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Abstract

different aspects.

Plant breeding program

Background Genetic diversity is crucial for the success of plant breeding programs and core collections are impor-
tant resources to capture this diversity. Many core collections have already been constructed by gene banks, whose
main goal is to obtain a panel of a limited number of genotypes to simplify management practices and to improve
shareability while retaining as much diversity as possible. However, as gene banks have a different composition

and goal than plant breeding programs, constructing a core collection for a plant breeding program should consider

Results In this study, we present a novel approach for constructing a core collection by integrating both genomic
and pedigree information to maximize the representation of the breeding germplasm in a minimum subset of geno-
types while accounting for future genetic variation within a strawberry breeding program. Our stepwise approach
starts with selecting the most important crossing parents of advanced selections and genotypes included for spe-
cific traits, to represent also future genetic variation. We then use pedigree-genomic-based relationship coefficients
combined with the ‘accession to nearest entry’ criterion to complement the core collection and maximize its repre-
sentativeness of the current breeding program. Combined pedigree-genomic-based relationship coefficients allow
for accurate relationship estimation without the need to genotype every individual in the breeding program.

Conclusions This stepwise construction of a core collection in a strawberry breeding program can be applied
in other plant breeding programs to construct core collections for various purposes.

Keywords Genetic diversity, Core collection, Haplotype reference panel, Pedigree-genomic-based relationships,

Background

In crops, core collections are used to conserve wide
genetic variation in a minimal subset of genotypes
because a smaller subset is easier to manage and share.
In the past, these core collections were selected based
on geographic origin and phenotypes [1, 2]. However,
the genotyping revolution has allowed gene banks to
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genotype many individuals in their collections, provid-
ing insights into the structure of their populations and
enabling the creation of comprehensive core collections
in various crops, for example in barley and strawberry [3,
4]. Core collections can be designed to reflect different
allelic or phenotypic distributions, geographic regions,
time periods or breeding goals. Depending on their
design goals, core collections can be used for different
goals such as to evaluate various traits across multi loca-
tions, for the selection of genotypes for a genome-wide
association study or for the selection of genotypes for a
haplotype reference panel in imputation-based genotyp-
ing methods [5-7].
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Imputation methods that utilize a haplotype ref-
erence panel can be used to obtain highly accurate
genotyping data without the need for high-coverage
whole genome sequencing (WGS). This means that
lower cost reduced genomic information genotyping
by sequencing (GBS) techniques can be used while
still the accuracy of WGS can be reached [7-10].
The rationale behind this method is as follows: Any
two genotypes can share common haplotypes, even
if they seem unrelated. Subsequently, if a study geno-
type undergoes reduced genomic information retrieval
via GBS, its incomplete genomic data can be used to
identify haplotypes that are shared between this study
genotype and a reference panel of haplotypes. Then,
common reference haplotypes can be used to impute
the missing data of the study genotype resulting in
accurate genomic information [10-12]. For this, a core
collection of genotypes from which haplotypes can be
obtained is needed. A good haplotype reference panel
reference panel represents the entire breeding germ-
plasm as much as possible, since missing haplotypes
limit imputation accuracy, i.e., a shared haplotype can
only be found if it is present in the haplotype refer-
ence panel [7, 8, 12]. Therefore, a core collection of
genotypes that represent the haplotype diversity of the
breeding germplasm is needed to obtain an optimal
haplotype reference panel.

In an ideal case, this representative core collection in
a plant breeding program is based on a minimum subset
of genotypes which captures most or all representative
genetic variation. However, selecting this set of geno-
types is a non-trivial task.

In the plant breeding domain, core collections are
usually constructed and maintained by gene banks to
represent and conserve the genetic diversity of their
collection. Most gene banks base their core collec-
tions on landraces, wild relatives and sometimes pro-
genitors of a certain crop and aim to maximize genetic
diversity. Plant breeding programs, however, consist
of varieties and selections in various stages of the phe-
notypic selection process and targeted to select ben-
eficial trait alleles. These plant breeding programs are
often accompanied by a pre-breeding program which
in addition contains progenitors and various kinds of
specific genotypes (maintained for specific traits, e.g.,
disease resistances in wild relatives). Hence, plant
breeding programs (including their pre-breeding pro-
gram) have a different structure and aim compared to
gene bank collections.

Core collection strategies come in different types,
which have already been defined in the context of gene
banks [6]. For example, a CC-I core collection ensures
that all genotypes in the whole collection are maximally
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represented in the core collection where each genotype
in the whole collection is represented by an individual in
the core collection that is most similar to it. This type of
core collection is used for maximizing genetic diversity.
Another type of core collection (CC-X) aims to represent
the extremes of the whole collection. A core collection of
this type contains genotypes that are as different as pos-
sible from each other resulting in a core collection that
represents the maximum range of variation.

