Raj A, Stephens M, Pritchard JK. 2014. fastSTRUCTURE: Variational
inference of population structure in large SNP data sets. Genetics
197:573-89

Li Y, Liu J. 2018. StructureSelector: A web-based software to select
and visualize the optimal number of clusters using multiple
methods. Molecular Ecology Resources 18:176—77

Jakobsson M, Rosenberg NA. 2007. CLUMPP: a cluster matching
and permutation program for dealing with label switching and
multimodality in analysis of population structure. Bioinformatics
23:1801-6

Rosenberg NA. 2004. DISTRUCT: a program for the graphical
display of population structure. Molecular Ecology Notes 4:137—38
Wang J, Zhang Z. 2021. GAPIT Version 3: boosting power and
accuracy for genomic association and prediction. Genomics,
Proteomics & Bioinformatics In Press

Bradbury PJ, Zhang Z, Kroon DE, Casstevens TM, Ramdoss Y, et al.
2007. TASSEL: software for association mapping of complex traits
in diverse samples. Bioinformatics 23:2633-2635

Ligges U, Maechler M. 2003. scatterplot3d - An R Package for
Visualizing Multivariate Data. Journal of Statistical Software 8:1-20
Zhao K, Tung CW, Eizenga GC, Wright MH, Ali ML, et al. 2011.
Genome-wide association mapping reveals a rich genetic archi-
tecture of complex traits in Oryza sativa. Nature Communications
2:467

Endelman JB. 2011. Ridge regression and other kernels for
genomic selection with R package rrBLUP. Plant Genome 4:250-55
Bates D, Maechler M. 2021. Matrix: sparse and dense matrix classes
and methods. R package version 1.3-4. https://CRAN.R-project.
org/package=Matrix

Butler DG, Cullis BR, Gilmour AR, Gogel BG, Thompson R. 2017.
ASReml-R Reference Manual Version 4. VSN International Ltd,
Hemel Hempstead, HP1 1ES, UK

Gianola D. 2013. Priors in whole-genome regression: the Bayesian
alphabet returns. Genetics 194:573-96

Copyright: © 2022 by the author(s). Exclusive
Licensee Maximum Academic Press, Fayetteville,

GA. This article is an open access article distributed under Creative
Commons Attribution License (CC BY 4.0), visit https://creative-
commons.org/licenses/by/4.0/.