In the context of a breeding program, in principle, a
CC-I core collection gives the best representation of the
whole breeding program. We also want to avoid redun-
dancies and overrepresentation of certain genetic vari-
ation (i.e., only include a single individual of a full-sib
family) to effectively use the available resources [6, 13]. A
CC-X core collection does not fit our objective, we do not
want the maximum range of variation but the maximum
representation of the variation.

To obtain core collections, distance-based optimiza-
tion criteria have been defined [6]. For instance, a CC-I
collection is obtained by minimizing the average distance
between each genotype in the whole collection and the
nearest entry in the core collection (A-NE). This proce-
dure is already implemented in the program Core Hunter
3[14].

A central requirement for building a core collection
is that relationship coefficients among all genotypes are
known: These are needed for optimizing the distance-
based criteria to select the individuals for a core col-
lection. There are two main approaches to estimate
relationships among genotypes: 1) One is based on pedi-
gree records, where average relationship coefficients are
calculated which can be identified as identity-by-descent
(IBD) relationship coefficients. 2) The other is based on
genomic information which computes the genomic-
based coefficients that can be identified as identity by
state (IBS). Both genomic-based coefficients and pedi-
gree-based relationship coefficients estimate the same
relationships [15].

Several advantages suggest the use of genomic-based
coefficients: these are often more accurate than the ped-
igree-based relationship coefficients because they even
distinguish full-sibs whereas pedigree-based relationship
coefficients do not [16]. Another important limitation of
pedigree-based relationship coefficients is the occurrence
of missing links. For instance, some genotypes may be
closely related through a common ancestor not recorded
in the pedigree. Such a relationship will then not be in
the pedigree-based relationship coefficients.

Many plant breeding programs have pedigree records
available for most genotypes, although with varying accu-
racy, as pedigree errors can occur. Genomic-based rela-
tionship coefficients can correct for these missing links
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and pedigree errors, but genomic data may be available
for only a subset of genotypes. The best solution then is
to combine genomic-based relationship coefficients with
the pedigree-based relationship coefficients resulting in
a hybrid pedigree-genomic relationship matrix, the H
matrix. First, the pedigree-based relationship coefficients
of genotyped individuals are replaced by the genomic-
based relationship coefficients. Then, the rest of the ped-
igree-based relationship matrix is adjusted by extending
the genomic-based information of the genotyped indi-
viduals to their ungenotyped relatives resulting in the
genomic-pedigree-based relationship matrix H [17].

In this study, we propose a method for constructing
a core collection for a practical plant breeding program
that combines genomic and pedigree information. This
core collection captures both, most of the current genetic
variation of the breeding program and most of the future
genetic variation based on crosses that were made. The
core collection can be used to generate a haplotype refer-
ence panel for imputation methods, which allows for the
cost-effective use of GBS methods on a large scale while
still retaining the benefits of WGS.

Results

Genomic data curation

IStraw35 SNP array data curation resulted in 29,132 SNP
calls for 891 unique genotypes. Twenty-nine additional
genotypes were added to the SNP dataset by merging
sequencing data with SNP array data. Pearson correlations
between the SNPs in the sequencing data and the origi-
nal SNP array were calculated for the genotypes that were
present in both datasets. A total of 19,047 SNPs (out of
29,132) had a correlation > 0.7 and from these, 15,180 SNPs
were found on the same chromosome as reported for the
strawberry consensus map [18]. These 15,180 SNPs were
selected in both the SNP array and the sequencing data in
order to acquire genomic information for 920 genotypes.
Subsequent filtering on minor allele frequency (MAF)
and genome representation by linkage disequilibrium
(LD) resulted in 8633 SNPs that were used to calculate the
genomic relationships among the 920 genotypes (Table 1).

Manual selection

To avoid the use of selections that have not finished phe-
notypic selection in the strawberry breeding program we
excluded the advanced selections. Instead, we selected
commonly used crossing parents that were used 4 or
more times over a period of three years. This resulted
in 69 genotypes to be included in the core collection. In
addition, 56 genotypes were selected because of their
specific trait-based genetic variation (e.g,, genotypes with
a specific resistance; Table 2).
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Table 1 Numbers of SNPs available for numbers of genotypes
per genomic data curation step

Step SNPs selection SNPs (n) Genotypes (n)

Curated iStraw35 SNP array 29132 891

2 Merge SNP array with resequencing 15180 920
data

3 Selecting SNPs with MAF >0.05 13,613 920
and missing data < 10%

4 Filtering SNPs on LD 8633 920

Table 2 Number of genotypes selected in the manual selection

stage

Manual selection Count of genotypes (n)
Recent crossing parents 69

Specific genetic variation 56

Total genotypes selected 125

Pedigree improvement by comparing relationships

To estimate the accuracy of pedigree-based relation-
ships, all pairwise combinations between Ay and G,
were plotted in Fig. 1a. The Pearson correlation coef-
ficient between the coefficients in A,, and G, was 0.61.
A few potential outliers were identified in this figure
(highlighted in the red rectangular boxes) that either
had high genomic-based relationship coefficients
(>0.8) and low pedigree-based relationship coefficients
(<0.2) or high pedigree-based relationship coefficients
(>0.8) and low genomic-based relationship coefficients
(<0.2).

To investigate how much the accuracy of A,, is influ-
enced by the amount of pedigree information available,
correlations between pedigree-based and genomic-
based relationships were calculated per individual.
These were plotted against the total sum of parental
relationships per genotype. A clear trend can be seen
between the sum of parent relationships and the cor-
relation between the Aj; and G, matrices (Fig. 1b). The
improvement of the accuracy of the pedigree relation-
ship coefficient plateaus around or even before 10 gen-
erations (sum of total parental relationships) reaching a
correlation of 0.8 (Fig. 1b). In addition to Fig. 1a, b was
also used to identify outliers. Genotypes were identified
as outliers (highlighted by the red rectangular box) if
they have a low correlation (<0.2) and high sum of par-
ent relationship coefficients (>5) and, for most of them,
uncertainty was confirmed in either their pedigree
records or in the genotyping (possible sample swaps).
Several of these genotypes were also responsible for
outliers in Fig. 1a.
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Fig. 1 a Comparison of Ggand A,,. The red line shows a linear relation between the G and A,,. b Plot showing correlation coefficients between G,
and A,, per genotype on the y axis. The x axis shows the pedigree completeness (sum of kinship coefficients of all known parents per individual).
The red line represents the moving median over an interval of 1 (pedigree completeness). Potential outliers are located in the red rectangular boxes

Minimum number of markers needed for accurate
estimation of the G matrix

To estimate the number of markers needed to estimate
the G matrix with high accuracy we performed a subsam-
pling analysis, subsampling varying numbers of markers
200 times each. Pearson correlation coefficients between
the G matrix, based on varying random subsets, and the
optimal G matrix, based on the full set of 8,633 selected
SNPs, were calculated (Fig. 2). The correlation increases
exponentially when more SNPs are used for computa-
tion of genomic-based relationship coefficients. For more
than 400 SNPs the correlation is higher than 0.9, with
more than 850 SNPs the correlation is higher than 0.95;
adding more SNPs leads to only marginal improvements.
In addition, the variation in the correlation coefficients
decreases with increasing marker numbers.

Improved relationship coefficients for non-genotyped
genotypes

To investigate the effect of combining pedigree and
genomic information to estimate relationship coefficients
among genotypes in our breeding program, we visualized
the pedigree-based (A) and combined pedigree-genomic-
based (H) relationship matrices for a representative
subset of genotypes as heatmaps (Figure Sla) [19]. The
genotypes are ordered according to the main strawberry
types as described in Table 3. The same subset of geno-
types is used in both Figure S1a, b. One of the differences

between the two heatmaps is that the strawberry types
can be better distinguished in Figure S1b. In addition,
relationship coefficients in the pedigree-relationship
matrix (Figure Sla) are generally lower than in the com-
bined pedigree-genomic relationship matrix (Figure S1b)
because of the presence of markers in the genomic-based
relationships that are identical by state (IBS) not only
due to being identical by descent (IBD) but also due to
chance.

To illustrate the influence of the genotyped individu-
als on the relationships of non-genotyped individuals in
matrix H, we extracted all genotypes from Figure S1 that
were not genotyped themselves. Figure 3a shows all ped-
igree-based relationships for this subset of ungenotyped
individuals. Many are close to zero (in yellow) because
there are no links among those genotypes in the pedigree
records. Figure 3b visualizes the exact same genotypes
but using the combined pedigree-genomic-based rela-
tionships. Most relationships that were (close to) zero in
the pedigree-based relationship matrix are now higher
and there is generally more contrast among genotypes.
Most genotypes that have no known relationships in the
pedigree-based heatmap do have estimated relationships
in the pedigree-genomic heatmap. A few genotypes are
present that still seem to have no relationships at all with
other genotypes because they have no pedigree con-
nections with any genotyped individuals (e.g,, they were
introduced in the breeding program only recently).
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Fig. 2 Subsampling analysis where correlations of optimal G matrix with G matrices based on varying numbers of SNPs are shown in boxplots

Table 3 Overview of characteristics of main strawberry types at
Fresh Forward BV

Strawberry types Day neutral Chilling
requirement?
June bearing No High
Everbearing Yes High
Mediterranean No Low

2 A low chilling requirement means that relatively few cold exposure hours are
needed to get the plant out of winter dormancy

‘

The order of genotypes in these graphs is similar to
those shown in Figure S1. In the bottom left corner only
5 genotypes that belong to the everbearing group are
present. The next 57 genotypes are mainly June bear-
ers and the genotypes in the top right corner are from
the Mediterranean breeding program. A clear difference
between Fig. 3a and b can be seen in the bottom right
corner, where in the pedigree-based heatmap no relation-
ships between everbearing genotypes and Mediterranean

a) b)