Fu et al. Fruit Research 2022, 2: 2


https://doi.org/10.1093/bib/bbx133
https://doi.org/10.1534/genetics.107.084285
https://doi.org/10.1534/g3.113.008227
https://doi.org/10.2135/cropsci2011.06.0297
https://doi.org/10.1534/g3.112.003665
https://doi.org/10.3389/fpls.2018.00069
https://doi.org/10.3389/fpls.2018.00069
https://doi.org/10.1007/s00122-020-03703-z
https://doi.org/10.1007/s00122-020-03703-z
https://doi.org/10.1534/genetics.112.143313
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1002/9780470650202.ch2
https://doi.org/10.1002/9780470650202.ch2
https://doi.org/10.21273/HORTSCI.54.9S.S1
https://doi.org/10.21273/HORTSCI.54.9S.S1
https://doi.org/10.1534/genetics.114.164350
https://doi.org/10.1111/1755-0998.12719
https://doi.org/10.1093/bioinformatics/btm233
https://doi.org/10.1046/j.1471-8286.2003.00566.x
https://doi.org/10.1016/j.gpb.2021.08.005
https://doi.org/10.1016/j.gpb.2021.08.005
https://doi.org/10.1093/bioinformatics/btm308
https://doi.org/10.18637/jss.v008.i11
https://doi.org/10.1038/ncomms1467
https://doi.org/10.3835/plantgenome2011.08.0024
https://CRAN.R-project.org/package=Matrix
https://CRAN.R-project.org/package=Matrix
https://doi.org/10.1534/genetics.113.151753
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/bib/bbx133
https://doi.org/10.1534/genetics.107.084285
https://doi.org/10.1534/g3.113.008227
https://doi.org/10.2135/cropsci2011.06.0297
https://doi.org/10.1534/g3.112.003665
https://doi.org/10.3389/fpls.2018.00069
https://doi.org/10.3389/fpls.2018.00069
https://doi.org/10.1007/s00122-020-03703-z
https://doi.org/10.1007/s00122-020-03703-z
https://doi.org/10.1534/genetics.112.143313
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1002/9780470650202.ch2
https://doi.org/10.1002/9780470650202.ch2
https://doi.org/10.21273/HORTSCI.54.9S.S1
https://doi.org/10.21273/HORTSCI.54.9S.S1
https://doi.org/10.1534/genetics.114.164350
https://doi.org/10.1111/1755-0998.12719
https://doi.org/10.1093/bioinformatics/btm233
https://doi.org/10.1046/j.1471-8286.2003.00566.x
https://doi.org/10.1016/j.gpb.2021.08.005
https://doi.org/10.1016/j.gpb.2021.08.005
https://doi.org/10.1093/bioinformatics/btm308
https://doi.org/10.18637/jss.v008.i11
https://doi.org/10.1038/ncomms1467
https://doi.org/10.3835/plantgenome2011.08.0024
https://CRAN.R-project.org/package=Matrix
https://CRAN.R-project.org/package=Matrix
https://doi.org/10.1534/genetics.113.151753
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/bib/bbx133
https://doi.org/10.1534/genetics.107.084285
https://doi.org/10.1534/g3.113.008227
https://doi.org/10.2135/cropsci2011.06.0297
https://doi.org/10.1534/g3.112.003665
https://doi.org/10.3389/fpls.2018.00069
https://doi.org/10.3389/fpls.2018.00069
https://doi.org/10.1007/s00122-020-03703-z
https://doi.org/10.1007/s00122-020-03703-z
https://doi.org/10.1534/genetics.112.143313
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1002/9780470650202.ch2
https://doi.org/10.1002/9780470650202.ch2
https://doi.org/10.21273/HORTSCI.54.9S.S1
https://doi.org/10.21273/HORTSCI.54.9S.S1
https://doi.org/10.1534/genetics.114.164350
https://doi.org/10.1111/1755-0998.12719
https://doi.org/10.1093/bioinformatics/btm233
https://doi.org/10.1046/j.1471-8286.2003.00566.x
https://doi.org/10.1016/j.gpb.2021.08.005
https://doi.org/10.1016/j.gpb.2021.08.005
https://doi.org/10.1093/bioinformatics/btm308
https://doi.org/10.18637/jss.v008.i11
https://doi.org/10.1038/ncomms1467
https://doi.org/10.3835/plantgenome2011.08.0024
https://CRAN.R-project.org/package=Matrix
https://CRAN.R-project.org/package=Matrix
https://doi.org/10.1534/genetics.113.151753
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/bib/bbx133
https://doi.org/10.1534/genetics.107.084285
https://doi.org/10.1534/g3.113.008227
https://doi.org/10.2135/cropsci2011.06.0297
https://doi.org/10.1534/g3.112.003665
https://doi.org/10.3389/fpls.2018.00069
https://doi.org/10.3389/fpls.2018.00069
https://doi.org/10.1007/s00122-020-03703-z
https://doi.org/10.1007/s00122-020-03703-z
https://doi.org/10.1534/genetics.112.143313
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1002/9780470650202.ch2
https://doi.org/10.1002/9780470650202.ch2
https://doi.org/10.21273/HORTSCI.54.9S.S1
https://doi.org/10.21273/HORTSCI.54.9S.S1
https://doi.org/10.1534/genetics.114.164350
https://doi.org/10.1111/1755-0998.12719
https://doi.org/10.1093/bioinformatics/btm233
https://doi.org/10.1046/j.1471-8286.2003.00566.x
https://doi.org/10.1016/j.gpb.2021.08.005
https://doi.org/10.1016/j.gpb.2021.08.005
https://doi.org/10.1093/bioinformatics/btm308
https://doi.org/10.18637/jss.v008.i11
https://doi.org/10.1038/ncomms1467
https://doi.org/10.3835/plantgenome2011.08.0024
https://CRAN.R-project.org/package=Matrix
https://CRAN.R-project.org/package=Matrix
https://doi.org/10.1534/genetics.113.151753
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1534/genetics.114.164350
https://doi.org/10.1111/1755-0998.12719
https://doi.org/10.1093/bioinformatics/btm233
https://doi.org/10.1046/j.1471-8286.2003.00566.x
https://doi.org/10.1016/j.gpb.2021.08.005
https://doi.org/10.1016/j.gpb.2021.08.005
https://doi.org/10.1093/bioinformatics/btm308
https://doi.org/10.18637/jss.v008.i11
https://doi.org/10.1038/ncomms1467
https://doi.org/10.3835/plantgenome2011.08.0024
https://CRAN.R-project.org/package=Matrix
https://CRAN.R-project.org/package=Matrix
https://doi.org/10.1534/genetics.113.151753
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

	INTRODUCTION
	RESULTS
	Phenotypic analysis of fruit response to brown rot infection
	Genetic relationship and population structure in the testing panel
	Genome wide association study
	Genomic prediction

	DISCUSSION
	Phenotypic variation for brown rot disease severity index
	Genome wide association study
	Genomic prediction

	CONCLUSIONS
	MATERIALS AND METHODS
	Plant material and phenotypic data collection
	Phenotypic data collection
	Genotyping
	Population structure and kinship analysis
	Genome wide association study
	Genomic prediction and marker-assisted selection model
	Model evaluation