Fig. 3 Heatmaps of relationship matrices. a Heatmap of genotypes without genotypic information of matrix A. b Heatmap of genotypes
without genotypic information of matrix H. Scale is from little to no relationship (0; yellow) to a high relationship (1; red). Main strawberry types are

shown: everbearing (E), June Bearing (J) and Mediterranean (M) types
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genotypes are present whereas in the pedigree-genomic-
based heatmap these seem quite related. Also, some June
bearing genotypes are more related to Mediterranean
genotypes in the pedigree-genomic-based heatmap than
in the pedigree-based heatmap. In addition, the relation-
ships among the Mediterranean genotypes (block in the
top right corner) are higher in the pedigree-genomic
heatmap than in the pedigree-based heatmap.

Finalized core collection by maximizing genetic variation

As can be seen in Figure S2, the A-NE first decreases
exponentially but if the core collection is larger than ~ 100
the A-NE decreases linearly with every genotype added
to the core collection. Therefore, we decided to select
192 genotypes for our core collection in addition to the
genotypes that were already whole genome sequenced in
previous experiments. This means that after the manual
selection of 125 genotypes, 67 genotypes could still be
added. As such, the core collection was finalized by add-
ing 67 genotypes that were most often selected (from
3000 iterations) by optimizing the A-NE criterium [6, 14].

The iteration approach resulted in 59 candidate geno-
types (out of 67 spots) where always the same genotype
was selected in each of the 3000 iterations (Figure S2).
The only uncertainty due to the stochastic algorithm of
the Core Hunter package was for 8 candidate genotypes,
where across the iterations, different genotypes have a
similar influence in optimizing the A-NE criterium. For
one of these eight, there were two alternative genotypes
in different iterations, but one was selected in 35% of the
cases whereas the other was selected in 65% of the cases
and therefore we selected the latter one for the core col-
lection. For each of six other spots, the 3000 runs resulted
in approximately 50% of the cases for either one of two
alternative genotypes, suggesting there was no differ-
ence between such a pair of genotypes in terms of A-NE
minimalization of the core collection. Therefore, for each
of the six spots the genotype that was preferred by the
breeder was selected. Similarly, for the last spot (of the 8
spots), 4 different genotypes were selected in alternative
iterations, each in approximately % of the cases and the
one preferred by the breeder was selected.

This resulted in a core collection where the average
distance of a genotype to an entry in the core collection
had a minimum of 0.096 (A-NE criterium), while consid-
ering the genetic variation of the 125 manually selected
genotypes and the genetic variation of all genotypes that
already have been sequenced in previous experiments.
This A-NE value of our core collection constructed by
the manual selection (125 genotypes) followed by A-NE
criterium optimization (67 genotypes) approaches the
minimal theoretical A-NE value of a core collection
that would be constructed by A-NE optimization only
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(Fig. 4). This means that 67 genotypes are sufficient to
optimize the current genetic variation of the breeding
program on top of the larger group of manually selected
genotypes.

A principal components analysis of all relationships as
computed in the pedigree-genomic-based relationship
matrix (Fig. 5) shows the diversity of the breeding pro-
gram. The first principal component axis explains most
of the variation (58%) where it separates the sub-breeding
programs such as June Bearing and Mediterranean geno-
types from the everbearing genotypes.

Distribution of subpopulations in the core collection

The actual subpopulation representation in the breeding
program at Fresh Forward (whole collection) has similar
representation in the final constructed core collection
(Fig. 6). In the core collection, the group “Other” is larger
but this group is mainly composed of pre-breeding gen-
otypes, e.g., rare genotypes with specific traits, research
populations and wild material and as such consists largely
of manually selected material. The everbearing and June
bearing groups approximately retained their relative size
in the populations, the Mediterranean group is smaller in
the core collection than in the whole collection.

Discussion

Here, we introduce a stepwise approach for construct-
ing a core collection in a commercial strawberry breed-
ing program, combining (incomplete) pedigree records
and SNP array data into a pedigree-genomic-based
relationship matrix (H matrix) to guide the selection of
a representative subset. We divided the approach into
two parts: 1) First, we include the most frequently used
crossing parents of all advanced selections that were
still undergoing phenotypic selection, as well as “must-
have” genotypes with specific traits that often repre-
sent diversity outside the breeding pool. 2) Second, the
core collection was complemented with genotypes that
maximized genetic variation within the collection. In
gene banks, core collections are constructed by only
performing the second step, which is often sufficient
for their needs as their goal is to represent and conserve
the genetic diversity of their collection [3, 4]. However,
for a breeding program, which is a dynamic and evolv-
ing set of materials with continued selection, the goal of
the core collection is to also represent the genetic varia-
tion to be released in the future. Therefore, our first step
was the selection of genotypes that represent this future
genetic variation.

Selection of advanced selections
The first step, selection of genetic diversity that is
present in advanced selections, which are still in the
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process of phenotypic selection, accounts for future
genetic variation, because some of these advanced
selections will become varieties or crossing parents
in the coming years. The 69 selected parents have a
degree of redundancy and overrepresentation, but this
is not important because the main reason for choos-
ing these parents is to include genotypes that are close
to future advanced selections which makes genomic
imputation easier for these future advanced selections
[12, 20]. The use of core collection criteria (e.g., A-NE
and E-NE) for this set is not desirable because these
are aimed at avoiding redundancy and overrepresenta-
tion. Therefore, selecting genotypes based on counting
the frequency of use as crossing parent is the simplest
and best way of representing the variation present in
advanced selections and thus important future varia-
tion within the breeding program.

Extensive pedigree records decrease the need

for genotyping

Nowadays, representative core collections are mainly
constructed by only using genetic distances whereas
pedigree-based relationships could be a supplement
that allows decreasing the numbers of individuals that
need to be genotyped. To investigate the accuracy of
pedigree-based relationships in the breeding program,
pedigree-based relationship coefficients were compared
to genomic-based relationship coefficients. The Pear-
son correlation between G, and A,, of 0.61 is somewhat
lower than in several other studies where pedigree-
based relationship coefficients showed correlations with
genomic-based relationship coefficients of 0.73 to 0.85
[21-23]. However, these studies were all in animal breed-
ing programs which generally have more accurate pedi-
gree records and a smaller effective population size. This
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Fig. 6 Distribution of subpopulations in the whole collection (top) and in the core collection (bottom)

is different in plant breeding programs where genotypes
can serve as both mothers and fathers and the effective
population size can be large as neither the mother nor
the father limits the number of offspring.

We found that the pedigree-based relationship
coefficients were more accurate for genotypes with
a more complete pedigree (Fig. 1b). However, inclu-
sion of more than 10 generations of pedigree informa-
tion is not needed to accurately estimate the pedigree
relationship coefficient because the improvement by
adding more pedigree information is only marginal
(Fig. 1b). The correlations between pedigree-based and
genomic-based relationship coefficients do not improve
much anymore above a correlation of 0.8. Still, a per-
fect pedigree can only approach but never reach the
accuracy of genomic-based relationship coefficients, for
two reasons. First, pedigrees do not account for Men-
delian sampling and can therefore not distinguish full
sibs. However, for the construction of a core collection

such detailed relationships are not needed because the
aim is to capture most of the genetic variation present
in a (future) breeding population rather than variation
among full sibs. Second, genotypes without a known
common ancestor are assumed to be unrelated in pedi-
grees whereas they are always somewhat related (i.e.,
there will always be a common ancestor if you go back
far enough). These relationships are important for the
construction of a core collection because they heavily
influence relationships of their offspring with offspring
of other genotypes.

We also identified outliers based on both Fig. 1a and b,
where the pedigree records do not match the genotypic
information of the genotypes. This can be caused by
sample swaps and missing or incorrect pedigree records.
These outliers are targets for further investigation to
check whether pedigree modifications can be proposed,
for example by using the method described by Endelman
etal. [24].
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Pedigree-genomic-based relationships

Although pedigree-based relationship coefficients are
accurate, several limitations exist such as missing links in
the pedigree, incomplete pedigree records and pedigree
errors. To overcome these limitations and still omitting
the need to genotype the whole population, we com-
puted pedigree-genomic-based relationships [17, 25]. We
showed that using a hybrid pedigree-genomic relation-
ship matrix can overcome incomplete pedigree records
(Figure S1). This method can also correct for missing
links, relatedness among founders (genotypes that have
at least one unknown parent in the pedigree) and mis-
takes in the pedigree, resulting in more accurate relation-
ship estimates for non-genotyped genotypes [26]. For
instance, direct crosses between everbearing and Medi-
terranean genotypes are rarely made (no pedigree rela-
tionships) but the everbearing type originated, in 1980,
from the Californian breeding population which are
Mediterranean genotypes, so we can still expect relation-
ships among the everbearing and Mediterranean geno-
types [27]. The pedigree-genomic-based relationships of
only non-genotyped genotypes revealed such relation-
ships between the everbearing and Mediterranean straw-
berry types which could not have been found based on
pedigree-based relationships solely. However, the hybrid
matrix can only correct for these kinds of issues if geno-
types that have these pedigree issues have a (in)direct
connection in the pedigree records with genotypes that
are genotyped. Therefore, it can be advantageous to gen-
otype specific genotypes to optimally utilize the power of
the pedigree-genomic-based relationship approach. The
most important genotypes to be included are the pedi-
gree’s founders that have a major impact on the breeding
program. If, for practical reasons, these founders are not
available anymore (e.g., not propagated anymore), closely
related genotypes are a suitable alternative.

Influence of marker number on reliability of relationship
estimates

From our results (Fig. 2), we derive that only 400 SNPs
are already enough to reliably compute genomic-based
relationship coefficients among strawberry genotypes.
This is in line with studies on genomic prediction, where
limited impact of reducing the number of markers on
prediction accuracies are observed [28, 29]. A major
advantage of these low numbers of SNPs is that exten-
sive genotyping methods like SNP arrays or WGS can be
replaced by more high-throughput GBS techniques, e.g.,
AmpliSeq, targeted SNPseq, Single Primer Enrichment
Technology (SPET) or Molecular Inversion Probe (MIP)
sequencing [30-32]. By employing one of these cost-
effective genotyping approaches, new core collections
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can be developed based on more accurate pedigree-
genomic-based relationships because more founders (or
their relatives) can be genotyped.

Final core collection

To complement the selection of the most frequently used
parents of advanced selections and rare genotypes, addi-
tional genotypes were selected that minimized the aver-
age distance of genotypes in the whole collection to the
closest genotype in the core collection by exploiting the
pedigree-genomic-based relationship matrix. This final
core collection then is a subset of genotypes that contain
most of the genetic diversity that will become important
in the future (parents of advanced selections and rare
specific genotypes) but that also has maximum repre-
sentation of the genetic variation in the current breeding
program. For example, the PCA plot indicated that the
Mediterranean strawberry types were less diverse than
the June bearing types (Fig. 5). This suggests a smaller
genetic basis of the Mediterranean types which was also
mentioned in other studies [25, 33]. This smaller genetic
basis is reflected in the core collection in the sense that
relatively fewer genotypes were selected from this straw-
berry type than from the other types (Fig. 6).

Future considerations

As this core collection captures most of the current and
future variation of the breeding program, we expect that
this core collection only needs to be updated when new
alleles are added to the breeding program. In addition,
if this core collection is going to be used for imputation
purposes, it is important to check every few generations
if the imputation is still accurate, because the distance
between the core collection and the to-be-imputed geno-
types increases by every cross that is made. If the impu-
tation accuracy starts to decline, recent crossing parents
should be added to the core collection.

Conclusions

In this study we explored the construction and use of a
core collection in a commercial plant breeding program.
Traditionally, core collections are used by gene banks to
obtain a wide diversity of genetic variation of their germ-
plasm in a small subset of representative genotypes based
on genomic relationships. Here we employ a stepwise
approach to obtain a core collection that is representative
of future genetic variation to be used as reference panel
for cost-effective GBS methods. This approach is a use-
ful tool for adopting GBS methods by commercial plant
breeding programs and utilizes both genomic and pedi-
gree data often available within such programs.
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Methods

Materials

The strawberry breeding program at Fresh Forward B.V.
consists of three general types: June bearing, everbearing
and Mediterranean strawberry types. They can be distin-
guished by the difference in being day neutral, or by their
chilling requirement (Table 3) [34]. We define everbear-
ing strawberry types by the presence of the main locus
(FaPFRU) for day neutrality [35]. The chilling require-
ment is determined by the strawberry genotype’s perfor-
mance in a low and a high chilling environment.

In terms of selection stages, the breeding program
(including the pre-breeding program) consists of varie-
ties, crossing parents, advanced selections (that have
not yet completed all the selection cycles) and genotypes
used for specific traits. In this study we only considered F
x ananassa germplasm.

Genomic information

SNP array data was available for 891 genotypes, which
included 29,132 high-quality SNPs [36]. Most of the 891
genotypes are from the current in-house breeding pro-
gram. Resequencing data (Illumina paired-end) was used
to increase the number of genotypes with genomic data.
To get an integrated set of SNPs and individuals that are
either genotyped by the iStraw35 SNP array or by re-
sequencing, the probes of the iStraw35 SNP array were
aligned on the Camarosa vl genome [37]. Then, Pearson
correlation coefficients between the SNP array calls and
the dosage calls of the resequencing data for 119 over-
lapping genotypes were calculated. All found SNPs that
have a squared correlation coefficient>0.7 and which
were on the same subgenome on the strawberry con-
sensus map [18] were retained. The selected SNPs were
then curated by removing all SNPs that had more than
10% missing data and all SNPs with minor allele frequen-
cies (MAF) <0.05. Missing dosages were imputed by the
mean SNP dosages to minimize their influence in further
steps. Additionally, linkage disequilibrium (LD)-based
pruning was applied in order to get independently segre-
gating SNPs for downstream analyses [25].

Manual selection

Before we employed Core Hunter 3 to obtain a core collec-
tion, we manually selected advanced selections and spe-
cific genotypes because they represent important future
genetic variation. The genetic variation currently present in
the breeding program is different from the future genetic
variation due to the introduction of new genotypes and
the selection pressure which changes allele frequencies
over time. This means that the current breeding program
does not fully represent the genetic variation of the future
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breeding programs. However, a large part of future genetic
variation is already present in advanced selections and spe-
cific genotypes. Advanced selections cannot be selected
by optimizing the A-NE criterium because of two reasons:
First, optimizing the A-NE criterium will give too much
weight to the advanced selections in comparison to other
genotypes because they include many siblings. As a result,
optimizing the A-NE criterium tends to select too many
genotypes that are related to these sibling families because
they will minimize the average distance of a genotype to
the nearest entry (A-NE) in the core collection the most
[6]. Second, the selection process of these advanced selec-
tions is still ongoing at this stage, and it is unknown which
will still be discarded, and which will become cultivars or
crossing parents. Alternatively, the genetic variation of the
advanced selections is best selected by choosing the par-
ents that are most often used as parents for these advanced
selections in recent years. This ensures that their genetic
variation is maximized and that the parents that have the
most potential for the future according to the breeders are
selected. Therefore, to include most of the genetic varia-
tion of these advanced selections, crossing parents were
selected that were used 4 or more times in crossings over
the last 3 years (2020, 2021 and 2022).

In addition to the advanced selections, some genotypes
possess specific alleles for certain traits that will become
more abundant in the future breeding program. For
instance, genetic variation of genotypes that have a specific
disease resistance or genotypes with extreme traits (e.g, in
strawberry this may entail extremely firm or extremely well
tasting fruits) that are of particular interest to breeders.
These specific genotypes are “must haves” for the core col-
lection and we do not want to rely on the A-NE criterium
for the selection of these because these are not representa-
tive genotypes for the current breeding program and will
not be selected. Instead, these specific genotypes can eas-
ily be identified by experienced (pre) breeders who work
with them. Therefore, we manually selected several spe-
cific genotypes to make sure that they are part of the core
collection.

Relationships among genotypes

Pedigree relationships

All pedigree records of the strawberry breeding program
at Fresh Forward B.V. spanning selections originating from
1930-2022 were used to compute the pedigree-based rela-
tionship coefficient matrix (A). The A matrix was estimated
using create.pedigree and kin from the package synbreed
[19]. The pedigree-based relationship coefficient of geno-
type A and B was calculated as follows:

0.5 * [(Alel) + (ALBZ) + (AZ!BI) + (A21BZ)]
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where A; and A, are the alleles from genotype A and Bl
and B2 are the alleles of genotype B. (A1, B1) denotes the
probability that A1 and B1 are identical by descent (IBD).

Genetic relationships

Genomic-based relationship coefficients were estimated
among all genotypes on the curated set of SNPs. The
genomic-based relationship coefficient matrix (G matrix)
was calculated following the VanRaden method with the
function A.mat of the R-package rrBLUP [38, 39].

Construction of the H-matrix

As described in Legarra et al. [17] a hybrid pedigree-
genomic relationship matrix (H) was estimated for
the entire pedigree: Here, matrix A consists of 4 differ-
ent submatrices (4;;, A;5 Ay, A,y), where subscript 1
denotes ungenotyped and subscript 2 denotes genotyped
individuals. So, for example, A, are the pedigree-based
relationships of non-genotyped individuals with geno-
typed individuals and A,, are the pedigree-based rela-
tionships of all genotyped individuals among each other.
So, A,, is the same as the G matrix, only the relation-
ship coefficients are estimated with pedigree informa-
tion instead of the SNP data. While both A,, and G yield
equivalent relationship estimations, an offset in scale
exists. Therefore, to obtain compatible matrices, G was
scaled to G, where:

G,=BG+a

to guarantee that the average of diagonal elements of A,,
equals the average of the diagonal elements of G and the
average of all elements of G equals the average of all ele-
ments of A,, [26]. Finally, the hybrid (H) matrix was com-
puted following the method described by Legarra et al.
[17], using the following formula.

_ |4An + A12A%, (Ga — Ap)Ay) Ay A1nAs, Gy

H -1
GuAys Aot Ga

Estimating accuracy of pedigree-based relationships
Accuracy of matrix A compared to matrix G

To estimate the accuracy of the A matrix, the Pearson
correlation coefficient was calculated between Ay and
Gg. In addition, to gain insight into the accuracy of ped-
igree-based relationship coefficients per single genotype,
Pearson correlation coefficients were calculated between
all pedigree-based relationship coefficients of a single
genotype (a single column in Ajyy) and all its genomic-
based relationship coefficients (a single column in G,),
resulting in a Pearson correlation coefficient for each
genotype in G,.
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Pedigree completeness estimation per individual by using

a network analysis approach

To estimate the minimum amount of pedigree informa-
tion per genotype (pedigree completeness) needed to
accurately estimate pedigree-based relationship coeffi-
cients, we estimated the pedigree completeness (amount
of pedigree information per individual). In principle,
a more complete pedigree will lead to more accurate
relationship estimates among genotypes. However, dis-
tant ancestors have very little impact on the estimation
of relationships among genotypes [40]. To consider the
declining impact of more distant ancestors to the estima-
tion of relationship coefficients, we used the pedigree-
based relationship coefficient between a genotype and
its ancestor as measure of the impact the ancestor has
on the estimation of all relationships of that genotype.
As a result, the sum of total pedigree-based relationships
of a genotype’s ancestors is considered as a measure of
pedigree completeness per genotype. In theory, without
inbreeding, this pedigree completeness could be inter-
preted as number of ancestral generations in the pedigree
per genotype (total theoretical pedigree relationships per
generation is equal to 1, e.g.: direct parents=2 times 0.5
and grandparents =4 times 0.25).

To calculate the pedigree completeness, we modified
matrix A into matrix A* where we changed all relation-
ships of parents with offspring to 0 and kept all rela-
tionships of offspring with their (grand) parents (their
ancestors). From matrix A* we computed the pedigree
completeness per genotype by computing the sum of
total pedigree-based relationships of a genotype’s ances-
tors per single genotype.

The pedigree completeness per single genotype was
then plotted against the correlation between pedigree-
based and genomic-based relationship coefficients.
Genomic-based relationship coefficients are consid-
ered to be more accurate than pedigree-based relation-
ship coefficients and therefore the correlation coefficient
between these two are a good indicator for the accuracy
of pedigree-based relationship coefficients [16]. To obtain
these correlations, the Pearson correlation coefficient
was computed per single genotype between its genomic-
based relationship coefficients and its pedigree-based
relationship coefficients.

Final selection representative core collection

The A-NE criterium is applied to genotypes that are
not in the process of phenotypic selection anymore
because these genotypes are representative of the
current state of the breeding program. For these, we
can maximize the genetic variation of the full breed-
ing program in the core collection by minimizing the
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A-NE criterium [6]. Core Hunter 3 is a core collection
selection tool which can use one or several distance
metrics [14]. The package has implemented A-NE
and other core collection criteria as defined by Odong
et al. [6].

For being able to use both genomic-based relation-
ships and pedigree-based relationships in distance-
based methods we scaled the pedigree-genomic-based
relationship matrix [6]. In this way, we can use all
advantages of the combined pedigree-genomic-based
relationship matrix in distance-based methods such
as optimizing the A-NE criterium. To obtain a matrix
that can be used in Core Hunter 3 from this pedigree-
genomic-based correlation matrix (Hey), we first
converted the covariance matrix H into a correlation
matrix (Hgy) with diagonal values equal to 1. Subse-
quently, we scaled the correlation matrix (H,) using
the following equation in a custom R script:

D= (1 — Heor) + |min(Heor)|
1+ |min(Hcor)

where H,,, is the correlation matrix of covariance matrix
H and D is the scaled matrix of similar size as H,,, where
all diagonal values are equal to 0 and all other values are
between 0 and 1.

The obtained scaled relationship matrix (D) was
then filtered because core collection computation by
optimizing A-NE is influenced by the definition of the
whole collection, as the CC-I criteria will optimize the
average relationship of each genotype of this whole
collection to the closest entry in the core collection.
This whole collection is defined as all genotypes that
were propagated in-house in 2022, including varieties,
crossing parents and specific genotypes but without
advanced selections to avoid redundancy and over-
representation in the final core collection. The scaled
relationships of all genotypes of the whole collection
were used to obtain a CC-I collection by using the
sampleCore function from the Core Hunter 3 pack-
age considering all specific genotypes, all most used
recent crossing parents of advanced selections and the
genotypes that had already been sequenced in previous
experiments. The computation of a CC-I core collec-
tion was iterated 3000 times because of the stochastic
algorithms used in the Core Hunter 3 package and the
best consensus core collection was selected [6, 14].

To investigate the minimum size of our stepwise
constructed core collection and to check its represen-
tation of the current genetic variation in comparison
to a core collection that is only constructed by A-NE
optimization, we calculated the optimized A-NE val-
ues for varying core collection sizes.
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Relationships between number of markers

and accurateness of the G matrix

A valid question is how many SNPs are needed to com-
pute a reliable genomic-based coefficient matrix. There-
fore, we performed a subsampling analysis where varying
subsets of random markers were selected to compute
a genomic-based relationship matrix (G; [39]). The
subset size varied from 50 to 3000 randomly selected
markers with increments of 50. For each subset the
genomic-based relationship matrix (G,) was computed
and the Pearson correlation coefficient between this G
matrix and the optimum G matrix (based on the mark-
ers that resulted from the genomic data curation; step
4 in Table 1) was calculated. Per subset size, 200 itera-
tions were performed. The minimum number of markers
needed for accurate estimation of genomic-based rela-
tionships was estimated by checking how large a random
subsample needs to be to have a minimum correlation
of >0.95 with the optimum genomic-based relationships
(G).
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